
 

 

 

How well do micro-economic factors 
explain obesity rates?  

------------- 
Assessing the influence of income and cost of diet on 

dietary intake and body mass index in a representative 
UK sample 

 

Katherine Anne Timmins 

 

 

Submitted in accordance with the requirements for the degree of Doctor of Philosophy 

 

 

 

 

The University of Leeds 

School of Food Science and Nutrition 

School of Medicine 

February 2014 

  



 

 

 



i 

 

Declaration 

The candidate confirms that the work submitted is her own, except where work 

which has formed part of jointly authored publications has been included. The 

contribution of the candidate and the other authors to this work has been explicitly 

indicated below. The candidate confirms that appropriate credit has been given within 

the thesis where reference has been made to the work of others. 

 

This thesis features secondary analyses of established data sets. The 

candidate was not involved in survey design, data collection or primary data processing 

of these studies (the National Diet and Nutrition Survey (NDNS), the DANTE food cost 

database, Supermarket Nutrition Information Project (SNIP), and a UK Women’s 

Cohort (UKWCS) sub-study). Credit for these data is detailed in the 

Acknowledgements. The candidate’s contributions included data cleaning, linking data 

sets, data manipulation, analysis and interpretation. 

 

Chapter 5 includes work which was featured in the jointly authored publication: 

Timmins, K., Morris, M., Edwards, K., Clarke, G. & Cade, J. 2013. Comparability of 

methods assigning monetary costs to diets: derivation from household till receipts 

versus cost database estimation from four-day food diaries. EJCN, 67(10):1072-1076. 

Michelle Morris and Katherine Timmins contributed equally in carrying out the research 

and analysis for this article, and in the manuscript preparation. The other co-authors 

provided supervisory guidance and contributed to the article drafts. 

 

An article related to the work of Chapter 6 was also published as Timmins, K., 

Hulme, C. & Cade, J. 2013. The monetary value of diets consumed by British adults: 

an exploration into sociodemographic differences in individual-level diet costs. Public 

Health Nutrition, Oct 29:1-9 (epub). The candidate was solely responsible for carrying 

out the analysis and writing the first draft of this paper. J.E.C. and C.H., as PhD 

supervisors, provided guidance and commented on the article drafts. 

 

This copy has been supplied on the understanding that it is copyright material 

and that no quotation from the thesis may be published without proper 

acknowledgement. 

 

© 2014 The University of Leeds and Katherine Anne Timmins  

  



ii 

 

Acknowledgements 

It is fair to say that this thesis would not have emerged without the foresight of 

my supervisors, Professors Janet Cade and Claire Hulme, who secured the funding for 

this research topic, as well providing their unfailing guidance, helpful comments, shared 

wisdom and cheerful encouragement throughout. It has been a privilege. 

 

I must also thank the Economic and Social Research Council and the Medical 

Research Council (ESRC/MRC) for funding this Joint Interdisciplinary studentship. 

 

This research made extensive use of National Diet and Nutrition Survey (NDNS) 

data held by the UK Data Archive. I would like to acknowledge the survey creators, 

depositors and funders, including the National Centre for Social Research, the 

Northern Ireland Statistics and Research Agency, the Medical Research Council, 

University College London Medical School, the Food Standards Agency, the 

Department of Health and the UK Data Archive. The original data creators, depositors 

and copyright holders of the NDNS and the UK Data Archive bear no responsibility for 

their further analysis or interpretation. Crown copyright for the NDNS is held jointly with 

the National Centre for Social Research, and material is reproduced with the 

permission of the Controller of HMSO and the Queen’s Printer for Scotland.  

 

Acknowledgement for the creation of the DANTE food cost database is owed to 

Kevin Tarbutt and Edmund Parks. In addition, Chapter 5 draws on data from the 

following studies: the Supermarket Nutrition Information Project (SNIP), and a sub-

study of the UK Women’s Cohort Study (UKWCS). The work of Claire Oyston and Dr. 

Joan Ransley, who created the SNIP till receipt dataset, needs to be acknowledged, as 

does the contribution of Andrea Smyth in collecting till receipt data from the UKWCS. 

 

Many people have provided guidance on various aspects of this research. 

Particular thanks are owed to my colleague and friend, Michelle Morris, who has been 

with me every step of the way and a pleasure to collaborate with. I am also grateful for 

the advice of my Assessors Drs Charlotte Evans and Sandy Tubeuf, and to have 

benefitted from the statistical expertise of Dr. Darren Greenwood. My thanks also go to 

the Nutrition Epidemiology Group, for some lively and thought-provoking discussions, 

and to colleagues in the Academic Unit of Health Economics. 

 

Finally, never-ending thanks are owed to my parents, for always believing I 

could achieve anything; and to Jamie, for keeping me sane and so much more.  



iii 

 

Abstract 

Rates of obesity are predicted to increase, which is worrying given the 

association with adverse health outcomes. Cost of food or diet is one proposed 

contributor to an ‘obesogenic environment’. The “food price-obesity hypothesis” 

supposes that, with limited purchasing power, consumers may purchase energy-dense 

foods to obtain the maximum calories, resulting in excess energy intake.  

This thesis attempts to gauge whether obesity may be attributed to food prices. 

Firstly, the published literature was synthesised. Secondly, the study examined how 

income and cost of diet are implicated in excess energy intake, as implied by the body 

mass index (BMI) and dietary energy density (DED), of adults in the National Diet and 

Nutrition Survey (NDNS). 

The literature review revealed a heterogeneous body of studies that was 

generally supportive of the food price-obesity theory, but not conclusive. Studies of diet 

costs and DED overwhelmingly report a negative association. A limited number of 

studies investigating diet costs and BMI reported contradictory findings. The evidence 

linking income and DED was not strong.  

In the NDNS sample, income was found to be negatively associated with DED, 

BMI, and overweight/obesity. In addition, a negative association was observed 

between diet costs and DED. There was no association between whole diet costs and 

BMI. In contrast, using proportional food group costs revealed some significant 

associations. This suggests that measuring how people apportion their food budget, 

rather than how much the whole diet is worth, may be insightful. 

The thesis also addresses some methodological issues. Firstly, analyses 

demonstrate how equivalizing household income to take into account household 

composition can impact on findings. Secondly, a comparison of diet costing methods is 

presented.  

Despite methodological challenges, the findings presented in the thesis suggest 

there is merit in pursuing research into diet costs, with many unexplored opportunities 

in this emerging field. 
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Chapter 1 Introduction 

 

1.1 Foreword 

Overweight and obesity have been recognised as the major health challenge of 

the 21st century (WHO, 2007, Butland et al., 2007). Defined as having a body mass 

index (BMI) of 25kg/m2 and over or 30kg/m2 and over, respectively, people classified 

as overweight or obese are at greater risk of a number of health problems, from 

cardiovascular disease and stroke to diabetes and osteoporosis (WHO, 2007). Results 

of a recent meta-analysis associate obesity in particular with higher all-cause mortality 

(Flegal et al., 2013). Given these adverse outcomes, predicted trends in the rates of 

overweight and obesity in many nations are worrying. Recent figures from England 

(HSCIC, 2013) indicate that the proportion of adults classified as overweight and obese 

has risen from 58% (males) and 49% (females) in 1993 to 65% and 58% respectively 

in 2011. If trends are to continue, it is predicted that by 2050 60% of British men, 50% 

of women and 25% of children will be classified as obese, with an estimated £9.7 billion 

in associated health costs (Butland et al., 2007). Slowing or even reversing such trends 

is undoubtedly in the interest of society. 

 

 

1.2 The aetiology of obesity 

In order to devise and implement effective interventions, it is first necessary to 

understand the aetiology of excess weight gain in the population. However, this has 

proved far from straightforward. At its simplest level, obesity can be explained as the 

result of positive energy balance, with an accumulation of excess energy. Whilst some 

authors emphasise the role of sedentarisation in Western society (Church et al., 2011), 

others propose that, in fact, average energy outputs have not changed appreciably in 

recent decades, and increased energy consumption is more likely to be the underlying 

problem (Scarborough et al., 2011). 

However, to begin to understand the reasons for increased energy 

consumption, many researchers have emphasised the need to establish wider 

determinants. In other words, we need to identify the causes of positive energy 

balance, or even the causes of causes (Marmot and Bell, 2012). From this perspective, 

the factors contributing to obesity are acknowledged to be numerous and diverse – the 

Obesity System Map published in the ‘Foresight report’ (Butland et al., 2007) offers a 

well-recognised illustration of the complexity of the issue.  

 



2 

 

1.3 The obesogenic environment 

Amongst the ‘causes of causes’ is the frequently cited ‘obesogenic 

environment’. The obesogenic environment refers to  

 

“the sum of influences that the surroundings, opportunities, or conditions of life 

have on promoting obesity in individuals or populations” (p. 564, Swinburn et al., 1999). 

 

The term encapsulates any influence on energy balance, including those which impact 

on physical activity. As one aspect of the obesogenic environment, the food 

environment refers to both the sources of food available and the factors that influence 

the purchase, preparation or consumption of that food (Holsten 2008). Cost of food or 

diet is one important factor contributing to the food environment. 

Studying the proposed determinants of obesity in their entirety is beyond the 

scope of this thesis. Instead, the thesis will focus upon the role cost of food plays in the 

obesogenic environment.  

 

 

1.4 The economics of obesity 

This thesis aims to contribute to our understanding of the aetiology of obesity by 

investigating the potential role of micro-economic factors in food choice. ‘Micro-

economics’ refers to the “branch of economics that studies individual units” (p.4, 

Sloman, 1999). This contrasts with the wider systems-focussed study of macro-

economics, which is beyond the scope of this thesis. Instead, the ensuing chapters 

attempt to reconcile the overconsumption of energy by individuals with the aid of 

consumer choice theory. According to economic theory, such choices reflect decisions 

on how to allocate limited resources.  

Dietary consumption is a collection of behaviours which are performed as a 

consequence of individuals’ decision-making. Faced with a number of options – what to 

eat, where, when and how much– behavioural economics suggests that people will 

choose combinations that best maximise their utility (‘utility’ in this sense refers to the 

“satisfaction a consumer gets from the consumption of all the units of a good 

consumed within a given time period” (p. 93, Sloman, 1999)). Maximum utility, 

however, is always constrained by scarcity: of time, of money, of social norms, 

preferences or health concerns. The ‘rational decision-maker’ of microeconomics is 

presented with a number of considerations that they must weigh up to arrive at the 

decision with the best utility. 
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The utility function of dietary consumption can be expressed as: 

 

ut = U(Ct, Zt; Wt) 

Equation 1.1 

 

where an individual’s utility over time (ut) is a function of the consumption of both food 

(Ct) and other goods (Zt), conditioned by their bodyweight (Wt) (Boizot-Szantai and 

Etile, 2005). This can be extended to observe that weight is a function of energy 

balance: 

 

Wt = f(EIt, EEt) 

Equation 1.2 

 

where EE refers to energy expenditure and EI refers to energy intake over time. 

Furthermore, factors determining food consumption could be expressed as: 

 

Ct = f(PPt, FAt, St, At, Pt) 

Equation 1.3 

 

where PP is purchasing power, FA refers to food availability, S is social influences, A is 

attitudes to food and P refers to taste preferences. Finally, purchasing power could be 

described as being a function of income (I), food prices (FP) and the consumption of 

other goods: 

 

PP = f(FP, I, Z). 

Equation 1.4 

 

The amount of money available to an individual will influence their decisions on 

how to allocate that money to food. At the same time, the prices of foods will shape 

how that money can be allocated. Taken together, these aspects define the purchasing 

power of an individual. 

The purpose of the above economic description is to illustrate the potential role 

of food prices in the obesogenic environment: they exert their influence via their part in 

determining purchasing power, which, along with availability and other environmental 

factors, will affect food consumption. If food prices over time encourage the 

consumption of certain foods which promote excess energy intake, they may be at 

least partly responsible for weight gain in the long-term. Increasingly, food prices and 
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the global food system have been blamed for recent obesity trends (Drewnowski, 2007, 

Swinburn et al., 2011). 

 

 

1.5 The “Food price-obesity” hypothesis 

Affordability of nutrition has been a key topic for public health nutritionists for 

many years. Being unable to afford an adequate dietary intake clearly has 

repercussions in terms of malnutrition, both in terms of macro- and micro-nutrient 

intakes. In contrast, the hypothesis linking food prices and obesity implicates food 

prices in overconsumption, rather than inadequacy. This contrast implicitly recognises 

two categories of food insecurity: with hunger, or without hunger. The hypothesis 

argues that food insecurity without hunger could lead to an over-consumption of the 

cheaper calories found in more energy-dense foods (Adams et al., 2003, Dinour et al., 

2007). 

In recent years (2005-2010), the price of food has been acknowledged to have 

outpaced inflation considerably, across the globe (Brinkman et al., 2009). However, 

prior to this, the real price of food had been declining since the 1970s, in the United 

States at least (Drewnowski 2007; Cohen 2008). This trend in prices from the 1970s to 

the early 21st century reflects the increasing availability of foods, particularly following 

improvements in cultivation, storage and transport in the latter half of the 20th century 

(Cohen 2008; Drewnowski 2007). The change in availability appears to have been 

more marked for foods that require processing (Drewnowski 2007). These changes in 

manufacture and availability may be termed ‘supply-side determinants’ of food prices. 

Some researchers have found that price trends have been less favourable for energy-

dilute foods, such as fruits and vegetables (Drewnowski and Darmon, 2005).  

 As described in Section 1.4, a decline in real food prices will have increased 

consumers’ food purchasing power (assuming the prices and consumption of other 

goods, Z, remains stable). If the more energy-dense foods have become relatively 

cheaper, this has potentially favoured their purchase over that of less energy-dense 

foods, perhaps leading to an overconsumption of energy. 

Figure 1.1 illustrates that there are several steps to the proposed causal 

pathway linking food prices and body weight. The food price-obesity hypothesis 

supposes that, with limited purchasing power, consumers will be encouraged to 

purchase more energy-dense foods in order to obtain as many calories as possible 

(maximising their utility). Meanwhile, dietary energy density has been linked to a 

tendency to positive energy balance in experimental settings (Prentice and Jebb, 2003) 

as well as to adiposity in observational studies (Perez-Escamilla et al., 2012). If people 
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consume the energy-dense foods they purchase, they may be at risk of consuming 

excess energy and, in the absence of compensatory energy expenditure, there is a 

likelihood of weight gain, eventually leading to overweight and obesity over the long-

term. 

 

 

 

Food prices undoubtedly influence food purchases. The relationship between 

the price of a good and the quantity purchased of that good is exemplified in 

economists’ ‘demand curves’ (Sloman, 1999), and food on the whole is no exception to 

this. There is a large breadth of economics literature which investigates the relationship 

between price and the quantity purchased for a wide variety of foods in many different 

regions, usually expressed as price elasticities (how ‘elastic’ a good is gives an 

indication of how much the quantity purchased responds to a change in price – a 

perfectly inelastic good will not see a change in demand following a price change, 

whereas an elastic good is responsive). Reviews of published food price elasticities 

(Andreyeva et al., 2010, Hawkes, 2009) indicate that food purchasing is influenced by 

food prices at the population level. At the individual level, too, experimental studies 

have observed food purchasing responsiveness to food price changes (see, for 

example, French, 2003, Block et al., 2010). 

It should be noted that the above depiction offers a simplified account of the 

relationship between prices and purchasing. Whereas price elasticities imply a 

unidirectional relationship, it is acknowledged that the quantity of a good demanded 

Income 

Dietary 

intake 

Food 

prices 

Purchasing 

power 

Foods 

purchased 

Energy 

balance 

Body 

weight 

Figure 1.1 The proposed causal pathway between food prices and obesity 
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(i.e. purchased) will in turn affect prices. This bidirectional influence makes the 

interpretation of food price studies complicated. For the purposes of explaining the 

economic aspect of obesity aetiology, a simplified unidirectional pathway was felt 

adequate to illustrate the reasoning behind the food price-obesity hypothesis. 

Nevertheless, it is an important issue to acknowledge, and the implications of this two-

way relationship will be returned to in the Discussion (Chapter 9). 

Whilst evidence abounds relating to the purchases of specific foods in relation 

to food prices, less is known about the overall effects on dietary intakes. Still, the food 

price-obesity theory has been gaining traction in recent years, with a growing number 

of researchers, practitioners and advocacy groups endorsing a fiscal approach to 

obesity prevention (Academy of Medical Royal Colleges, 2013, Sustain, 2013, 

Brownwell et al., 2009). There have been debates in several countries regarding this 

approach and targeted food or beverages taxes have already been implemented by 

some governments (see Chapter 9). However, the extent to which such proposals and 

policies reflect empirical evidence is unclear. 

 

 

1.6 Obesity & inequality 

If the above hypothesis holds true, this would have important implications in 

terms of health inequalities. Lower socioeconomic groups in the UK are recognised to 

suffer a greater incidence of poor health conditions, as well as an increased risk of all-

cause mortality and decreased life expectancy (Acheson, 1998, Marmot and Bell, 

2012). The role of diet in creating or reinforcing these socioeconomic differences in 

health has been asserted since at least the 1990s (James et al., 1997). If poor 

socioeconomic status causes unhealthy dietary choices, there are important 

ramifications for policy. 

Darmon and Drewnowski (2008) describe a convincing body of literature 

investigating social class and diet in their non-systematic review. Socioeconomic 

disparities have been reported for the consumption of certain foods (such as whole 

grain) (James et al., 1997), the consumption of food groups (especially fruit and 

vegetables) (De Irala-Estevez et al., 2000), or in healthy diet scores (Kant and 

Graubard, 2007). In addition, data from at least one expenditure study suggests 

socioeconomic differences in food purchasing behaviour as well (Turrell and 

Kavanagh, 2005). 

Much of the research in this area employs an aggregate index of 

socioeconomic position. These indices often incorporate proxy measures for economic 

status, social position, social environment, or social capital in an attempt to quantify the 
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relative status of individuals or groups (Public Health England, 2013). Whilst useful in 

describing a phenomenon, aggregate indices may misrepresent the core causal 

relationship where separate aspects of the index are related to the health outcome in 

different ways (Benzeval et al., 2001, Macintyre et al., 2003, Carr-Hill and Chalmers-

Dixon, 2005). Obesity is one outcome for which observed patterns of inequality differ 

according to the type of socioeconomic indicator chosen (Public Health England, 

2013). Using data from the Health Survey for England (HSE), the National Obesity 

Observatory (NOO, 2010) found that, in women, lower socioeconomic status was 

associated with higher rates of obesity, but the pattern of obesity prevalence amongst 

men varied according to the socioeconomic indicator used. 

Income is a component of socioeconomic status that could explain diet 

differences via an independent causal mechanism to other socioeconomic constituents. 

As explained above, income is an important contributor to purchasing power. As 

summarised by Marmot and Bell, “having insufficient money to lead a healthy life is a 

highly significant cause of health inequalities” (p.28, Marmot and Bell, 2012). According 

to the pathway illustrated in Figure 1.1, an increase in purchasing power will likely 

result in an increase in the purchase of food. This concept is encapsulated in Engel’s 

Law, which states that the quantity of food purchased will increase as income 

increases. Engel’s Law also stipulates that, whilst the absolute quantity of food rises, 

the proportion of income spent on food actually decreases as income increases 

(Zimmerman, 1932).  

Engel’s Law has particular relevance when considering inequalities in access to 

a healthy diet: for instance, those on lower incomes, for whom food purchases take up 

a greater proportion of their income, will find it most difficult to adapt to food price 

increases. According to the FAO’s Coping Strategies Index (CARE/WFP, 2003), the 

typical first step for households facing food insecurity is to alter the diet by substituting 

cheaper foods, before compromising on quantity of energy intake. In other words, 

people turn to cheaper sources of calories (Drewnowski and Specter, 2004). This 

reiterates the concept of food insecurity without hunger introduced in Section 1.5. A 

discussion of income differences in dietary energy density and in obesity prevalence is 

presented in Chapter 4. 

In summary, if purchasing power is as influential on dietary choices as is 

suggested above, then it is possible that income and food prices are driving some of 

the observed inequalities in health. Implicating these micro-economic factors in the 

obesity pathway could therefore offer support to public health policies which address 

the affordability of diets. 
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1.7 Thesis aim & objectives 

This thesis will draw together the disciplines of nutrition, economics and 

epidemiology. The aim of the thesis is to determine the extent to which income and 

cost of diet are implicated in excess energy intake, as implied by current body mass 

index (BMI) and dietary energy density (DED) in a nationally representative sample. 

The National Diet and Nutrition Survey (NDNS) was used to address this aim, 

as it contains investigator-measured anthropometric data as well as detailed dietary 

intake data. The outcome variables of DED and BMI were selected due to their key 

roles in the food price-obesity hypothesis. Income and cost of diet were chosen to 

represent the demand- and supply-side factors which help to shape purchasing power 

(Figure 1.1). Data on food price trends were not appropriate for the cross-sectional 

survey used, nor were data available on the food expenditure of NDNS participants, 

therefore the estimated cost of diets as consumed was used to denote the food price 

aspect of the hypothesis (see Chapter 5). 

 

1.7.1 Objectives 

 To meet the primary research aim, the following objectives were identified: 

1. To synthesise the published evidence linking food prices or diet costs 

with dietary energy density or weight status 

2. To examine the relationship between income and BMI or 

overweight/obesity amongst NDNS adults 

3. To assess whether income is related to DED amongst NDNS adults 

4. To investigate the appropriateness of diet cost estimations, including the 

costing of food groups 

5. To estimate and describe the diet costs of NDNS adults 

6. To explore patterns in NDNS diet costs according to sociodemographic 

characteristics 

7. To determine whether an association exists between diet costs and BMI 

or overweight/obesity amongst NDNS adults 

8. To establish whether an association exists between diet costs and DED 

amongst NDNS adults 

9. To discuss how evidence from the NDNS fits in with the food price-

obesity hypothesis 
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The findings of this research could help to elucidate the micro-economic 

aspects of obesity aetiology, which in turn could guide public health interventions. 

Explorations in the socio-demographic differences in cost-related diet patterns may 

also contribute to the literature on inequalities in health, potentially identifying 

populations who may be at risk of adverse dietary changes in the face of future food 

prices.  

 

 

1.8 Thesis structure 

The thesis is organised into nine chapters. Table 1.1 outlines each chapter, and 

indicates how each relates to the objectives described above. A brief description of the 

content of each chapter is presented below. 

 

Table 1.1 The thesis structure 

 Chapter Objective(s) to be met 

Chapter 2: Literature review 1 

Chapter 3: NDNS sample description  

Chapter 4: Income, diet and BMI in the NDNS 2, 3 

Chapter 5: The DANTE food cost database 4 

Chapter 6: Estimating the diet costs of NDNS adults  5, 6 

Chapter 7: Diet costs, diet and BMI in the NDNS 7, 8 

Chapter 8: Food group costs & BMI in the NDNS 4, 7, 8 

Chapter 9: Conclusions 9 

 

 

Chapter 2: Literature review 

This chapter presents the results of a systematic search of the literature with a 

narrative synthesis of published findings from studies investigating the role of income, 

food prices or cost of diet in encouraging excess energy intake.  

The review is organised in two sections, to reflect the two indicators of excess 

energy intake that form the focus of this thesis: firstly, dietary energy density and, 

secondly, body weight or mass. For each of these outcomes, literature will be 

considered in which the impact of the following three factors are investigated: 

1. Food prices; 

2. Dietary expenditure or diet cost; and 

3. Income. 
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The synthesis identifies important gaps in knowledge and the methodological 

challenges faced by researchers in this area, to set the context for the analyses of later 

chapters. 

 

Chapter 3: Sample description 

The main analyses of this thesis use data from the National Diet and Nutrition 

Survey (NDNS). The NDNS is a national dietary assessment survey, designed to 

represent the general UK population. This chapter introduces the NDNS: its purpose 

and design, sampling techniques and data collection protocol. In addition, the chapter 

presents a description of the analytical sample, outlining some of the chief 

characteristics. 

 

 

Chapter 4: Income in the NDNS 

This chapter introduces the first empirical analyses of this thesis. In considering 

the micro-economic determinants of obesity, the primary focus of the chapter is on 

income, as an important factor in purchasing power. The methods used to measure 

income in the NDNS are outlined, and descriptive statistics are presented to show the 

income distribution in the sample. The chapter explores the relationship between 

income and diet – specifically energy density (kJ/g) – and the relationship between 

income and body mass index (BMI) amongst adults in the NDNS. In addition, the 

concept of equivalization is introduced – a variable seldom employed in nutrition 

epidemiology. A discussion around the suitability of equivalized versus household 

income will be incorporated, using results of analyses to illustrate the impact. 

 

 

Chapter 5: The DANTE food cost database 

A key supply-side determinant of food purchasing is the price of food. Direct 

data regarding the food prices encountered by NDNS participants is not available, 

however. Therefore, an estimation of the monetary cost of diets using an in-house 

database of national food prices will be used as a proxy for food prices. This chapter 

will describe the tool used, the DANTE (Diet and Nutrition Tool for Evaluation) food 

cost database, and how it is applied to estimate costs from diet records.  

 Despite the widespread employment of food price databases in diet cost 

research, no attempts at validating the method have been reported in the literature. 

The chapter will also present the results from a reanalysis of two previously conducted 

(unpublished) studies at the University of Leeds in which food purchase receipts and 
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diet diary records were concurrently collected, allowing two methods of diet cost 

estimation to be compared.  

 

 
 
Chapter 6: Estimating the diet costs of NDNS adults  

Dietary costs have not previously been estimated for the NDNS sample. This 

chapter will describe the methods used to derive costs from the dietary data of the 

sample using the DANTE cost database, and then present descriptive results. In 

addition, comparisons between sociodemographic groups and by lifestyle variables will 

be explored.  

 

Chapter 7: Diet costs, diet and BMI in the NDNS 

If food prices influence dietary intake and energy balance, it may be the case 

that the inherent monetary value of diets is associated with dietary energy density or 

the body weight of people consuming those diets. This chapter takes the estimated diet 

costs presented in Chapter 6, and investigates how they relate to dietary energy 

density and body mass in the NDNS. Body mass will be considered both as a 

continuous variable (BMI) and, due to the clinical appropriateness of categories, as 

overweight/obesity incidence in a logistic regression. 

 

Chapter 8: Food group costs & BMI in the NDNS 

As an emerging research area, the best available method for investigating 

monetary aspects of diet is yet to be established. Whole diet costs are strongly related 

to energy intake, whereas energy-adjusted diet costs are closely associated with 

dietary energy density. As such, it can be problematic to disentangle the influence of 

energy intake or energy density in analyses using either construct. This chapter sets 

out a fresh approach to quantifying diet costs by examining the proportions of whole 

diet cost attributed to constituent food groups. Proportional costs give an indication of 

how people apportion their budget, as well as how these proportions change as 

budgets vary. 

Methods and descriptive results will introduce the concept of constituent food 

group costs. In order to characterise these new variables, analyses will be included 

exploring the relationships within food group costs, between food group costs and 

whole diet costs, and in relation to proportional energy intake by food group. The 

chapter will then go on to examine the relationship between food group costs and BMI 

in regression analyses, and discuss if the new approach adds value to a traditional 

whole diet cost approach. 
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Chapter 9: Discussion & conclusion 

  The final chapter of the thesis will draw together the findings from the previous 

chapters, relating them to each other, and discussing how they fit with the food price-

obesity hypothesis. Results of previous chapters will be interpreted collectively to 

develop overall conclusions. The implications for public health research and policy will 

be identified, and recommendations for future research suggested. 
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Chapter 2 Literature review 
 

2.1 Summary 

This chapter presents the results of a systematic search of the literature with a 

narrative synthesis of published findings from studies investigating the role of income, 

food prices or cost of diet in encouraging excess energy intake. There were six key 

relationships under investigation. The literature search was carried out on several 

databases in two separate phases (2011 and 2013), using a pre-established protocol.  

A total of 44 articles were found to fit the inclusion criteria and were included in 

the review: 

 No studies identified investigated dietary energy density in relation to 

food prices 

 Nine studies investigated diet costs and dietary energy density  

 Five studies investigated income and dietary energy density  

 Twenty four articles investigated food prices and body weight (13 using 

adult samples, 10 focussing on children or adolescents; and one which 

used data from both) 

 Seven studies were found to investigate body weight in relation to diet 

costs or expenditure  

 A scoping search revealed four reviews regarding income and BMI or 

obesity (three of these studies were systematic), and 13 reviews related 

to income and energy density, or diet costs and energy density or BMI. 

The findings relating to dietary energy density are largely in keeping with the 

prevailing hypothesis that economic factors influence the selection of energy-dense 

foods. The overall conclusion of this review is that the evidence – amongst adults, but 

not children – linking income or diet costs with dietary energy density is supportive of 

the theory. However, the review has identified that certain methodological issues limit 

our confidence in these results.  

Heterogeneity amongst the literature makes it difficult to draw conclusions 

regarding micro-economic determinants of body weight. There are interesting results 

reported for many of the studies, reinforcing that this topic is a worthwhile area of 

investigation, but findings are largely mixed. Some results suggest that various 

subgroups – males or females, the near poor, or those with children – may elicit 

differing findings.  

This synthesis of the literature helps to identify important gaps in knowledge 

and methodological challenges faced by researchers in this area. This sets the context 

for the analyses of later chapters. 
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2.2 Introduction 

The overarching aim of this thesis is to determine the extent to which income 

and cost of diet are implicated in excess energy intake. Before examining data, 

however, it is first necessary to consider existing evidence around income, diet cost, 

diet and body weight.  

This research area spans several different academic fields: nutrition, 

epidemiology, economics, politics, marketing, psychology and social geography, to 

name but a few. As such, there is a need to bring evidence together from these 

different disciplines. An interdisciplinary stance should best help to build a 

comprehensive picture of how micro-economic factors impact on diet and weight. 

Synthesising the existing evidence was the first objective of the thesis identified 

in Chapter 1. This chapter presents the results of a systematic search of the literature 

with a narrative synthesis of published findings relevant to the research questions. Due 

to the cross-disciplinary nature of the research question, a broad variety of investigative 

approaches was anticipated, and, as such, a narrative synthesis was planned as 

opposed to a meta-analysis.  

The results are organised in two sections, to reflect the two indicators of excess 

energy intake that form the focus of this thesis: firstly, dietary energy density and, 

secondly, body weight or mass. For each of these outcomes, literature will be 

considered in which the impact of the following three factors are investigated: 

1. Food prices; 

2. Dietary expenditure or diet cost; and 

3. Income. 

Of these three factors, income is expected to be the most widely researched, 

due to its acknowledged contribution to health inequalities (McDowell et al., 1997) and 

its frequent inclusion in socioeconomic indicators. Food prices and diet costs, on the 

other hand, form a more recent area of academic interest. Therefore, the review of 

literature around food prices and diet costs will be conducted in a systematic manner, 

to provide a comprehensive summary of the relevant literature. Literature investigating 

income and dietary energy density will similarly be searched and synthesised 

systematically. However, a comprehensive review of the literature surrounding income 

and body weight was judged beyond the scope of this chapter, both due to the extent 

and breadth of existing publications, and due to the identification of existing systematic 

reviews in a scoping search. 
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To summarise, the objectives of this review chapter are to synthesise any 

published evidence of associations between the following: 

 Food prices and dietary energy density; 

 Dietary expenditure or estimated diet cost and dietary energy density; 

 Income and dietary energy density; 

 Food prices and body weight or fatness; 

 Dietary expenditure or estimated diet cost and body weight or fatness; 

 Income and body weight or fatness. 

The findings will help to identify important gaps in knowledge surrounding these 

relationships, and set the context for the analyses of later chapters. 
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2.3 Methods 

The work for this literature review was conducted in two separate phases: the 

initial phase which focussed on food prices and dietary expenditure or cost, with a 

search conducted in January 2011; and a second phase, in which the initial search was 

updated and the literature on income was searched, in 2013. The search strategies 

and criteria were therefore separate for these two phases. 

Before conducting the searches, a pre-established protocol was developed, in 

accordance with the Centre for Reviews and Dissemination (CRD, 2008). The protocol 

detailed the criteria, search strategy, literature sources and methods for data extraction 

and synthesis. Searching the literature entailed: firstly, identifying existing reviews; 

secondly, searching selected databases; and thirdly, citation searching. 

Reviews were identified from the following catalogues: Cochrane Database of 

Systematic Reviews (CDSR); Database of Abstracts of Reviews of Effects (DARE); 

Evidence for Policy and Practice Information and Co-ordinating Centre (EPPICentre); 

NHS Economic Evaluation Database (NHS EED); and the National Institute for Health 

and Clinical Excellence (NICE). Reviews were also identified from the databases using 

the search strategy below. 

The literature search was carried out in the following databases: CAB Abstracts, 

EMBASE, Food Science and Technology Abstracts, HMIC Health Management 

Information Consortium, Ovid MEDLINE and PsycINFO. The search strategies were 

developed for the Ovid MEDLINE interface, and adapted to suit other databases where 

necessary. The MEDLINE strategies can be found in Appendix A. 

 

 

2.3.1 Criteria for inclusion 

Criteria for inclusion and exclusion were pre-specified. However, during the 

second phase of the literature review work, in 2013, criteria were tightened, and articles 

found in the initial search were re-screened to reflect the new focus. This was due to 

the publication of a relevant systematic review in the interim (Lee et al., 2011). The 

main change was that dietary energy density was specified as the dietary outcome, 

rather than including all dietary outcomes. 

In addition, it was decided during the second phase to exclude simulation 

studies. Again, this was due to the publication of a relevant systematic review since 

2011 (Eyles et al., 2012), but the decision also reflected the fact that many of the 

simulation studies which predict anticipated effects of price changes – for example, as 

a consequence of taxation – utilise elasticities derived from purchasing data to model 

the effects on diet and health. This review was primarily concerned with dietary 
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consumption, which may not be captured by purchasing data (see Section 2.3.1.1 

below). 

The search was not limited by date or country of origin. However, due to the 

resources available, it was judged pragmatic to include only English language articles. 

The decision was taken to also exclude grey literature (unpublished articles, theses 

and dissertations, non-peer reviewed articles), and include only those papers that 

reported findings from original research.  

 

2.3.1.1 Literature on food prices or dietary expenditure/cost 

For the purposes of this review, ‘consumption’ was taken to mean dietary 

intake, and not consumption in the traditional economic sense of purchasing. This was 

largely because the purchasing of food does not necessarily equate to the dietary 

consumption of that food (see, for example, Defra, 2010), and there is therefore 

additional potential for measurement error. (More information about the evidence on 

food prices and purchasing can be found in two systematic reviews of food price 

elasticities: Andreyeva et al. (2010) and Green et al. (2013)).  

Other pre-specified criteria were: 

 

Population 

 Humans 

 Healthy or non-diseased populations with risk factors 

 Adults, and/or children, and/or adolescents, and/or elderly 

 Males and females 

 Any socio-economic grouping 

 Populations not in a state of emergency or crisis, such as drought or 
other environmental disaster 

 

Exposure 

 Observations or manipulations in food prices (including beverages); food 
group prices; fast food prices or fruit & vegetable prices 

 Observations or manipulations in calorie cost; fat cost; energy cost; or 
other macronutrient cost, derived from foods and/or beverages 

 Observations or manipulations in food and/or beverage expenditure; or 
dietary expenditure – whole diet, or specific foods, beverages or food 
groups, but not relating to special diets for medical reasons 

 Observations or manipulations of any of the above in the context of 
regional fiscal or taxation policy 

 Observations or manipulations in food or beverage promotions, defined 
as the act of encouraging a sale by means of financial incentive such as 
price discounting, quantity discounting, or extra-product price 
promotions, and not promotion via non-financial means such as 
advertising 



18 

 

 Observations or interventions which do not relate to emergency relief or 
aid 

 Data no earlier than 1900 

 Studies not restricted to alcohol beverages in isolation 
 

Outcomes 

 Estimated energy density of diet 

 Weight status as measured by body mass index (BMI – kg/m2) or other 
markers of body composition; weight change 

 
Study design 

 RCTs and other intervention trials 

 Cohort studies 

 Case-control studies 

 Cross-sectional studies 
 

2.3.1.2 Literature on income 

The 2013 phase of the literature review additionally incorporated a new search 

for income-related studies. The inclusion/exclusion criteria for this search were identical 

with regards to population and study design to the previous search (see Section 

2.3.1.1). The criteria for exposure or outcome were as follows: 

 Estimated energy density of diet 

 Income – household, family or individual; annual or otherwise; 

equivalized or not; gross or net; but not a composite of socioeconomic 

status 

 

The search relating to income and body weight was restricted to published 

reviews. 

 

 

2.3.2 Study selection procedure 

Citations and abstracts of all hits elicited by the above searches were exported 

to EndNote X5 (EndNote X4 during phase 1) and de-duplicated. Abstracts were then 

screened in EndNote. 

 Selection of relevant literature followed a two-step procedure: firstly, a 

screening of titles and abstracts; and secondly, examination of full-text articles against 

the checklist of inclusion and exclusion criteria.  

During the 2011 phase of the literature review, a 10% random sample of 

abstracts was also screened by a second reviewer, PhD supervisor Claire Hulme. 

Comparison of screening results revealed 86% agreement between the reviewers. 

Following discussion and clarification of criteria, agreement was 96%, with the 
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remaining 4% requiring full-text examination to resolve discrepancy. The 2013 phase of 

the search involved only the first reviewer. 

Full-text screening was performed by the first reviewer only, with queries 

referred to the second reviewer. Reason for exclusion at this point was recorded, using 

codes denoting specific exclusion criteria. 

 

 

2.3.3 Data extraction 

All included papers were sorted according to exposure (diet cost/expenditure, 

food price, income) and outcome (dietary energy density, body weight, or combination 

of both). Extraction forms were developed using Microsoft Access, and relevant data 

extracted. The following data were extracted for all included articles: bibliographic 

details; country; sample size and main characteristics; year(s) of data collection; length 

of and loss to follow-up, where appropriate; exposure definition and measurement; 

outcome definition and measurement; statistical treatment, including comparison 

groups and subgroup analyses; results and p values. Extracted data were organised 

into tables in Microsoft Word, and are presented alongside a narrative synthesis of the 

findings. 

 

 

2.3.4 Data analysis/synthesis 

Due to the heterogeneity of study designs and broad range of disciplines 

anticipated in the literature, it was decided a priori that a meta-analysis of results would 

be inappropriate. The narrative synthesis instead seeks to organise the findings of the 

studies in such a way as to describe patterns – for example, the existence, direction or 

size of an effect – and attempt to uncover explanatory factors for such patterns, if any. 

Recommendations published by the Economic and Social Research Council (ESRC) 

Methods Programme (Popay et al., 2006) were followed. 

 

 

2.3.5 Quality appraisal 

Given the anticipated heterogeneity of studies in the literature review, it was 

judged inappropriate to apply a quality checklist to included studies. It is still important, 

however, to assess the strength of the evidence given the quality of the literature 

found. Therefore, efforts will be made in the synthesis of results to appraise each study 

in terms of the potential for bias brought about by the study design. Following the 

guidelines published by the Centre for Reviews and Dissemination (CRD, 2008), the 
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quality assessment will consider: appropriateness of design, the reliability and validity 

of the chosen outcome measure, risk of bias brought about through sampling, 

statistical issues (including power), the quality of reporting and generalisability.  
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2.4 Results 

2.4.1 Search results 

During phase 1 of the literature search, in 2011, 2,434 references were 

returned. Of these, 219 full-text articles were obtained and screened, from which 121 

relevant articles were identified. Five articles were not obtainable: one was historical 

(published in 1947); one article was from a volume missing at the British Library; and 

the remainder were from geographically local publications which were not listed in the 

catalogue of the British Library. Additionally, seven review articles were downloaded 

and hand-searched for citations. From these, a further eight studies were identified, to 

bring the total of relevant articles to 129. 

Following the adjustment to the inclusion criteria in 2013 (phase 2), a further 99 

articles were excluded. Reasons for exclusion were: studies related to purchasing 

rather than dietary intake (n=63); studies were counterfactual and employed predictive, 

hypothetical models (n=9); or because studies investigated dietary intake or quality but 

not energy density (n=27). 

The updated search in 2013 revealed a further 651 references returned by the 

phase 1 search strategy, that had been published between 2011 and 2013. In the 

abstract screening, 615 were identified as not fitting the criteria, and 12 were identified 

as reviews. Twenty four full-text articles were obtained, of which 9 met the criteria and 

were included in the review.  

The Phase 2 search of income literature found 36 records, of which nine full-

text versions were obtained. Of these, five were found to fit the criteria. This resulted in 

a total of 44 articles (excluding reviews) to be reviewed (Figure 2.1).
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2.4.2 Existing reviews – food prices or diet costs 

In addition to the 44 original articles, 13 systematic reviews were identified 

which included aspects of diet cost or food prices in relation to diet or overweight and 

obesity. Of these, six specifically focussed on economic aspects, whilst the focus of the 

remainder was on wider environmental exposures which incorporated food prices, diet 

cost or expenditure as just one aspect of the environment – at the national or local level 

(Harnack et al., Woodman et al., 2008, Holsten, 2008, Jaime and Lock, 2009, Steyn et 

al., 2009, Wilde et al., 2012, Conklin et al., 2013). This section will describe the reviews 

which share a similar research question to the current review, and not those concerned 

with wider environmental exposures. One of the six relevant reviews (An, 2012) was 

excluded during the second phase of this review, because the outcome of interest 

related to dietary consumption, and none of the included studies reported dietary 

energy density (reporting instead on other aspects of diet). Another review was 

excluded because it was not systematic (Goodman and Anise, 2006).  

All of the relevant reviews were published in the past four years. Two were 

limited to US-based evidence (Powell and Chaloupka, 2009, Powell et al., 2013); two 

included all developed countries (Lee et al., 2011, Black et al., 2012). Only one of the 

reviews examined diet costs, as well as food prices (Lee et al., 2011); all others 

focussed on food prices only. The paper by Lee et al. (2011) was also the only review 

to include dietary energy density as an outcome. 

Powell & Chaloupka, in 2009, reviewed US-based study literature to summarise 

the evidence surrounding food prices and BMI or obesity. Their synthesis indicated that 

the majority of studies reported statistically significant associations between food prices 

and BMI or the prevalence of obesity, and these were negative in direction for 

‘unhealthy foods’ (energy-dense foods, fast food prices, sugar, whole milk) and positive 

for fruit and vegetables. Not all studies reviewed found statistically significant results for 

all exposures and outcomes; the reviewers suggest this may be due to differential 

elasticities for weight at different ends of the BMI distribution, as reported in three of the 

included studies. One study reviewed did not find any statistically significant results 

(Kim and Kawachi, 2006), but was described in the review as “weak statistical 

evidence”, with a p value of 0.09. This study was the only one to examine state-level 

taxes as the exposure. The review identified important limitations in the literature 

reviewed, including comments on: inappropriate/unfeasible adjustment (for example, 

for income, or food outlet availability); a lack of longitudinal studies (only two in the 

review were not cross-sectional); the use of older data; and limited availability of price 

data (six of the nine reviewed studies employed a small database of non-representative 

food prices). The reviewers concluded that, whilst associations between food prices 
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and BMI or obesity do exist, the effects are small, and fiscal interventions would 

therefore need to be non-trivial to produce measurable effects. 

The aim of the systematic review by Lee et al. (2011) was to examine the effect 

of food costs on diet quality and disease risk. As such, the eligible literature 

encompassed evidence of a varied nature, including those studies which compared 

prices of healthy and unhealthy foods, those which considered whether a healthy diet 

was affordable, as well as those linking prices or costs to diets as consumed and to risk 

factors. Forty one articles were included in the review. Of these, 24 included dietary 

intake as an outcome and seven reported BMI or body weight as an outcome. The 

reviewers did not differentiate between food price data and diet cost (as estimated by 

applying food price data to dietary intake), and did not separate studies using these 

different approaches in their synthesis. The seven weight-related studies consisted of 

three studies employing food prices and four studies examining diet cost. Five of the 

studies found evidence of a negative relationship between food prices/diet cost and 

BMI or weight. The reviewers explained the null or contradictory findings of the 

remaining two studies to be due to methodological flaws, and concluded that the 

evidence of a relationship outweighed the evidence against.  

Of the dietary intake articles included in the review by Lee et al. (2011), 11 

investigated dietary energy density. Two of these studies reported findings from 

modelling studies. All of the studies indicated a negative relationship between costs 

and dietary energy density. The reviewers pointed out that the majority of these studies 

(n=7), examined energy cost as the exposure, which is methodologically problematic 

when linked to an outcome of energy density because of the creation of mathematical 

coupling (where energy is both the denominator in the exposure and the numerator in 

the outcome – see Lipsky (2009) for a discussion). 

As in the previous review, Lee et al. (2011) highlight common flaws in the 

existing evidence, including: a majority of cross-sectional data; the validity of 

assumptions applied to food price data; and that many studies (all but two of the 

studies reporting dietary energy density) neglected to control for socio-economic 

variables such as education or income. 

Black et al. (2012) focussed their review on subsidy programs amongst 

disadvantaged or low-income pregnant women and their children. Fourteen studies, 

published between 1980 and 2010 were identified, four of which reported maternal 

anthropometry. Many of the studies included reported outcomes relating to maternal 

dietary intake; however, none included dietary quality or dietary energy density per se. 

The reviewers found that evidence of an effect of food subsidies on maternal weight 
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was inconclusive, although some positive significant effects were identified regarding 

fruit and vegetable intakes. 

The final relevant review identified was that of Powell et al. (2013). This review 

included more recent evidence (published between 2007 and March 2012) of 

relationships between food prices, food consumption and body weight in the US. The 

search was limited to food prices of sugar-sweetened beverages, fast food or fruit and 

vegetables. Twenty studies were identified which related to BMI or weight, and 21 

related to dietary consumption. The reviewers did not differentiate between 

consumption in the economic sense (i.e. purchasing) as opposed to the nutritional 

sense (dietary intake). Of the 21 consumption studies reviewed, 14 related to dietary 

intake, but none examined dietary energy density per se. The reviewers concluded that 

the published evidence suggested inverse relationships between food prices and food 

consumption; however, as already stated, this took into account both purchasing and 

intake studies. Examining the findings of intake studies alone (an approach not 

reported in the review), implies less strong evidence of a relationship, with significant 

negative relationships reported in just one of three studies of sugar-sweetened 

beverage prices, three of six studies of fast food prices, and three of five studies of fruit 

and vegetables prices. 

The findings of studies investigating food prices and BMI or weight were mixed, 

and conflicting findings may have resulted from differing populations: there is the 

suggestion in the review that evidence differed depending on whether adults or children 

were studied, and that there were differential effects for low-income and higher income 

participants. The reviewers concluded that: 

 Evidence of an effect of sweetened beverage taxes on weight outcomes 

was inconsistent, although one study found a significant association 

between beverage prices and children’s weight. 

 There was fairly consistent evidence of a negative association between 

fast food prices and body weight, particularly amongst adolescents. 

Evidence was stronger for low- to middle-income participants. 

 Findings linking fruit and vegetable prices to adult weight were mixed 

overall, but there was evidence of a positive association for women, and 

particularly those on low incomes. 

 Amongst children and adolescents, all but four studies (out of 11), found 

significant evidence of a positive relationship of fruit and vegetable 

prices with body weight. 
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2.4.3 Dietary energy density 

2.4.3.1 Food prices & DED 

There were no studies identified which investigated dietary energy density in 

relation to food prices. 

 

2.4.3.2 Diet costs & DED 

Studies’ designs and settings 

Nine studies were found which investigated diet costs and dietary energy 

density, all published within the last 10 years (see Table). These were all cross-

sectional. All studies were set in developed countries: three in France (Drewnowski et 

al., 2007, Maillot et al., 2007b, Andrieu et al., 2006), three in the US (Monsivais and 

Drewnowski, 2009, Townsend et al., 2009, Aggarwal et al., 2011) one in Japan 

(Murakami et al., 2007), one in the Netherlands (Waterlander et al., 2010) and one in 

Germany (Alexy et al., 2012). No studies from the UK fit the criteria. 

Three studies used data from various nationally representative surveys of 

adults (Drewnowski et al., 2007, Maillot et al., 2007, Andrieu et al., 2006), one included 

data from two cohorts, one of which was comprised of elderly participants (Waterlander 

et al. 2010), and one made use of children and adolescent data (Alexy et al., 2012). 

Other studies used non-representative samples, often drawn from the research 

institution (for example, Murakami et al., 2007, Monsivais and Drewnowski, 2009). 

Townsend et al (2009) studied low-income women. Two of the studies used female-

only samples (Townsend et al., 2009, Murakami et al., 2007). Sample sizes ranged 

from 112 (Townsend et al., 2009) to almost 4000 (Murakami et al., 2007). 

Diet cost definition 

All studies mapped food price information onto dietary intake data (see below). 

The majority of studies (n=8) expressed diet costs in relation to a standardized energy 

amount (2000kcal, 100kcal, 10MJ or 1000kJ). One study (Maillot et al., 2007) 

additionally reported daily costs. Of the two studies which did not use energy costs, 

Alexy et al (2012) used daily diet costs, as well as proportional food group costs, whilst 

Aggarwal et al (2011) employed the residuals of daily costs against energy intake in 

their analyses, in order to account for energy. 
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Price data 

Several of the studies drew food price data from national statistics databases 

(Drewnowski et al., 2007, Maillot et al., 2007, Murakami et al., 2007), sometimes 

supplemented by additional sources. Many of the studies collected prices from local or 

national supermarket chains (Monsivais and Drewnowski, 2009, Waterlander et al., 

2010, Alexy et al., 2012, Aggarwal et al., 2011) or local markets (Townsend et al., 

2009). One study (Andrieu et al., 2006) obtained prices from a marketing research 

agency. The studies varied in the number of food items used to apply costs to dietary 

data: from 122 to 384 (where reported). 

Alexy et al (2012) were the only investigators to examine food-group specific 

costs. 

Assessment of diet 

The three studies from France used 7-day records to assess dietary intake 

(Drewnowski et al., 2007, Maillot et al., 2007, Andrieu et al., 2006). The study by 

Murakami et al (2007) matched prices to diet history questionnaires, whilst that of Alexy 

et al (2012) used 3-day weighed records. The Dutch study (Waterlander et al., 2010) 

combined data from two cohorts, each of which used different diet assessment 

methods: one used interview to obtain intake information for the previous four-week 

period, whilst the second cohort used 24-hour recall. The remaining studies used food 

frequency questionnaires (FFQs) to assess diet. 

Analytical approaches 

The majority of studies (n=7) used regression techniques to analyse their data 

(see Table). These included least squares regression models and, in one study (Alexy 

et al., 2012), linear mixed effects models. ANOVA tests were also commonly 

employed. A few studies (Monsivais and Drewnowski, 2009, Waterlander et al. 2010) 

also reported correlation coefficients. All but three studies (Andrieu et al., 2006, 

Murakami et al., 2007, Aggarwal et al., 2011) used a combination of analytical 

techniques. 

Analyses variously identified diet cost as the exposure variable and DED as the 

outcome (Andrieu et al., 2006, Murakami et al., 2007, Monsivais and Drewnowski, 

2009, Townsend et al., 2009, Waterlander et al., 2010, Alexy et al., 2012, Aggarwal et 

al., 2011), or with DED as the exposure and diet cost as the outcome (Drewnowski et 

al., 2007, Maillot et al., 2007, Monsivais and Drewnowski, 2009, Waterlander et al., 

2010, Alexy et al., 2012), and in some cases, analyses were included for both 

scenarios (Monsivais and Drewnowski, 2009, Waterlander et al., 2010, Alexy et al., 
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2012). Where diet cost was a predictor, five studies included the variable as categories 

(tertiles (Monsivais and Drewnowski, 2009, Townsend et al., 2009), quartiles (Andrieu 

et al., 2006) or quintiles (Murakami et al., 2007, Aggarwal et al., 2011)), and two 

included continuous cost variables (Townsend et al., 2009, Alexy et al., 2012). Of those 

studies in which diet cost was the outcome, this was always included as a continuous 

variable. 

Models were, in most cases, adjusted for common covariates including age, sex 

and energy intake. Townsend et al (2009) adjusted for energy intake only. The analysis 

of Aggarwal et al (2011) included the most fully adjusted of the regression models, 

adjusting for ethnicity and household size in addition to the common covariates already 

listed. Alexy et al (20120) additionally incorporated interaction terms and non-linear 

terms in their mixed effects models. The analyses of Murakami et al (2007), Monsivais 

and Drewnowski (2009) and Waterlander et al (2010) were either unadjusted, or 

adjustments were not reported. 

The multiple regression models of Drewnowski et al (2007) did not report 

individual coefficients, but only the p values and coefficient of determination. 

Quality of studies 

All of the studies were cross-sectional in design, and are therefore similarly at 

risk of the bias commonly associated with observational studies. Differences between 

the studies in terms of sampling, data collection and analysis, however, may have 

introduced different sources of bias. 

The studies which relied upon nationally representative samples (Andrieu et al., 

2006, Drewnowski et al., 2007, Maillot et al., 2007) are likely to have benefitted from 

these surveys’ sampling designs which take into account selection bias when recruiting 

participants. In addition, findings from these samples are more likely to be 

generalisable (at least at the national level). Other studies – Murakami et al. (2007), 

Monsivais and Drewnowski (2009), Townsend et al. (2009) – may be considered 

weaker in quality in having to rely upon non-probability samples. 

Study quality also differed in the reliability and validity of data collection 

methods. In terms of price data collection, established national economic surveys (as 

utilised by Andrieu et al., 2006, Drewnowski et al., 2007, Maillot et al., 2007 and 

Murakami et al., 2007) are likely to have developed price collection methods that 

attempt to minimise bias and are more likely to reflect the national distribution of prices. 

Conversely, collecting price information from a limited source (as performed by 

Monsivais and Drewnowski, 2009, Townsend et al., 2009, Waterlander et al., 2010, 
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Aggarwal et al., 2011, and Alexy et al., 2012) risks introducing bias, if the participants 

in the study could purchase from a wider range of sources. 

Dietary assessment methods have been widely investigated in terms of bias. All 

of the methods used in these studies relied upon self-reported dietary intake, which is 

subject to biases in reporting – most commonly under-reporting. All of the studies used 

established dietary assessment techniques (diaries, 24-hour recall, FFQs, DHQ). Little 

is known about the differences between these methods in terms of the further possible 

bias introduced when matched to food price data; however it could be conjectured that 

methods which quantify food consumption would be more appropriate for estimating 

diet costs. FFQs, which would necessitate the selection of representative foods for 

each item, risk introducing an additional level of bias with the assumptions inherent in 

these calculations. The studies of Monsivais and Drewnowski (2009) and Townsend et 

al. (2009) used FFQs and could be considered weaker in quality than those which, in 

particular, collected seven days of diet records (Andrieu et al., 2006, Drewnowski et al., 

2007, Maillot et al., 2007). 

 In this area of research, perhaps the most important determinant of study 

quality is in the analytical approach. It has been remarked upon in the literature that 

including energy as both a numerator and denominator in the independent and 

dependent variables will result in potentially false positive findings, because the 

variables will be mathematically related and therefore automatically associated (Lipsky, 

2009). Only three of the nine included studies attempted to address this: Aggarwal et 

al. (2001), Maillot et al, (2007) and Alexy et al. (2012), although Maillot et al. (2007) did 

not report the results of this analysis. 

 

Findings 

Of the analyses in which p values were reported, all but one test revealed a 

significant (in most cases, highly significant) negative relationship. Findings included 

significant differences in diet cost by categories of energy density (Drewnowski et al., 

2007, Monsivais and Drewnowski, 2009, Maillot et al., 2007, Waterlander et al., 2010), 

differences in energy density by categories of diet cost (Andrieu et al., 2006, Murakami 

et al., 2007, Monsivais and Drewnowski, 2009, Townsend et al., 2009, Aggarwal et al., 

2011) as well as significant negative trends and associations (Drewnowski et al., 2007, 

Maillot et al., 2007, Townsend et al., 2009, Waterlander et al., 2010, Alexy et al., 2012). 

Results were in a negative direction regardless of study quality: whether analyses were 

adjusted or not, how energy was accounted for, how diet costs were defined, and 

whether beverages were included in energy density estimates. Conclusions were 
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similar across analytical approaches, samples and countries, and for both men and 

women. However, some findings indicated a stronger association for women 

(Drewnowski et al., 2007, Monsivais and Drewnowski, 2009). 

The only non-significant result to be reported was that of Drewnowski et al 

(2009), who found that weekly diet costs did not differ significantly in unadjusted 

analyses between quintiles of dietary energy density amongst men in a nationally 

representative French sample. 
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Ref Country Sample size Sample characteristics Exposure Exposure details 

Year(s) of 
exposure 

data 
collection 

Outcome Outcome assessment details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-up 

Loss to 
follow-up 

Andrieu et al. 
(2006) 

France 1474 
Nationally representative 
dietary survey; adults; 46% 
male 

Dietary energy 
cost (€/10MJ) 

Mean national prices (marketing 
research) x760 applied to 7d 
records.  

1998 (diet), 
1997 
(prices) 

Energy 
density; 
micronutrient 
intake 

7d records matched to 
national nutrient database 
(895 items) 

1998 N/A N/A 

Drewnowski 
et al. (2007) 

France 1,985 

National Survey on 
Individual Food 
Consumption: 15-92yrs, 
nationally representative 

Dietary energy 
density (kcal/g) 

7-day diary. EI divided by edible 
weight. Excluded water, diet 
beverages, tea and coffee 

1999 
Diet cost ($/7d 
or $/2000kcal) 

Mean national retail prices 
taken from French National 
Institute of Statistics & 
supermarket sites. Adjusted 
for preparation & waste as 
per USDA. Collected in €, 
reported in $ 

1997 N/A 
Excluded 
511 under-
reporters 

Maillot et al. 
(2007b) 

France 1,332 
French National Agency for 
Food Safety survey: 
nationally representative 

Dietary energy 
density (MJ/kg); 
Mean adequacy 
ratio (MAR) 

7d food records. Excluded 
beverages in energy density 
calculations. MAR based on % of 
recommended intakes of 23 
nutrients. Excluded alcohol, tea, 
coffee & drinking water 

1999 
Diet cost 
(€/10MJ, €/d) 

Prices from marketing 
research (SECODIP), French 
National Institute of Statistics 
(INSEE) & supermarket 
websites. Adjusted for 
preparation & waste. 
Excluded alcohol, tea, coffee, 
drinking water. 

1997   

Murakami et 
al. (2007) 

Japan 3931 
Female dietetic students, 
54 institutions 

Dietary energy 
cost 
(yen/1000kcal) 

National Retail Price Survey  
(n=122) applied to DHQ (135 
items) 

2005 (diet), 
2004 
(prices) 

Foods intake; 
nutrients 
intake 

Intakes calculated from DHQ 2005 N/A N/A 

Monsivais 
and 
Drewnowski 
(2009) 

USA, 
Pacific 
North-
west 

164 
Staff of public university. 
Excluded those reporting 
FAFH >6/week  

Dietary energy 
density (kcal/g) 

152-item FFQ 2005-2006 
Dietary energy 
cost 
($/2000kcal) 

Prices from 3 supermarket 
chains in Seattle region, for 
384 component foods for 
each FFQ item, compiled 
using weighted means 

2006 N/A N/A 

Table 2.1 Study characteristics: studies investigating dietary expenditure/cost and dietary energy density 
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Ref Country Sample size Sample characteristics Exposure Exposure details 

Year(s) of 
exposure 

data 
collection 

Outcome Outcome assessment details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-up 

Loss to 
follow-up 

Townsend et 
al. (2009) 

California 
USA 

112 

Non-institutionalised low-
income women, 20-55yrs; 
English-speaking; 
ethnically diverse 

Dietary energy 
cost 

Composite items assigned a 
mean food price ($/100g edible 
portion) from 8 markets 

2006 

Energy 
density; 
macronutrient 
intake 

152-item FFQ (ref period 
previous 3mo) 

Not reported   

Waterlander 
et al. (2010) 

The 
Nether-
lands 

373 + 200 

AGHLS: cohort recruited at 
13yrs, mean age 36yrs.  + 
LASA: 55-85yrs, 
community-dwelling 
elderly  

Energy density 

AGHLS: computer-assisted face-
to-face interview: reference 
period of preceding 4 weeks. 
LASA: 2x 24hr recall. Beverages 
excluded (as well as fruit juices) 

AGHLS: 
2000. LASA: 
2007 

Diet costs 
(€/2000kcal) 

Prices from 2 supermarket 
chains (44% market share) 

2008  

29 LASA & 
40 AGHLS 
excluded as 
outliers 

Aggarwal et 
al. (2011) 

Washing-
ton, USA 

1903 
(analytical 
1266) 

64% women; mean age 
56yr, 57% college 
graduates 

Diet cost 
(residual of $/d) 

Retail prices from 3 local 
supermarkets applied to FFQ 

2008-9 
(date of 
price data 
collection 
not 
reported) 

Energy density 
(kJ/g); Mean 
Adequacy 
Ratio (MAR) 

ED from food only; MAR is 
index of % of daily 
recommendations for 11 
nutrients (% adequacy/d) 

2008-9 N/A N/A 

Alexy et al. 
(2012) 

Germany 494 
4-18yrs, DONALD study; 
52% male 

Diet cost (€/d), 
food group cost 
(% €/d) 

Retail prices found for 
representative items from 8 
food groups (n=356) applied to 
food group consumption (g/d) 
from 3d weighed records 

2006-8 
(diet), 2009 
(prices) 

Energy density 
Excluding water & caloric 
beverages 

2006-8 
Not 
reported 

Not 
reported 

AGHLS Amsterdam Growth & Health Longitudinal Study; LASA Longitudinal Ageing Study Amsterdam; DONALD Dortmund Nutritional and Anthropometric Longitudinally Designed Study 

 

  

Table 2.1 (cont’d) Study characteristics: studies investigating dietary expenditure/cost and dietary energy density 
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Table 2.2 Results: studies investigating dietary expenditure/cost and dietary energy density 

Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Andrieu et 
al. (2006) 

Energy cost quartiles 
(€/10MJ) 

Energy density  ANOVA Age & sex 

Q1 6.42 (6.30, 6.54), 
Q2 6.08 (5.96, 6.20), 
Q3 5.97 (5.85, 6.09), 
Q4 5.72 (5.60, 5.84) 

0.0001 
Energy density 
decreased with higher 
energy costs. 

Drewnowski 
et al. (2007) 

Dietary energy density 
(kcal/g) 

Diet cost ($/week) Women 
Multiple 
regression 

Energy intake, age R2 = 0.38  <0.001 Energy density and 
weekly diet costs were 
significantly positively 
associated.  

Dietary energy density 
(kcal/g) 

Diet cost ($/week) Men 
Multiple 
regression 

Energy intake, age R2 = 0.44 <0.001 

 
Quintile of dietary 
energy density (kcal/g) 

Diet cost ($/week) Men ANOVA N/A 

Q1 65.86 ± 22.49;  
Q2 68.06 ± 23.66;  
Q3 65.30 ± 24.96;  
Q4 60.97 ± 19.11;  
Q5 60.66 ± 19.50 

0.023 
Weekly diet costs 
significantly differed 
between quintiles of 
dietary energy density 
amongst men but not 
women, with lower diet 
costs in higher quintiles 
of ED. 

 
Quintile of dietary 
energy density (kcal/g) 

Diet cost ($/week) Women ANOVA N/A 

Q1 51.35 ± 14.17;  
Q2 51.48 ± 15.60;  
Q3 51.74 ± 16.90;  
Q4 49.66 ± 16.90;  
Q5 47.81 ± 16.38 

NS 

 
Quintile of dietary 
energy density (kcal/g) 

Diet cost ($/2000kcal) Men ANOVA N/A 

Q1 8.26 ± 2.61;  
Q2 7.95 ± 1.96;  
Q3 7.42 ± 2.07;  
Q4 6.62 ± 1.41;  
Q5 6.49 ± 1.41 

0.001 
Diet costs significantly 
differed between 
quintiles of energy 
density for both men and 
women, with a negative 
trend.  

Quintile of dietary 
energy density (kcal/g) 

Diet cost ($/2000kcal) Women ANOVA N/A 

Q1 8.39 ± 1.96;  
Q2 7.78 ± 1.96;  
Q3 7.45 ± 1.74;  
Q4 7.07 ± 1.96;  
Q5 6.64 ± 1.68 

0.001 
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Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Maillot et al. 
(2007b) 

Energy density tertile Diet cost (€/10MJ)  GLM Age, energy intake 
Individual figures not 
reported (bar chart) 

<0.05 

Energy density and 
energy costs were 
significantly negatively 
associated, whether 
energy density was 
included categorically or 
continuously. 

 Energy density (MJ/kg) Diet cost (€/10MJ)  
Multivariate 
linear regression 

Age, energy intake 
β (SD): Men -0.235  
(-.847); women -0.171 
(0.897) 

<0.0001 

Murakami 
et al. (2007) 

Quintile of energy cost Energy density (kcal/g)  Linear regression 
Results for unadjusted 
model only shown 

 <0.0001 

Energy density was 
significantly lower in 
increasing quintiles of 
diet cost. 

Monsivais 
and 
Drewnowski 
(2009) 

Dietary energy density 
(kcal/g) tertiles 

Dietary energy cost 
($/2000kcal) 

Women 
Bivariate 
methods with 
linear trend tests 

None reported 
Lowest 9.55 ± 1.82; 
middle 8.06 ± 1.25; 
highest 6.76 ± 0.87 

<0.001 There was a significant 
negative trend in energy 
cost by energy density 
tertiles for both men and 
women.  

Dietary energy density 
(kcal/g) tertiles 

Dietary energy cost 
($/2000kcal) 

Men 
Bivariate 
methods with 
linear trend tests 

None reported 
Lowest 7.82 ± 1.28; 
middle 7.74 ± 1.27; 
highest 6.71 ± 1.15 

0.006 

 
Dietary energy density 
(kcal/g)  

Dietary energy cost 
($/2000kcal) 

 
Least-squares 
regression 

None reported R2 = 0.37 
Not 
reported 

Energy density and 
energy costs were 
weakly to modestly 
negatively associated (p 
value not reported). The 
correlation was stronger 
for women than men.   

 
Dietary energy density 
(kcal/g)  

Dietary energy cost 
($/2000kcal) 

Men & women 
Least-squares 
regression 

None reported 
Men R2 = 0.09; women 
R2 = 0.51 

Not 
reported 

 
Dietary energy cost 
($/2000kcal) tertiles 

Dietary energy density 
(kcal/g) 

Women 

Bivariate 
methods with 
linear trends 
tests 

None reported 
Lowest 1.60 ± 0.27; 
middle 1.33 ± 0.22; 
highest 1.12 ± 1.60 

<0.001 
There were significant 
negative trends in 
energy density by tertile 
of energy cost in both 
men and women (more 
strongly in women). 

 
Dietary energy cost 
($/2000kcal) tertiles 

Dietary energy density 
(kcal/g) 

Men 

Bivariate 
methods with 
linear trends 
tests 

None reported 
Lowest 1.58 ± 0.29; 
middle 1.51 ± 0.39; 
highest 1.35 ± 0.18 

0.017 

Table 2.2 (cont’d) Results: studies investigating dietary expenditure/cost and dietary energy density 
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Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Townsend 
et al. (2009) 

Dietary energy cost 
tertiles (excluding 
beverages)  
($/2000kcal)  

Dietary energy density 
(excluding beverages) 
(kcal/g) 

Tertiles ANOVA None 
Means: 1.77 ± 0.30; 
1.55 ± 0.25; 1.31 ± 
0.22 

<0.001 

Tertiles of energy cost 
significantly differed in 
dietary energy density, 
with the lowest cost 
tertile showing the 
highest density. This was 
true whether or not 
beverages were included 
in energy density 
estimates. 

 

Dietary energy cost 
tertiles (including 
beverages, except 
water) ($/2000kcal) 

Dietary energy density 
(including beverages) 
(kcal/g) 

Tertiles ANOVA None 
Means: 1.02 ± 0.32; 
1.01 ± 0.26; 0.80 ± 
0.20 

<0.001 

 
Dietary energy cost 
(excluding beverages) 
($/2000kcal) 

Energy density (excluding 
beverages) (kcal/g) 

 
Least-squares 
regression 

Energy intake R2 = 0.40 <0.001 

Energy costs and ED 
were significantly 
negatively associated 
after adjusting for 
energy. 

Waterlander 
et al. (2010) 

Diet costs (€/2000kcal) Energy density (kJ/g) AGHLS 
Pearson’s 
correlations 

 
Men r=-0.505; women 
r= -0.413 

<0.001 Energy costs and energy 
density were moderately 
negatively correlated for 
men and women.  Diet costs (€/2000kcal) Energy density (kJ/g) LASA 

Pearson’s 
correlations 

 
Men r=-0.559; women 
r= -0.562 

<0.001 

 
Energy density (kJ/g) 
quartiles 

Diet costs (€/2000kcal) LASA men ANOVA  
Q1 6.01 (SD 1.08 ); Q2 
5.11 (0.87); Q3 5.18 
(1.03); Q4 4.19 (0.61) 

<0.001 

In both men and women, 
for both samples, diet 
costs decreased with 
increasing quintiles of 
energy density. 

 
Energy density (kJ/g) 
quartiles 

Diet costs (€/2000kcal) LASA women ANOVA  
Q1 5.61 (SD 1.04); Q2 
5.23 (0.97); Q3 4.76 
(0.99); Q4 3.93 (1.03) 

<0.001 

 
Energy density (kJ/g) 
quartiles 

Diet costs (€/2000kcal) AGHLS men ANOVA  
Q1 5.09 (SD 0.80); Q2 
4.86 (0.89); Q3 4.72 
(0.62); Q4 4.01 (0.54) 

<0.001 

 
Energy density (kJ/g) 
quartiles 

Diet costs (€/2000kcal) AGHLS women ANOVA  
Q1 4.94 (SD 0.63; Q2 
4.69 (0.54); Q3 4.56 
(0.72); Q4 4.25 (0.67) 

<0.001 

Table 2.2 (cont’d) Results: studies investigating dietary expenditure/cost and dietary energy density 
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Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Aggarwal et 
al. (2011) 

Quintiles of energy-
cost residuals (costs 
from food only) 

Energy density (kJ/g)  
Multivariable 
linear regression 

Age, sex, ethnicity, 
household size, EI 

Β coefficient  = -0.89 <0.0001 

Every additional 
standard deviation of 
diet cost residual was 
associated with a 
significant reduction in 
energy density of 
0.89kJ/g. 

Alexy et al. 
(2012) 

Energy density (kJ/d) Diet cost (€/d)  
Linear mixed 
effects model 

ED*age, age*sex, 
age*age*sex 

Β coefficient  = -0.20 <0.0007 
Negative association 
(also for non-linear term 
kJ*kJ) 

 
Meat/sausage cost (% 
diet cost) 

Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = 5.5 <0.0001  
 
 
 
Proportion of diet cost 
from meat/sausage, 
bread, confectionary, 
potatoes/rice/pasta all 
positively associated 
with energy density. 
 
Proportion of diet cost 
from dairy, vegetables 
and fruit all negatively 
associated with energy 
density. 
 
Proportional costs from 
convenience/fast foods 
not significantly 
associated. 

 Dairy cost (% diet cost) Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = -14.3 <0.0001 

 
Convenience/fast food 
cost (% diet cost) 

Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = 1.1 0.4916 

 Bread cost (% diet cost) Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = 2 0.0004 

 
Vegetables cost (% diet 
cost) 

Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = -2.48 0.0003 

 Fruits cost (% diet cost) Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = -2.03 0.0008 

 
Confectionary cost (% 
diet cost) 

Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = 1.38 0.0235 

 
Potatoes/rice/pasta 
cost (% diet cost) 

Energy density (kJ/g)  
Linear mixed 
effects model 

ED*ED, age Β coefficient  = 1.28 0.0048 

 

Table 2.2 (cont’d) Results: studies investigating dietary expenditure/cost and dietary energy density 
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2.4.3.3 Income & DED 

Studies’ designs and settings 

Five studies were found to have investigated income and dietary energy density 

(Table), all of which were published recently (since 2006). Only one of these studies 

was based outside the US – that of Waterlander et al (2010), which used Dutch data. 

The Dutch study used data from the smallest sample sizes – 373 and 200 participants 

respectively from two cohorts. Three of the US studies used data from large, nationally 

representative surveys: two from the National Health and Nutrition Examination 

Surveys (NHANES) (Kant and Graubard, 2007, Kant and Graubard, 2013) and one 

from the Continuing Survey of Food Intake for Individuals (CSFII) (Mendoza et al., 

2006). The final study (Aggarwal et al., 2011) used a moderate-sized (n=1318), 

regional-specific sample from Washington State. All of the studies were cross-sectional 

in design (even those which used data from longitudinal cohorts, such as Waterlander 

et al (2010), in which a single year of data collection was used). Most of the studies 

focused on adult samples, the exception being Mendoza et al (2006) and Kant and 

Graubard (2013) in which data from children and adolescents were analysed. One of 

the samples used by Waterlander et al was restricted to community-dwelling elderly.   

Definition & measurement of income 

Three of the studies expressed income in relation to the national poverty line: 

as a ratio (Kant and Graubard, 2007, 2013), or as a percentage (Mendoza et al., 2006). 

In each of these studies, the poverty line was year specific (where studies used more 

than one year of survey data collection) and specific to household composition. In 

these surveys, income was self-reported at interview for the family (NHANES) or 

household (CSFII) level. Income was then expressed as poverty categories: five (Kant 

and Graubard, 2007), four (Mendoza et al., 2006) or three (Kant and Graubard, 2013). 

The other US-based study (Aggarwal et al., 2011) used self-reported household 

income, dichotomised into high and low categories (above or below the state median). 

In analyses, household size was used to adjust for differences in composition. 

The study of Waterlander et al (2010) used data from two separate surveys, in 

which self-reported income was gathered differently: in the Amsterdam Growth and 

Health Longitudinal Study (AGHLS) sample, gross annual income was reported, 

whereas in the Longitudinal Ageing Study Amsterdam (LASA), net monthly household 

income was obtained. Participants were categorised into groups based upon the 

national median, in each case. Due to missing data, the authors were unable to adjust 

for household size or composition. 
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Assessment of dietary energy density 

Dietary data was most commonly gathered through 24-hour recall (Kant and 

Graubard, 2007, 2013, Mendoza et al., 2006, the LASA sample of Waterlander et al., 

2010). The exceptions to this were Aggarwal et al (2011), in which a FFQ was the tool 

used, and the AGHLS sample reported in Waterlander et al (2010), which employed 

face-to-face interviews for intakes in the preceding four-week reference period. 

Three of the studies calculated dietary energy density from food only, excluding 

energy and mass values from beverages (Waterlander et al., 2010, Aggarwal et 

al.,2011, Kant and Graubard, 2013). Mendoza et al (2006) excluded water and human 

milk; whereas Kant and Graubard (2007) excluded beverages but not milk or 100% fruit 

juices in their calculations. The units used to express energy density also varied. 

Analytical approaches 

Table shows that multivariate regression was the most common approach (Kant 

and Graubard, 2007, Mendoza et al., 2006, Kant and Graubard, 2013). Different 

covariates were specified in the models of each of these studies: all appropriately 

adjusted for demographic variables, and Kant and Graubard (2007, 2013) adjusted for 

survey and data collection characteristics, as appropriate. Additional covariates chosen 

include food weight and total milk consumption (Mendoza et al., 2006), and Kant and 

Graubard (2013) additionally adjusted for household size and BMI. The analyses of 

Waterlander et al (2010) did not introduce covariates, using ANOVA and t tests 

The study of Aggarwal et al (2011) differed in its approach, featuring energy 

density as the exposure and income category as the outcome. Logistic regression was 

used, adjusting for sociodemographic variables, household size and energy intake. 

Quality of studies 

All of the studies were cross-sectional in design (even where longitudinal data 

were available), and are thus subject to biases associated with observational studies. 

The studies using data from nationally representative surveys (Kant and Graubard, 

2007, Mendoza et al., 2006, Kant and Graubard, 2013) were stronger in quality in 

terms of sampling design, but also employed more robust analytical techniques. In 

particular, these studies accounted for household composition, which is important when 

considering household income (see Chapter 4).  

The studies of Aggarwal et al (2011) and Waterlander et al (2010) are 

additionally weakened by the employment of non- or semi-quantified dietary 

assessment techniques (FFQ and 4-week recall respectively), which could possibly 

introduce bias in the calculation of energy density (although the extent of this is 
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unknown). In using unadjusted analytical techniques, Waterlander et al. are also 

unable to allow for confounding variables, which is an essential means of attempting to 

counteract bias in observational studies. Furthermore, the samples used in the study of 

Waterlander et al. (2010) were relatively small in size and, although the authors do not 

explicitly report power calculations in the report, they raise the issue of inadequate 

power in discussing the results. 

In terms of children and adults, the studies involving children were of stronger 

quality. Of the studies involving adults, two of the three studies (Aggarwal et al., 2011 

and Waterlander et al., 2010) were of poorer quality (for the reasons described above). 

Findings  

Amongst children, overall analyses failed to uncover significant differences in 

energy density between family poverty categories (Mendoza et al, 2006, Kant and 

Graubard, 2013). In subgroup analyses, Mendoza et al found a significant association 

between income and energy density amongst 0-to-4-year-old participants. Kant and 

Graubard (2013), however, did not find this in their age-stratified analyses. 

Amongst adults, two studies reported significant findings: Kant and Graubard 

(2006) reported a significant negative relationship between poverty income ratio (PIR) 

and energy density; whilst Aggarwal et al (2011) found that the odds of having a higher 

income were significantly lower as DED increased. In unadjusted comparisons of Dutch 

income groups, Waterlander et al (2010) did not find any significant differences in DED 

by income groups in either sample. 
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Table 2.3 Study characteristics: studies investigating income and dietary energy density 

Ref Country Sample size Sample characteristics Exposure Exposure details 

Year(s) of 
exposure 

data 
collection 

Outcome Outcome assessment details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-up 

Loss to 
follow-up 

Kant and 
Graubard 
(2007) 

USA 36,600 

NHANES I, II, III & 1999-
2002. Nationally 
representative: adults 
aged 25-74yrs. 

Poverty 
Income Ratio 
(PIR) 

The ratio of total family income 
to the poverty threshold for 
each survey year for a family of 
given characteristics: <1 is below 
threshold. 

1971-1975, 
1976-1980, 
1988-1994, 
1999-2002 

Dietary energy 
density 

Kcal/g; food, milk & 100% 
fruit juices. Assessed by 24hr 
recall 

1971-1975, 
1976-1980, 
1988-1994, 
1999-2002 

N/A N/A 

Mendoza et 
al. (2006) 

USA 18,344 

CSFII. Nationally 
representative, children & 
adults <20yrs. Mean age 
9.3yr, 48.9% female. 

Poverty 
category  

Household income as a % of 
poverty level 

1994-1996, 
1998 

Dietary energy 
density 

Mean daily kcal/mean daily g; 
excluded water & human 
milk. Assessed by 2 
nonconsecutive 24hr recalls 
(proxy interviews for children 
<6yrs) 

1994-1996, 
1998 

N/A 

Missing 
data left 
analytical 
sample of 
11,284 

Waterlander 
et al. (2010) 

The 
Nether-
lands 

373 + 200 

2 longitudinal cohorts: 
AGHLS: cohort recruited at 
13yrs, mean age 36yrs 
LASA: 55-85yrs, 
community-dwelling 
elderly, mean age 69yrs,  

Income 
category 

AGHLS: 5 categories of gross 
annual income, recoded into 3 
groups (below, at, or above 
Dutch modal income before tax). 
LASA: 11 categories net monthly 
household income, recoded into 
2 groups (below or above modal 
Dutch income after tax). 

AGHLS: 
2000. LASA: 
2007 

Dietary energy 
density 

kJ/g, calculated from ΣE/ΣW, 
beverages excluded. 
AGHLS: computer-assisted 
face-to-face interview: 
reference period of preceding 
4 weeks. LASA: 2x 24hr recall.  

AGHLS: 
2000. LASA: 
2007 

N/A (cross-
sectional 
data drawn 
from 
longitudinal 
cohorts) 

 

Aggarwal et 
al. (2011) 

USA 

1318 
(analytical 
sample 
1266) 

SOS. Stratified sample with 
over-sampling of low 
income and ethnic 
minorities, adults, 64% 
female, mean age 56yr, 
57% college graduates 

Quintile of 
dietary 
energy 
density; SD 
dietary 
energy 
density 

kJ/g, from food only, calculated 
from FFQ 

2008-9 
Household 
income (high 
vs low) 

Self-report annual hhold 
income: ‘high’ defined as at 
or above state median 
($50,000) 

2008-9 N/A 
69% 
response 
rate 
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Ref Country Sample size Sample characteristics Exposure Exposure details 

Year(s) of 
exposure 

data 
collection 

Outcome Outcome assessment details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-up 

Loss to 
follow-up 

Kant and 
Graubard 
(2013) 

USA 
39,822 
(analytical) 

NHANES I, II, III, 1999-2002 
& 2003-2008. Nationally 
representative, children & 
adolescents aged 2-19yr 

Poverty 
Income Ratio 
(PIR) 

The ratio of total family income 
to the poverty threshold for 
each survey year for a family of 
given characteristics: <1 is below 
threshold. 

1971-1974, 
1976-1980, 
1988-1994, 
1999-2000, 
2001-2002, 
2003-2004, 
2005-2006, 
2007-2008 

Dietary energy 
density 

Kcal/g; food only; assessed by 
1x 24hr recall 

1971-1974, 
1976-1980, 
1988-1994, 
1999-2000, 
2001-2002, 
2003-2004, 
2005-2006, 
2007-2008 

N/A N/A 

NHANES - National Health and Nutrition Examination Surveys, CSFII – Continuing Survey of Food Intake for Individuals, AGHLS – Amsterdam Growth and Health Longitudinal Study, LASA – Longitudinal Ageing Study 

Amsterdam, SOS – Seattle Obesity Study 

 
  

Table 2.3 (cont’d) Study characteristics: studies investigating income and dietary energy density 
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Table 2.4 Results: studies investigating income and dietary energy density 

Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Kant and 
Graubard 
(2007) 

Categories of PIR. 
category 1: <1.0; 
category 2: 1.0-1.99; 
category 3: 2.0-2.99; 
category 4: 3.0-3.99; 
category 5: ≥4.0 

Dietary energy density 
(kcal/g)  

Linear multiple 
regression 

Sex, age, age2, 
race/ethnicity, years of 
education, survey 

Coefficients (SE): 
Category 1: 1.65 
(0.02); 2: 1.68 (0.01); 
3: 1.66 (0.01); 4: 1.65 
(0.01); 5: 1.62 (0.01) 

(Trend) 
0.003 

Higher PIR was 
associated with lower 
energy density. 

Mendoza et 
al. (2006) 

Poverty category (% of 
poverty line).  
category 1: <100%; 
category 2: 100-199%; 
category 3: 200-299%; 
category 4: ≥300% 

Dietary energy density 
(kcal/g)  

Linear regression None 

Means (95% CI): 
Category 1: 1.13 (1.11, 
1.15); 2: 1.14 (1.12, 
1.16); 3: 1.13 (1.11, 
1.15); 4: 1.13 (1.12, 
1.15) 

ns 
DED did not significantly 
differ between poverty 
categories. 

 
  

0-4 year-olds 
Multivariate 
linear regression 

Sex, age, age2, education 
level of head of hhold, 
race/ethnicity, food 
weight, total milk 

Β coefficients (95% CI): 
Category 1: 0.03 (0.01, 
0.05); 2: 0.03 (7.6x10-3, 
0.05); 3: 0.01 (-0.01, 
0.04); 4: Reference 

<0.05 

There was a significant 
association amongst 0-4 
year-old participants, 
with higher energy 
density associated with 
lower incomes. The 
association was not 
significant for older 
children. 

 
  

5-11 year-olds 
Multivariate 
linear regression 

As above 

Β coefficients (95% CI): 
Category 1: 8.0x10-3  
(-0.03, 0.05); 2: -0.01  
(-0.05, 0.03); 3: -0.01  
(-0.04, 0.01); 4: 
Reference 

ns 

 
  

12-19 year-olds 
Multivariate 
linear regression 

As above 

Β coefficients (95% CI): 
Category 1: -0.04 (-
0.08, 4.0x10-3); 2: -0.02 
(-0.06, 0.02); 3: -0.05 (-
0.10, 5.6x10-3); 4: 
Reference 

ns 
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Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Waterlander 
et al. (2010) 

Income category. 
Category 1: below 
modal,; 2: modal; 3: 
above modal 

Dietary energy density (kJ/g) AGHLS men ANOVA N/A 

Mean (SD): 
Category 1: 6.23 (0.92) 
2: 6.49 (1.46) 
3: 6.52 (1.34) 

0.678 

There were no significant 
differences in dietary 
energy density between 
any of the income 
categories. 

 
Income category: as 
above 

As above AGHLS women ANOVA N/A 

Mean (SD): 
Category 1: 6.65 (1.13) 
2: 6.40 (1.34) 
3: 6.36 (1.09) 

0.410 

 

Income category. 
Category 1: below 
modal; category 2: 
above modal 

As above LASA men T test N/A 
Mean (SD): 
Category 1: 5.82 (4.39) 
Category 2: 6.44 (1.55) 

0.069 

 
Income category: as 
above 

As above LASA women T test N/A 
Mean (SD): 
Category 1: 6.78 (1.76) 
Category 2: 6.74 (1.26) 

0.835 

Aggarwal et 
al. (2011) 

Energy density quintile 
Proportion classified as 
higher income  

Multivariate 
logistic 
regression 

Age, sex, race/ethnicity, 
household size, EI 

% (95% CI): 
Q1 60.3 (45.6, 73.3) 
Q2 49.5 (35.0, 64.0) 
Q3 49.9 (35.5, 64.5) 
Q4 46.7 (32.6, 61.3) 
Q5 38.5 (25.8, 52.9) 

<0.0001 
Higher energy density 
was associated with a 
lower proportion of 
participants classified as 
high income. 

 Energy density SD 
Odds of being classified as 
higher income  

Multivariate 
logistic 
regression 

As above β coefficient 0.77 <0.0001 

Kant and 
Graubard 
(2013) 

Family PIR category. 
category 1: <130%; 
category 2: 130-349%; 
category 3: ≥350% 

Dietary energy density 
(kcal/g) 

Stratified into age 
groups: 2-5yr, 6-11yr, 
12-19yr 

Multivariable 
linear regression 

Age, sex, race-ethnicity, 
survey cycle, month of 
measurement, weekday 
of recalled intake, 
education of 
household head, 
household size, and 
BMI-sex-age-percentile 

Values not reported All ns 
Family PIR was unrelated 
to dietary energy 
density. 

Table 2.4 (cont’d) Results: studies investigating income and dietary energy density 
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2.4.4 Body mass index or weight 

2.4.4.1 Food prices & body weight 

Studies’ designs and settings 

Twenty four articles investigating food prices and body weight were found to 

meet the study criteria: 13 using adult samples, 10 focussing on children or 

adolescents; and one which used data from both children and adults. Table shows 

details of the studies and Table 2.6 summarises their findings, organised into adult or 

children studies. 

Studies used a combination of cross-sectional observations (n = 12), 

longitudinal or time series data (n = 11), and one study used a before-and-after 

comparison. 

 

Children 

Of the 11 studies which included data from children, all but two (Thomas et al., 

1996, Black et al., 2013) were based in the US. The US studies drew from nationally 

representative samples: the Monitoring the Future (MTF) survey (Powell et al., 2007, 

Auld and Powell, 2009), the National Longitudinal Survey of Youth (NLSY97) (Powell, 

2009, Powell and Bao, 2009), NHANES ((Fletcher et al., 2010b, Fletcher et al., 2009), 

and the Early Childhood Longitudinal Study – Kindergarten (ECLS-K) (Sturm and 

Datar, 2005, 2008, Sturm et al., 2010). The study based in Cote d’Ivoire (Thomas et al., 

1996) drew from a random sample of households; whereas the remaining study, in 

Australia (Black et al., 2013), used a non-randomised sample of low-income Aboriginal 

children participating in a subsidy programme. 

A varied selection of children’s age ranges were apparent in the studies: four 

studies used a broad range (for example, from 2 to 17 years) (Powell and Bao, 2009, 

Black et al., 2013, Fletcher et al., 2009, 2010), whilst one study focussed on 

adolescents (Powell, 2009) and the remainder used data from younger children. 

 

Adults 

Studies using adult data were also predominantly conducted in the US: only 

four of the 15 were based elsewhere (Thomas et al., 1996, in Cote d’Ivoire; Asfaw et 

al., 2007, in Egypt; Staudigel, 2011, in Russia; and Lear et al., 2013, in Canada) and 

none were based in the UK. All but one of the American studies used data from large 

nationally representative surveys: the Behavioral Risk Factor Surveillance System 

(BRFSS) (Chou et al., 2004, Schroeter and Lusk, 2008, Cotti and Tefft, 2013, Kim and 
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Kawachi, 2006, Fletcher et al., 2010a), CSFII (Beydoun et al., 2008), the Panel Study 

of Income Dynamics (PSID) (Powell and Han., 2011), NLSY79 (Zhang et al., 2011) and 

the Coronary Artery Risk Development In Young Adults (CARDIA) study (Duffey et al., 

2010). 

Two of the non-US studies used data from nationally representative samples 

(Asfaw et al., 2007, in Egypt, and Staudigel, 2011, who used data from the Russia 

Longitudinal Monitoring Survey). The study in Cote d’Ivoire (Thomas et al., 1996) used 

a random sample of households. The survey by Lear et al (2013) used an opportunity 

sample of adults.  

Two studies restricted their sample to women (Zhang et al., 2013, Asfaw, 

2007). 

Assessment of prices 

There were three approaches to quantifying food prices in analyses: firstly, to 

use prices for a number of selected food items (the number of which ranged from four 

to 20); secondly, to create composite indices from food groups or types of food (for 

example, fast food, fruit and vegetables, or food eaten at home); or, thirdly, to compare 

regions or years according to taxes or subsidies. 

Six studies looked at price data for individual food items (Thomas et al., 1996, 

Asfaw et al., 2007, Miljkovic et al., 2008, Duffey et al., 2010, Staudigel, 2011, Lear et 

al., 2013), the majority of which (n=4) were non-US based studies. The US-based 

studies took price data from national statistics (Miljkovic et al., 2008, Duffey et al., 

2010), whereas the other studies used price data collected within the sample survey. 

Lear et al (2013) used the smallest sample of retailers to gauge prices, collecting data 

from just five supermarkets. 

Twelve studies combined prices of individual items to give an index for a given 

food group or type. Most commonly, this was done for fast foods (n=6) or fruit and 

vegetables (n=6). Other indices reported were for: unhealthy foods (Zhang et al., 

2011), food at home (Chou et al, 2004, Schroeter and Lusk, 2008, Powell, 2009), 

restaurant prices (Chou et al., 2004), or food groups (Sturm and Datar, 2005, 2008). 

Five studies examined the effect of taxes on body weight. All of these used US 

data, and all focussed on soft drinks, whilst one study additionally analysed taxes on 

snack foods (Kim and Kawachi, 2006). Three of these studies compared taxes 

regionally, using state-level tax data (Fletcher et al., 2009, Sturm et al., 2010, Kim and 

Kawachi, 2006), whilst two examined changes in taxes temporally (Fletcher et al., 

2010a, 2010b). One study examined the effect of a subsidy on fruit and vegetables 
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(Black et al., 2013) using a before-and-after analysis of participants in a state-funded 

programme. 

One study (Asfaw et al., 2007) did not quantify food prices per se, but rather 

compared body weight before and after a general food price shock in Egypt. 

Assessment of anthropometry 

The majority of studies relied upon self-reported height and weight 

measurements (n=13), seven studies used professionally-measured anthropometry 

(Black et al., 2013, Fletcher et al., 2009, 2010a, 2010b, Sturm and Datar, 2005, 2008, 

Sturm et al., 2010, Duffey et al., 2010), and one study used a combination of self-report 

and professional measurements (Powell and Bao, 2009). Three studies did not report 

anthropometry measurement (Thomas et al., 1996, Asfaw et al., 2007, Staudigel, 

2011). 

The majority of studies (n=16) included continuous BMI (kg/m2) (or z scores 

where appropriate) as the outcome. Other outcomes reported were: BMI categories 

(n=2), change in BMI (n=4), incidence/prevalence of overweight (n=4), 

incidence/prevalence of obesity (n=6) and body weight (n=3). Several studies (n=12) 

reported more than one body weight outcome. 

Analytical approaches 

All but one of the studies (Fletcher et al., 2010b) used multivariable regression 

techniques to test their hypotheses, adjusting for a wide range of confounders. As well 

as ordinary least squares (OLS) models (used in 11 studies), regression analyses 

employed a variety of model types, such as maximum likelihood probit, quadratic, fixed 

effects, random effects, lagged effects, two-stage least squares, logistic or multinomial. 

 

Quality of studies 

In adults, the included studies were generally found to be of acceptable quality. 

Although there were no randomized trials found to investigate food prices and body 

weight, many of the studies used longitudinal or time series data, with only three 

studies relying on cross-sectional designs (Thomas et al., 1996, Asfaw et al., 2007, 

Lear et al., 2013). Of these three studies, one (Asfaw et al., 2007) used a nationally 

representative sample in Egypt, one used a random sample of households (Thomas et 

al., 1996), but one used an opportunity sample (Lear et al, 2013). Probability sampling 

techniques will help protect against selection bias, and sound sampling approaches 

were reported in all but the opportunity sample reported by Lear et al (2013). A non-

probability sample such as this is likely to introduce bias in the study. The study by 
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Lear et al. (2013) also reported the smallest sample size of the included studies, and 

the smallest range of price sources, with Thomas et al. (1996) also showing small 

numbers in these aspects. The small range of prices used may lead to values being 

used that do not reflect the distribution of prices in the study setting, and can thus be a 

source of measurement bias. Asfaw et al. (2007) used proxy prices in their analyses, 

although how these predicted prices were calculated is not clearly reported. This 

impacts on the judgement of quality of this study as it is difficult to assess how the 

methods could have introduced bias in the realisation of the independent variables. 

In terms of analysis, the quality of the studies in adults was found to be good: all 

studies used appropriate and well-considered statistical analyses, with adjustment for 

important confounders as well as adjusting for design and longitudinal effects where 

necessary. 

Despite strengths in sampling and analysis, a prominent shortcoming in the 

quality of the studies in adults was in measurement of the outcome. The majority of the 

studies – with the exceptions of Thomas et al. (1996), Asfaw et al. (2007) and Duffey et 

al. (2010) – relied on self-reported height and weight (one study (Staudigel, 2011) 

failed to report how BMI was measured). This is an important source of bias in BMI 

research, as participants tend to under-report weight and over-estimate height, 

although there is much variability in these tendencies (Gorber et al., 2007). As a result, 

the three studies using professionally measured anthropometry should be considered 

stronger in quality of outcome assessment. Taking all these sources of bias into 

account, the study of Duffey et al. (2010) was found to be particularly strong in terms of 

quality. 

In children, the studies were of poorer quality than the adult studies in terms of 

reporting and in particular the reporting of analytical methods. On the other hand, more 

of the studies in children utilised objective measures of anthropometry, rather than self-

reported height and weight. 

The majority of the studies in children were of good quality in terms of samples 

used, with many of them using large nationally representative surveys – the only 

studies which did not use representative samples were Thomas et al. (1996) and Black 

et al. (2013). These two studies also suffered in terms of sample size, which will have 

resulted in a lower power to detect effects than in the other larger studies. The sample 

of Thomas et al. (1996), whilst modest in size and not nationally representative, was 

selected using sound, randomised methods to minimise selection bias. Black et al. 

(2013), using a before-and-after design in a subsidy programme, were unable to use a 

probability sample, making this study more open to sampling bias. 
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Several of the studies in children used longitudinal cohorts (Sturm and Datar, 

2005, Sturm and Datar, 2008, Powell, 2009, Powell and Bao, 2009, Sturm, 2010), 

which may be considered of higher quality than cross-sectional samples. 

The three studies of weaker quality in terms of BMI measurement (using self-

reports) were Powell (2007), Auld and Powell (2009) and Powell (2009). Otherwise, the 

studies in children used researcher measured BMI, making them better quality in this 

respect than the majority of the adult studies. 

The studies in children for the most part used sound sources of price data (or 

tax data). Thomas et al. (1996), however, used a narrow range of local prices, as 

already mentioned above, whilst Black et al. (2013) did not measure prices per se, 

relying on a before-and-after paradigm. 

As well as employing a less robust design, the study of Black et al. (2013) may 

be criticised in its reporting of statistical analysis, with an unclear statement of 

treatment and whether analyses were adjusted for confounding variables, an important 

source of potential bias in non-experimental studies. Other studies which were unclear 

in their reporting of the statistical approaches used were: Auld and Powell (2009), in 

which significance was stated without supporting p values, and Fletcher (2010b), in 

which neither the sample size, year of data collection nor statistical treatment were 

reported. Otherwise, statistical approaches of the other studies were all appropriately 

selected and adjusted for confounding, perhaps with the exception of Fletcher (2009), 

in which only the year, quarter and state were adjusted for (omitting important 

confounding variables such as socioeconomic status, ethnicity, sex). 

Taking all of the above into account, it seems the studies showing the best 

overall study quality include: one of the studies employing indices, Powell and Bao 

(2009); one of the studies investigating soft drink taxes, Sturm et al. (2010); and the 

two studies investigating food group prices, Sturm and Data (2005 and 2008). 

Findings 

Children 

 Studies reporting the effects of fast food prices on children’s anthropometry 

reported mixed findings. Powell et al (2007) found a significant negative association 

between fast food prices and BMI or overweight; however, using a different modelling 

approach on the same sample (Auld and Powell, 2009), fast food prices were not found 

to be significantly associated with BMI (and the p value was not reported for the 

negative coefficient for overweight). Amongst adolescents in the NLSY97 (Powell, 

2009), fast food prices were found to be negatively associated with BMI, but only in a 

longitudinal model and not in cross-sectional analysis of the data. Using data from 
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younger children of the NLSY97 as well, Powell and Bao (2009) found no significant 

effect of fast food prices on BMI. The one study reporting a food-at-home price index 

found no association with BMI. 

 In terms of fruit and vegetables price indices, Auld and Powell (2009) and 

Powell and Bao (2009) found a significant positive association with BMI (but not 

overweight) in different samples. However, Powell et al (2007) failed to find a 

significant effect. The before-and-after observations of Black et al (2013) also failed to 

find an effect on children’s body weight or fatness of a fruit and vegetable subsidy 

programme. In their two studies of younger children, Sturm and Datar (2005, 2008) 

found a highly significant positive association of a fruit and vegetable price index with 

BMI increase both at baseline and in the five-year follow-up.  

Studies employing indices for other food groups (meat, dairy) found no 

significant associations with BMI change in children (Sturm and Datar, 2005, 2008). 

 Most of the studies of soft drink taxes amongst children did not find a significant 

association between tax presence or rate and BMI, overweight or change in BMI. 

However, one study (Sturm et al., 2010) did find a negative relationship between soda 

tax amount or indicator and change in BMI amongst those children who were at risk of 

overweight. 

In Cote d’Ivoire, the prices of all foods tested were negatively associated with 

weight for height in children, both urban and rural. 

 

Adults 

 Three studies (Beydoun et al., 2008, Powell and Han, 2011, Cotti and Tefft, 

2013) found no significant association between fast food prices and BMI or obesity. In 

contrast, two studies found significant negative associations with BMI (Chou et al., 

2004, Schroeter and Lusk, 2008) and obesity (Chou et al., 2004). One study (Zhang et 

al, 2011) found a significant negative association of unhealthy food prices with BMI and 

obesity, but only for some models (two-stage fixed effects), and only when the two 

wider definitions of unhealthy food were used. 

 Of the three studies which examined prices of food at home, one found a 

significant negative association (Chou et al., 2004), and one found no association (Cotti 

and Tefft, 2013) on BMI. One study reported significant coefficients in its models 

(Schroeter and Lusk, 2008), however the direction of the association differed according 

to whether a quadratic, log-linear or trans log model was specified. Chou et al (2004) 

also found a significant negative association between restaurant price indices and BMI 

and obesity. 
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 Of the two studies reporting investigations in fruit and vegetable price indices 

and BMI or obesity in adults, neither found an overall significant association in their 

samples. However, in subgroup analyses, a significant positive association was 

identified by Powell and Han (2011) for poorer women, or women with children; 

whereas Beydoun et al (2008) found a significant negative association amongst those 

classified as ‘near poor’ according to the poverty income ratio (PIR). 

 The two studies investigating the effects of soft drinks taxes on adult BMI, 

overweight or obesity differ in their findings. Kim and Kawachi (2006) found no 

difference in the odds ratios for an increase in state obesity prevalence in states with 

no or a repealed soft drink tax compared to states with a 5% tax rate. In contrast, 

Fletcher et al (2010a) found that the soft drink tax rate was significantly and negatively 

associated with BMI and the proportion overweight (and additionally for the proportion 

obese if an incremental tax rate was used in the analysis). Associations were very 

small, but significant. In subgroup analyses, this finding held regardless of sex or 

education; however, no associations were apparent amongst Black participants or 

those aged 18-25yrs. 

 The studies investigating prices of individual food items reported mixed findings, 

and were based in several different settings. However, all of the studies reported 

significant associations with body weight for prices of at least some of the foods 

examined. Asfaw et al (2007) found negative associations with BMI for prices of baladi 

bread, sugar and rice, and positive associations with fruit, eggs and milk prices 

amongst Egyptian women. Miljkovic et al (2008) found negative associations between 

sugar beet and milk prices with overweight and obesity, and a positive association with 

the prices of potatoes in the US. Also in the US, Duffey et al (2010) found significant 

negative associations between soda prices and pizza prices on body weight, but no 

associations for whole milk or burger prices. In Russia, Staudigel (2011) found 

significant negative associations between BMI and onion, chicken or sausage prices 

(amongst the highest income tertile only), but positive associations for butter and beef 

prices (highest income only). 

Finally, one study compared the BMI of respondents who shopped at more 

expensive or less expensive supermarkets (comparing the price of a standard basket 

of food) (Lear et al., 2013). They found a significant negative correlation between the 

basket price and BMI of shoppers. In adjusted analyses, shoppers at the two least 

expensive stores had a significantly higher BMI than that at the most expensive. 
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Table 2.5 Study characteristics: studies linking food prices and body weight 

Ref Country Sample size Sample characteristics Exposure Exposure details 
Year(s) of 

exposure data 
collection 

Outcome(s) 
Outcome 

assessment 
details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-

up 

Loss to 
follow-

up 

Studies in children and adolescents 

Price indices for fast food, food at home, food away from home, fruit & vegetables 

Powell et 
al. (2007) 

USA 
72,854 
observations 

MTF Survey: nationally 
representative, 8th & 10th 
graders. Approx 50% male, 
majority (69%) white, 
mean age 14.7yrs 

Fast food 
prices and 
fruit & veg 
prices 

Two indices compiled: F&V using 7 
items (potatoes, bananas, lettuce, 
sweet peas, tomatoes, peaches, frozen 
corn); fast food from 3 items 
(McDonald's 1/4-pounder with cheese, 
thin crust cheese pizza at Pizza 
Hut/Pizza Inn, fried chicken thigh & 
drum). Prices drawn from ACCRA Cost 
of Living Index reports. Deflated to 
1982-1984. Matched to MTF by 
geocode (closest city) 

1997-2003 

BMI; 
overweight 
classification >= 
95th percentile 
(2000 CDC 
Growth Chart) 

Self-report 
height & weight 

1997-2003 N/A   

Auld and 
Powell 
(2009) 

USA 73,041 (MTF Survey (see above) 

Fast food 
prices and 
fruit & veg 
prices 

As above 1997-2003 
BMI/over-
weight status 

Self-reported 
height & weight 

1997-2003 N/A N/A 

Powell 
(2009) 

USA 5,215 
Drawn from NLSY97; 12- to 
17-year-olds in 1997. 
51.7% male, multi-ethnic 

Fast food 
prices & 
food-at-
home 
prices 

Fast food price index as above. Data 
from ACCRA Cost of Living Index, 
matched to NLSY97 by geocode, 
deflated to 1982-4 

1997, 1998, 
1999, 2000 

BMI 

Self-reported 
anthropometry. 
Overweight 
classification: 
BMI>= 95th 
percentile (CDC 
growth chart) 

1997, 1998, 
1999, 2000 

2, 4 and 
6 yrs 

Not 
reported 
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Ref Country Sample size Sample characteristics Exposure Exposure details 
Year(s) of 

exposure data 
collection 

Outcome(s) 
Outcome 

assessment 
details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-

up 

Loss to 
follow-

up 

Powell 
and Bao 
(2009) 

USA 3,797 

Drawn from NLSY97, 
mother-child pairs; 6-17-
year-olds. 52% male, 
multi-ethnic 

Fast food 
prices and 
fruit & veg 
prices 

Fast food and F&V indices as above. 
Data from ACCRA Cost of Living Index, 
matched to NLSY97 by geocode, 
deflated to 1982-4 

1998, 2000, 
2002 

BMI 

Mixture of 
objective 
measurements & 
mothers' self-
reports 

1998, 2000, 
2002 

2 and 4 
yrs 

Not 
reported 

Black et 
al. (2013) 

Australia 174 
Children, 2-17yrs, from 
low-income Aboriginal 
families 

Subsidised 
fruit & 
vegetables 

Families participated in community 
programme (x3), offering 88% 
subsidised boxes 

2008-2010 

% 
under/normal/
overweight or 
obese; body fat 
(%) 

Health 
professional 
anthropometry; 
children centile 
charts; body 
fatness 
measured by 
UM030 monitor 
(n=22) 

2008-2010 
Median 
370d 

N=31 
(18%) 

Soft drinks 

Fletcher 
et al. 
(2010b)  

USA Not reported 

NHANES III (1988-1994) 
and IV (1999-2006), 3-
18yrs. Nationally 
representative  

Soft drink 
taxes 

States that have ever had a soft drink 
tax vs those without. Source not 
reported. 

Not reported 

BMI z-score, 
overweight or 
obesity 
incidence 

Measured height 
& weight 

1988-1994 & 
1999-2006 
(combined) 

    

Fletcher 
et al. 
(2009)  

USA 34,000 

NHANES III & 
NHANES1999, ages 3-18 
yrs. 15% obese, 15% 
overweight 

Changes in 
state soft 
drinks net 
tax rates 

Information from web searches, 
LexisNexis database searches and Dept 
of Revenue websites & publications 

1989-2006 
BMI, 
%obese/over-
weight 

Anthropometry 
taken by trained 
health 
technicians 

1989-1994, 
1999-2006 

  
21,040 
(final 
sample) 

Table 2.5 (cont’d) Study characteristics: studies linking food prices and body weight 
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Ref Country Sample size Sample characteristics Exposure Exposure details 
Year(s) of 

exposure data 
collection 

Outcome(s) 
Outcome 

assessment 
details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-

up 

Loss to 
follow-

up 

Sturm et 
al. (2010) 

USA 6,866 
ECLS-K. Nationally 
representative  

Carbonated 
drinks tax 
rates 

State-level tax data from Robert Wood 
Johnson Foundation. Separated into: (i) 
difference between taxes on 
carbonated drinks & that on foods; (ii) 
indicator of whether the carbonated 
drinks tax higher than food 

January 2004 BMI change 
Researcher-
measured height 
& weight 

1998 & 2004 6yrs 
Not 
reported 

Various food items 

Sturm 
and 
Datar 
(2005) 

USA 6,918 
ECLS-K, nationally 
representative  

Real food 
price 
indices  

Indices for meats, fruit & veg, dairy, and 
fast food derived from ACCRA food 
price information 

Autumn 1999 Change in BMI 
Professionally 
assessed 
anthropometry 

Spring 1999-
Spring 2002 

Yearly 

Original 
sample 
size 
13,282 

Sturm 
and 
Datar 
(2008) 

USA 4,557 
ECLS-K, nationally 
representative 

Real food 
price 
indices  

 Indices for meats, and fruit & veg 
derived from ACCRA food price 
information 

Autumn 1999 Change in BMI 
Professionally 
assessed 
anthropometry 

Spring 1999-
Spring 2004 

Bi-
annually 

2,361 

Studies in both adults and children 

Various food items 

Thomas 
et al. 
(1996) 

Cote 
d'Ivoire 

160 
households 

Households randomly 
drawn from clusters. 50% 
urban, 50% rural. Children 
under 12yrs; adults 20-60 
yrs 

Food prices 
(real food 
price index 
rose 20% in 
1988) 

Local prices for: beef with bones; fresh 
fish; rice (imported); palm oil; eggs; 
sugar; plantain; manioc (unprocessed); 
purchased by enumerators. 3 prices for 
each commodity where possible 

1989 

Weight for 
height 
(children), BMI 
(adults) 

Cote d'Ivoire 
Living Standards 
Survey (CILSS), 
3rd wave. 

1987/88 N/A N/A 
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Ref Country Sample size Sample characteristics Exposure Exposure details 
Year(s) of 

exposure data 
collection 

Outcome(s) 
Outcome 

assessment 
details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-

up 

Loss to 
follow-

up 

Studies in adults 

Price indices for fast food, food at home, food away from home, unhealthy food, fruit & vegetables 

Chou et 
al. (2004) 

USA 1,111,074 
BRFSS. Nationally 
representative, 18yrs+ 

Restaurant 
prices and 
food-at-
home 
prices 

Full-service restaurant price taken from 
Census of Retail Trade; fast-food and 
food at home prices taken from ACCRA 
Cost of Living Index. Deflated by CPI 

1984-1999 
BMI and obesity 
incidence 

Telephone 
interviews: self-
reported height 
& weight 
(corrected for 
under-reporting) 

1984-1999 N/A N/A 

Beydoun 
et al. 
(2008) 

USA 7,331 
USDA CSFII: nationally 
representative. 20-65yrs  

Fast Food 
price index 
(FFPI); Fruit 
& veg price 
index (FVPI) 

ACCRA Cost of Living Index; matched to 
CSFII by city & year. FFPI: 3 items; FVPI: 
7 items 

1994-1996 
BMI; incident 
obesity 

Self-report 
height & weight 

1994-1996   
original 
sample 
16,103 

Schroeter 
et al. 
(2005) 

USA 202,323 
Adults from BRFSS, 
nationally representative 

Normalized 
(ie not real) 
fast food & 
food-at-
home 
prices 

CPI from US Dept of Labor Bureau & 
Labor Statistics (DOL/BLS) 

2003 BMI & weight 
Self-reported 
data 

2003   
Not 
reported 

Powell 
and Han 
(2011) 

USA 
12,851 
(analytical) 

PSID panel; 47% men; 
original sample 
representative of US (low-
income over-sampled) 

Fast food 
price index; 
fruit and 
veg price 
index 

ACCRA Cost of Living Index: 6 F&V 
items; 3 fast food items; matched by 
closest (straight-line) city to PSID 

Unclear BMI 
Self-reported 
height & weight 

1999, 2001, 
2003, 2005 

Not 
specified 
(only 
analytical 
sample 
size 
reported) 
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Ref Country Sample size Sample characteristics Exposure Exposure details 
Year(s) of 

exposure data 
collection 

Outcome(s) 
Outcome 

assessment 
details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-

up 

Loss to 
follow-

up 

Zhang et 
al. (2011) 

USA 
6,622 
(analytical) 

Women from NLSY79, 
nationally representative 

Unhealthy 
food prices 

ACCRA price data (225 regions) for 21 
foods used to create 3 indices: UFPI 
(sandwich, pizza, fried chicken); UFPII 
(UFPI + soft drink, beef, sausage, steak); 
UFPIII (UFPII + margarine, sugar, 
potatoes) 

1985-2002 BMI; obesity 
Self-reported 
height & weight 

1985 
(height) - 
2002 

Biennially 
Not 
reported 

Cotti and 
Tefft 
(2013) 
6416 

USA 
711,081 
(analytical; 
from ~4m) 

BRFSS (US adults, non-
representative) 

Fast food 
price index; 
food-at-
home price 
index 

ACCRA Cost of Living Index: 2 fast food 
items; 13 grocery items, across 480 
areas 

1990-2008 BMI; obesity 
Self-reported 
height & weight 

1990-2008 N/A  

Soft drinks 

Kim and 
Kawachi 
(2006) 

USA Not reported BRFSS 

Taxes on 
soft drinks 
and snack 
foods 

State-level presence, degree, absence 
and/or repeal of tax 

1991-1998 

Incidence of 
high rate of 
increase of 
obesity rate 
(>75th 
percentile) 

Obesity rates 
calculated from 
self-reported 
height & weight 

1991-1998     

Fletcher 
et al. 
(2010a) 

USA 2,709,422 
BRFSS adults, nationally 
representative, 57% 
overweight, 20% obese 

Changes in 
state soft 
drinks tax 
rates 

Both incremental (excl other taxes) and 
total taxes. Information from web 
searches, LexisNexis database searches 
and Dept of Revenue websites & 
publications 

1990-2006 
BMI, % obese,  
% overweight 

Self-reported 
height & weight, 
adjusted  using 
NHANES data (to 
correct self-
report bias) 

1990-2006   ~10% 

Various food items 

Asfaw 
(2007) 

Egypt 
>2,000 
households 

Mothers. Nationally 
representative 

Food prices 
Average price per 100kcal of 9 foods: 
baladi bread, sugar, oil, rice, fruits, 
vegetables, egg & milk, beef, pulses 

1997 BMI 
EIHS: 7d recall & 
anthropometry 

1997     
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Ref Country Sample size Sample characteristics Exposure Exposure details 
Year(s) of 

exposure data 
collection 

Outcome(s) 
Outcome 

assessment 
details 

Year(s) of 
outcome 

data 
collection 

Length to 
follow-

up 

Loss to 
follow-

up 

Miljkovic 
et al. 
(2008) 

USA 
(California, 
Idaho, 
Texas, 
Minnesota, 
Michigan) 

55,550 
observations 

Adults (mean age 46 yrs; 
43% normal BMI, 40% 
overweight, 17% obese) 

Past, 
current & 
future 
prices of 
sugar beet, 
potatoes 
and milk 

State- and month-specific prices 
obtained from USDA National 
Agricultural Statistics Service (NASS); 
deflated to 1989 

1990-1992, 
1996-1998, 
2001-2003 

BMI category 
(normal, 
overweight, 
obese) 

Self-reported 
height & weight. 

1991, 1997, 
2002 

N/A N/A 

Duffey et 
al. (2010) 

USA 11,972 
CARDIA study, nationally 
representative, 18-30yrs 

Food 
prices: soft 
drink, 
whole milk, 
hamburger, 
pizza 

From Council for Community & 
Economic Research (C2ER) data; 
adjusted using CPI to 2006. Linked to 
cohort temporally & spatially 

1985-1986, 
1992-1993 & 
2005-2006 

Body weight 
(lb) 

Measured by 
trained 
technician 

1985-1986, 
1992-1993 & 
2005-2006 

0, 7 and 
20 years 

19%, 28% 
(of 
original 
sample) 

Staudigel 
(2011) 

Russia 
(full) 25,008 
(analytical) 
10,551 

RLMS; adults; nationally 
representative 

Food prices 
Average prices (from high & low) for 20 
common items, measured in RLMS 

1994-2005 BMI 
Measurement 
not reported 

1994-2005 
Mostly 
annually 

6,307 
only 
respond 
to 1 
wave 

Lear et 
al. (2013) 

Canada 555 
Opportunity samples from 
5 supermarkets; adults 

Food 
basket 
prices  

Total basket cost (selecting cheapest 
goods) for: milk, bananas, tomatoes, 
eggs, rice, flour, sugar, bread. 

Not specified BMI 
Self-report 
height & weight 
at time of survey 

Not specified N/A  

 

MTF Monitoring the Future Survey; NLSY97 National Longitudinal Survey of Youth; NHANES National Health Examination & Nutrition Survey; ECLS-K Early Childhood Longitudinal Study - Kindergarten 

cohort; BRFSS Behavioral Risk Factor Surveillance System; CSFII Continuing Survey of Food Intakes by Individuals; PSID Panel Study of Income Dynamics; CARDIA Coronary Artery Risk Development In 

Young Adults; RLMS Russia Longitudinal Monitoring Survey; EIHS Data from Egyptian Integrated Household Survey 
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Table 2.6 Results of studies linking food prices and body weight 

Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Studies in children and adolescents 

Price indices for fast food, food at home, food away from home, fruit & vegetables 

Powell et 
al. (2007) 

Price of fast food BMI   OLS regression 

Sex, grade, ethnicity, parental education, 
urbanicity, student income, student 
employment, maternal employment, physical 
activity, restaurant density 

Coefficient: -0.3066  
(SE 0.1397) 

<0.05 
The price of fast food is significantly 
negatively associated with BMI and 
% overweight. 

 Price of fast food 
Overweight 
(1=yes) 

  
Maximum 
likelihood probit 
model 

As above 
Coefficient: -0.0224 
(SE 0.0097) 

<0.05 

 
Price of fruit & 
veg 

BMI   OLS regression As above 
Coefficient: 0.2688  
(SE 0.2392) 

ns 
There was no significant association 
between fruit and vegetable prices 
and BMI or overweight.  

Price of fruit & 
veg 

Overweight 
(1=yes) 

  
Maximum 
likelihood probit 
model 

As above 
Coefficient: -0.0049  
(SE 0.0153) 

ns 

Auld and 
Powell 
(2009) 

Price of fruit & 
veg 

BMI   OLS model 
Restaurant/supermarket density; poverty rate; 
per capita income; race; urbanicity; sex; mother 
employment; age; parental education 

Coefficient: 0.6364  
(t-ratio 2.72): males 0.374 
(1.05); females 0.8640 
(2.99) 

Not 
reported 

A positive and statistically 
significant effect was found, with a 
stronger association amongst 
females 

 
 

Overweight 
incidence 

  Probit model As above 

Coefficient: 0.0229  
(t ratio 1.54): males 
0.0402 (1.59); females 
0.0104 (0.61) 

Not 
reported 

A positive association was found 
but this did not achieve statistical 
significance 

 Price of fast food BMI   OLS model As above 

Coefficient: -0.2555  
(t ratio -1.90): males  
-0.2346 (-1.21); females  
-0.2583 (-1.50) 

Not 
reported 

There was a negative association 
between fast food price and BMI, 
but with only a marginal statistical 
significance 

 Price of fast food 
Overweight 
incidence 

  Probit model As above 

Coefficient: -0.0189  
(t ratio -2.02): males  
-0.0205 (-1.43); females  
-0.0168 (-1.58) 

Not 
reported 

Each additional $1 is associated 
with a 2% decline in the prevalence 
of overweight 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Powell 
(2009) 

Price of fast food BMI   
Cross-sectional 
OLS model 

# restaurants & food stores; ethnicity; living 
arrangement; parental income; adolescent 
income; maternal education & working hours; 
urbanicity 

Coefficient: -0.7782  
(SE 0.4281) 

>0.05 

An inverse relationship between 
fast food prices and BMI was 
evident in both models, however 
this only achieved statistical 
significance in the longitudinal 
analysis (where a $1 increase was 
estimated to reduce adolescent 
BMI by 0.646 units 

 Price of fast food BMI   

Longitudinal 
individual-level 
fixed-effects 
model 

As above 
Coefficient: -0.6455  
(SE 0.2979) 

<0.05 

 
Price of food at 
home 

BMI   
Cross-sectional 
OLS model 

As above 
Coefficient: -0.2187  
(SE 0.7655) 

>0.05 
The negative relationship between 
food-at-home prices and BMI was 
not found to be statistically 
significant in either model  

Price of food at 
home 

BMI   

Longitudinal 
individual-level 
fixed-effects 
model 

As above 
Coefficient: -0.0807  
(SE 0.7641) 

>0.05 

Powell and 
Bao (2009) 

Price of fruit & 
veg 

BMI   
Multivariate 
random effects 
model 

# restaurants & stores; county-level income, 
ethnicity, gender, birthweight, breastfed, 
mother obesity, maternal marital status, 
maternal education, mother's work hrs, family 
income, urbanicity 

Coefficient: 2.0143  
(SE 0.7491) 

<0.01 

A significant positive association 
was found between the price of 
fruit and veg and children’s BMI. 
Each $1 increase was estimated to 
increase BMI by 2 units (or 10% and 
0.7% in % terms) 

 Price of fast food BMI   
Multivariate 
random effects 
model 

As above 
Coefficient: -0.5068  
(SE 0.3538) 

ns 
The negative association was not 
found to be statistically significant 

Black et al. 
(2013) 

88% subsidy on 
fruit & veg 

Proportions 
of weight 
categories 

Before & 
after subsidy 

Stuart-Maxwell 
test 

None X2 [3,125] = 1.33 0.721 
The fruit and vegetable subsidy 
program was not associated with 
changes in body weight or fatness 

 
88% subsidy on 
fruit & veg 

% body fat 
Before & 
after subsidy 

Paired t test or 
GLM regression 

Unclear 
22.5% vs 22.1%; test 
statistic not reported 

ns 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Soft drinks 

Fletcher et 
al. () 

State soft drink 
tax 

BMI z-score   Not stated  N/A 
Mean BMI z-score: 0.427 
vs 0.418 

0.696 
State soft drink taxes did not 
appear to be associated with 
children’s BMI or proportions 
overweight or obese 

 
State soft drink 
tax 

Obese   Not stated  N/A 
Proportions: 0.148 vs 
0.150 

0.819 

 
State soft drink 
tax 

Overweight 
or obese 

  Not stated  N/A 
Proportions: 0.297 vs 
0.302 

0.611 

Fletcher et 
al. (2009) 

(Net) soft drink 
tax rate 

Change in 
BMI z-score  

  OLS regression Year, quarter, state 
Coefficient: 0.015  
(SE 0.016) 

ns 
State soft drink tax rates were not 
associated with changes in 
children’s BMI or proportions 
overweight or obese  

(Net) soft drink 
tax rate 

Change in % 
BMI  
categories  

  OLS regression Year, quarter, state 

Coefficients: Obese 0.009 
(SE 0.006), overweight 
0.002 (0.011), under-
weight -0.002 (0.003) 

All ns 

Sturm et al. 
(2010) 

Higher soda tax 
amount 

BMI change   OLS regression 
Age; ethnicity; sex; family income; mother's 
education; physical activity; weekly TV; parent-
child interaction; birth weight 

Coefficient: -0.013 ns 
The presence of a soda tax was 
associated with lower BMI, but the 
actual soda tax amount was not 
associated with BMI  

Higher soda tax 
indicator 

BMI change   As above As above Coefficient: -0.085 <0.05 

 
Higher soda tax 
amount 

BMI change 
At risk of 
overweight 

As above As above Coefficient: -0.033 <0.05 
Amongst children at risk of 
overweight, both the soda tax 
indicator and soda tax amount were 
associated with lower BMI 

 
Higher soda tax 
indicator 

BMI change 
At risk of 
overweight 

As above As above Coefficient: -0.222 <0.05 

 
Higher soda tax 
amount 

BMI change 
Family 
income 
<$25,000 

As above As above Coefficient: -0.000 ns 
Amongst low-income families, soda 
taxes were not significantly 
associated with children’s BMI 

 
Higher soda tax 
indicator 

BMI change 
Family 
income 
<$25,000 

 As above As above Coefficient: -0.005 ns 

 
Higher soda tax 
amount 

BMI change 
African 
American 

As above As above Coefficient: 0.029 ns 
Soda taxes were not associated 
with children’s BMI amongst African 
Americans 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Various food items 

Sturm and 
Datar 
(2005) 

Fruit & veg price 
index (FVPI) 

BMI change, 
KG-3rd 
grade 

  
Two-level random 
effects model 

Age, sex, family income, ethnicity, maternal 
education, physical activity, TV viewing, 
birthweight 

Coefficient 0.114  
(SE 0.033) 

<0.001 
Increasing the FVPI by 1SD was 
associated with a 0.11 increase in 
BMI unit, and highly significantly so 

 Meats price index 
BMI change, 
KG-3rd 
grade 

  
Two-level random 
effects model 

As above 
Coefficient -0.025  
(SE 0.031) 

0.414 

None of the other food group 
indices examined were significantly 
associated with BMI change 

 Dairy price index 
BMI change, 
KG-3rd 
grade 

  
Two-level random 
effects model 

As above 
Coefficients etc not 
reported 

ns 

 
Fast food price 
index 

BMI change, 
KG-3rd 
grade 

  
Two-level random 
effects model 

As above 
Coefficients etc not 
reported 

ns 

Sturm and 
Datar 
(2008) 

Fruit & veg price 
index 

BMI change, 
KG-5th 
grade 

  
Two-level random 
effects model 

Age, sex, family income, ethnicity, maternal 
education, physical activity, TV viewing, 
birthweight 

Coefficient 0.182 (SE 
0.045) 

<0.001 
The 5-year follow-up to (351) found 
similar results, with a 0.18 unit 
increase in BMI in response to a 
standard deviation rise in the price 
index of fruit and vegetables, but 
not meats 

 Meats price index 
BMI change, 
KG-5th 
grade 

  
Two-level random 
effects model 

As above 
Coefficient 0.076 
(SE 0.043) 

0.078 

Studies in both adults and children 

Various food items 

Thomas et 
al. (1996) 

Community price 
of all foods 

Weight for 
height, 
children 

  
Two-level 
regression 

Age, urban/rural, health facilities, education, 
household composition 

Wald statistics: urban 
71.52, rural 111.70, all 
90.48 

All <0.01 
A lower BMI in adults is associated 
with higher food prices, in general. 
Relationships are stronger in the 
rural subgroups, which exhibited 
statistically significant Wald 
statistics, in contrast to urban.  

Community price 
of all foods 

log(BMI)   
Two-level 
regression 

As above 

X2 Wald test: all 34.25, 
urban male 9.37, urban 
female 12.07, rural male 
38.42, rural female 21.55 

<0.01, 
0.31, 
0.15, 
<0.01, 
0.01 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Studies in adults 

Price indices for fast food, food at home, food away from home, unhealthy food, fruit & vegetables 

Chou et al. 
(2004) 

Fast food 
restaurant price 

BMI   
Multivariate 
regression 

Ethnicity; sex; education; marital status; hhold 
income; age; cigarette & alcohol price; 
restaurant density 

-1.216 (t ratio -1.67) 
Not 
reported 

A negative and statistically 
significant association was evident 
for each relationship for both 
outcomes, with the largest 
estimates reported for food-at-
home prices 

 
Fast food 
restaurant price 

Incident 
obesity 

  Logistic regression As above -0.034 (t ratio -0.58) 
Not 
reported 

 
Full-service 
restaurant price 

BMI   
Multivariate 
regression 

As above -0.687 (t ratio -4.28) 
Not 
reported 

 
Full-service 
restaurant price 

Incident 
obesity 

  Logistic regression As above -0.047 (t ratio -3.83) 
Not 
reported 

 
Food at home 
price 

BMI   
Multivariate 
regression 

As above -6.462 (t ratio -3.37) 
Not 
reported 

 
Food at home 
price 

Incident 
obesity 

  Logistic regression As above -0.530 (t ratio -4.28) 
Not 
reported 

Beydoun et 
al. (2008) 

FFPI BMI   
Multivariate 
linear regression 

Age, gender, ethnicity, education, urbanicity, 
survey year, smoking, physical activity, self-
rated health 

Coefficient (SEE): 0.6 (1.0) ns 
The fast food price index was not 
significantly associated with BMI or 
obesity. 
 
Every additional $1 on the fruit and 
vegetable price index was 
associated with 3.9kg/m2 lower 
BMI. When PIR tertiles were 
examined separately, the negative 
association was significant only 
amongst the near poor. 
 
Prices of fruit and vegetables were 
also associated with lower odds of 
being obese, but only amongst the 
near poor. 

 FVPI BMI   As above As above 
Coefficient (SEE): -3.9 
(1.8) 

<0.05 

 FFPI BMI 
Poverty 
income ratio 
(PIR) tertiles 

As above As above 
Coefficients (SEE) (poor; 
near poor; non-poor): 3.6 
(1.7), 0.4 (1.8), -0.3 (1.1) 

all ns 

 FVPI BMI 
Poverty 
income ratio 
(PIR) tertiles 

As above As above 

Coefficients (SEE) (poor; 
near poor; non-poor):  
-9.8 (5.7), -6.8 (2.8), -0.8 
(2.0) 

ns, <0.05, 
ns 

 FFPI (z-score) 
Incident 
obesity 

  Logistic regression As above 
OR (95% CI): 1.07 (0.88, 
1.31) 

ns 

 FVPI (z-score) 
Incident 
obesity 

  As above As above 
OR (95% CI): 0.88 (0.76, 
1.04) 

ns 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Beydoun et 
al. (2008) 
cont’d 

FFPI (z-score) 
Incident 
obesity 

Poverty 
income ratio 
(PIR) tertiles 

As above As above 

OR (95% CI)  (poor; near 
poor; non-poor): 1.18 
(0.87, 1.59), 1.04 (0.77, 
1.40), 1.04 (.080, 1.36) 

all ns 

 FVPI (z-score) 
Incident 
obesity 

Poverty 
income ratio 
(PIR) tertiles 

As above As above 

OR (95% CI) (poor; near 
poor; non-poor): 0.77 
(0.51, 1.17), 0.82 (0.67, 
0.99), 0.95 (0.74, 1.22) 

ns, <0.05, 
ns 

Schroeter 
et al. (2005) 

Fast food 
restaurant price 

BMI   
Quadratic 
equation 

Ethnicity, gender, education, marital status, 
income, age, alcohol price 

Estimate -2.455 (t-value  
-7.33) 

<0.01 
Fast food restaurant prices were 
inversely related to BMI/weight, 
significantly so in two of the 
models, but not the log-linear 
model 

 
ln(food away 
from home price) 

ln(weight)   Log-linear model 
Ethnicity, gender, education, marital status, 
income, age, alcohol price, physical activity, F&V 
consumption, region 

Estimate -0.044 (t-value  
-1.86) 

ns 

 
ln(food away 
from home price) 

ln(weight)   Trans log model As above 
Estimate -66.644 (t-value 
-7.36) 

<0.01 

 
Food at home 
price 

BMI   
Quadratic 
equation 

Ethnicity, gender, education, marital status, 
income, age, alcohol price 

Estimate -3.860 (t-value  
-6.92) 

<0.01 A statistically significant 
relationship was found between 
food-at-home prices and BMI or 
weight in all models, however the 
direction of effect differed by 
model 

 
ln (Food at home 
price) 

ln(weight)   Log-linear model 
Ethnicity, gender, education, marital status, 
income, age, alcohol price, physical activity, F&V 
consumption, region 

Estimate 0.114 (t-value 
4.90) 

<0.01 

 
ln (Food at home 
price) 

ln(weight)   Trans log model As above 
Estimate -14.592 (t value 
-7.73) 

<0.01 

Powell and 
Han (2011) 

Fast food price BMI  OLS regression 
Race, age, age2, zip code, number of children, 
price match quality, urbanization, median area-
level household income, education, year 

Coefficients: Men -0.2090 
(SE 0.3309); Women  
-0.1612 (0.4180) 

ns 
Fast food prices were not 
associated with BMI in any of the 
models. 
 
Fruit and vegetable prices were not 
associated with BMI in the OLS 
regression. 
 
In longitudinal fixed effects models, 
fruit and vegetable prices were 

 Fruit & veg price BMI  OLS regression As above 
Coefficients: Men 0.1938 
(SE ) 4909); Women 
0.7623 (0.5622) 

ns 

 Fast food price BMI  
Longitudinal 
individual fixed 
effects model 

Number of children, price match quality, 
urbanization, median area-level household 
income, education, year 

Coefficients: Men 0.0724 
(SE 0.1693); Women 
0.2622 (0.2216) 

ns 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Powell and 
Han (2011) 
cont’d 

Fast food price BMI 

Subgroups: 
Below or 
above 130% 
poverty line 

Longitudinal 
individual fixed 
effects model 

As above 

Coefficients: Poor men  
-0.2981 (SE0.9621); non-
poor men 0.1307 
(0.1711); poor women  
-0.159 (0.839); non-poor 
women 0.161 (0.232) 

All ns 

significantly positively associated 
with BMI only amongst women – in 
particular poor women, or those 
with children. 

 Fast food price BMI 
Subgroups: 
with children 
or none 

Longitudinal 
individual fixed 
effects model 

As above 

Coefficients: men without 
children 0.0156 (SE 
0.2663); men with 
children 0.1309 (0.2488); 
women without children  
-0.0311 (0.3536); women 
with children 0.4053 
(0.3126) 

All ns 

 Fruit & veg price BMI  
Longitudinal 
individual fixed 
effects model 

As above 
Men 0.2744 (SE 0.2738); 
Women 0.6173 (0.3083) 

Ns; 
<0.05 

 Fruit & veg price BMI 

Subgroups: 
Poor vs non-
poor (130% 
federal 
poverty line) 

Longitudinal 
individual fixed 
effects model 

As above 

Coefficients: Poor men  
-1.0617 (SE3.2861); non-
poor men 0.3684 
(0.2508); poor women 
3.5553 (1.3703); non-
poor women 0.3970 
(0.3111) 

Poor 
women 
<0.01; all 
other ns 

 Fruit & veg price BMI 
Subgroups: 
with children 
or none 

Longitudinal 
individual fixed 
effects model 

As above 

Coefficients: men without 
children 0.1521 
(SE0.3993); men with 
children 0.5454 (0.4177); 
women without children  
-0.1859 (0.5592); women 
with children 1.0950 (SE 
0.4009) 

Women 
with 
children 
<0.01; all 
other ns 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Zhang et al. 
(2011) 

Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

BMI  
Fixed effects 
model 

Age, family size, income, urbanization, region, 
marital status, food stamp participation 

Coefficients:  
UFP1 0.06 (SE 0.05)  
UFP2 -0.01 (0.02) 
UFP3 -0.01 (0.02) 

0.23, 
0.92, 0.75 

UFP1 (sandwich, pizza, fried 
chicken) was not significantly 
associated with BMI. 
 
UFP2 (UFP1 + soft drink, beef, 
steak, sausage) andUFP3 (EFP2 + 
margarine, sugar, potatoes) were 
significantly negatively associated 
with BMI, but only in the 2-stage 
random effects model. 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

BMI  
Random effects 
model 

As above 

Coefficients:  
UFP1 0.04 (SE 0.05)  
UFP2 -0.01 (0.02) 
UFP3 -0.01 (0.02) 

0.36, 
0.54, 0.43 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

BMI  
2-stage fixed 
effects model 

Age, income, urbanization, region, marital 
status, food stamp participation 

Coefficients:  
UFP1 -0.03 (SE 0.03)  
UFP2 -0.05 (0.03) 
UFP3 -0.04 (0.03) 

0.36, 
0.09, 0.12 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

BMI  
2-stage random 
effects model 

As above 

Coefficients:  
UFP1 -0.03 (SE 0.14)  
UFP2 -0.05 (0.01) 
UFP3 -0.05 (0.02) 

0.78, 
<0.001, 
<0.001 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

Obesity  
Fixed effects 
model 

Age, family size, income, urbanization, region, 
marital status, food stamp participation 

Coefficients: UFP1 0.89 
(95% CI 0.60-1.32);  
UFP2 0.84 (0.76-0.94); 
UFP3 0.86 (0.79-0.95) 

Not 
reported 
(see 95% 
CI) UFP1 (sandwich, pizza, fried 

chicken) was not associated with 
odds of obesity. 
 
UFP2 (UFP1 + soft drink, beef, 
steak, sausage) andUFP3 (EFP2 + 
margarine, sugar, potatoes) were 
associated with a significantly 
reduced odds of obesity in all 
models. 
 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

Obesity  
Random effects 
model 

As above 

Coefficients: UFP1 0.83 
(95% CI 0.59-1.16);  
UFP2 0.94 (0.89-1.00); 
UFP3 0.95 (0.90-0.99) 

Not 
reported 
(see 95% 
CI) 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

Obesity  
2-stage fixed 
effects model 

Age, income, urbanization, region, marital 
status, food stamp participation 

Coefficients: UFP1 0.81 
(95% CI 0.31-2.08);  
UFP2 0.77 (0.68-0.88); 
UFP3 0.80 (0.77-0.84) 

Not 
reported 
(see 95% 
CI) 

 
Unhealthy food 
price indices: 
UFP1, UFP2, UFP3 

Obesity  
2-stage random 
effects model 

As above 

Coefficients: UFP1 0.87 
(95% CI 0.70-1.08);  
UFP2 0.90 (0.85-0.96); 
UFP3 0.91 (0.89-0.95) 

Not 
reported 
(see 95% 
CI) 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Cotti and 
Tefft (2013) 

Fast food price 
index 

BMI  OLS regression 
Sex, age, race/ethnicity, income, employment, 
education, food retail outlet availability, state 
food stamp uptake, state food tax rate 

Coefficient: -0.80 ns 

There were no significant 
associations between BMI or 
obesity and fast food or food-at-
home prices, regardless of the 
analytical approach used. 

 
Fast food price 
index 

Obesity  OLS regression As above Coefficient: -0.006 ns 

 
Fast food price 
index 

BMI  
OLS regression, 
with lagged 
variables 

As above  ns 

 
Fast food price 
index 

Obesity  
OLS regression, 
with lagged 
variables 

As above  ns 

 
Food-at-home 
price index 

BMI  OLS regression As above Coefficient: -0.021 ns 

 
Food-at-home 
price index 

Obesity  OLS regression As above Coefficient: -0.001 ns 

 
Fast food price 
index 

BMI  
2-stage least 
squares 
regression 

Sex, age, race/ethnicity, income, employment, 
education, food retail outlet availability, state 
food stamp uptake, state food tax rate, 
indicator variables for county, year & quarter 

Coefficient: 0.165 ns 

 
Fast food price 
index 

Obesity  
2-stage least 
squares 
regression 

As above Coefficient: 0.002 ns 

Soft drinks 

Kim and 
Kawachi 
(2006) 

Tax or 
absence/repeal of 
tax on soft drinks 

Incidence of 
high (>75th 
percentile) 
rate of 
obesity rate 
increase 

Reference 
group: states 
with a 5% tax 

Multivariate-
adjusted odds 
ratio 

State median age, mean income, racial 
proportions, political party at 1992 elections 

States without tax: OR 4.2 
(CI 0.4-48.3); States with 
repealed tax: OR 13.3 (CI 
0.7-262) 

0.25; 0.09 

States with no tax in place appeared 
four times as likely to have 
experienced a high rate of obesity 
rate increase; and those which had 
repealed a tax were reported 13 
times as likely. Confidence intervals 
were wide, however, and neither 
findings achieved significance 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Fletcher et 
al. (2010a) 

Total soft drink 
tax rate 

BMI   
2-way fixed 
effects OLS 
framework 

State, year, quarter, race, income, 1yr-lagged 
state unemployment, state cigarette tax 

Coefficient: -0.0029 <0.01 

The tax rate was associated with a 
significant but small decrease in 
BMI: a 1% increase was associated 
with a decrease of 0.003 units 

 
Total soft drink 
tax rate 

% 
overweight,  
% obese 

  
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: obese  
-0.0001, overweight  
-0.0002 

<0.1, 
<0.01 

A 1% increase in total tax rate was 
associated with a decrease in 
obesity of 0.01% and in overweight 
of 0.02%. The latter relationship 
was statistically significant 

 
Incremental soft 
drink tax rate 

BMI   
2-way fixed 
effects OLS 
framework 

As above Coefficient: -0.0028 <0.01 The incremental tax rate was 
similarly associated to the 
outcomes as above; this time 
statistical significance was achieved 
in all cases 

 
Incremental soft 
drink tax rate 

% 
overweight, 
% obese 

  
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: obese  
-0.0001, overweight  
-0.0002 

<0.05, 
<0.01 

 
Incremental soft 
drink tax rate 

BMI 
Income 
category 

2-way fixed 
effects OLS 
framework 

As above 

Coefficients: <$10k  
-0.0153, $10-<$15k  
-0.0130, $15-<$20k  
-0.0099, $20-<$25k 
0.0117, $25-<$35k 
0.0032, $35-<$50k  
-0.0059, $50k+ -0.0081 

<0.01, 
<0.01, 
<0.01, 
<0.01, 
<0.05, 
<0.01, 
<0.01 

BMI was negatively associated with 
the soft drink tax rate at the tails of 
the income distribution (below 
$20k and above $35k), but 
positively so around the middle of 
the distribution. All results were 
statistically significant. A similar 
pattern was evident with the other 
outcomes, although degrees of 
significance varied 

 
Incremental soft 
drink tax rate 

% obese 
Income 
category 

2-way fixed 
effects OLS 
framework 

As above 

Coefficients: <$10k  
-0.0008, $10-<$15k  
-0.0005, $15-<$20k  
-0.0008, $20-<$25k 
0.0001, $25-<$35k 
0.0002, $35-<$50k  
-0.0001, $50k+ -0.0005 

<0.01, 
<0.01, 
<0.01, ns, 
<0.05, ns, 
<0.01 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Fletcher et 
al. (2010a) 
cont’d 

Incremental soft 
drink tax rate 

% 
overweight 

Income 
category 

2-way fixed 
effects OLS 
framework 

As above 

Coefficients: <$10k  
-0.0010, $10-<$15k  
-0.0005, $15-<$20k 
0.0003, $20-<$25k 
0.0002, $25-<$35k 
0.0006, $35-<$50k  
-0.0005, $50k+ -0.0008 

<0.01, 
<0.01, 
<0.01, 
<0.05, 
<0.01, 
<0.01, 
<0.01 

 
Incremental soft 
drink tax rate 

BMI Sex 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: Female  
-0.0040, male -0.0009 

<0.01, 
<0.05 

Small, but statistically significant 
coefficients were found for BMI in 
association with soft drink tax rate 
in both sexes 

 
Incremental soft 
drink tax rate 

% obese Sex 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: Female 
0.0000, male -0.0001 

ns 
No significant association between 
soft drink taxes and obesity 
prevalence was evident 

 
Incremental soft 
drink tax rate 

% 
overweight 

Sex 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: Female 
 -0.0005, male 0.0001 

<0.01, 
<0.05 

A modest and significant negative 
association was seen amongst 
females, whereas a small (although 
still significant) positive association 
was seen for males 

 
Incremental soft 
drink tax rate 

BMI Ethnicity 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: Black -
0.0012, white -0.0026, 
Hispanic -0.0164 

ns, <0.01, 
<0.01 

None of the outcomes were 
significantly associated with taxes 
amongst blacks; all were significant 
and negative for Hispanics; whilst 
amongst the white subgroup small 
significant relationships were 
apparent in considering BMI and 
overweight prevalence, but not 
obesity prevalence 

 
Incremental soft 
drink tax rate 

% obese Ethnicity 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: Black  
-0.0001, white 0.0000, 
Hispanic -0.0021 

ns, ns, 
<0.01 

 
Incremental soft 
drink tax rate 

% 
overweight 

Ethnicity 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: Black 
0.0001, white -0.0002, 
Hispanic -0.0022 

ns, <0.01, 
<0.01 

 
Incremental soft 
drink tax rate 

BMI Education 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: High school  
-0.0031, college -0.0076 

<0.01, 
<0.01 

Significant negative associations 
were apparent regardless of 
education classification; larger 
coefficients were observed for the 
college-educated subgroup 

 
Incremental soft 
drink tax rate 

% obese Education 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: High school  
-0.0002, college -0.0004 

<0.01, 
<0.01 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Fletcher et 
al. (2010a) 
cont’d 

Incremental soft 
drink tax rate 

% 
overweight 

Education 
2-way fixed 
effects OLS 
framework 

As above 
Coefficients: High school 
0.0002, college -0.0004 

<0.01, 
<0.01 

 
Incremental soft 
drink tax rate 

BMI Age 
2-way fixed 
effects OLS 
framework 

As above 

Coefficients: >65yrs  
-0.0038, 18-25yrs 0.0022, 
25-40yrs -0.0032,  
40-65yrs -0.0037 

<0.01, ns, 
<0.01, 
<0.01 

Significant negative associations 
were found for the age groups 25 
years and older, but not for the 
younger age group (18 to 25) 

 
Incremental soft 
drink tax rate 

% obese Age 
2-way fixed 
effects OLS 
framework 

As above 

Coefficients: >65yrs  
-0.0001, 18-25yrs 0.0000, 
25-40yrs -0.0001,  
40-65yrs 0.0000 

All ns 
No trend was obvious amongst any 
age group in terms of obesity 
prevalence 

 
Incremental soft 
drink tax rate 

% 
overweight 

Age 
2-way fixed 
effects OLS 
framework 

As above 

Coefficients: >65yrs  
-0.0002, 18-25yrs 0.0001, 
25-40yrs -0.0005,  
40-65yrs -0.0001 

ns, ns, 
<0.01, ns 

The only significant association 
between soft drink taxes and 
overweight prevalence was found in 
the 25-40 age group 

Various food items 

Asfaw 
(2007) 

Average price per 
100g of baladi 
bread 

BMI 
Primary 
sampling 
units  

Modelling 
Age, education, family size, urbanicity, 
expenditure, & for clustering (Huber-White 
sandwich estimators) 

Coefficient: -0.119 (0.047) p<0.05 
A 1% increase in price of baladi 
bread is associated with a 0.12% 
reduction in BMI units 

 
Average price per 
100g of sugar    

As above Coefficient: -0.112 (0.054) p<0.05 
A 1% increase in price of sugar is 
associated with a 0.11% reduction 
in BMI units 

 
Average price per 
100g of oil    

As above Coefficient: -0.102 (0.062) ns 

There was a small but not 
statistically significant inverse 
relationship between the price of 
oil and BMI 

 
Average price per 
100g of rice    

As above Coefficient: -0.203 (0.074) p<0.01 
A 1% increase in price of rice is 
associated with a 0.20% reduction 
in BMI units 

 
Average price per 
100g of fruits    

As above Coefficient: 0.090 (0.037) p<0.05 
A 1% increase in price of fruits is 
associated with a 0.09% lower BMI  
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Asfaw 
(2007) 
cont’d 

Average price per 
100g of 
vegetables 

   
As above Coefficient: -0.004 (0.044) ns 

There was no significant 
relationship found between price of 
vegetables and BMI 

 
Average price per 
100g of eggs & 
milk 

   
As above Coefficient: 0.137 (0.045) p<0.01 

A 1% decrease in price of eggs & 
milk is associated with a 0.14% 
reduction in BMI units 

 
Average price per 
100g of beef    

As above Coefficient: 0.074 (0.101) ns 
There was no significant 
relationship found between price of 
beef and BMI 

 
Average price per 
100g of pulses    

As above Coefficient: -0.001 (0.064) ns 
There was no significant 
relationship found between price of 
pulses and BMI 

Miljkovic et 
al. (2008) 

Price of sugar 
beet 

Overweight 
or obese 
categories 

  
Multinomial logit 
model 

Age, income, education, sex, time, region, race, 
F&V consumption, historical & future prices 
(sugar beet, potatoes, milk) 

Coefficients: overweight  
-0.23 (SE 0.01); obese  
-0.34 (SE0.01) 

<0.01 

An increase in the price of sugar 
beet significantly decreases the 
probability of being overweight or 
obese 

 Price of potatoes 
Overweight 
or obese 
categories 

  
Multinomial logit 
model 

As above 
Coefficients: overweight 
0.03 (SE 0.01); obese 0.06 
(SE0.01) 

<0.01 

An increase in the price of potatoes 
significantly increases the 
probability of being overweight or 
obese 

 Price of milk 
Overweight 
or obese 
categories 

  
Multinomial logit 
model 

As above 
Coefficients: overweight  
-0.06 (SE 0.01); obese  
-0.30 (SE0.02) 

<0.01 

An increase in the price of milk 
significantly decreases the 
probability of being overweight or 
obese 

Duffey et 
al. (2010) 

Soda price 
Bodyweight 
(lb) 

  
Pooled OLS 
regression 

Study centre, age, race, sex, education, 
household income, family structure, time of 
data collection 

Coefficient: -2.3 (SE 0.8) <0.05 
The prices of soda and pizza were 
negatively associated with 
bodyweight: every $1 increase was 
associated with 2.3lb and 1.3lb 
lower weight respectively.  
 
Whole milk and burger prices were 
not significantly associated with 
weight. 

 Whole milk price 
Bodyweight 
(lb) 

  As above As above Coefficient: -0.2 (SE 2.4) ns 

 Burger price 
Bodyweight 
(lb) 

  As above As above Coefficient: -0.4 (SE 1.9) ns 

 Pizza price 
Bodyweight 
(lb) 

  As above As above Coefficient: -1.3 (SE 1.9) <0.05 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Staudigel 
(2011)* 

Price of white 
bread 

BMI  
Fixed effects 
regression model 

Age, marital status, work status, household size, 
pregnancy, education, year, community 
infrastructure, area median income 

Coefficient: -0.0002  
(SE 0.0014) 

All ns 

Prices of white bread, wheat flour, 
potatoes and cabbage were not 
found to be associated with BMI. 

 
Price of wheat 
flour 

BMI  
Fixed effects 
regression model 

As above 
Coefficient: 0.0010  
(SE 0.0016) 

All ns 

 Price of potatoes BMI  
Fixed effects 
regression model 

As above 
Coefficient: 0.0002  
(SE 0.0014) 

All ns 

 Price of cabbage BMI  
Fixed effects 
regression model 

As above 
Coefficient: -0.0013 
(SE0.0017 

All ns 

 Price of onions BMI  
Fixed effects 
regression model 

As above 

Coefficients: -0.0055 
(0.0016),  males -0.0030 
(0.0027), females -0.0072 
(0.0022), income tertile 1 
-0.0021 (0.0023), tertile 2 
-0.0082 (0.0017), tertile 3 
-0.0062 (0.0025) 

<0.01, ns, 
<0.01, ns, 
<0.01, 
<0.05 

There was a significant negative 
association between the price of 
onions and BMI. This was not true 
of females only, nor the lowest 
income tertile. 

 Price of oranges BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0005  
(SE 0.0028) 

All ns 
Prices of oranges and apples were 
not associated with BMI. 

 Price of apples BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0001  
(SE 0.0011) 

All ns 

 Price of beef BMI  
Fixed effects 
regression model 

As above 

Coefficients: 0.0014 
(0.0034), males -0.0044 
(0.0039), females 0.0053 
(0.0044), income tertile 1 
-0.0041 (0.0048), tertile 2 
0.0028 (0.0040), tertile 3 
0.0090 (0.0041) 

Ns, ns, ns, 
ns, ns, 
<0.05 

The price of beef was not 
associated with BMI, apart from 
amongst the highest income tertile, 
where there was a significant, small 
positive association. 

 Price of pork BMI  
Fixed effects 
regression model 

As above 
Coefficients: -0.0045  
(SE 0.0042) 

All ns 
Pork prices were not associated 
with BMI. 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Staudigel 
(2011) 
cont’d 

Price of chicken BMI  
Fixed effects 
regression model 

As above 

Coefficients: -0.0070 
(0.0029), males -0.0079 
(0.0040), females -0.0063 
(0.0033), income tertile 1 
-0.0049 (0.0032), tertile 2 
-0.0074 (0.0040), tertile 3 
-0.0096 (0.0047) 

<0.05, ns, 
ns, ns, ns, 
<0.05 

Chicken prices were negatively 
associated with BMI in the full 
sample, but in subgroup analyses 
were only significantly so amongst 
those with highest incomes. 

 Price of sausages BMI  
Fixed effects 
regression model 

As above 

Coefficients: -0.0014 
(0.0037), males 0.0023 
(0.0050), females -0.0039 
(0.0041), income tertile 1 
0.0047 (0.0057), tertile 2 
0.0022 (0.0060), tertile 3  
-0.0117 (0.0052) 

Ns, ns, ns, 
ns, ns, 
<0.05 

No significant associated between 
sausage prices and BMI was 
apparent, except amongst the 
highest income tertile, where a 
negative association was apparent. 

 Price of fresh milk BMI  
Fixed effects 
regression model 

As above 
Coefficients: -0.0032  
(SE 0.0019) 

All ns 
The price of milk was not associated 
with BMI. 

 Price of butter BMI  
Fixed effects 
regression model 

As above 

Coefficients: 0.0058 
(0.0026), males 0.0110 
(0.0033), females 0.0018 
(0.0031), income tertile 1 
0.0070 (0.0027), tertile 2 
0.0014 (0.0044), tertile 3 
0.0032 (0.0039) 

<0.05, 
<0.01, ns, 
<0.05, ns, 
ns 

BMI was significantly positively 
associated with the price of butter, 
but this was not the case for 
females or those in income tertiles 
2 or 3. 

 Price of cheese BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0020  
(SE 0.0016) 

All ns 

Prices of cheese, vegetable oil, 
sugar, cookies, fish and vodka were 
not associated with BMI. 

 
Price of vegetable 
oil 

BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0012  
(SE 0.0009) 

All ns 

 Price of sugar BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0028  
(SE 0.0029) 

All ns 

 Price of cookies BMI  
Fixed effects 
regression model 

As above 
Coefficients: -0.0007  
(SE 0.0015) 
 

All ns 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Staudigel 
(2011) 
cont’d 

Price of fresh fish BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0004  
(SE 0.0011) 

All ns 

 Price of vodka BMI  
Fixed effects 
regression model 

As above 
Coefficients: 0.0003  
(SE (0.0012) 

All ns 

 
Price of white 
bread 

Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.0000  
(SE 0.0780) 

All ns 

Of all the analyses investigating 
food prices and obesity, a 
significant association was only 
found for the price of fresh milk 
amongst males. In all other cases, 
food prices did appear to be related 
to obesity. 

 
Price of wheat 
flour 

Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.0012  
(SE 0.0947) 

All ns 

 Price of potatoes Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.0345  
(SE 0.0867) 

All ns 

 Price of cabbage Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.1213  
(SE 0.0858) 

All ns 

 Price of onions Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.1467  
(SE 0.0944) 

All ns 

 Price of oranges Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.0377 
(SE 0.1620) 

All ns 

 Price of apples Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.0223  
(SE 0.0827) 

All ns 

 Price of beef Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.1072  
(SE 0.1936) 

All ns 

 
 
 

Price of pork Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.2133 
(SE 0.1846) 

All ns 

 Price of chicken Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.1227  
(SE 0.1659) 

All ns 

 Price of sausages Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.0016  
(SE 0.0014) 

All ns 

Table 2.6 (cont’d) Results of studies linking food prices and body weight 
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Ref Exposure Outcome(s) Comparison 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Staudigel 
(2011) 
cont’d 

Price of fresh milk Obesity  
Logistic fixed 
effects regression 

As above 

Coefficients: -0.1493  
(SE 0.1002), males 
-0.4528 (0.1734), females 
-0.0039 (0.1187) 

Ns,  
<0.01, ns 

 Price of butter Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.2061  
(SE 0.1277) 

All ns 

 Price of cheese Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.0155  
(SE 0.1185) 

All ns 

 
Price of vegetable 
oil 

Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.0385 
(SE 0.0634) 

All ns 

 Price of sugar Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.1180  
(SE 0.1890) 

All ns 

 Price of cookies Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.1179  
(SE 0.0762) 

All ns 

 Price of fresh fish Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: -0.0399  
(SE 0.0581) 

All ns 

 Price of vodka Obesity  
Logistic fixed 
effects regression 

As above 
Coefficients: 0.0245  
(SE 0.0488) 

All ns 

Lear et al. 
(2013) 

Food basket price BMI  
Pearson 
correlation 

None R = -0.906 0.034 
Supermarkets’ food basket prices 
were negatively correlated with 
their shoppers’ BMI. 

 Food basket price BMI  
Multiple linear 
regression 

Age, sex, car ownership, median income of 
residential area 

Store 5 (most expensive 
basket) as comparator: 
Store 1: 3.66 (SE 0.94); 
Store 2: 3.73 (0.94); 
Store 3: 1.93 (0.88); 
Store 4: 1.52 (0.80) 

<0.001; 
<0.001; 
0.029; 
0.057 

The three supermarket with the 
least expensive baskets showed 
significantly higher BMI amongst 
their shoppers than the most 
expensive store. The two most 
expensive stores did not 
significantly differ. 

* Subgroup coefficients presented only where significant associations observed.

Table 2.6 (cont’d) Results of studies linking food prices and body weight 
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2.4.4.2 Diet costs & body weight 

Studies’ designs and settings 

Seven studies were found to investigate body weight in relation to diet costs or 

expenditure (Table 2.7). Four of these analysed data from cross-sectional surveys 

(Michaud et al., 2007, Murakami et al., 2007, Murakami et al., 2009, Lo et al., 2012), 

one was from an intervention study (Mushi-Brunt et al., 2007), and two (Rauber and 

Vitolo, 2009, Lopez et al., 2009) followed up longitudinal cohorts. Studies were based 

in a variety of countries – the US (Mushi-Brunt et al., 2007), Spain (Lopez et al., 2009), 

Brazil (Rauber and Vitolo, 2009), Taiwan (Lo et al., 2012), two from Japan (Murakami 

et al., 2007, 2009), and one cross-country study (Michaud et al., 2007) – and 

comprised a diverse range of populations, including children (two studies), elderly 

adults (two studies), and graduates/undergraduates (three studies). Sample sizes were 

generally large, and ranged from 354 to over 21,000. 

Diet cost definition/assessment of expenditure 

The majority of studies (n=5) estimated costs by matching national or 

supermarket prices to dietary data. Dietary assessment techniques included diet 

history questionnaire (DHQ) (Murakami et al., 2007, 2009), FFQ (Lopez et al., 2009) 

and 24-hour recall (Lo et al., 2012, Rauber and Vitolo, 2009). None of the studies 

matched prices to diet diary information. The number of food or beverage items priced 

ranged from 104 (Rauber and Vitolo, 2009) to 843 (Lo et al., 2012). Costs were 

expressed to a standardized energy amount (1000kcal or 1000kJ) in all but one of 

these studies (Lo et al., 2012) which utilised estimated daily costs for vegetables only. 

Two of the studies used a measure of expenditure in the absence of dietary 

intake data. Expenditure was self-reported by participants either by telephone interview 

(Mushi-Brunt et al., 2007) or via questionnaire (Michaud et al., 2007). Mushi-Brunt et al 

employed household estimates of food expenditure; whereas Michaud et al calculated 

a measure of individual expenditure on food away from home relative to total reported 

expenditure. 

Assessment of anthropometry 

In one study, body weight was the exposure variable (Rauber and Vitolo, 2009); 

in all others it was the outcome. Four of the studies employed investigators or health 

professionals to measure anthropometry, whilst three relied upon participants’ self-

reports (Murakami et al., 2007, Lopez et al., 2009, Michaud et al., 2007). The latter 
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study attempted to address self-report bias by adjusting their analyses to correct for 

bias.  

Three studies included BMI (kg/m2) as a continuous outcome in their analyses, 

one study investigated BMI categories only, and one study a binary outcome of obesity. 

The longitudinal study of Lopez et al also investigated change in body weight (kg), and 

Murakami et al (2009) additionally measured waist circumference. Both studies 

including children reported z-scores for BMI.  

Analytical approaches 

Given the variation in study design identified above, it is to be expected that the 

analytical approaches also vary. Table 2.8 details the analyses involved in each study. 

Four studies (Michaud et al., 2007, Lopez et al., 2009, Murakami et al., 2007, 2009) 

used multivariable regression techniques, adjusted for covariates. One study (Lo et al., 

2012) reported only the results of a Chi2 analysis, because BMI category was not the 

primary outcome of the study. The studies of Mushi-Brunt et al (2007) and Rauber and 

Vitolo (2009) used unadjusted comparisons (ANOVA and t test respectively). 

Quality of studies 

Unfortunately, the studies in this section of the literature review are considered 

to be of poorer quality on the whole than the studies in the other areas. 

In working age adults, none of the studies (Murakami et al., 2007, Murakami et 

al., 2009, Lopez et al., 2009) used robust probability sampling methods. The sample of 

Lopez et al. (2009), however, was a longitudinal cohort, which has the advantage in 

terms of quality over the cross-sectional samples of Murakami et al. (2007) and 

Murakami et al. (2009). On the other hand, only Murakami et al. (2009) used objective 

measures of height and weight in adults, minimising the potential for self-report bias. 

The studies did not differ vastly in other aspects of study quality, such as statistical 

analyses, which were appropriately adjusted in all three studies, or price and dietary 

data collection methods, which, although different, are not yet established as differing 

in terms of quality. 

In older adults, the studies (Michaud et al., 2007, Lo et al., 2012) were probably 

of better quality. Both used sophisticated sampling to create nationally representative 

samples of older adults, and were more than adequately powered with large samples. 

The study by Lo et al. (2012) was better quality in terms of data collection – using 

objectively measured anthropometry and applying national price data to 24-hour dietary 

recalls. On the other hand, the study of Michaud et al. (2007) used self-reported 

expenditure questionnaires and self-reported BMI. However, Michaud et al. (2007) 
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used more appropriate statistical analyses – multivariable regression (correcting for 

self-reported BMI) as opposed to Chi2 analyses conducted by Lo et al. (2012). 

The two studies in children (Mushi-Brunt et al., 2007, Rauber and Vitolo, 2009) 

again differed in terms of quality. Mushi-Brunt et al. (2007) used a non-probability 

sample, which allows the possibility of selection bias. Rauber and Vitolo (2009), on the 

other hand, used a longitudinal cohort, which is of stronger quality when trying to draw 

out causal evidence. However, this cohort was relatively small in size, which may result 

in an under-powered sample. The quality of both studies suffered in the analytical 

approaches taken: both using unadjusted comparison tests, which are unable to take 

into account confounding. 

Findings  

The studies using samples of female Japanese students (Murakami et al., 

2007, Murakami et al., 2008b) reported small, but significant, negative associations 

between quintiles of diet cost and BMI or waist circumference. 

The only longitudinal study to investigate diet costs and body weight (Lopez et 

al., 2009) found a relationship in the opposite direction to that of the studies by 

Murakami and colleagues (2007, 2009). Their results indicated that those with higher 

energy costs at baseline had significantly higher BMI at baseline, as well as 

significantly higher odds of weight gain over six years. However, the tendency towards 

higher odds of weight gain amongst those who had higher energy costs did not achieve 

statistical significance after adjusting for confounders.  

Amongst the studies using elderly samples, findings were mixed. Lo et al. 

(2012) found that proportions in each BMI category differed by quintile of daily 

vegetable cost, with the lowest quintile containing the highest proportion of underweight 

and the lowest proportion of the most overweight category. In contrast, Michaud et al 

(2007) examined only the influence of food-away-from-home expenditure. After 

appropriate adjustments for confounding variables, the results indicated small negative 

coefficients in most subpopulations; however unadjusted correlations were positive, 

and p values were not reported in any scenario. 

Neither of the studies involving children found a significant link between 

expenditure or diet cost and BMI percentile or risk of overweight. 
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Table 2.7 Study characteristics: studies investigating dietary expenditure/cost and body weight 

Ref Country Sample size Sample characteristics Exposure Exposure details 

Year(s) of 
exposure 

data 
collection 

Outcome Outcome assessment details 

Year(s) of 
outcome 

data 
collection 

Length 
to 

follow-
up 

Loss to 
follow-up 

Mushi-
Brunt et al. 
(2007) 

Missouri, 
USA 

555 parent/ 
child dyads 

Partners of All Ages 
Reading About Diet and 
Exercise (PARADE) 
intervention. Children 
aged 6-11yrs with a 
parent. 77% female; 65-
71% African American 

Household 
grocery 
expenditure 

Telephone questionnaire 2000-2004 
BMI/BMI 
percentile 

Children: nurse-measured 
height & weight & CDC 
growth charts; Adults: Self-
reported 

2000-2004  
Not 
reported 

Michaud et 
al. (2007) 

USA, 
Austria, 
Germany, 
Sweden, 
Nether-
lands, 
Spain, Italy, 
France, 
Denmark, 
Greece 

21,836 

Drawn from Survey of 
Health, Ageing and 
Retirement Europe 
(SHARE) and Health & 
Retirement Study (US): 
nationally 
representative, 50yrs+ 

Expenditure on 
food away from 
home 

Expenditure relative to total 
expenditure. Questionnaire-
gathered self-reports. 

2004 
Incidence of 
obesity 

Questionnaire-gathered self-
reported height & weight. 
Corrected for self-report bias 

2004     

Lopez et al. 
(2009) 

Spain 19,057 

Suguimiento 
Universidad de Navarra 
(SUN): prospective 
cohort of graduates, 
mean age 38.6yrs, 60% 
women 

Daily food 
consumption 
costs 
(€/1000kcal) 

Costs of foods derived from 
Ministry of Industry, Tourism & 
Commerce of Spain figures 
(n=136). Costs matched to 
baseline year. 18.3% prices 
taken from current supermarket 
websites. Matched to semi-
quantitative FFQ 

1999-2007 
BMI; increase in 
bodyweight 

Self-reported 1999-2007 
2, 4 
and 6 
years 

Retention 
rate 88%. 
After 
exclusions, 
11,195 

Rauber and 
Vitolo 
(2009) 

Brazil 354 

“Ten Steps in Action” 
(BRATSA I): children 
aged 3-4yrs, recruited 6-
12mo at hospital 

Risk of 
overweight (z 
score) 

Professional-measured 
anthropometry 

2005-2006 
Mean 
expenditure 
(R$/1000kcal) 

104 product prices taken 
from a large and a small 
retailer (means of 3 brands); 
corrected for waste/cooking. 
Estimated for 30 days. 
Matched to 2x 24hr recalls 

2005-2006 4yrs 8 
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Ref Country Sample size Sample characteristics Exposure Exposure details 

Year(s) of 
exposure 

data 
collection 

Outcome Outcome assessment details 

Year(s) of 
outcome 

data 
collection 

Length 
to 

follow-
up 

Loss to 
follow-up 

Murakami 
et al. 
(2007) 

Japan 3931 
Female dietetic 
students, 54 institutions 

Dietary energy 
cost 
(yen/1000kcal) 

National Retail Price Survey  
(n=122) applied to DHQ (135 
items) 

2005 (diet), 
2004 
(prices) 

BMI BMI from self-reports 2005 N/A N/A 

Murakami 
et al. 
(2008b) 

Japan 1176 
Female dietetic 
students, 15 institutions 

Dietary energy 
cost 
(yen/1000kJ) 

National Retail Price Survey  
(n=122) applied to DHQ (135 
items) 

2006/7 
(diet), 2004 
(prices) 

BMI; waist 
circumference 

Investigator measured 2006/7 N/A N/A 

Lo et al. 
(2012) 

Taiwan 1911 
50% male, adults 65yr+ 
from Elderly Nutrition 
and Health Survey 

Daily cost of 
vegetables 

Mean monthly prices obtained 
from national databases (n=628) 
+ prices from supermarket 
(n=215) adjusted for inflation & 
applied to 24hr recall. 

1999-2000 
(diet), 1999-
2000 & 
2009 
(prices) 

BMI category Physical examination 1999-2000 N/A N/A 

 

 

  

Table 2.7 (cont’d) Study characteristics: studies investigating dietary expenditure/cost and body weight 
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Table 2.8 Results: studies investigating dietary expenditure/cost and body weight 

Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

Mushi-
Brunt et 
al. (2007) 

Weekly household 
grocery spending 

BMI/BMI 
percentile 

 ANOVA None reported F statistics not reported ns 

There was no significant 
difference in BMI between 
different household grocery 
spending levels. 

Michaud 
et al. 
(2007) 

Share of food 
expenditure on food 
away from home 

Obesity incidence   Correlation 
EI, % time eating out, time 
cooking, kcal/min eating 

r=0.601 
(excl US, r=-0.275) 

Not 
reported 

There was an apparent 
positive correlation 
between food expenditure 
away from home and 
obesity incidence. However, 
in Europe alone, the 
correlation appeared to be 
negative. 

 
Share of food 
expenditure on food 
away from home 

Obesity incidence Subgroup: US only Logit regression 

Age, income, hhold 
composition, marital status, 
smoking, education, wealth, 
physical activity 

Point estimates: males: 
0.241 (t = 1.93); females:  
-0.037 (-0.28) 

Not 
reported 

There appeared to be a 
negative relationship 
between food expenditure 
away from home and 
obesity in Europe and 
amongst American females, 
but positive amongst 
American males. 

 
Share of food 
expenditure on food 
away from home 

Obesity incidence Subgroup: Europe Logit regression 

Age, income, hhold 
composition, marital status, 
smoking, education, wealth, 
physical activity 

Point estimates: males:  
-0.470 (t = -2.22); females: 
-0.566 (-3.15) 

Not 
reported 

Lopez et 
al. (2009) 

Daily food cost quintiles 
(€/1000kcal) 

BMI  ANOVA N/A 
Q1 23 (SD 3.3); Q2 23.4 
(3.4); Q3 23.6 (3.5); Q4 
23.8 (3.5); Q5 24.2 (3.8) 

<0.001 

Those with higher daily food 
costs had a statistically 
significantly higher BMI at 
baseline. 

 
Daily food cost quintiles 
(€/1000kcal) 

≥3kg weight gain 
within past 5yrs 

 
Non-conditional 
logistic regression 

Age, sex, EI, physical 
activity, smoking, snacking, 
alcohol, education, marital 
status, employment, dietary 
pattern scores 

OR (95% CI): Q1 1 (ref); 
Q2 1.13 (1.02-1.26); Q3 
1.06 (0.95, 1.19); Q4 1.14 
(1.01, 1.29), Q5 1.13 
(0.99, 1.29) 

0.146 

The tendency towards 
higher odds of weight gain 
amongst those who had 
higher food costs did not 
achieve statistical 
significance after adjusting 
for confounders. 
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Ref Exposure Outcome(s) Comparison/Subgroup 
Statistical 
treatment 

Adjustments Results p value Summary of results 

 
Daily food cost quintiles 
(€/1000kcal) 

Average weight 
gain ≥0.6kg/yr 

 
Non-conditional 
logistic regression 

Age, sex, EI, physical 
activity, smoking, snacking, 
alcohol, education, marital 
status, employment, dietary 
pattern scores, baseline 
BMI 

OR (95% CI): Q1 1 (ref); 
Q2 0.95 (0.83, 1.09), Q3 
1.05 (0.92, 1.21), Q4 1.11 
(0.96, 1.29), Q5 1.20 
(1.02, 1.41) 

0.007 

Participants with the highest 
daily food costs had 
statistically significant 
higher odds of weight gain. 

Rauber 
and Vitolo 
(2009) 

Risk of overweight 
Mean 
expenditure 
(R$/1000kcal) 

No (≤1 z score) vs Yes 
(>1 z score) 

t test N/A 
65.93 ± 14.55 vs 68.59 ± 
20.17 

0.208 

No significant difference in 
expenditure per 1000kcal 
was found between children 
at risk of overweight and 
those not at risk. 

Murakami 
et al. 
(2007) 

Quintile of energy cost BMI (kg/m2)  
Multivariable 
linear regression 

PAL, Residence, Residential 
density, living status, 
smoking, alcohol, 
supplement, weight loss 
diet, rate of eating, EI. 

Q1 21.1±0.1, Q2 21.1±0.1, 
Q3 20.9±0.1, Q4 21.0±0.1, 
Q5 20.8±0.1 

0.0197 

There was a significant p for 
trend between quintiles of 
energy cost, with a slight 
negative trend. 

Murakami 
et al. 
(2008b) 

Quintile of energy cost BMI (kg/m2)  
Multivariable 
linear regression 

Residence, residential 
density, living status, survey 
yr, smoking, weight loss, 
rate of eating, PAL 

-0.38 (95% CI -0.60, -0.16) 0.0006 Every increase in energy 
cost quintile was associated 
with a lower BMI of 
0.38kg/m2 and a 1.46cm 
smaller waist circumference.  Quintile of energy cost 

Waist 
circumference 
(cm) 

 
Multivariable 
linear regression 

Residence, residential 
density, living status, survey 
yr, smoking, weight loss, 
rate of eating, PAL 

-1.46 (95% CI -2.01, -0.90) <0.0001 

Lo et al. 
(2012) 

Quintile of daily cost of 
vegetables (NTD/d) 

BMI category 
proportions 

<18.5, 18.5-23.9, 24-
26.9, ≥27 

Chi2 
None (not primary 
outcome) 

Q1 26.4%, 19.7, 16.4, 
14.1; Q2 8.45%, 17.0, 
17.7, 21.3; 
Q3 19.4%, 21.3, 19.1, 
22.9; 
Q4 23.5%, 20.6, 22.8, 
20.0; 
Q5 22.2%, 21.4, 24.0, 21.7 

<0.001 

Proportions of participants 
categorised in each BMI 
category differed between 
quintile of daily vegetable 
cost. The lowest quintile 
contained the highest 
proportion of underweight 
and the lowest proportion 
of the most overweight 
category. 

Table 2.8 (cont’d) Results: studies investigating dietary expenditure/cost and body weight 
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2.4.4.3 Income & body weight - Existing reviews 

The scoping search revealed four reviews regarding socioeconomic 

differences in BMI or obesity which reported on studies that investigated income 

separately. Three of these studies were systematic: the first of these (Sobal and 

Stunkard, 1989) was an extensive and comprehensive review of the literature to that 

date, which was updated in a comprehensive review in 2007 by McLaren (2007). The 

third systematic review, published most recently, was limited in scope to UK-based 

studies (El-Sayed et al., 2012). The remaining relevant review (Ball and Crawford, 

2005) was semi-systematic in approach, and reported on the literature pertaining to 

weight change specifically. 

The review of McLaren (2007) included 333 studies overall. Of these, 88 

studies focussed on income and body weight in women, 78 studies reported on men, 

and 54 reported findings from men and women combined. The findings from these 

studies comprised results for 402 tested associations (which constituted 21% of all 

socioeconomic-body weight associations in the review). McLaren identified apparent 

differences in the results of studies depending upon the human development index 

(HDI) rating of the countries they were set in: in low- and mid-HDI settings, the 

majority of reported findings indicated a positive relationship between income and 

bodyweight. In high-HDI areas, for analyses of men and both sexes combined, the 

majority of findings were non-significant or curvilinear; in women, the majority of 

reported associations (49%) indicated a significant negative relationship, but 45% of 

associations were non-significant. 

A predominantly negative finding in women between income and body weight 

agreed with the conclusions of Sobal et al in 1989, although the predominance was 

diminished in the more recent review of McLaren. Interestingly, McLaren found that, 

for some of the other socioeconomic indicators, such as education or occupation, 

there was in fact a predominance of negative associations. The author puts this down 

to the experience of a ‘transition’ in these countries, or possibly due to differential 

mechanistic influences of the alternative SES indicators. The inconsistent direction of 

findings for men apparent in McLaren’s review was also in keeping with the findings 

of Sobal et al (1989). 

The review of El-Sayed et al (2012) identified just two UK-based studies to 

include individual-level income as a measure of SES in relation to obesity (6% of all 
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included studies). The review, however, did not discuss income independently of 

overall SES. Referring to the original studies themselves, the findings indicated: 

higher odds (OR 1.36, 95% 1.21, 1.52) of being overweight with each higher income 

category (Lawlor et al., 2005); and a lower reported income in women who were 

obese compared to those who were not, but not when adjusted for confounding 

variables, nor in men (Viner, 2005). 

Ball and Crawford (2005) identified nine studies that reported income in their 

review investigating SES and weight change. Studies investigating men separately 

tended to find no association between income and weight change: the one exception 

(Kahn and Williamson, 1991) was the finding that low-income men had higher odds of 

experiencing major weight gain. The study which did not stratify by sex also found no 

association between income and weight change. Amongst women, three of the 

studies found no significant associations. However, three studies found a significant 

association, with higher weight gain with lower incomes, two of which associations 

were negative (the direction of the association of the third was unidentified). Low-

income women also experienced higher odds of weight loss in two studies. Income 

represented the most inconsistent of the SES indicators examined in the review, and 

the authors stress the differential associations with weight change of the different 

SES measures, as highlighted by previous review authors (see above). 

Quality of reviews 

None of these four reviews were without limitations. The oldest study in 

particular (Sobal and Stunkard, 1989) was lacking in a clear statement of the review 

methodology used, making it difficult to ascertain the possibility that bias may have 

been introduced in the process. 

Review searches were all limited to English language articles (although Sobal 

and Stunkard, 1989 did not state search limits) and, where stated, to published non-

grey literature only (explicitly stated in Ball and Crawford, 2005, and El-Sayed et al., 

2012). None of the reviews reported taking steps such as double-screening or 

multiple researcher data extraction to minimise bias. Nor were quality appraisals 

explicitly performed for the included studies in any of the reviews, although El-Sayed 

et al. (2012) included a discussion of methodological limitations. 

However, all of the studies provided clear statements of the inclusion criteria 

in their searches, including stated populations, exposure, comparisons and outcomes, 

and, with the exception of El-Sayed et al. (2012) in which only one database was 
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searched and Sobal et al. (1989) in which the methods were not stated, the search 

strategies of the other two reviews were broad and comprehensive. Adequate details 

of the individual included studies were presented in the reviews of Ball and Crawford 

(2005) and El-Sayed et al. (2012), but Sobal and Stunkard (1989) and McLaren et al. 

(2007) reported only sample size, country and the presence and directions of 

significant associations. Although this may be considered a drawback in the quality of 

the reviews, it could be argued that, due to the extensive number of included studies 

in these two reviews, a summative approach such as taken was appropriate. 
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2.5 Discussion 

This chapter sought to review the literature to date which has investigated the 

role of income, food prices and cost of diet in encouraging excess energy intake. The 

literature was searched in a semi-systematic manner, and data were extracted and 

organised into six sections to reflect the six key relationships under investigation (of 

two outcomes and three ‘exposures’). 

Six reviews have recently been published with a focus on investigations into 

economic factors of food purchasing, dietary intake or body weight (see Section 

2.4.2), which demonstrates an increase in interest surrounding these issues. 

However, each of the published reviews had important limits in its criteria – for 

example, restricting the search to US-based studies (Powell and Chaloupka, 2009, 

Powell et al., 2013), developed countries (Lee et al., 2011) or to subsidy effects 

(Black et al., 2012). The review of Lee et al (2011) was the closest in aim and criteria 

to the current chapter, but, despite being systematic, there are important 

shortcomings in the synthesis and conclusions of this review: firstly, there was a lack 

of differentiation between ‘food price’ and ‘diet cost’ data and methods, and secondly, 

the search strategy appears to have missed several important studies that were 

included in other (US-based) reviews. Additionally, none of these reviews 

incorporated income as an economic factor. Therefore, this chapter was necessary to 

draw together the existing evidence around income, food prices, diet cost, dietary 

energy density and body weight. 

 

2.5.1 Economic factors and dietary energy density 

The findings relating to dietary energy density are largely in keeping with the 

prevailing hypothesis that economic factors influence the selection of energy-dense 

foods.  

Overwhelmingly, the studies linking diet costs and dietary energy density 

reported a negative association. However, as has been widely remarked in 

commentaries (Lipsky, 2009), in reviews (Lee et al., 2011), and in the commentary on 

study quality in Section 2.4.3.2, this observation may be the result of mathematical 

coupling, in which energy is included in calculating both the exposure and outcome. 

This is perhaps supported by the null result reported by Drewnowski et al. (2007) for 

female participants when daily diet costs, as opposed to energy costs, were analysed. 
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Conversely, this study was found to be of lower quality in comparison with the other 

studies, due to the statistical approach (unadjusted ANOVA) taken. A minority of the 

studies attempted to control for mathematical coupling by using residual values in 

their analyses (Aggarwal et al,. 2011, Maillot et al., 2007, who reported that they 

conducted these analyses, but the findings were the same and therefore were not 

reported separately, and Alexy et al., 2012), and these found a similar association. 

This shows that a negative association was reported regardless of study quality. 

The evidence linking income and dietary energy density was less strong, but 

on the whole in agreement with the premise that economics influence diet selection. 

Two of the three studies amongst adult samples found evidence of lower energy 

densities amongst those with higher incomes. The one study which reported no 

significant findings, Waterlander et al (2010), was of poorer quality than the other two: 

the authors were not able to adjust for household size in their analyses comparing 

dietary energy density by income category, and they suggest themselves that the 

samples were underpowered to detect a significant difference. The poor quality of the 

study reporting no association perhaps indicates a false negative result. 

Amongst children, a link between income and dietary energy density was not 

suggested by the evidence. Given the sound quality of the studies included, it may be 

concluded that no such association exists in children (albeit a conclusion from a small 

number of studies). Intuitively, a less strong link between household or family income 

and diet amongst children may be expected, given the varying degree of autonomy in 

food selection that children may have.  

Interestingly, there were no studies identified in which food prices and dietary 

energy density was investigated. This is perhaps surprising, given the growing 

popularity of the food price-obesity argument (see below), and is a gap that needs to 

be filled if the purported causal pathway is to be substantiated. 

Taking all this into consideration, the overall conclusion of this review is that 

the evidence – amongst adults, but not children – linking income or diet costs with 

dietary energy density is supportive of the theory that affordability is a determinant of 

dietary energy density. However, the review has identified that certain methodological 

issues need addressing and that the number of studies published to date is modest. 

Therefore, more research, particularly surrounding food prices, is needed to confer 

confidence to these conclusions. 
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The review of Lee et al (2011) was the only review identified to examine 

dietary energy density as an outcome. Although they did not consider studies which 

examine diet in relation to income, the authors included studies on diet costs, and 

similarly observed a consistently negative relationship with dietary energy density as 

was observed in this chapter. However, the authors concluded that the validity of the 

studies was questionable, given the mathematic relationship. As a result, they did not 

concede a meaningful relationship was apparent. In contrast, the review conducted 

here has identified that a handful of the studies avoided mathematical coupling by 

using residual values, and also found the negative relationship. Nevertheless, 

appropriately analysed studies constitute a minority and additional evidence would be 

useful. 

 

2.5.2 Economic factors and body weight 

The findings relating to weight are tantalising. Evidence predominantly came 

from studies investigating food prices, which varied widely in their focus and quality. 

This heterogeneity makes it difficult to draw conclusions. In particular, studies which 

looked at the prices or price trends of individual food items are problematic to 

synthesise, due to differing selections of foods and varying contexts used. However, 

all the studies taking such an approach found significant associations for at least 

some foods. This lends traction to the food price-obesity hypothesis. 

Studies which included price indices for combinations of foods or food groups 

are arguably easier to compare. However, there is still much variation in the 

techniques used to derive and analyse such indices, and the results reported make it 

apparent that the choice of analytical model can be greatly influential on the outcome. 

This was particularly true of studies investigating fast food indices, in both adults and 

children. In children, the studies were found to be of mixed quality: the quality 

appraisal in Section 2.4.4.1 shows that many of the studies used self-reported 

measures of weight and height, and there were concerns identified regarding the 

reporting of statistical analyses. The best-quality study amongst children looking at 

fast food price indices, Powell and Bao (2009), found no association between fast 

food prices and BMI amongst young children. Self-reported data was again a feature 

of the studies investigating fast food prices with adults; however, studies in adults 

were judged to be of similar quality, but still presented mixed findings. The mixed 
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findings and quality issues of studies around fast food prices and body weight make a 

confident conclusion unlikely.  

In adults, findings for food-at-home indices were equally dependent upon 

analytical approach, though in children no associations were apparent (in the only 

study in children). The studies amongst adults were judged to be of similar quality, 

despite taking different analytical approaches, and all of these studies used self-

reported anthropometric data. Food group price indices (not including fruit and 

vegetables – see below) did not reveal significant associations with children’s body 

weight; the two studies investigating this (Sturm and Datar, 2005 and Sturm and 

Datar, 2008) were of good quality, suggesting a true lack of association. 

Evidence of a link between fruit and vegetable prices and weight was a little 

stronger: amongst children, three of the five studies found a significant positive 

association; and in adults, this significant positive relationship was echoed, although 

in both studies this was true only for certain subgroups (the ‘near poor’ (Beydoun et 

al., 2008) or poor women and women with children (Powell and Han, 2011)). The 

studies in adults were of a similar quality, both sharing the drawback of using self-

reported height and weight, which risks introducing bias as a result of measurement 

error. In children, interestingly the three studies which reported a significant finding 

were all of better quality than the two which did not report the association: the latter 

two (Powell et al., 2007, and Black et al., 2013) can be criticised in terms of their 

quality (see Section 2.4.4.1). These findings suggest that, as the price of fruit and 

vegetable increases, these populations are less likely to purchase and consume fruit 

and vegetables. Given this observation, it could be conjectured that these people are 

instead purchasing more energy-dense foods and are more at risk of weight gain. 

All of the studies investigating the effects of taxation focussed on soda or soft 

drinks. Only one of the three studies in children found a significant (negative) effect of 

soda taxes on body weight (Sturm et al., 2010), and one of two studies in adults 

(Fletcher et al., 2010a). Of the three studies in children, the two which failed to find an 

effect were judged to have quality issues particularly in terms of statistical analyses 

and the reporting of the analysis. In adults, the study of Fletcher et al differed in its 

approach in that the exposure variable was framed as a change in the tax rate, rather 

than just the presence, absence or degree of tax, as was used in the other studies. 

This, it could be argued, is an important differentiation to make, and could explain 

why other studies failed to find significant results – it is possible that the change in 
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price as the result of a change in tax is more noticeable to consumers and therefore 

more influential on consumer behaviour and dietary consumption. The overall 

interpretation of these findings is that the evidence points towards an association or 

effect, but the evidence is limited to just a few studies. 

Overall, studies investigating food prices and obesity imply that food prices 

have a role to play in obesity rates, yet the results highlight the difficulties in 

quantifying this relationship, making a consensus statement about the nature of this 

role unachievable – at least from the evidence to date. In children, there was just one 

study which identified prices of specific foods (Thomas et al., 1996). Although there 

were several potential shortcomings identified in the quality appraisal of this study, it 

nevertheless revealed many significant associations in a relatively small sample, 

using objective measures of anthropometry. Unfortunately, however, as this is the 

only study in children and the setting of this study was specific to an area of Cote 

d’Ivoire, it is unlikely to be generalisable to other settings or the wider population of 

children in general. Of the studies linking food item prices to bodyweight in adults, 

that of Duffey et al. (2010) was judged most favourably in the quality appraisal 

(Section 4.2.2.1), with a large, longitudinal, nationally representative sample, 

objective measurements of weight, and appropriate and clearly presented statistical 

analyses. Duffey et al. (2010) found a significant negative association between the 

prices of soda and pizza with bodyweight, but no association between prices of whole 

milk and burgers with bodyweight. Despite weaknesses in many of the study designs, 

and the heterogeneity of indicative foods selected, this avenue of investigation 

consistently has revealed significant relationships in the literature. 

Studies of diet costs and body weight are mixed in their findings – in adults at 

least. Amongst children, associations between diet costs and BMI were not apparent. 

As stated above, children may be suspected to show a different relationship between 

economic factors and food choices (and therefore body weight), given the influence of 

parental mediation and varying degrees of autonomy in diet selection. Alternatively, 

both of these studies in children were identified as having flaws in the quality 

appraisal: one used a non-probability sample, the other relied upon a small sample 

size, and both studies used unadjusted analyses to test the relationship. Therefore, it 

cannot be determined whether a true lack of association exists in children, or whether 

the methodological limitations were responsible for the studies’ findings. The studies 

using samples of older adults (Lo et al., 2012, Michaud et al., 2007) are difficult to 
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interpret, in part due to the way in which results were reported (for example, Michaud 

et al did not report p values nor confidence intervals, and in the study of Lo et al, the 

relationship was not the primary outcome under investigation). Nevertheless, the 

findings suggest that lower diet costs attributable to vegetables are associated with 

more underweight participants, whilst estimated costs of food away from home could 

have a negative relationship with BMI. It is perhaps reasonable to suppose that 

economic factors may have a different role in diet selection amongst the elderly – a 

population which often has an over-representation of those on low incomes 

(potentially unable to afford adequate nutrition), as well as mobility issues which may 

have a significant bearing on body weight (either via reducing energy expenditure or 

impeding access to food). The results of these studies also could reflect a non-linear 

relationship between food prices and BMI – for example, vegetable costs being linked 

to underweight could be explained by these individuals being food insecure with 

hunger, but the relationship between costs and weight could be different as costs 

increase. Although it is not possible to ascertain this from the studies described, a 

non-linear relationship is considered in Chapter 7. In the end, given the differences in 

approach, the small number of studies and the quality issues of those studies, it is not 

possible to draw conclusions about the role of diet costs in determining BMI amongst 

older adults. 

The potential age differences described above – in the proposed food price-

body weight pathway – might be used to explain the mixed findings amongst studies 

of diet cost and body weight. Yet, the three studies amongst working-age adults also 

reported contradictory findings: in their studies of female Japanese students, 

Murakami and colleagues (2007, 2009) found significant negative (though small) 

associations between diet cost and anthropometric measurements; however, in a 

larger sample of Spanish graduates, Lopez et al (2009) found just the opposite at 

baseline, with higher BMI associated with higher diet costs. The reasons for this 

contrast are unclear. It may be due to the contrasting sample characteristics, or to the 

differences in assessment methods used, or the appropriateness of adjustments 

made in analyses. All three studies used non-probability sampling, so there is a 

possibility that the findings reflect different selection biases. Lopez et al. (2009) 

analysed a longitudinal sample, which may be considered of superior quality, but 

relied on self-reported anthropometry, unlike Murakami et al. (2009). With such a 
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small pool of published studies available, and contrasting quality strengths, it may be 

too early to judge which findings are more convincing. 

Finally, reviews suggest that, in developed countries, income is related to 

body weight amongst women but not men. This finding was repeated in most, but not 

all, of the studies included: as women reported higher incomes, they were more likely 

to report a lower BMI (or other anthropometric indicator). Of all the common indicators 

of socio-economic position, the reviews showed income as the least consistent 

predictor of BMI. This implies that affordability of a healthy diet is not as important as 

education or occupation in diet selection, although still clearly implicated. The quality 

appraisal of these reviews revealed shortcomings in terms of minimising bias in the 

screening and data extraction processes. However, in the majority of studies, the 

search strategies were transparent and comprehensive, which should increase 

confidence in the breadth of evidence represented. 

In contrast to the conclusions of this review, Powell & Chaloupka (2009), in 

their review of US food price studies, concluded that the majority of studies indicated 

negative relationships between the prices of unhealthy foods and BMI and positive 

relationships for prices of fruit and vegetables. However, in their more recent update 

(Powell et al., 2013), conclusions were more mixed, and were similar to those 

described above. The review in this chapter adds to those of Powell and colleagues, 

in that the term ‘consumption’ is clearly differentiated, to identify only those studies 

that measured dietary intake, as opposed to purchases. 

 

2.5.3 Methodologies 

The studies described above demonstrate a variety of approaches, and this 

heterogeneity itself highlights how difficult it is to investigate these micro-economic 

factors. Given that almost every study was different in design, context, definition of 

diet cost and analytical approach, it is perhaps unsurprising to find inconsistent 

results. 

Predictably, none of the relevant studies were randomised control trials 

(RCTs) – manipulations in income or food prices would be both practically and 

ethically problematic to implement. In the hierarchy of evidence (CRD, 2008), RCTs 

are often promoted as the ideal design. However, in the absence of such evidence, 

where it is inappropriate to conduct such studies, it is necessary, and indeed 
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valuable, to consider the different types of evidence (Gortmaker et al., 2011). Aside 

from RCTs, the prospective cohort study is often regarded more favourably than a 

cross-sectional observational study. In this research field, cross-sectional data was 

dominant. Even some of the studies which drew data from longitudinal cohorts 

analysed them cross-sectionally. The exceptions to this were found amongst the food 

price-obesity literature, several of which employed time series data, and one study 

amongst the diet cost-obesity literature. Studies investigating dietary energy density 

were all cross-sectional in design. It is important to note that conclusions from the 

literature will be limited, as a result. 

The majority of relevant studies were those which investigated effects of food 

prices. Even within this one approach to the research question, however, there was 

substantial variation: firstly, in how to incorporate food prices into a variable or 

variables (for example, using fast food indices); and secondly, in how to build 

analytical models. This makes it extremely challenging to compare or synthesise the 

results, with only a few studies sharing the same approach to measuring prices. 

Importantly, results depended upon the analytical method chosen. 

As expected, no studies were identified which measured both expenditure and 

dietary intakes; the literature investigating diet costs therefore, without exception, 

used the same method, applying national (or local supermarket) prices to foods that 

were reported to be consumed. The comparability studies described in Chapter 5 

indicate that diet costs estimated in this manner compare well to estimates from 

purchasing receipts (this work was also published in Timmins et al., 2013b). The 

studies did not use the same dietary assessment tool, however, and this may have 

had a bearing on the resulting diet cost estimates (see Murakami et al., 2008a, 

Monsivais et al., 2013 for comparisons). Estimating costs from reported dietary intake 

has limitations, one of the most important of which is that estimates will reflect the 

measurement error associated with the dietary assessment. The studies also varied 

in whether they chose mean prices, or lowest prices, to cost diets. This constitutes a 

major assumption regarding the prices actually encountered by participants. Chapters 

5 and 6 discuss the strengths and weaknesses of this methodology in more detail. 

There was also a lack of agreement amongst the studies reviewed which 

investigated income on how to realise the income variable, with some studies 

expressing it as a proportion of the government poverty line (which takes into account 

household size and composition), and others relying upon household measures. 
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Failing to take into account the composition or size of the household when using a 

household-level income variable could be misleading (Benzeval et al., 2001); 

therefore this area of research requires more attention. 

 Despite a heterogeneous body of literature, this review found that several of 

the included studies shared sources of data – a few, for example, used data from the 

same sample (such as NHANES) and many of the US studies incorporated price data 

from the American Chamber of Commerce Research Association (ACCRA), 

acknowledged to be limited in its breadth and specificity of food items. This is an 

important limitation to the interpretation of these studies’ findings, as well as to their 

generalisability. 

  Not all of the studies chose robust statistical techniques. Several employed 

unadjusted statistical comparisons (see, for example, Waterlander et al., 2010), or 

adjusted inappropriately or for too many covariates (for example, Murakami et al., 

2007, Murakami et al., 2008b). Some studies were also weak in their reporting of 

results, for example not reporting actual statistical values (Mushi-Brunt et al., 2007) or 

p values (Michaud et al., 2007). The majority of the literature, however, employed 

well-considered analytical methods. 

 

2.5.4 Implications for the “food price-obesity” hypothesis 

Chapter 1 set out the conceptual framework which motivated this literature 

review – namely, the “food price-obesity hypothesis” (Section 1.5). The hypothesis, 

proposed and supported by several researchers and policy makers, suggests that 

food prices – via their impact on purchasing power – are responsible at least in part 

for recent obesity trends (see Figure 1.1 repeated below).  
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Figure 1.1 The proposed causal pathway between food prices and obesity 

 

This literature review set out to establish evidence in support of, or in 

opposition to, the food price-obesity hypothesis. In the absence of studies which are 

able to measure all of the aspects of the proposed causal pathway, the focus of the 

review was separated into three main exposures – food prices, income and diet costs 

– as proxy measures of purchasing power. 

The conclusions presented above support a link between income and dietary 

energy density, and between diet costs and dietary energy density. This can be 

represented conceptually by adapting the figure above, to show how these 

associations fit in the causal pathway (Figure 2.2 and Figure 2.3). It can be seen that, 

whilst income is directly in the causal pathway, diet costs offer a representation of 

foods purchased, and neither estimated diet costs nor purchasing data are direct 

measures of purchasing power. As mentioned above, there were no studies which 

assessed food prices and dietary energy density. Taking the evidence from both 

available angles (income and diet costs), it would seem the evidence supports a link 

between purchasing power and dietary energy density. 

 

 

 

Income 

Dietary 

intake 

Food 

prices 

Purchasing 

power 

Foods 

purchased 

Energy 

balance 

Body 

weight 



94 

 

 

 

 

 

 

  

 

 

 

The literature on obesity (or measures of bodyweight or composition) takes 

the hypothesized pathway to its endpoint; therefore, by necessity, these 

investigations are attempting to measure data further removed along the pathway. 

This point is worth stating, given the inconclusive findings of the literature review. It 

stands to reason that outcomes further along a causal pathway will be more difficult to 

ascertain, with more potential for confounding along the pathway. This is especially 

true of studies which are unable, by design (for example, if they are cross-sectional 

studies), to take into account the protracted duration of the proposed aetiology. 

The literature review revealed a mixed and conflicting presentation of 

evidence. In contrast to the studies investigating dietary energy density as an 
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Figure 2.3 Diet costs and dietary energy density within the food price-obesity framework 

Figure 2.2 Income and dietary energy density within the food price-obesity framework 
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outcome, the literature on bodyweight outcomes predominantly focussed on food 

prices as an exposure. This emphasis is perhaps unsurprising, given the widespread 

discussion of the food price-obesity hypothesis (see Figure 2.4). With such distal 

exposure and outcome variables, it would be expected that the chance of false 

negative results would be more likely in investigating the link between food prices and 

bodyweight. Nevertheless, a heterogeneous body of literature reported significant 

associations, implicating food prices – albeit defined in several different ways – in 

weight status. 

 

 

 

  

Studies focussing on the other chief determinant of purchasing power, income 

(see Figure 2.5), were similarly prevalent. The synthesis of evidence provided in the 

reviews suggests an association between income and bodyweight amongst women, 

though not men. Unfortunately, there were no studies apparent which assessed both 

aspects of purchasing power – income and food prices – together. This would be a 

valuable avenue of research to help ascertain whether the two variables exert their 

influence on bodyweight via their role in establishing purchasing power. 
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Figure 2.4 Food prices and bodyweight within the food price-obesity framework 
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The results of the review of literature examining diet costs and bodyweight 

were inconclusive. Suggested reasons for this were predominantly related to the 

small number of studies, the heterogeneity of study design and settings, and 

identified issues with study quality. There is also the possibility that estimates of diet 

costs are too far removed in the hypothesised food price-obesity pathway (as 

illustrated in Figure 2.6), therefore making it more difficult to identify associations. The 

analyses of later chapters in this thesis will add to the limited evidence base. 
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Figure 2.5 Income and bodyweight within the food price-obesity framework 
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2.5.5 Wider implications 

Due to the mixed findings uncovered, the key implications from this review 

relate to future directions for research, rather than implications for policy or 

interventions. Firstly, the results indicate some significant gaps in the literature: it is 

interesting to see that no studies have been published which investigate food prices 

and dietary energy density, despite the implication of energy density in the proposed 

mechanistic pathway between food prices and obesity. There was also a paucity of 

literature based upon UK data, and there appeared to be an over-reliance on cross-

sectional designs, with a minority of longitudinal or time series analyses. There were 

also several other issues found with the quality of studies published in this field, 

particularly in an over-reliance on self-reported anthropometric measurements and 

poorly considered statistical analyses. There is much scope for improvement in future 

studies of this kind. 

A consideration of the literature has also brought to light that there is some 

confusion with regards to definitions of terms – for example, some studies and 

existing reviews do not differentiate between consumption in the economics sense (in 

other words, purchasing) and dietary consumption or reported dietary intake. One 

review also was not clear on the difference between studies employing food prices as 
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Figure 2.6 Diet costs and bodyweight within the food price-obesity framework 
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opposed to those estimating costs of diets. Clarification of the different terms and 

approaches is vital if a consistent message is to be communicated. 

Finally, the synthesis above has indicated that the underlying relationships in 

this area are complicated. In particular, various subgroups – males or females, the 

near poor, those with children – may elicit differing findings, which suggests that the 

food price-obesity hypothesis may not be as straightforward as it is often portrayed. 

Future research must bear in mind such differential effects. 

 

2.5.6 Limitations 

Whilst this review has attempted to illustrate as comprehensively as possible 

what is known about food prices, diet costs, energy density and body weight, practical 

considerations have imposed certain important limitations. Firstly, the search was 

confined to literature published in English, peer-reviewed publications, and did not 

include studies which reported purchasing data or the modelling of hypothetical 

scenarios. The rationale for this latter exclusion was partly because of the drawbacks 

of assuming purchasing and consumption are equivalent; however, it is 

acknowledged that these studies could supplement the literature base and contribute 

to our understanding of the causal mechanisms. 

Efforts were made to make the review process as systematic as possible. 

However, this review cannot be considered fully systematic, mainly because the 

majority of the review was conducted by a single reviewer. Furthermore, the pre-

established protocol written in 2011 was adapted and refined in the second stage of 

the review. Despite the reasons for this being justified (due to the subsequent 

publication of new reviews), this could be considered a weakness. 

Finally, the review was limited to a narrative synthesis of the findings, because 

the literature was too heterogeneous to conduct a satisfactory meta-analysis. 
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2.6 Conclusion 

This literature review was necessary to draw together the different aspects of 

evidence relating to micro-economic factors of overweight and obesity. Previous 

reviews did not address these multiple aspects. The recentness of most publications 

indicates this is an area of increasing attention in the research community, and the 

disparate approaches and mixed understanding of terms mean that a synthesis of 

studies was timely.  

Conclusions from the existing literature remain elusive. There are significant 

gaps in research, and existing studies are heterogeneous in design and setting and 

variable in quality. However, there are interesting results reported for many of the 

studies, reinforcing that this topic is a worthwhile area of investigation. The following 

chapters attempt to address some of the gaps identified – geographically (using UK 

data), and methodologically. However, the data available are not appropriate to 

address all of the gaps highlighted here – for example, longitudinal data are not 

available in the data set to be explored. An association between particular food prices 

and diet would have far-reaching consequences for public health initiatives, implying 

as it does that there may be fiscal means of counteracting the obesity ‘epidemic’. 
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Chapter 3 Sample description 

 

 

3.1 Summary 

The main analyses of this thesis will be conducted using data from the 

National Diet and Nutrition Survey (NDNS). The NDNS is a national dietary 

assessment survey, designed to represent the general UK population. This chapter 

will introduce the NDNS: its purpose and design, sampling techniques and data 

collection protocol. In addition, the chapter presents a description of the analytical 

sample, outlining some of the chief characteristics. 

A brief discussion of the survey limitations is included. In particular, a 

description of energy intakes in the sample is presented, and the possible presence 

and potential influence of under-reporting considered. 

This chapter will not cover the methods used in the derivation of new outcome 

variables from the sample data – for example, equivalized income, or diet costs. 

These will be explained in the chapters in which they feature (Chapters 4, 7 and 9). 

Further details about the NDNS are available from the survey reports – for 

example, Bates et al. (2011). 
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3.2 Introduction 

The NDNS is a national dietary monitoring programme, funded by the Food 

Standards Agency (FSA) and the Department of Health (DH). Previously, the survey 

comprised a series of one-off cross-sectional studies. Since 2008, however, a rolling 

programme was introduced, sampling around 1000 new participants each year. The 

purpose of the survey is to track national trends in dietary intake in relation to targets 

and recommendations, and to assess the nutritional status of different population 

groups. Therefore, every effort has been made to capture a nationally representative 

UK sample of individuals, aged 18 months and over. Sample recruitment methods are 

described in Section 3.3. 

The survey is carried out by NatCen (the National Centre for Social 

Research), MRC HNR (Medical Research Council, Human Nutrition Research), the 

joint surveys team at the Department of Epidemiology and Public Health UCL 

(University College London), and NISRA (The Northern Ireland Statistics and 

Research Agency). Data sets are deposited with the UK Data Archive (NatCen et al., 

2012). The original data creators, depositors and copyright holders of the NDNS and 

the UK Data Archive bear no responsibility for their further analysis or interpretation. 

The analyses in Chapters 4, 6, 7 and 8 use data from the first two waves of 

the programme, 2008-2009 and 2009-2010. The original sample was comprised of 

both children and adults; however only adult data (≥19 years; n=1031) were included 

in the analyses of this thesis. 

This chapter sets outs details about the NDNS recruitment and characteristics 

that are relevant for the interpretation of later results. The objectives are to: 

1. Outline the survey design and sample recruitment; 

2. Describe the sample characteristics; 

3. Present descriptive results of pertinent dietary and anthropometric 

measurements; 

4. Explain the derivation of new variables for this thesis; and 

5. Discuss how the methodology and characteristics of the sample may 

be relevant to the interpretation of the analyses in subsequent 

chapters. 

The descriptive results presented below relate to the analytical sample used in this 

thesis, and therefore may differ, albeit slightly, to the survey report. A discussion of 

sample weighting is also included. 
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3.3 Sample recruitment 

In each year of data collection, a nationally representative sample of 

individuals is selected from private residences drawn from the Postcode Address File 

(PAF). Participants from private residences only are included. 

A clustered sampling design was adopted to facilitate data collection: 27 

addresses were randomly selected from each of 120 Primary Sampling Units (PSUs), 

themselves randomly selected from across the UK. Where there was more than one 

household at an address, one household was randomly selected. The interviewer 

then randomly selected up to one adult and one child from each household. 

Participants who were currently pregnant or breastfeeding were excluded from the 

survey. Eighteen of the 27 addresses were selected as ‘child booster’ addresses, so 

that at least two thirds of each PSU contained individuals aged 18 years and under. 

Booster samples were recruited from Scotland, Wales and Northern Ireland to enable 

cross-country comparisons.  

 In Years 1 and 2, 10% of the eligible addresses declined to take part before 

household selection. After selection, there was an overall response rate of 64% of 

households, presenting data from 2126 ‘fully productive’ individuals. This thesis is 

concerned with adult data only, of which there were 1031 ‘fully productive’ 

participants. Follow-up data (see Section 3.5) was missing for 24% of these 

individuals.  

Seventeen participants were discovered to have incomplete dietary data 

(completing only three days of the four-day diet diary – see Section 3.5.2). This not 

only affects the daily diet cost estimates (which were calculated by assuming a total 

of four days’ dietary information), but also diminishes the level of confidence that can 

be attributed to the assumption that the dietary data reflect habitual intake. These 

participants were therefore excluded, leaving an analytical sample of 1014. 

 

3.3.1 Sample weighting 

Although designed to be a representative sample of the UK population, it is 

inevitable in survey sampling that non-response, clustering and other methodological 

factors result in a sample that deviates from the national demographic profile. For this 

reason, a weighting scheme for the NDNS has been calculated in an attempt to 

counteract any bias in selection probability or non-response. Weighting the sample in 
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this manner allows the survey team to publish results that can be said to represent 

the dietary intakes of the UK’s population. 

There are two types of survey weights employed in the NDNS: selection 

weights and non-response weights. Selection weights are employed due to the 

sampling procedure employed by the survey: because the selection is made at an 

address level, it is possible that multiple dwelling units within a single address, or 

multiple catering units within a single dwelling unit, will be under-sampled. Selection 

weights are added to these units so that these dwelling units and catering units are 

not under-represented. 

The method of applying non-response weights essentially involves replicating 

the responses of participants from a subgroup which experienced a higher rate of 

non-response. There is an underlying assumption that non-responding members of 

the subgroup would have responded similarly to responding members of the same 

subgroup in all aspects of the survey. Non-response weights in the NDNS are 

calculated with calibration methods using age, sex and Government Office Region. 

The extent to which the NDNS sample differs to national estimates is apparent 

in the weighting procedure adopted in analysis of the survey: the proportions of the 

sample falling under different demographic categories before and after the application 

of sample weights is specified in Appendix B of the NDNS report (Bates et al., 2011).  

The prime advantage of using an unweighted sample is the avoidance of 

relying on the assumption of within-group similarity in response. In addition, if the 

information used to create the sample weights is also included in a regression model, 

using sample weights will result in an inefficient model (Bloom and Idson, 1991). As 

described in Appendix B of the survey report, the demographic differences between 

the weighted and unweighted sample are minor. For these reasons, the analyses 

presented in this thesis use unweighted data, as has been the approach of other 

authors in this area (Chou et al., 2004). As a result, the investigations of subsequent 

chapters will be concerned with associations in the survey sample and cannot be 

considered representative of the population1. It should also be borne in mind that 

dwelling units in multiple-unit addresses and catering units in multi-occupied dwelling 

units are likely to be under-represented in the analytical sample. 

                                                
1
 Readers may be interested to compare the survey results presented in Chapter 6 of this thesis to the 

population estimates published in TIMMINS, K., HULME, C. & CADE, J. 2013a. The monetary value 

of diets consumed by British adults: an exploration into sociodemographic differences in individual-

level diet costs. Public Health Nutrition [Online]. Available: dx.doi.org/10.1017/S1368980013002905 

[Accessed 28 Nov 2013]. 
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3.4 Ethical considerations 

Ethical approval for the NDNS was sought and obtained at the outset from the 

Oxfordshire A Research Ethics Committee, as well as Local Research Ethics 

Committees in the areas in which data were collected. Details of ethical approval can 

be found in the survey report (Bates et al., 2011). This ethical approval applies to 

secondary analyses of the available anonymised data, such as those conducted in 

this thesis. 
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3.5 Methods 

Data were collected in two phases: firstly, a face-to-face interview ascertained 

participant characteristics, measurements of weight and height and administration of 

the four-day diary; ‘fully productive’ participants were then visited by a nurse for 

physical measurements (demi-span, waist and hip circumference, infant length, blood 

pressure), and blood and urine samples. 

 

 

3.5.1 Participant characteristics  

Characteristics relating to each participant were gathered using interviewer-

administered CAPI (Computer Assisted Personal Interview) or, in the case of smoking 

and drinking behaviours, self-completion questionnaires.  

 A summary of the NDNS weighted sample characteristics is included in the 

survey report (Bates et al., 2011). However, a further description of the specific 

variables involved in these analyses, including that of newly derived categories, was 

deemed necessary for the analytical sample to be used in this thesis. Summary 

statistics for key sociodemographic variables are therefore presented below. 

Categories for household income, employment (NS-SEC 8) and qualifications 

have been collapsed to facilitate analysis. Household income in the NDNS was 

assessed using 13 categories: <£5,000, £5,000 to £9,999, £10,000 to £14,999, 

£15,000 to £19,999, £20,000 to £24,999, £25,000 to £29,999, £30,000 to £34,999, 

£25,000 to £39,999, £40,000 to £44,999, £45,000 to £49,999, £50,000 to £74,999, 

£75,000 to £99,999, and £100,000 or more. These were collapsed to five bands: 

<£15,000, £15,000 to £24,999, £25,000 to £34,999, £35,000 to £49,999 and £50,000 

or more. 

Qualifications were collapsed from eight categories (degree or equivalent, 

higher education below degree, GCE A-level or equivalent, GCSE grades A-C, GCSE 

grades D-G or commercial qualifications, foreign or other, none, and still in full-time 

education) to four (degree or equivalent and higher education, GCE A-level or 

equivalent and foreign or other, GCSEs or commercial qualifications or currently still 

in full-time education, and none). 

The NDNS uses the NS-SEC 8 categories to describe occupational class:  

higher managerial and professional, lower managerial and professional, intermediate 

occupations, small employers and own account workers, lower technical and 
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supervisory, semi-routine occupations, routine occupations, never worked, and other. 

These were collapsed to four categories: managerial and professional (higher and 

lower), intermediate occupations and small employers and own account workers and 

lower technical and supervisory, routine and semi-routine occupations, and never 

worked with ‘other’. 

 

 

3.5.2 Dietary data  

Dietary consumption is measured in the NDNS by consecutive four-day un-

weighed food diaries. Estimated (or un-weighed) food diaries are commonly used in 

dietary studies, due to their relatively low participant burden (compared to weighed 

intake), ease of administration and flexibility. In addition, they compare favourably to 

other assessment methods – for example, one comparison study found that the 

nutrient and food intakes calculated from un-weighed diaries did not significantly differ 

from those obtained by weighed diaries collected over 16 days  (Bingham et al., 

1994).  

The diaries were provided to the participants on the first interview visit. The 

interviewer also contacted participants on the second or third day of the recording 

period, both to check recording and encourage completion. The selection of the start 

day for the diary recording period differed between Years 1 and 2, the main result of 

which was an over-sampling of weekend days in Year 1, and under-sampling of 

weekend days in Year 2. Details about day selection are described in Appendix A of 

Bates et al. (2011). 

Portion size photographs were included for 15 commonly consumed foods, 

but all other portions had to be estimated using household measures or package 

weights. Diary data were coded and recorded using the DINO (Diet In Nutrients Out) 

software, which incorporates UK food composition data (FSA, 2002). 

As well as recording foods and drink consumed, participants were asked to 

provide details for each eating occasion as to where it took place, with whom and 

whether it was at a table or whilst watching television. For each day they indicated 

whether the quantity they consumed was typical for them. 

Section 3.6.2 below provides a summary of the dietary intake of the analytical 

sample used in this thesis. This includes:  

 energy intake 
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 fruit and vegetable consumption (‘5 a day’) 

 special diets 

 unusual quantities of consumption, as reported 

 food away from home (FAFH) 

 alcohol consumption. 

In addition, a summary is reported of responses to the interview question on the main 

place of household grocery purchasing. A full description of dietary intake is included 

in the survey report (Bates et al., 2011), and will not be repeated here.  

 Three of the variables listed above – alcohol consumption, unusual quantities 

of food consumed, and FAFH – were newly derived from existing NDNS data to aid 

analysis. These are described in turn below.  

The calculation of ‘5 a day’ was performed by the NDNS team for the survey 

report and included as a binary variable (‘yes’ or ‘no’) in the data set. Achievement of 

the UK’s ‘5 a day’ recommendation was calculated from the dietary data, including 

composite dishes. The ‘5 a day’ criteria stipulate five portions, of 80g each, of fruit 

and vegetables, including dried fruit (30g for a portion) and up to one portion (150ml) 

of fruit juice, daily.  

 

3.5.2.1 Alcohol consumption 

Alcohol consumption was recorded in a number of ways in the NDNS, 

including by questionnaire (number of units in the previous week), as well as 

calculating average daily consumption from the diet diaries (by volume, in grams, and 

by per cent of total energy). Although both the self-report and diary methods are not 

without reporting bias, it was decided that the diary alcohol data were more 

appropriate given that it is the diary data which is included in the diet cost estimations.  

Due to the highly skewed distribution of alcohol consumption (in grams), a 

categorical variable was derived. The cut-off points for four categories were specified, 

based upon Department of Health recommendations for drinking (NHS, 2012): higher 

risk (more than eight units per day for men, six for women); increasing risk (more than 

four units but less than or equal to eight units per day for men, and more than three 

but less than six for women); lower risk (four units or less per day for men, three units 

or less per day for women); and abstainers (participants who did not report drinking 

any alcohol during the four diary data collection days). 
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Grams of alcohol were converted to units using a conversion rate of one UK 

unit being equivalent to eight grams of alcohol (NHS, 2013).  

 

3.5.2.2 Unusual daily intake reported 

For each day of diet diary recording, participants were asked to indicate if this 

was typical of the amount they eat and drink in a day, more than usual or less than 

usual. Two variables were created in which the number of days were summed – firstly 

the number of days more than usual; and secondly the number of days less than 

usual. 

 

3.5.2.3 Food away from home (FAFH) 

The place where food was eaten was recorded in the diary alongside each 

food item – for example, “at home – kitchen” or “fast food outlet”. This information was 

used to identify when food was consumed away from home and to generate a 

variable summing the number of days, if any, on which participants consumed FAFH 

during the diet diary collection.  
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3.5.3 Anthropometric data 

Height and weight measurements were taken by the trained interviewers on 

the first visit. Portable stadiometers and weighing scales measured to the nearest 

0.1mm and 0.1kg respectively. Details of equipment and protocols followed are 

described in the survey report (Bates et al., 2011). BMI (body mass index) was 

calculated using the standard formula: 

BMI = kg/m2. 

Equation 3.1 

 

Categories of BMI follow the World Health Organization (WHO) definitions 

(WHO, 2006), shown in Table 3.1. Both BMI and BMI classifications exist within the 

NDNS data sets as ready-derived variables. 

 

Table 3.1 WHO BMI classifications 

BMI category Category boundaries 

Underweight Less than 18.5 kg/m2 

Normal weight 18.5 to 24.99 kg/m2 

Overweight 25 to 29.99 kg/m2 

Obese 30 kg/m2 or over 

Morbidly obese 40 kg/m2 or over 

 

 

3.5.4 Statistical analyses 

Summary statistics were generated for all variables. In addition, a number of 

univariate analyses were conducted to explore patterns in dietary intakes, including: 

 Energy intakes between alcohol consumption groups, those who 

achieved or did not achieve ‘5 a day’, the frequency of FAFH reported, 

the frequency of unusual amounts of food consumed, and between 

BMI categories (bivariate linear regression, or p for trend). 

 Sociodemographic characteristics according to alcohol consumption, 

achievement of ‘5 a day’ and BMI category (chi2 comparisons). 

 Alcohol consumption and achievement of ‘5 a day’ according to BMI 

category (chi2 comparisons). 

All tests between BMI categories excluded underweight participants (BMI 

<18.5kg/m2; n=13) from the analysis. This was because of the small subgroup size, 

as well as the fact that the underweight were excluded from the main analyses of this 

thesis (see Section 4.3.4.3). 



110 

 

3.6 Descriptive results 

 

3.6.1 Sociodemographic characteristics 

Table 3.2 describes the sample in terms of sociodemographic categories. In 

total, 57% of respondents were female. Adults in the sample ranged from 19 to 94 

years of age, with the mean age being 49.3 (SD 17.5). In terms of ethnicity, the 

sample was of a white majority (93%, n=940). 

The mean number of people in the household was 2.5 (SD 1.3), with a range 

in size of one to nine persons. Almost a third of the sample (33%) lived in two-person 

households. In terms of main wage earner occupation, the majority of the sample 

(42%) fell under the “managerial and professional” description. A quarter of the 

sample reported having no qualifications (see Table 3.2). The distribution of reported 

household incomes is also shown in Table 3.2.  

  There were 226 participants who reported being a current regular cigarette 

smoker (22%), 247 reported ex-regular cigarette smokers (24%) and 541 who 

reported never having smoked cigarettes (53%).  

Thirty eight per cent (n=389) reported a limiting long-standing illness, disability 

or infirmity. Of these, 209 (21%) stated their illness limited everyday activities. Twelve 

per cent (n=126) reported having an illness in the two weeks prior to interview which 

restricted their usual activity.  
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Table 3.2 Summary of sociodemographic characteristics of adults in years 1 and 2 of 

the NDNS rolling programme, combined (n=1014) 

Variable 
Proportion of 

sample (%) 
Number of 
sample (n) 

Sex 
Male 

Female 

 
43% 
57% 

 
434 
580 

Country 
England 

Wales 
Scotland 

Northern Ireland 
Run in* 

 
81% 
5% 
7% 
3% 
4% 

 
817 
53 
70 
30 
44 

Ethnic group 
White 

Mixed ethnic 
Black or black British 
Asian or Asian British 

Any other group 

 
93% 
1% 
3% 
2% 
1% 

 
940 

9 
28 
24 
13 

Employment classification 
Managerial & professional 

Intermediate, small employers & lower supervisory 
Routine & semi-routine 
Never worked & ‘other’ 

 
42% 
30% 
25% 
4% 

 
421 
302 
250 
41 

Qualifications 
Don’t know/Not applicable 
Degree or higher education 

GCE A- level or equivalent (inc foreign qualifications) 
GCSEs or currently in full-time education 

No qualifications 

 
1% 

33% 
17% 
24% 
25% 

 
8 

338 
172 
245 
251 

Household income 
No answer/refused 

Don’t know 
Under £14,999 

£15,000 - £24,999 
£25,000 - £34,999 
£35,000 - £49,999 

£50,000 or more 

 
8% 
6% 

17% 
23% 
16% 
13% 
17% 

 
76 
63 

174 
237 
165 
130 
169 

Age group 
19-29 years 
30-39 years 
40-49 years 
50-59 years 
60-69 years 

70 years and over 

 
14% 
20% 
18% 
18% 
15% 
15% 

 
145 
202 
179 
184 
147 
157 

*The ‘Run-in’ refers to the pilot sample of the NDNS, collected prior to the main survey, but able to 
be combined with the main survey results because field procedures remained identical. 
NB – Percentages have been rounded to the nearest whole number 
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3.6.2 Dietary characteristics 

3.6.2.1 Energy intake 

Energy intakes of the analytical sample followed a normal distribution. Mean 

daily energy intake was 7699 kJ (95% CI 7544, 7854); mean daily food energy intake 

was 7242 kJ (95% CI 7103, 7381). 

 

3.6.2.2 Special diets 

There were 19 self-reported vegetarians, constituting less than 2% of the 

sample. In addition, 10% of the sample reported being on a special diet (n=103) (not 

including vegetarianism and veganism). Of these, more than half indicated that their 

diet had been recommended or prescribed by a medical professional. The majority of 

these special diets were weight-reducing diets (n=35).  

Excluding all special dieters increased the mean energy intakes of the sample 

to 7790kJ/d total energy (95% CI 7627, 7953) and 7322kJ/d food energy (95% CI 

7177, 7467).  

 

3.6.2.3 Fruit & vegetable consumption 

In terms of fruit and vegetable intake, 334 participants (33%) were found to 

achieve their ‘5 a day’. A greater proportion of ‘achievers’ were in managerial and 

professional occupations, and had a degree-level qualification. There was a lower 

proportion of achievers in the lowest income category, and vice versa. A greater 

proportion of those who did not consume ‘5 a day’ were in the youngest age group, 

and fell under the current smoker description. 

 

3.6.2.4 Alcohol consumption 

Forty per cent of the sample (32% males; 46% females) consumed no alcohol 

during the diary recording period, whilst 60% (68% males; 54% females) consumed at 

least some alcohol. Eight per cent (n=34) of men and 2% of women (n=13) had a 

mean daily alcohol unit consumption above the UK recommended limits (8 units and 

6 units for men and women respectively).  
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3.6.2.5 Food away from home 

A minority of the sample prepared or consumed all their food at home over the 

four days (n=213, 21%). Sixteen per cent (n=163) of participants ate out on all four 

days, 213 (21%) on three, 212 (21%) on two and 213 (21%) on just one day. 

 

3.6.2.6 Place of purchase 

The majority of the sample (74%, n=753) reported that they did their main 

grocery shop at a large supermarket.  

 

3.6.2.7 Unusual quantity of consumption reported 

Participants also indicated whether each day’s food intake was the usual 

amount they tend to eat, less than usual or more than usual. Almost half of the 

sample (46%, n=464) reported that the amount they recorded was a typical day’s 

consumption for them on all four days. The responses of the remainder are 

summarised in Table 3.3.  

 

Table 3.3 Number of participants reporting an atypical quantity of food consumed, and 

number of days on which the atypical amount was reported 

‘More than 
usual amount’ 

‘Less than usual amount’ 
0 days 1 day 2 days 3 days 4 days Total 

0 days 464 153 56 20 15 708 
1 day 158 45 7 1 0 211 
2 days 60 12 3 0 0 75 
3 days 12 2 0 0 0 14 
4 days 6 0 0 0 0 6 
Total 700 212 66 21 15 1014 

 

 

3.6.3 Anthropometric characteristics 

A valid BMI measurement was missing for 76 individuals (8%). Of those for 

whom the index was available, the median BMI was 26.4kg/m2 (IQR 22.9 to 

30.0kg/m2). BMI values showed a positive skew (skewness = 0.8). Twenty seven per 

cent of the sample were classified as obese (n=257), with 65% (n=607) either 

overweight or obese. The proportions of men and women in the sample classified in 

each BMI category can be seen in Figure 3.1 and Figure 3.2, and in Table 3.4.  
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Figure 3.1 Proportions of men in the NDNS sample within each BMI classification 

(n=434) 

 

 

 

Figure 3.2 Proportions of women in the NDNS sample within each BMI classification 

(n=580) 
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Table 3.4 Proportion of men (n=434) and women (n=580) in the NDNS sample (n=1014) 

within each BMI classification 

BMI classification Men (n) Women (n) Total (n) 

Underweight 1% (5) 1% (8) 1% (13) 

Normal weight 24% (106) 37% (212) 31% (318) 

Overweight 43% (185) 28% (165) 35% (350) 

Obese 26% (113) 25% (144) 25% (257) 

Measurement unavailable 6% (25) 9% (51) 8% (76) 

 

 

The characteristics of those without a valid BMI measurement are summarised 

in Table 3.5. Almost a third (32%) of those with missing BMI data were in the oldest 

age category (compared to 15% of the full sample). Compared to the full sample, a 

higher proportion of the participants with missing BMI were female (67% versus 57%), 

had no qualifications (30% versus 17%) and had missing income data (17% versus 

6% did not know their income and 17% versus 8% gave no answer regarding 

income). The participants without a valid BMI had lower energy intakes than the 

whole sample (7024kJ total energy (SD 2128kJ); 6643kJ food energy (SD 2010kJ)). 

A higher proportion had never regularly smoked (58%), consumed no alcohol during 

data collection (46%) and achieved their ‘5 a day’ (39%) than compared to the whole 

sample. 
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Table 3.5 Characteristics of participants without a valid BMI measurement (n=76) 

Variable 
Proportion of 

sample (%) 
Number of 
sample (n) 

Sex 
Male 

Female 

 
33% 
67% 

 
25 
51 

Country 
England 

Wales 
Scotland 

Northern Ireland 
Run in* 

 
80% 
9% 
6% 
1% 
4% 

 
61 
7 
4 
1 
3 

Ethnic group 
White 

Mixed ethnic 
Black or black British 
Asian or Asian British 

Any other group 

 
93% 
0% 
7% 
0% 
0% 

 
71 
0 
5 
0 
0 

Employment classification 
Managerial & professional 

Intermediate, small employers & lower supervisory 
Routine & semi-routine 
Never worked & ‘other’ 

 

 
36% 
33% 
26% 
5% 

 
27 
25 
20 
4 

Qualifications 
Don’t know/Not applicable 
Degree or higher education 

GCE A- level or equivalent (inc foreign qualifications) 
GCSEs or currently in full-time education 

No qualifications 

 
3% 

33% 
8% 

26% 
30% 

 
2 

25 
6 

20 
23 

Household income 
No answer/refused 

Don’t know 
Under £14,999 

£15,000 - £24,999 
£25,000 - £34,999 
£35,000 - £49,999 

£50,000 or more 

 
17% 
17% 
8% 

24% 
11% 
8% 

16% 

 
13 
13 
6 

18 
8 
6 

12 
Age group 

19-29 years 
30-39 years 
40-49 years 
50-59 years 
60-69 years 

70 years and over 

 
7% 

14% 
21% 
13% 
13% 
32% 

 
5 

11 
16 
10 
10 
24 

*The ‘Run-in’ refers to the pilot sample of the NDNS, collected prior to the main survey, but able to 
be combined with the main survey results because field procedures remained identical. 
NB - Percentages have been rounded to the nearest whole number 
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3.7 Univariate analyses 

3.7.1 Fruit & vegetable consumption 

Participants who achieved their ‘5 a day’ had a higher mean energy intake: 

8316kJ (95% CI 8036, 8596) vs 7396kJ (95% CI 7214, 7578) total energy (t=-5.55 (df 

1012), p<0.0001); and 7827kJ (95% CI 7572, 8082) vs 6955kJ (95% CI 6794, 7116) 

food energy (t=-5.89 (df 1012), p<0.0001). 

 

 

3.7.2 Alcohol consumption 

 Mean energy intakes showed a linear increase across rising alcohol 

consumption categories (as measured by the diet diary), both including and excluding 

energy from alcohol (p <0.001, in both instances; see Table 3.6). 

 

Table 3.6 Energy intakes by alcohol consumption category 

 

Alcohol consumption category 

None 

(n=410) 

Lower risk 

(n=425) 

Increasing 

risk (n=132) 

Higher risk 

(n=47) 

All consumers 

(n= 604) 

Mean daily 

energy, kJ 

(95% CI) 

6826 

(6619, 7033) 

7733 

(7514, 7952) 

8922 

(8537, 9307) 

11578 

(10660, 12496) 

8292 

(8086, 12496) 

Mean daily 

food energy 

kJ (95% CI) 

6788 

(6582, 6994) 

7360 

(7144, 7576) 

7738 

(7370, 8106) 

8756 

(8018, 9494) 

7551 

(7368, 7734) 

 

 

Alcohol consumption differed significantly by most of the sociodemographic 

variables, using chi2 comparisons. Men were more likely to consume alcohol than 

women. The middle age groups (from 30 to 59 years) had the highest proportions of 

alcohol consumers. There was a greater proportion of alcohol consumers amongst 

the managerial and professional occupation group, those with a degree qualification, 

and those who were married or divorced. The proportion of alcohol consumers 

appeared to increase with household income category. There were smaller 

proportions of alcohol consumers amongst those who had ‘never worked’, single-

person households or households with five or more people, and those who had been 

widowed. Ex-regular cigarette smokers and those who achieved their ‘5 a day’ were 

more likely to consume alcohol. All of these were statistically significant. 
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3.7.3 FAFH 

Mean energy intakes (total energy and from food only) increased with the 

number of days on which food was consumed away from home (p<0.001 for both 

using unadjusted regression) (Table 3.7). 

 

Table 3.7 Mean energy intakes (kJ) according to the number of days on which food 

away from home (FAFH) was consumed 

 

Number of days FAFH 

0 

(n=213) 

1 

(n=213) 

2  

(n=212) 

3 

(n=213) 

4 

(n= 163) 

Mean daily 

energy 

intake, kJ  

(95% CI) 

6853 

 (6540, 7166) 

7298 

(6998, 7598) 

7937 

 (7595, 8279) 

7856 

 (7550, 8162) 

8815 

 (8420, 9210) 

Mean daily 

food 

energy, kJ  

(95% CI) 

6607 

(6319, 6896) 

6915 

(6635, 7195) 

7469 

 (7168, 7770) 

7352 

 (7073, 7631) 

8063 

 (7715, 8411) 

 

 

3.7.4 Unusual quantity of consumption reported 

Energy intakes according to the number of days atypical quantities were 

reported are shown in Table 3.8. Mean energy intakes generally increased with the 

increasing number of days on which participants stated intake was more than usual; 

however, this was not always apparent when participants also reported days on which 

consumption was less than usual. 

 

Table 3.8 Mean energy intakes (kJ, standard deviations in brackets) according to the 

number of days on which atypical amount was reported 

‘More than 
usual amount’ 

‘Less than usual amount’ 
0 days 1 day 2 days 3 days 4 days 

0 days 7587 
(2372) 

7740 
(2609) 

7667 
(2835) 

6930 
(3510) 

4510 
(1852) 

1 day 8161 
(2741) 

7057 
(1877) 

7947 
(2315) 

5073  
(-) 

- 

2 days 8445 
(2052) 

7986 
(1849) 

6881  
(521) 

- - 

3 days 8409 
(1860) 

11535 
(65) 

- - - 

4 days 8649 
(2900) 

- - - - 
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3.7.5 BMI 

3.7.5.1 Sociodemographic differences in BMI 

In chi2 comparisons, proportions of normal weight, overweight and obese 

participants were found to significantly vary by age group, qualifications, marital 

status and cigarette-smoking status (Table 3.9). No significant differences were found 

for any of the other tested sociodemographic variables (survey year, country, 

ethnicity, household size, employment) or lifestyle variables (alcohol consumption, 

achievement of ‘5 a day’, FAFH). 

 

Table 3.9 Sociodemographic and lifestyle characteristics of normal weight, overweight 

and obese NDNS adults (n=925) 

Variable 

Normal 

weight 

(n=318) 

Overweight 

(n=350) 

Obese 

(n=257) 

p 

(chi2) 

Age group 

19-29 years 

30-39 years 

40-49 years 

50-59 years 

60-69 years 

70 years and over 

 

22% (70) 

24% (76) 

17% (55) 

14% (46) 

11% (36) 

11% (35) 

 

11% (39) 

19% (66) 

17% (60) 

19% (68) 

15% (51) 

19% (66) 

 

9% (24) 

19% (49) 

18% (45) 

23% (60) 

19% (49) 

12% (30) 

 

 

 

 

 

 

 

<0.01 

Employment classification 
Managerial & professional 

Intermediate, small employers & lower 
supervisory 

Routine & semi-routine 
Never worked & ‘other’ 

 
45% (142) 
28% (88) 

 
24% (75) 
4% (13) 

 
43% (152) 
30% (105) 

 
23% (80) 
4% (13) 

 
38% (97) 
32% (82) 

 
27% (69) 

4% (9) 

 
 
 
 
 
 

0.697 
Qualifications 

Degree or higher education 

GCE A- level or equivalent (inc foreign 

qualifications) 

GCSEs or current full-time education 

No qualifications 

 

39% (125) 

 

21% (67) 

21% (68) 

18% (57) 

 

34% (119) 

 

16% (57) 

23% (80) 

26% (91) 

 

27% (69) 

 

15% (39) 

28% (71) 

30% (76) 

 

 

 

 

 

0.004 

Marital status 

Single, never married 

Married and living with partner 

Married but separated 

Divorced 

Widowed 

 

36% (114) 

40% (126) 

3% (8) 

14% (43) 

8% (27) 

 

25% (88) 

48% (167) 

4% (13) 

11% (40) 

12% (42) 

 

22% (57) 

54% (140) 

2% (6) 

14% (37) 

7% (17) 

 

 

 

 

 

 

0.003 
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Variable 

Normal 

weight 

(n=318) 

Overweight 

(n=350) 

Obese 

(n=257) 

p 

(chi2) 

Cigarette-smoking status 

Never regularly smoked 

Ex-regular smoker 

Current regular smoker 

 

55% (175) 

18% (58) 

27% (85) 

 

53% (184) 

28% (99) 

19% (67) 

 

52% (134) 

28% (72) 

20% (51) 

 

 

 

 

0.01 

Achieve ‘5 a day’ 

Yes 

No 

 

35% (111) 

65% (207) 

 

32% (111) 

68% (239) 

 

31% (79) 

69% (178) 

 

 

 

0.522 

Alcohol consumption 

None 

Lower risk 

Increasing risk 

Higher risk 

 

37% (118) 

47% (148) 

11% (36) 

5% (16) 

 

40% (140) 

41% (144) 

14% (50) 

5% (16) 

 

43% (111) 

39% (100) 

13% (34) 

5% (12) 

 

 

 

 

 

0.582 

FAFH 

None 

1 day 

2 days 

3 days 

 4 days 

 

19% (59) 

19% (61) 

23% (72) 

25% (80) 

14% (46) 

 

19% (67) 

21% (73) 

23% (80) 

19% (68) 

18% (62) 

 

22% (56) 

22% (56) 

18% (46) 

21% (54) 

18% (45) 

 

 

 

 

 

 

0.508 

Less than usual quantity of food 

No days 

1 day 

2 days 

3 days 

4 days 

 

67% (212) 

21% (68) 

8% (24) 

3% (10) 

1% (4) 

 

72% (251) 

20% (69) 

6% (20) 

2% (7) 

1% (3) 

 

68% (174) 

22% (57) 

6% (16) 

1% (3) 

3% (7) 

 

 

 

 

 

 

N/A 

More than usual quantity of food 

No days 

1 day 

2 days 

3 days 

4 days 

 

66% (210) 

23% (73) 

9% (28) 

2% (6) 

<1% (1) 

 

72% (253) 

20% (70) 

6% (20) 

1% (4) 

1% (3) 

 

69% (177) 

20% (52) 

9% (23) 

2% (4) 

<1% (1) 

 

 

 

 

 

 

N/A 

Underweight excluded 

 

 

  

Table 3.9 (cont’d) 

 



121 

 

3.7.5.2 Dietary differences by BMI category 

Energy intakes by BMI classification, both including and excluding energy 

from alcohol, can be seen in Table 3.10. Differences between the normal weight, 

overweight and obese categories were found to be significant in both cases. The 

highest mean daily energy intake was found for the normal weight category. 

 

Table 3.10 Daily energy intakes by BMI classification (n=1014) 

 

BMI category P* 

Unavail-

able 

(n=76) 

Under-

weight  

(n=13) 

Normal 

weight 

(n=318 ) 

Over-

weight  

(n=350 ) 

Obese  

(n= 257) 

 

Mean 

energy 

intake, kJ  

(95% CI) 

7024 

(6538, 7510) 

7443  

(6059, 8827) 

7901 

(7615, 8187) 

7866 

(7603, 8129) 

7434 

(7125, 7743) 

0.03 

Mean food 

energy, kJ 

(95% CI) 

6643 

(6183, 7103) 

6832 

(5742, 7922) 

7440 

(7196, 7683) 

7386  

(7147, 7625) 

7000 

(6716, 7284) 

0.03 

* Test excludes underweight 

 

The proportion achieving their ‘5 a day’ did not differ by BMI classification, nor 

did the proportions in each alcohol consumption category. BMI categories were not 

found to differ according to the number of days on which an unusual quantity of food 

was consumed or the number of days food was eaten outside the home (Table 3.9). 

 

 

 



122 

 

3.8 Discussion 

This chapter described the characteristics of the unweighted NDNS sample, 

and summarised the dietary intakes and habits of participants. In addition, methods for 

deriving new variables (a measure of alcohol consumption, the number of days on 

which FAFH was consumed, and whether unusual quantities were reported) were 

outlined. A discussion of how these characteristics may influence the interpretation of 

later analyses is presented below. The appropriateness of using unweighted estimates 

is also considered. 

 

3.8.1 Representativeness of sample 

The basic sociodemographic differences between the weighted and unweighted 

samples have already been published in Appendix B of the NDNS report (Bates et al., 

2011). Comparisons of further characteristics of the unweighted sample in relation to 

national statistics are considered below. 

 

3.8.1.1 Dietary characteristics 

The mean energy intake of the analytical sample was 7.7 MJ per day, or 1831 

kcal (7.2 MJ or 1730 kcal per day excluding alcohol). In the NDNS headline results 

report, energy intakes are reported separately for those aged 19 to 64 years (7.7MJ/d 

total and 7.3MJ/d food energy) and those aged 65 and over (6.9MJ/d total and 6.7MJ/d 

food energy). 

A third of the analytical sample was found to achieve five portions of fruit and 

vegetables per day; this is slightly more than the 30% published in the report. 

The proportion of vegetarianism reported in the survey, at less than 2%, is 

slightly lower than recent national estimates: the 2009 FSA survey on Public Attitudes 

to Food Issues (GfK Social Research, 2009), for example, found 3% of a nationally 

representative sample reported being vegetarian. 

 

3.8.1.2 Cigarette smoking and alcohol consumption 

Reported cigarette smoking in this NDNS sample was similar to that reported in 

2011 by the Health Survey for England (HSE) (Craig and Mindell, 2011), which 

indicated that 23% of men and 19% of women were current regular smokers, 28% of 

men and 22% of women used to regularly smoke cigarettes, and 50% of men and 59% 
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of women had never smoked. This compares to 22%, 24% and 53% respectively in this 

sample (men and women combined). 

The distribution of alcohol consumption varies widely between national surveys. 

This is most likely due to the variation in the methods used to measure alcohol 

consumption. Using computer-assisted interview, the HSE found that 31% of men and 

46% of women reported consuming no alcohol in the previous week (Craig and Mindell, 

2011). This is very similar to the proportions of the NDNS found to consume no alcohol 

during the four-day diet recording period: 32% of men and 46% women. Amongst those 

who reported consuming alcohol in the HSE, a 7-day drinking diary indicated that 56% 

of males and 52% females exceeded the recommended daily limits. This compares to 

a much lower estimate of NDNS adults who exceeded recommendations: 8% of men 

and 2% women. It should be borne in mind, however, that the estimates for this sample 

are derived from an average daily alcohol consumption, rather than the number of 

participants exceeding recommendations on any one day. 

 

3.8.1.3 Income 

The £15,000 - £24,999 household income category was the largest in this 

sample. This category sits slightly below the national median salary for the 2008-09 tax 

year of £25,800 (ONS, 2009). The household income reported here, however, does not 

take into account household composition. This topic is addressed in detail in Chapter 4. 

 

3.8.1.4 BMI 

The proportion of the sample classified as obese (26% of men and 25% of 

women) was slightly higher than that found by the Health Survey for England 2009 

(Craig and Hirani, 2010) (22% men and 24% women). However, the percentages that 

were underweight (1% men and women), normal weight (24% men and 37% women) 

and overweight (43% men and 28% women) in the NDNS were found to be lower than 

HSE estimates, which reported 2% of men and women underweight, 32% of men and 

41% of women normal weight, and 44% of men and 33% women overweight. 

These differences represent minor discrepancies between the samples. As 

such, and because the HSE does not reflect data from Scotland, Wales and Northern 

Ireland, the NDNS sample can be judged an adequate representation of the BMI 

distribution found across the UK. 
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3.8.1.5 Summary 

Many of the descriptive results for the analytical sample presented in this 

chapter are similar to the findings of other national statistics, as described above. The 

unweighted sample was therefore judged to adequately reflect national characteristics 

and deemed appropriate for the purposes of the research aims of this thesis. 

  

3.8.2 Limitations 

The assumptions surrounding dietary research form the basis of extensive 

discussion in the literature, and the associated limitations are well-documented. A 

summary of the main limitations, together with the potential implication for this 

research, are presented here. 

Firstly, as in most dietary research, the accuracy of the data is dependent on 

the quality of the self-reported intake, and it is possible that diary entries contain errors 

and omissions, whether deliberate or unconscious. The suggestion of under-reporting, 

in this sample as in many others, indicates either a level of inaccuracy in recording or a 

behaviour modification in response to the measurement itself.  

Energy intakes of this NDNS sample are lower than national recommendations 

for both men and women, which are 10.9MJ/d and 8.7MJ/d respectively (SACN, 2011). 

Low energy intakes in the NDNS have been commented upon in previous reports, 

where they have been attributed to under-reporting (SACN, 2011). 

Furthermore, energy intakes were found to differ significantly between the BMI 

categories, with the obese exhibiting a lower mean intake than the other groups. 

Under-reporting of food intake by obese participants – for whom greater energy 

requirements would normally be expected – during dietary data collection has been 

observed in a number of other studies (for example, Rennie et al., 2007). Explanations 

for the phenomenon include altered diet recording due to social desirability motives, or 

the possibility that participants are reporting lower intakes due to following a weight-

loss diet. In this sample, participants indicated whether or not they were adhering to a 

special diet; therefore, it will be possible to exclude these dieters in future sensitivity 

analyses. However, the possibility of a systematic bias in the measurement of diet 

amongst the obese could severely hamper the ability to draw conclusions in analyses 

concerning BMI categories. It could mask potential relationships in the data, and will be 

important to consider when interpreting later analyses. This issue will be further 

discussed in relation to such analyses, in Chapters 7 and 8. 

 Unfortunately, the presence of under-reporting is difficult to establish without 

measurements of energy expenditure or data on physical activity. Data of this type are 
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not available for the full NDNS sample. A subset of the sample has been included in a 

doubly-labelled water (DLW) substudy (Bates et al., 2011), but at the time of writing, 

the results of this have yet to be published. 

 The coding of dietary data is also subject to limitations, including variability 

between coders, and the accuracy of the food and nutrient information assigned to the 

diary data. Food composition tables are restricted by the numbers and types of foods 

contained within them, and nearest alternatives may be substituted by coders where 

the actual food recorded is not available. As there is likely to be seasonal and 

manufacturer variation in the nutrient content of many foods, it is important to bear in 

mind that database-calculated intakes are estimates of actual intake. 

In calculating population intakes, there is also an assumption that the behaviour 

recorded over four days is indicative of habitual intake. In fact, the optimum number of 

recording days needed to gauge habitual intakes differs according to the nutrient or 

micronutrient of interest (Willett, 1998). The choice of a four-day diary recording period 

was made for the rolling programme of the NDNS, as the seven-day diary collection of 

previous NDNS surveys was felt to be burdensome to participants and less appropriate 

for certain age groups. Comparison studies of alternative dietary assessment methods 

are cited in Appendix B of the survey report (Bates et al., 2011), alongside the rationale 

for tool selection. Whilst this selection indicates the NDNS investigators’ confidence in 

the method chosen, it is unclear what the optimum data collection period would be for 

diet costs, and this should be borne in mind in later chapters. 

  

3.8.3 Strengths 

The NDNS makes use of sophisticated sampling and recruitment methods in 

order to best gather nationally representative data. It is currently the only 

representative national dietary survey in the UK, and as such is an important source of 

information about the population’s diets. Comparisons of findings relating to specific 

variables to those of other national studies confirms the representativeness of the 

sample, even without employing survey weightings. 

Another important advantage of the NDNS is that it collects professionally-

measured anthropometry, rather than self-reports. This should help to minimise self-

report bias that may be problematic in other studies. Although participants with missing 

or unavailable valid BMI measurements exhibited some differences in characteristics to 

the whole sample, the differences are likely to reflect the age profile of these 

participants, a third of which were in the oldest age category. The unavailability of BMI 

measurement amongst this age group is not unsurprising, given the difficulties 
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associated with anthropometric measurements in older adults (Hirani and Mindell, 

2008). 

An additional strength of the NDNS worth mentioning is the collection of 

information in the diet diaries indicating where each meal was consumed. This is an 

underused variable in the NDNS data, and to date has only featured in one previously 

published work (Mak et al., 2012). However, it is of particular importance in the 

analyses of this thesis, in that it can be used to ascertain which foods were consumed 

away from home. Food away from home is often more expensive than that consumed 

within the household (Wrieden and Barton, 2011). The newly derived FAFH variable 

enables estimation of how much of the diet is eaten, and possibly purchased, away 

from home. The majority of the sample (79%) reported that they consumed food away 

from home on at least one day during data collection. The proportion of the sample 

which ate any food away from home is too large to exclude in later analysis. However, 

the newly derived variable identifying the number of days on which FAFH was 

consumed can be used as a covariate in subsequent regression analyses. 

  

3.8.4 Other key points  

In addition to the standard limitations identified above, which are widely 

recognised in dietary research, it is necessary to take into account a few more factors 

which could be expected to influence dietary intake or food budget during the period of 

data collection, and as such could possibly confer additional measurement error if 

habitual behaviour is assumed. These include: periods of sickness, food consumption 

away from home and special diets. Data regarding each of these potential factors were 

collected with the survey. 

The number of participants reporting a period of illness during data collection, at 

12% of the total sample, could skew estimates of energy intake, due to either reduced 

intake as a result of symptoms, or increased intake to aid recovery. However, because 

data on the typicality of the quantity consumed were collected for each day of diary 

recording, it should be possible to identify where illness has caused reduced or 

increased intake.  Therefore, the indication of an unusual quantity consumed will be 

employed in sensitivity analyses, as opposed to reported illness. 

A small proportion (10%) of the sample reported being on a special diet. As the 

restrictions imposed by the diet could over-ride other considerations in dietary choices, 

this could impact on the food budget, as well as influencing dietary intake. The 

influence of special diets will be examined in sensitivity analyses. 
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Place of purchase could influence dietary expenditure; however, it is not 

possible to account for this using the food cost database to estimate diet cost. 

However, given that almost three quarters of the sample listed supermarkets as the 

location of their primary household shopping, the measurement error associated with 

alternative places of purchase is likely to impinge on only a minority of the sample. 

Nevertheless, it is a factor to be borne in mind when interpreting the diet cost estimates 

(see Chapter 5). 

Alcohol consumption is a behaviour of relevance to dietary research, even 

where energy from alcohol is excluded from analyses. In the NDNS sample, there was 

a positive relationship between energy intake – both including and excluding alcohol – 

and alcohol consumption category. This potentially indicates an increase in food 

consumption alongside the drinking of alcohol, or identifies a common underlying 

personality characteristic whereby those who are disposed to consume alcohol are also 

inclined to eat more. 

Finally, it is important to note that, because the survey was designed to be 

nationally representative, older adults make up a large proportion of the sample, with 

almost a third (30%) aged 60 years and over. There are three key points arising from 

this demographic profile. Firstly, with no upper age limit in the NDNS recruitment, the 

oldest age category, ’70 years and over’, encompasses a broad range of ages (up to 

94 years). The heterogeneity of this population group in terms of health, mobility and 

nutritional status is widely recognised (Keller, 2007). Secondly, the physiological and 

lifestyle changes associated with ageing are likely to impact on food selection, energy 

intake, and body composition (Gariballa and Sinclair, 2005). This may mean that the 

food price-obesity hypothesis is not as applicable to this age group. Thirdly, many of 

the adults in these top two age bands are likely to be retired. Not only does this imply 

this population is on lower incomes than younger age groups, but it may be that, due to 

the physical and social changes associated with ageing and retirement, the income 

they do report is not equivalent to that of working-age adults. In other words, the 

demand for other goods in later life will affect the proportion of income available for 

food. For example, spending more time in the home could increase demand for 

household heating – the consequence of which could be reduced purchasing power for 

food. (Indeed, seasonal variability in food insecurity has been observed amongst low-

income elderly populations in the US (Nord and Kantor, 2006).) 

In order to preserve the sample size for analyses in later chapters, and to 

describe diet costs for the UK population, the older adults will be included in the 

analytical sample. However, in many cases they will be excluded as part of sensitivity 

analyses. 
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3.9 Conclusions 

The description of the sample and its dietary characteristics sets the scene for 

the interpretation of analyses in subsequent chapters. Data support that the analytical 

sample is appropriate in its description as a nationally representative sample. However, 

there are important considerations regarding methodological limitations that need to be 

taken into account. In particular, the NDNS, like all dietary surveys, suffers the potential 

for bias brought about by mis-reporting. 

Despite this, the NDNS offers some data on important variables that may be 

crucial to the interpretation of later analyses. The consumption of food away from 

home, place of main grocery purchase and reporting of atypical quantities of food 

consumed will all be useful in clarifying the relationships examined in subsequent 

chapters. 

BMI categorisation was found to significantly vary by age group, qualifications, 

marital status and cigarette-smoking status. This hints at the potential roles that 

economic and socio-demographic factors may play in the establishment of weight 

status. These potential relationships are explored in Chapter 4. 

 

 

 

  



129 

 

Chapter 4 Income in the NDNS 
 

4.1 Summary 

This chapter introduces the first empirical analyses of this thesis. In considering 

the micro-economic determinants of obesity, the primary focus of the chapter is on 

income, as an important factor in purchasing power. 

 As a determinant of food budget, income might be expected to influence food 

purchases, thereby affecting dietary consumption. People with a tighter budgetary 

constraint may need to adopt coping strategies in order to meet energy requirements, 

potentially selecting more energy-dense foods as a result. Energy-dense diets are 

linked to higher energy intakes and could therefore promote positive energy balance. 

This chapter explores the relationship between income and energy density 

(kJ/g) and between income and body mass index (BMI) amongst adults in the NDNS. 

Findings reported in the literature are inconsistent on these topics, and this chapter 

includes a discussion about a possible explanation for this: much of the literature uses 

a measure of household income without accounting for household composition.  

The concept of equivalization is introduced in the chapter, and the income 

distribution – both household and equivalized – of NDNS participants is described. 

Equivalization involves weighting household income to account for differences in 

household composition, and is seldom employed in nutritional epidemiology, although 

commonly used in economic studies and national statistics. The impact of equivalizing 

income on the results of the analyses is considered. 

The results suggest a negative association between equivalized income 

category and energy density (excluding non-milk beverages). However, the trend was 

only statistically significant in linear models when those who reported their intake as 

unusual were excluded from analyses. The association was not evident in linear 

models when the non-equivalized income was used. 

A significant negative association was also evident between income category 

and BMI, but only for the equivalized income variable. Furthermore, the odds of being 

overweight or obese were significantly lower with increasing categories of equivalized 

income but no significant result was obtained using household income categories. 

The results illustrate the importance of equivalizing income to account for 

household composition appropriately. In this sample, equivalizing income had the effect 

of reclassifying 42% of participants. This potential misclassification could have 

important repercussions in research investigating income and health.  
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4.2 Introduction 

Chapter 1 established overweight and obesity as the major health challenge of 

the 21st century (WHO, 2007, Butland et al., 2007). The aim of this thesis is to examine 

micro-economic factors in excess energy intake, considering both demand-side and 

supply-side factors in purchasing power. Income is a key demand-side factor due to its 

role as a determinant of food budgets (see Chapter 1). Income is also an available 

variable in the NDNS data set, therefore making it appropriate for examination in this 

chapter. 

Socio-economic disparities have been widely documented in terms of both diet 

(James et al., 1997) and health (Marmot and Bell, 2012); however, much of the 

literature features an aggregate measure of socioeconomic status, making it difficult to 

tease out the independent influence of income (see Chapters 1 and 2). Aggregate 

measures are useful in defining inequalities, for which a single variable may be 

inadequate for capturing a complex phenomenon. On the other hand, it is recognised 

that the components of socioeconomic measures – most commonly, income, education 

and occupation – could vary in their predictive value because they are assumed to 

reflect different underlying mechanisms (Winkleby et al., 1992, Macintyre et al., 2003). 

Income as an independent predictive factor is of importance in this thesis 

because of its role as a limiting factor in food purchasing. People with a tighter 

budgetary constraint may need to adopt coping strategies in order to meet energy 

requirements, potentially selecting more energy-dense foods as a result (CARE/WFP, 

2003). Energy-dense diets have been linked to higher energy intakes (Prentice and 

Jebb, 2003) and could therefore promote positive energy balance and weight gain. 

Changes to diet in response to income ‘shocks’ have been documented (for example, 

von Hinke Kessler Scholder and Leckie, 2013, in Russia), highlighting the role of 

income in diet selection. 

Despite this, the modest literature published on income and diet offers a mixed 

picture. Whilst several studies have documented dietary differences between higher-

income and lower-income consumers, with better quality diets (variously defined) 

observed amongst those on higher incomes (Cassady et al., 2007, Cade et al., 1999, 

Darmon and Drewnowski, 2008, Hiza et al., 2013), this pattern has not always 

emerged (Waterlander et al., 2010, Du et al., 2004). Within the UK, the Low Income 

Diet and Nutrition Survey (LIDNS) suggested that dietary differences between income 

groups do not appear to be clear-cut: compared to the general UK population, LIDNS 

participants reported a lower consumption of wholemeal bread and vegetables and a 

higher consumption of soft drinks, processed meats, whole milk and sugar. On the 

other hand, the consumption of most foods and calculated nutrient intakes were 
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broadly similar to the UK as a whole, as were the proportions of overweight and obese 

in the LIDNS sample (Nelson et al., 2007). 

A small number of studies in adult populations have investigated dietary energy 

density as a marker of diet quality, in relation to income: three of these (Kant and 

Graubard, 2013, Waterlander et al., 2010, Aggarwal et al., 2011) are discussed in the 

systematic review presented in Chapter 2. A further study (Monsivais and Drewnowski, 

2009) was not included in the review because the article did not present the results of 

formal comparison tests, and another two studies (Ricciuto and Tarasuk, 2007, 

Wrieden and Barton, 2011) were not included because they estimated dietary energy 

density from expenditure data, rather than measuring diet itself. Ricciuto and Tarasuk 

(2007) found a strongly significant negative relationship between income and energy 

density, excluding beverages, calculated from a Canadian national expenditure survey. 

Wrieden and Barton (2011), using Scottish expenditure data, also found significant 

deprivation group differences (using the Scottish Index of Multiple Deprivation) in both 

the energy density from food only, and that calculated from food and milk. In contrast, 

findings of studies based on dietary data were mixed. Monsivais and Drewnowski 

(2009) found no significant differences between categories of income in dietary energy 

density of food only; however there were some differences that reached statistical 

significance when beverages (except water) were included in energy density estimates. 

From Chapter 2 it can be seen that only two studies (Kant and Graubard, 2013, 

Aggarwal et al., 2011) clearly demonstrated a negative relationship between income 

and dietary energy density, whilst Waterlander et al. (2010) failed to find any income 

group differences in their study.  

Contrasting findings may be due to the contexts of these studies – the findings 

of Waterlander et al. (2010), for example, included a sample of elderly Dutch adults. 

The other possibility is that there is disagreement on the effects of income on diet 

because income has been variously defined or measured in the different studies. 

Precise measurement of income is recognised to be difficult in survey design, and often 

broad categories of household income are used. Surveys also differ in whether they 

ask participants to include sources of income other than salary, and which sources they 

include. A key drawback of household income is that it is not equivalent across different 

household compositions: a household of two adults with an income of £30,000, for 

example, is likely to access a different standard of living than a family of six on the 

same income.  

Equivalization is a method of weighting household income to take into account 

the size and composition of the household (simply put, the number of adults and 

children). Several equivalization scales have been developed, varying in their 
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complexity – a summary of the most commonly employed has been compiled by 

Chanfreau and Burchardt (2008). Equivalization is a technique widely employed in 

economic studies and national statistics, but is seldom employed in nutrition research. 

Only one of the above studies investigating income and energy density (Kant and 

Graubard, 2013), for example, appears to have used equivalized income – one was not 

even able to account for household size (Waterlander et al., 2010).  

In obesity research, national statistics, such as those from the Health Survey for 

England (HSE), do often employ an equivalized income variable. Data from the HSE 

(NOO, 2010) suggest a linear decrease in the prevalence of obesity with increasing 

quintiles of equivalized income for females, though the pattern for men is less clear. 

However, this trend was not formally tested for significance in the HSE. Obesity studies 

which include formal analyses using equivalized income have tended to come from 

outside the UK. For example, in Germany, the odds of being obese have been found to 

be higher amongst the lower and middle tertiles of equivalized income for both adult 

men and women (Schumann et al., 2011) and in the US the lowest tertiles using the 

Poverty Income Ratio (PIR) had higher odds of obesity than the highest tertile amongst 

participants in the National Health and Nutrition Examination Survey (NHANES) (Ali et 

al., 2011). However, as far as the author is aware, the relationships between 

equivalized income and BMI or the odds of being obese are yet to be tested formally in 

a UK sample. 

The aim of this chapter is to explore the relationship between income and 

dietary energy density and the relationship between income and BMI amongst adults in 

the National Diet and Nutrition Survey (NDNS, see Chapter 3). In addition, the 

possibility that inconsistent findings in the literature could be due to a reliance on family 

income without accounting for household composition is considered. This is achieved 

by repeating analyses using either crude household income, household income 

adjusted for household size, or equivalized household income, and comparing the 

results. A similar approach is adopted by Benzeval et al. (2001) to identify the impact of 

equivalization of income in their study of long-term illness and self-reported health. 

The following objectives will be addressed in this chapter: 

1. To derive an equivalized income variable for adult participants in the NDNS; 

2. To calculate and describe the dietary energy density of NDNS adults; 

3. To assess whether income is related to dietary energy density amongst NDNS 

adults; 

4. To examine the relationship between income and BMI or overweight and 

obesity amongst NDNS adults; and 

5. To compare the influence of using equivalized versus crude household income 

or household income adjusted for size in testing the above relationships. 
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4.3 Methods 

 

4.3.1 Sample 

NDNS adult data from 2008-2010 were used. Further details about the survey 

design, sample recruitment and characteristics can be found in Chapter 3, as well as in 

the survey report (Bates et al., 2011). This section will briefly repeat the data collection 

methods used for the key exposure (income) and outcome variables (energy density 

and BMI). Following this, there will be a more detailed description of the methods used 

to derive new variables from the original data. 

 Household income was assessed by interview, with respondents placing 

themselves in one of 13 income brackets. Income data were given by 889 participants 

(the remaining 14% of the sample responded ‘No answer/refused’ or ‘Don’t know’). 

Categories were collapsed to five groups to facilitate analysis. 

BMI was calculated from height and weight measurements taken by the 

interviewer during the first survey visit. Valid BMI measurements were unavailable for 

81 participants. BMI classifications are based on WHO categories – overweight defined 

as a BMI between 25 and 29.9kg/m2; obesity as 30kg/m2 or over (see Chapter 3). 

Dietary data was collected using four-day diet diaries (see Chapter 3). Diaries 

are coded by the NDNS data creators using DINO (Diets In Nutrients Out) software, 

which estimates energy intakes using nutrient information from the UK food 

composition tables (FSA, 2002). Mean daily energy intake is a readily derived variable 

in the NDNS data sets, both in terms of total energy, and separately for food energy 

and alcohol energy. Kilojoules was the standard measurement adopted in these 

analyses. Some adults in the survey completed only three days’ worth of dietary data 

(n=17). 

Only adults with complete diary data (four days) were included in the analytical 

sample. In addition, those without valid anthropometric measurements had to be 

excluded from analyses involving BMI. The analytical samples therefore comprised 875 

and 814 respectively, from a possible 1014 adults. Unweighted sample data were used 

(see Section 3.3.1 for a discussion about the NDNS sample weighting scheme). 

 

 

4.3.2 Derivation of equivalized income 

There are a number of equivalence scales in use (see Chanfreau and 

Burchardt, 2008). The choice of scale used in these analyses was based upon the 

selection used for national figures. Until 2005/6, UK government statistics applied the 
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McClements scale (for example, in the Households Below Average Income, HBAI, 

report (DWP, 2013)). From 2006 onwards, the modified OECD scale was adopted to 

bring statistics in line with that of other departments and other members of the EU 

(Anyaegbu, 2010). The main difference between the scales is that the modified OECD 

scale assigns a single value to all children aged 14 years and under, and is therefore 

simpler than the McClements scale which includes several age-dependent values for 

children. The McClements scale uses a reference category (assigned a value of ‘1’) of 

a two-adult household. In this chapter, a rescaled modified OECD equivalence scale 

has been used to similarly assign a value of ‘1’ to a reference category of a two-adult 

household, as was practiced by Anyaegbu (2010). 

To derive equivalized income, the midpoint of each household income category 

was used (with the exception of the extreme highest category, “£100,000 and over”, for 

which a value of £100,000 was chosen). The following formula was used to assign 

each participant with an equivalence index based upon the rescaled modified OECD 

equivalence scale: 

 

equivalence index = (#Children*0.2)+(((#Adults-1)*0.33)+0.67). 

Equation 4.1 

 

Using this index, equivalized income could then be derived in the following manner: 

 

equivalized income =   household income 

    equivalence index. 

Equation 4.2 

 

The scale assumes a reference category of a two-adult household: the first 

adult in a household is allocated a value of 0.67, with each additional adult contributing 

a value of 0.33, and each additional child a value of 0.2. This takes into account 

economies of scale. The continuous equivalized income variable was then categorised 

to match the original NDNS household income classifications. Categories were 

collapsed to five groups to facilitate analysis.  

 

 

4.3.3 Calculation of energy density 

Energy density is typically defined as the average amount of energy consumed 

per gram of food in the diet. Several calculation methods have been employed in 

studies of energy density. These differ in their treatment of beverages in the calculation 
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– because liquids can contribute a disproportionate quantity of mass to the diet without 

adding much (if any) energy, investigators have variously excluded different types of 

beverages from energy density calculations. However, some beverages can contribute 

significant amounts of energy to the diet, and some beverages (such as milk) are 

consumed as foods as well as beverages, which has led to debate about which 

beverages, if any, should be excluded. Ledikwe et al. (2005) identified eight calculation 

methods: 

 All food and beverages 

 Food and energy-containing beverages 

 Food, juice and milk 

 Food and juice 

 Food and milk 

 Food and alcohol 

 Food and liquid meal beverages 

 Food only. 

 

A comparison of these calculation methods in a US sample (Ledikwe et al., 

2005) found substantial variation in energy density values. The authors concluded that 

the choice of method should reflect the purposes of the study. For instance, including 

liquid meals could be important amongst populations which consume a large amount of 

liquid meals, but is unlikely to make a significant impact in a more varied population.  

In the comparison study, Ledikwe et al cautioned against including all 

beverages except water in calculating energy density. This they argued was because 

people who consume mainly water, at the expense of other beverages, would be 

assigned a higher dietary energy density value than those who consume, in particular, 

low energy beverages. 

Dietary energy density was also the subject of a recent study in Scotland 

(Wrieden and Barton, 2011), in which values obtained through different calculation 

methods were compared for the Scottish population. Like Ledikwe et al above, the 

authors found substantial differences in energy density estimates depending on the 

method: including all beverages for example was found to halve the mean energy 

density of the sample. Based on their results, and in keeping with the WCRF 

recommendations, the authors advocated obtaining energy density estimates from food 

and milk, excluding non-milk beverages. 

Energy density in this chapter was therefore calculated using the energy and 

mass totals from food and milk, excluding all non-milk beverages. The NDNS data sets 

were imported into an Access database (to enable the diet cost calculations of later 
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chapters – see Section 6.3.1). Total intakes for energy (kJ) and mass (g) of food and 

milk were summed in Access. The totals were exported into the Stata data set, in which 

the new variable of energy density was generated by dividing the summed energy by 

the summed mass (kJ/g). 

 

 

4.3.4 Analytical methods 

The analyses in this chapter were designed to address the final three objectives 

of the chapter: 

3. To assess whether income is related to dietary energy density amongst NDNS 

adults; 

4. To examine the relationship between income and BMI or overweight and 

obesity amongst NDNS adults; and 

5. To compare the influence of using equivalized versus crude household income 

or household income adjusted for size in testing the above relationships. 

The sections below detail the analytical approaches taken for the key relationships 

under investigation. 

 All analyses were performed using Stata IC 12 (StataCorp, 2011). 

 

4.3.4.1 Descriptive analyses 

Descriptive analyses were run for the following variables: BMI, overweight and 

obesity, dietary energy density, household income and equivalized income. Sample 

means and standard deviations (or medians and interquartile ranges (IQR) where 

appropriate) are presented. 

In addition, mean dietary energy density was calculated for sociodemographic 

subgroups, and by BMI classification. Univariate tests (ANOVA) were used to identify 

differences in energy density between these sociodemographic or BMI categories. 

To gauge the effect of equivalization on participants’ categorisation into income bands, 

a contingency table was produced. The contingency table was produced by running a 

cross-tabulation of the frequency count in each income band using household income 

against equivalized income. Agreement between the income variables is denoted by 

the numbers falling into the diagonal cells: in other words, the diagonal cells (bold in 

Figure 4.1) show the number of participants that would be assigned to, for example, 

category A, regardless of the method used to define income. The contingency table 

can also be used to determine where the differences in categorisation lie. 
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Figure 4.1 A contingency table 

Category A B C D 

A XXXX xxx xxx xxx 

B xxx XXXX xxx xxx 

C xxx xxx XXXX xxx 

D xxx xxx xxx XXXX 

 

 

4.3.4.2 Income & dietary energy density 

Mean energy density (with standard deviations) were calculated for each 

income category – using the crude household income variable and the equivalized 

income variable. Means were compared in univariate analyses (ANOVA). 

 To account for household size (but not composition), means adjusted for 

household size were also computed for the crude household income categories, and 

compared using ANOVA. 

 The relationship between income category and dietary energy density was 

compared using multivariable linear regression, adjusting for age, sex and occupation. 

The process of covariate selection is described in Section 4.3.4.6 below. Three models 

were run: these are detailed in Table 4.1. 

 

Table 4.1 Summary of the variables included in the regression models investigating 

income and dietary energy density 

Model Exposure Outcome Covariates 
1a Crude household 

income 

Dietary energy density Age 

Sex 

Occupation 

1b Household income Dietary energy density Age 

Sex 

Occupation 

Household size 

1c Equivalized household 

income 

Dietary energy density Age 

Sex 

Occupation 

 

  

In Models 1a, 1b and 1c above, the income variables were entered as dummy 

variables using the Stata ‘i.’ prefix. Due to the ordinal nature of these categories, it may 

be more appropriate to treat these variables as linear categories, rather than dummy 

variables, in the regression model. Therefore, a further three models (denoted 2a, 2b 



138 

 

and 2c) were run in which the income variable was entered without the ‘i.’ prefix. These 

models were adjusted for the same covariates as identified for models 1a, 1b and 1c. 

Sensitivity analyses were planned for the models described above. Firstly, it 

may be the case that participants who have consumed an unusual amount (reported 

for each day in the diet diary as ‘more than usual’ or ‘less than usual’) also consumed  

unusual or atypical types of foods. Secondly, those who are adhering to a special diet 

(see Section 3.6.2.2) are likely to make different dietary choices than they would do 

normally. Participants indicated whether they were following a special diet during the 

diary data collection period. In both of these instances, the atypical dietary choices 

have the potential to interfere with the hypothesised relationship between income and 

diet. Therefore, each of the models was run with the following sensitivity analyses: 

 Excluding those who reported consuming an unusual amount (more or 

less than usual on any one day) 

 Excluding those who reported that they were following a special diet. 

 

4.3.4.3 Income & BMI 

Analyses for the continuous BMI outcome were similar to those carried out for 

dietary energy density (above). Firstly, univariate analyses tested for differences in BMI 

between income groups – Kruskal Wallis ANOVA was used due to the skewed 

distribution of BMI. 

The relationship between income and BMI was then further tested using 

multivariable linear regression analyses, in order to account for confounders. (Although 

the outcome, BMI, was skewed – see Section 3.6.3 – the linear regression model met 

the assumptions, and residuals were normally distributed.) As above, a model was run 

for each income variable, with a further model adjusting for household size (Table 4.2). 

 

Table 4.2 Summary of the variables included in the regression models investigating 

income and BMI 

Model Exposure Outcome Covariates 
3a Crude household 

income 

BMI Age 

Sex 

Occupation 

3b Household income BMI Age 

Sex 

Occupation 

Household size 

3c Equivalized household 

income 

BMI Age 

Sex 

Occupation 
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In models 3a, 3b and 3c, the income variables were included in each model as 

dummy variables. A further three models – 4a, 4b and 4c – were run in which the 

income variables were treated as linear, rather than being entered using the ‘i.’ Stata 

prefix (see Section 4.3.4.2). 

 In addition to excluding those participants with incomplete diary data and those 

without a valid BMI measurement, underweight participants (BMI <18.5kg/m2; n=13) 

were also excluded from the univariate and the regression analyses. As well as 

representing a small subgroup size, it was felt these participants – who it is assumed 

have experienced negative energy balance resulting in underweight – differ in their 

experience to those who have seen positive energy balance resulting in overweight or 

obesity. As overweight and obesity form a key focus in the aims of this thesis, the 

mechanisms underlying underweight were felt to be beyond the scope of this chapter. 

 No sensitivity analyses were judged practical for these analyses. In contrast to 

the analyses planned above (Section 4.3.4.2), excluding those who were on a special 

diet or reported unusual quantities of food would be expected to have little effect, 

because dietary data do not feature in the income-BMI models. 

 

4.3.4.4 Income & overweight + obesity 

Using a continuous variable, where available, will provide more information for a 

regression analysis than would categories of that variable (Naggara et al., 2011). 

Nevertheless, classifications of BMI are useful clinically in estimating risk of disease 

(WHO, 2006). For this reason, logistic regression models were also built to examine 

the income-BMI relationship. Due to lower participant numbers in the obese category, 

overweight and obese categories were combined to facilitate analyses. Logistic 

regression therefore investigated the odds of being classified as overweight or obese 

as opposed to being normal weight.  

To enable this analysis, a binary outcome variable was generated where ‘0’ 

denotes normal weight (BMI between 18.5kg/m2 and 24.9kg/m2) and ‘1’ denotes 

overweight or obese (BMI of 25kg/m2 or over). Descriptive analyses described the 

proportions of overweight and obese in each income category (crude household 

income and equivalized income). Chi2 analyses were run to indicate differences 

between income bands. Confounding variables were then included in multivariate 

analyses of the effect of income on the odds of being overweight or obese (Table 4.3). 

As described in the previous two sections (4.3.4.2 and 4.3.4.3), three models 

were run – one for each definition of income. Adjusted odds ratios are presented 
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alongside 95% CI. The selection of covariates to include is described in Section 

4.3.4.6. In all models, underweight participants were excluded (see Section 4.3.4.3). 

 

Table 4.3 Summary of the variables included in the logistic regression models 

investigating income and overweight or obesity 

Model Exposure Outcome Covariates 
5a Crude household 

income 

Overweight or obese Age 

Sex 

Occupation 

5b Household income Overweight or obese Age 

Sex 

Occupation 

Household size 

5c Equivalized household 

income 

Overweight or obese Age 

Sex 

Occupation 

 

 

 Similarly to the previous regression models described (Sections 4.3.4.2 and 

4.3.4.3), these logistic regression models (5a, 5b and 5c) were also run with the 

income variables treated linearly (models 6a, 6b and 6c), as opposed to being entered 

as dummy variables. 

  As above, no sensitivity analyses were deemed necessary. 

 

4.3.4.5 Statistical power 

The analyses described above are secondary analyses of an existing data set. 

The NDNS will have been powered to detect the survey’s primary aims, and not 

necessarily the outcomes identified in this chapter. Therefore it is important to consider 

the power of the data to investigate the aims of this study, even though the sample size 

has already been dictated. 

With an established sample size, the statistical power of the study to detect a 

desired effect size can be estimated. The hypothesized effect size is based on 

judgement – often based on the findings of previous literature or on clinical relevance. 

More power is necessary to detect a smaller effect size and vice versa, so the choice of 

a desirable effect value has important ramifications (Whitley and Ball, 2002). 

In the interest of parsimony, a recommended approach is to frame the effect 

size on the expected difference in the outcome between two groups of the sample, 

dichotomising on the predictor variable (Greenwood, 2011). There are three key 

relationships that form the focus of this chapter: income and dietary energy density; 

income and BMI; and income and overweight or obesity. A calculation of power is 
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necessary for each of these, so a hypothesized effect size will need to be chosen in 

each case, based upon the difference in the outcome that would be expected between 

high-income and low-income NDNS participants (see below). 

From the hypothesized effect size, the standardized mean difference (SMD) 

can be calculated (the effect size divided by the expected standard deviation of the 

sample mean). This, combined with the desired α (typically 0.05 or 0.01) and the 

known sample size, forms the basis for sample size calculations using a nomogram. 

The nomogram is a method for determining power or sample size graphically, first 

proposed by Altman (1991) and described by Whitley and Ball (2002). 

 

4.3.4.5.1 Income & energy density 

Four studies report the outcome of dietary energy density according to income 

group. Three of these (Wrieden and Barton, 2011, Monsivais and Drewnowski, 2009, 

Ricciuto and Tarasuk, 2007) report energy density in kcal, and have been converted to 

kJ to allow comparison (using a conversion of 1kcal=4.18kJ). The studies varied in the 

number of groups compared: Ricciuto and Tarasuk examined deciles; Monsivais and 

Drewnowski compared four categories; Wrieden and Barton included quintiles; and 

Waterlander et al (2010) used tertiles for one sample and binary groups for the second. 

These studies also used varying methods of calculating energy density. Comparing the 

mean energy density of the extreme categories results in differences ranging from 

0.04kJ/g to 0.92kJ/g. 

 

Table 4.4 Summary of effect sizes from the literature investigating income and energy 

density  

Study 
Number of income 

categories 

Difference between 
extreme categories 

(kJ/g) 

Energy density 
calculation 

Ricciuto and Tarasuk, 

2007 

10 -0.92 (fitted regression 

line) 

Food only 

Monsivais and 

Drewnowski, 2009 

4 -0.54 Food only 

  -0.46 Food + beverages, 

excluding water 

Waterlander et al, 

2010 

3 (AGHLS sample) Men 0.29 

Women -0.29 

Food only 

 2 (LASA sample) Men 0.62 

Women -0.04 

Food only 

Wrieden and Barton, 

2011 

5* -0.79 Food only 

  -0.38 Food + milk 

*categories of Scottish Index of Multiple Deprivation 
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Of the above, the paper by Wrieden and Barton is the only one to calculate 

energy density incorporating milk and food, as is the method used in this chapter. 

Using the difference, 0.38kJ/g, as the anticipated effect value, with a standard deviation 

of 1.4kJ/g, gives an SMD of 0.271. The analytical sample available for this analysis 

was 875. Using this information to trace the line through the nomogram, at α 0.05, 

estimates the power to detect this difference between groups to be 0.97, or 97%. This 

anticipated effect size 0.38kJ/g, was derived from a study which differs 

methodologically to the current analyses, in that purchasing and not dietary data were 

used to calculate energy density. Therefore a number of other potential effect sizes and 

significance scenarios are also presented in Table 4.5.  

 

Table 4.5 Estimated power of the NDNS sample to detect hypothesized effect sizes 

(differences in dietary energy density) at significance cut-offs of 0.05 and 0.01 

Anticipated effect 
size 

(difference, kJ/g) 
SMD 

Significance 
level (α) 

power 

0.38 0.271 0.05 

0.01 

0.97 

0.91 

0.6 0.429 0.05 

0.01 

>0.995 

>0.995 

0.2 0.143 0.05 

0.01 

0.80 

0.60 

 

 

4.3.4.5.2 Income & BMI 

The hypothesized difference in mean BMI between high- and low-income 

groups of the NDNS could be extrapolated from the most recent Health Survey for 

England (HSE) (Hirani, 2011), which reports the following age-standardized BMI 

means for equivalized income categories:  

 

Table 4.6 Age-standardized mean BMI (kg/m
2
) by quintiles of equivalized* income 

Equivalized 

income quintile 
Men Women 

Lowest 27.2 28.2 

 27.4 28.0 

 27.6 27.4 

 27.8 26.7 

Highest 27.5 25.8 

*Equivalized using the McClements equivalence scale 
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 Although there is no discernible trend amongst men, the data above suggest a 

negative trend between income and BMI amongst women, with a difference of 2.4kg/m2 

between the extreme income groups. A more modest difference would be expected if 

dichotomised groups, rather than extreme quintiles, were compared, especially if males 

and females are combined in analyses. Therefore, Table 4.7 lists the power 

calculations for a few hypothesized (dichotomous) effect sizes, using the nomogram as 

above. The SMD in this instance was computed by dividing the effect size by the 

standard deviation in the NDNS adults’ BMI distribution, which is 5.3kg/m2 (see Chapter 

3). The sample size is reduced due to missing BMI measurements, allowing just over 

800 participants. Table 4.7 indicates that the sample is adequately powered to detect a 

difference of 1.5kg/m2 or more between groups. 

 

Table 4.7 Estimated power of the NDNS sample to detect hypothesized effect sizes 

(differences in BMI) at significance cut-offs of 0.05 and 0.01 

Anticipated effect 
size 

(difference, kg/m2) 
SMD 

Significance 
level (α) 

power 

2.4 0.453 0.05 

0.01 

>0.995 

>0.995 

1.5 0.283 0.05 

0.01 

0.97 

0.96 

1 0.189 0.05 

0.01 

0.75 

0.50 

 

 

4.3.4.5.3 Income & overweight or obesity 

The analyses investigating overweight and obesity involve logistic regression 

models; therefore the hypothesized effect will be a difference in proportions of a 

dichotomised sample. The SMD for proportions are calculated with the following 

formula: 

 

(p1 – p2) 

√[p̄(1 - p̄)] 

Equation 4.3 

  

where p1 – p2 is the difference and p̄ is the mean of the two proportions (Whitley and 

Ball, 2002). 

Data from the HSE (Hirani, 2011) are available giving prevalences of 

overweight and obesity combined, by equivalized income quintile. These indicate a 

difference of 8% amongst men and 13% amongst women between extreme quintiles 
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(Table 4.8). However, the direction of the trend is opposite in men to that of women, 

making it difficult to select a hypothesized effect size for analyses of combined men 

and women. Table 4.9  therefore shows a number of possible effect sizes and the 

power of the NDNS sample to detect each, as calculated using the nomogram. The 

calculations indicate that the study is not adequately powered to detect a difference in 

proportions less than 10%. 

 

Table 4.8 Proportions of men and women classified as overweight or obese in the HSE, 

by equivalized* income quintile (%) 

Equivalized 

income quintile 
Men Women 

Lowest 63 62 

 65 63 

 67 60 

 73 57 

Highest 71 49 

*Equivalized using the McClements equivalence scale 

 

 

Table 4.9 Estimated power of the NDNS sample to detect different effect sizes 

(differences in proportions of overweight and obese) 

Anticipated proportion 
overweight/obese  

(high income, low income) 

Anticipated effect 
size 

(difference) 
SMD 

Significance 
level (α) 

power 

60%, 70% 10% 0.210 0.05 

0.01 

0.86 

0.70 

63%, 68% 5% 0.105 0.05 

0.01 

0.30 

0.14 

64%, 66% 2% 0.042 0.06 

<0.05 

0.08 

- 

 

 

4.3.4.6 Selection of covariates 

Regression goes beyond simply establishing an associative relationship: there 

is an underlying hypothesis regarding the causal relationship between exposure and 

outcome. In observational studies, especially those investigating chronic disease, there 

are likely to be other factors besides the exposure that also affect, or are causally 

related to, the outcome variable. Some of these may independently influence the 

outcome. On the other hand, where the aetiology is acknowledged to be multifactorial 

(as it is for obesity), many factors may also be related to each other, causally or by 

association. These inter-relationships mean that an observed exposure-outcome 
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association could in fact be a reflection of other underlying relationships. In order to 

make a statement about the role of the exposure variable in the aetiology of the 

outcome, it is necessary to isolate its influence. 

In an experimental setting, the influence of a causal variable can be isolated by 

controlling for other influences in the experimental design, and randomising participants 

to an exposed or control group. In epidemiology, controlling for the influence of other 

variables must be achieved by adjusting the regression model to include these 

influences. In this manner, the effect found of the exposure on the outcome takes into 

account the effects of the additional variables. 

If a variable independently affects the outcome, controlling for its effect will not 

alter the observed effect of the exposure of interest. If the variable influences the 

exposure, with no direct effect on the outcome, it merely represents a step higher up 

the causal pathway. It is only where a variable has an effect both on the exposure and 

on the outcome (as in Figure 4.2) that the exposure-outcome relationship is 

confounded, and, if uncontrolled for, it cannot be determined whether the observed 

relationship is a true relationship between exposure and outcome or actually reflects 

the influence of the confounder. 

 

 

 

 

Causal diagrams can help to establish the relationships between proposed 

determinants of the outcome. A directed acyclic graph (DAG) is a form of causal 

diagram that incorporates a priori assumptions about causal relationships in order to 

identify appropriate confounding variables (Greenland et al., 1999, Glymour, 2006). 

The premise of the DAG is that each variable is connected by arrows which 

demonstrate the direction of influence from one variable to another. Arrows are 

unidirectional, cementing the process of cause and effect. This unidirectionality also 

prevents cyclical relationships within the graph (hence the term ‘acyclic’). 

The process of creating a DAG provides a rigorous method for working through 

whether or not variables confound the relationship under investigation. A DAG was 

Confounder 

Outcome Exposure 

Figure 4.2 Illustration of a confounding variable’s relationship with 

exposure and outcome 
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created for both of the relationships forming the focus of this chapter: income and 

dietary energy density (Figure 4.3); and income and BMI (Figure 4.4). In each of these 

DAGs, the variables included in the regression models are in colour: green for the 

exposure variable, purple for the outcome and orange for the confounding variables. 

From each DAG, it is possible to work backwards along the causal routes, or 

trace the ‘open backdoor pathways’ (Greenland et al., 1999) to find common causes of 

both exposure and outcome. Any variable along the ‘backdoor pathway’ can be 

adjusted for in the regression; however, it is recommended that adjustments are made 

at the minimum number possible in order to maximise the robustness and efficiency of 

the model (Bowers, 2008) and reduce the potential for collinearity.  

In Figure 4.3 and Figure 4.4, the ‘backdoor pathways’ are depicted by the 

coloured arrows. Along each pathway, one variable has been selected (shown in 

orange) as a suitable adjustment. Both DAGs identified the same confounding 

variables: age, sex and employment (or occupation). Clearly it is reasonable to expect 

a link between occupation and income. Age is also connected to income, as increasing 

experience can be expected to attract higher pay grades. National statistics also 

identify a discrepancy in incomes between males and females in the UK (ONS, 2009). 

 These three variables were also linked to the outcome of dietary energy density 

in Figure 4.3. For age and sex, this putative causal pathway could be traced through 

the influence of age and sex on alcohol consumption, where alcoholic beverages will 

influence dietary energy density due to their liquid property. Although alcoholic 

beverages were excluded in the calculation of energy density in this sample (see 

Section 4.3.3), the literature suggests that food choices – including that of more energy 

dense foods – are associated with alcohol consumption (see, for example, Breslow et 

al., 2006, Breslow et al., 2013). Employment can be seen to exert its influence on 

energy density via another route: potentially encouraging the increased consumption of 

food away from home – found to be disproportionately energy-dense (Prentice and 

Jebb, 2003) – due to time constraints imposed by work commitments. 

Commonly in dietary energy density research, energy intake is included as a 

covariate in regression analyses. However, in the current investigation, energy intake 

cannot properly be conceived of as a confounding variable: although it usually is 

correlated with dietary energy density, it would not be thought to influence income. For 

this reason, energy intake has not been included as a variable in the regression 

models, but in order to allow comparison to other research, sensitivity analyses will be 

performed in which energy intake is adjusted for. 

Figure 4.4 illustrates the confounding influence of the same three variables on 

BMI. Age and sex are commonly recognised determinants of lean mass (Willett, 1998).  
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Employment may be less obviously linked to BMI, through its potential to influence 

daily physical activity (Proper and Hildebrandt, 2006). Of course, employment is not the 

sole determinant of physical activity, and it may therefore be preferable to adjust for 

physical activity itself. Unfortunately, this is not a variable available in the NDNS data. 

Smoking is another variable that is thought to be associated with BMI, and is often 

adjusted for in analyses investigating BMI as an outcome. However, its causal 

influence on income, and therefore its confounding influence, is less obvious. Rather 

than include smoking as a covariate in the main model, sensitivity analyses will be run 

in which smoking is also adjusted for. 

In addition to the confounding variables identified in the graphs, household size 

will be entered as a covariate in models 1b-6b. This is an approach often employed in 

nutrition epidemiology as an attempt to allow for differences in household composition. 

The results of this usual approach can then be compared to the results using an 

equivalized variable to determine which may be more useful in obesity research. 
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Food budget 

Food prices 

Food choice Dietary energy density 

Food preferences 
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Alcohol 

consumption 

Time constraints FAFH* 

*Food away from home 

Figure 4.3 Directed Acyclic Graph (DAG) showing factors associated with income and dietary energy density 
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Education 
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consumption 

Time constraints 

Figure 4.4 Directed Acyclic Graph (DAG) showing factors associated with income and BMI 
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4.4 Results 

4.4.1 Descriptive results 

4.4.1.1 BMI 

Of the participants with a valid BMI measurement, mean BMI was 27.5kg/m2 

(SD 5.3, n=938). The distribution of BMI values was positively skewed, however, with a 

median of 26.8kg/m2 (IQR 23.8kg/m2, 30.4kg/m2). Twenty seven per cent (n=257) of 

the sample were obese, 65% (n=607) were either overweight or obese. The BMI of the 

sample is described in more detail in Chapter 3. 

 

4.4.1.2 Dietary energy density 

Mean dietary energy density (excluding non-milk beverages) was 6.38kJ/g, SD 

1.42kJ/g (152kcal/100g, SD 34kcal/100g) (see Table 4.10). 

Men had a higher mean dietary energy density than women (6.68kJ/g vs. 

6.16kJ/g; p<0.01). Dietary energy density also differed significantly by age group, 

appearing to decrease with age (see Table 4.10). Other statistically significant 

differences were observed between categories of employment, household size and 

marital status, but not by qualification. Current regular smokers had a higher mean 

energy density than ex-smokers and non-smokers (6.94kJ/g compared to 6.17kJ/g and 

6.25kJ/g respectively; p<0.01), and those who achieved ‘5 a day’ had a lower energy 

density, at 5.50kJ/g, than those who did not (6.82kJ/g; p<0.01). 
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Table 4.10 Mean dietary energy density* by sociodemographic groupings, kJ/g  

Category 

(n) 

Mean 

(kJ/g) 
SD 

p value 

(ANOVA) 

Full sample (1014) 6.38 1.42  

Sex 

Female (580) 

Male (434) 

 

6.16 

6.68 

 

1.44 

1.34 

 

 

 

<0.01 

Age group 

19-29 years (145) 

30-39 years (202) 

40-49 years (179) 

50-59 years (184) 

60-69 years (147) 

70 years and over (157) 

 

7.17 

6.71 

6.41 

6.17 

5.85 

5.96 

 

1.55 

1.32 

1.33 

1.52 

1.20 

1.16 

 

 

 

 

 

 

 

<0.01 

Employment classification 

Managerial & professional (421) 

Intermediate, small employers,  lower supervisory (302) 

Routine & semi-routine (250) 

Never worked & ‘other’ (41) 

 

6.30 

6.22 

6.70 

6.48 

 

1.44 

1.26 

1.51 

1.43 

 

 

 

 

 

<0.01 

Qualifications** 

Degree or higher education (338) 

GCE A-level or equivalent, foreign qualification (172) 

GCSEs/still in full-time education (245) 

No qualifications (251) 

 

6.40 

6.43 

6.45 

6.29 

 

1.42 

1.35 

1.57 

1.32 

 

 

 

 

 

0.63 

    

Household size 

1 person (268) 

2 people (336) 

3 or 4 people (327) 

5 or more people (83) 

 

6.16 

6.27 

6.60 

6.69 

 

1.42 

1.40 

1.40 

1.42 

 

 

 

 

 

<0.01 

Marital status 

Single, never married (289) 

Married and living with partner (467) 

Married but separated (30) 

Divorced (127) 

Widowed (101) 

 

6.66 

6.36 

6.45 

6.23 

5.88 

 

1.38 

1.38 

1.36 

1.52 

1.16 

 

 

 

 

 

 

<0.01 

Achieve ‘5 a Day’ 

Yes (334) 

No (680) 

 

5.50 

6.82 

 

1.05 

1.38 

 

 

 

<0.01 

Cigarette-smoking status 

Never regularly smoked (541) 

Ex-regular smoker (247) 

Current regular smoker (226) 

 

6.25 

6.17 

6.94 

 

1.46 

1.21 

1.41 

 

 

 

 

<0.01 

*Energy density calculated from food and milk; **Missing qualifications data for n=8 participants 
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Mean dietary energy density within each category of BMI is presented in Table 

4.11. An analysis of dietary energy density by normal weight, overweight and obese 

BMI categories did not reveal any statistically significant differences between these 

groups (F(2, 922) = 1.44; p=0.24). 

 

Table 4.11 Mean dietary energy density in the NDNS sample for each BMI classification 

(n=1014) 

BMI classification 

(n) 

Mean 

(kJ/g) 
SD 

p value 

(ANOVA) 

Not applicable (76) 

Underweight (13) 

Normal weight (318) 

Overweight (350) 

Obese (257) 

6.00 

7.02 

6.51 

6.35 

6.38 

1.61 

1.43 

1.39 

1.45 

1.52 

 

 

 

 

 

0.24* 

* tested only between normal weight, overweight and obese groups 

 

4.4.1.3 Income 

As described in Chapter 3, the most commonly reported crude annual 

household income category was between £15,000 and £24,999 (23%). Seventeen per 

cent reported an income below this, 16% reported £25,000 to £34,999, 13% £35,000 to 

£49,999 and 17% £50,000 or more. The remaining 14% (n=139) of the sample either 

did not know their annual household income or declined to answer. 

Using equivalized income categories, participants were evenly split amongst the 

bottom three income categories, with 20% (n=198) having an equivalized income 

below £15,000, 20% (n=202) in the category of £15,000 to £24,999, 19% (n=197) in 

the £25,000 to £34,999 category, 14% (n=142) in the £35,000 to £49,999 category and 

13% (n=136) in the highest income category.  

Following equivalization, 42% of the sample (n=371) were reclassified into 

different income brackets (see Table 4.12): 163 moved up to a higher category and 208 

moved down. 
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Table 4.12 Cross-tabulation of household income and equivalized household income: 

number in each category 

  
Equivalized income 

Household  
income £14,999 

or less 

£15,000 
to 

£24,999 

£25,000 
to 

£34,999 

£35,000 
to 

£49,999 

£50,000 
or more 

Total 

£14,999 or less 143 31 0 0 0 174 

£15,000 to £24,999 52 106 79 0 0 237 

£25,000 to £34,999 3 52 73 37 0 165 

£35,000 to £49,999 0 13 39 62 16 130 

£50,000 or more 0 0 6 43 120 169 

Total 198 202 197 142 136 875 

Participants who did not change income category following equivalization are shown in 
bold. 
 

 

 

4.4.2 Income & energy density 

Missing income data for 139 participants left an analytical sample of 875. Mean 

dietary energy density according to categories of income are presented in Table 4.13. 

Mean energy density differed significantly between categories of equivalized income 

(p=0.04) but not between crude household income categories (p=0.08). A linear trend 

by income category was not obvious. 

 
Table 4.13 Mean energy density by income category, using reported household or 

equivalized income (n=875) 

 
Equivalized household income Crude household income 

Category n 

Mean 

DED 

(kJ/g) 

SD 
p value 

(ANOVA) 
n 

Mean 

DED 

(kJ/g) 

SD 
p value 

(ANOVA) 

£14,999 or less 198 6.62 1.55  174 6.47 1.47  

£15,000 to £24,999 202 6.46 1.29  237 6.34 1.45  

£25,000 to £34,999 197 6.18 1.37  165 6.30 1.32  

£35,000 to £49,999 142 6.45 1.55  130 6.72 1.53  

£50,000 or more 136 6.34 1.26  169 6.35 1.29  

    0.04    0.08 

 

 

Household size-adjusted means are presented in Table 4.14. Differences in 

mean energy density between household income categories were not statistically 

significant when adjusting for household size. 

 

 



154 

 

 

 

Table 4.14 Mean energy density by reported household income category, adjusted for 

household size (n=875) 

 
Household income, adjusted for size 

Category n 
Mean 

(kJ/g) 
95% CI 

p value 

(ANCOVA) 

£14,999 or less 174 6.33 6.09, 6.57  

£15,000 to £24,999 237 6.14 5.91, 6.37  

£25,000 to £34,999 165 6.05 5.77, 6.32  

£35,000 to £49,999 130 6.41 6.10, 6.72  

£50,000 or more 169 6.03 5.73, 6.32  

    0.06 

 

 

In the multivariable regression models (adjusted for age, sex and occupation), 

equivalized income was not found to be associated with dietary energy density (see 

Table 4.15). On the other hand, crude household income was significantly associated 

with energy density, both with and without adjustment for household size (overall 

p=0.03 and p=0.04 respectively). As an example, the coefficient for the highest 

household income category indicates that this category was associated with a lower 

dietary energy density of 0.27kJ/g compared to the lowest category (adjusting for 

household size). Overall findings were similar when energy intake was included in the 

model in the sensitivity analyses. 

 

Table 4.15 Multivariable linear regression of income categories (a separate model for 

each income variable definition) on dietary energy density (excluding non-milk 

beverages), adjusted for age, sex and occupation (n=875) 

 

Model 1a 

Crude household 

 income 

Model 1b 

Household income 

adjusted for size 

Model 1c 

Equivalized  

income 

Category 
Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

£14,999 or less 

(reference) 

- - - - - - 

£15,000 to £24,999 -0.07 

(-0.33, 0.19) 

0.61 -0.09 

(-0.35, 0.18) 

0.51 -0.13 

(-0.40, 0.13) 

0.33 

£25,000 to £34,999 -0.32  

(-0.61, -0.02) 

0.04 -0.35 

(-0.65, -0.05) 

0.02 -0.33 

(-0.60, -0.05) 

0.02 

£35,000 to £49,999 0.12 

(-0.21, 0.45) 

0.48 0.07 

(-0.26, 0.41) 

0.67 -0.18 

(-0.49, 0.13) 

0.25 

£50,000 or more -0.21 

(-0.53, 0.10) 

0.19 -0.27 

(-0.59, 0.06) 

0.10 -0.30 

(-0.62, 0.02) 

0.07 

Overall  0.04  0.03  0.17 
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Table 4.16 Sensitivity analysis of income regressed on dietary energy density (excluding 

non-milk beverages), adjusted for age, sex, occupation and food energy (n=875) 

 

Model 1a 

Crude household 

 income 

Model 1b 

Household income 

adjusted for size 

Model 1c 

Equivalized  

income 

Category 
Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

£14,999 or less 

(reference) 

- - - - - - 

£15,000 to £24,999 -0.14 

(-0.40, 0.11) 

0.29 -0.16 

(-0.41, 0.10) 

0.23 -0.12 

(-0.38, 0.13) 

0.34 

£25,000 to £34,999 -0.37  

(-0.65, -0.08) 

0.01 -0.40 

(-0.69, -0.11) 

0.01 -0.31 

(-0.57, -0.05) 

0.02 

£35,000 to £49,999 0.03 

(-0.29, 0.34) 

0.87 -0.02 

(-0.34, 0.30) 

0.91 -0.22 

(-0.52, 0.07) 

0.14 

£50,000 or more -0.26 

(-0.56, 0.04) 

0.09 -0.31 

(-0.62, -0.01) 

0.05 -0.30 

(-0.61, 0.00) 

0.05 

Overall  0.04  0.02  0.15 

 

 

When income was included in the multivariable linear regression models as a 

linear variable (and not a series of dummy variables, as above), in each case, there 

was no significant association. The adjusted R2 for each model was similar. 

 

Table 4.17 Linear regression of income on energy density, with income categories 

treated as continuous, adjusting for age, sex and occupation (n=875) 

 

Model 2a 

Crude household 

income 

Model 2b 

Household income 

adjusted for size 

Model 2c 

Equivalized 

income 

Adjusted R2 0.109 0.110 0.112 

Coefficient 

(95% CI) 

-0.03 

(-0.10, 0.04) 

-0.04 

(-0.12, 0.03) 

-0.07 

(-0.14, 0.00) 

P value 0.42 0.25 0.06 

 

 

Excluding those who reported an unusual amount of food consumed (n=514) 

did not alter the results in the models where income was entered as dummy variables. 

However, when these participants were excluded in the models in which income was 

entered as a linear variable, the coefficient for equivalized income achieved statistical 

significance (-0.14; 95% CI -0.25, -0.03; p=0.01). This suggests a lower energy density 

of 0.14kJ/g with each increasing equivalized income band. 

Excluding participants who were following a special diet (n=91) resulted in no 

significant associations for any of the income variables treated as dummy variables. 

Where the income variables were treated linearly, however, and those on special diets 
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were excluded, equivalized income was found to be significantly associated with 

energy density: with each progression up through the income bands, a lower energy 

density of 0.09kJ/g was predicted (95% CI -0.16, -0.01; p=0.02). 

 

 

4.4.3 Income & BMI  

 The sample was further reduced to 825 due to missing BMI data (n=50). BMI differed 

between equivalized (p=0.04) but not crude household (p=0.08; not adjusted for 

household size) income categories (Table 4.18). 

  

Table 4.18 Median BMI (kg/m
2
) by income category, using reported household or 

equivalized income (n=825) 

 
Equivalized household income Crude household income 

Category n 
Median 

BMI 
IQR P* n 

Median 

BMI 
IQR P* 

£14,999 or less 190 26.9 23.5, 31.8  168 26.8 23.2, 31.8  

£15,000 to £24,999 190 27.5 23.9, 31.6  219 27.4 24.2, 31.0  

£25,000 to £34,999 184 27.1 24.3, 30.1  157 27.7 24.1, 31.2  

£35,000 to £49,999 134 26.5 24.0, 30.2  124 26.4 23.8, 30.1  

£50,000 or more 127 25.5 23.2, 28.9  157 26.0 23.3, 29.4  

    0.04    0.08 

* p for Kruskal-Wallis ANOVA 

 

  

Despite skewness of the outcome variable (see Section 3.6.3), residuals for the 

regression analysis were found to be normally distributed and the assumption of 

constant variance was also met. Regression of dummy income categories on BMI, 

adjusted for age, sex and occupation, revealed no significant association using either 

income variable (Table 4.19).  
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Table 4.19 Multivariable linear regression of income categories (a separate model for 

each income variable definition) on BMI, adjusted for age, sex and occupation (n=814) 

 

Model 3a 

Crude household 

 income 

Model 3b 

Household income 

adjusted for size 

Model 3c 

Equivalized  

income 

Category 
Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

£14,999 or less 

(reference) 

- - - - - - 

£15,000 to £24,999 -0.30 

(-1.39, 0.79) 

0.59 -0.376 

(-1.47, 0.72) 

0.50 -0.13 

(-1.23, 0.96) 

0.81 

£25,000 to £34,999 0.26 

(-0.97, 1.48) 

0.68 0.12 

(-1.12, 1.35) 

0.85 -0.72 

(-1.85, 0.40) 

0.21 

£35,000 to £49,999 -0.47 

(-1.82, 0.87) 

0.49 -0.68 

(-2.05, 0.69) 

0.33 -0.74 

(-2.01, 0.53) 

0.25 

£50,000 or more -0.74 

(-2.06, 0.57) 

0.27 -0.99 

(-2.33, 0.36) 

0.15 -1.31 

(-2.66, 0.03) 

0.06 

Overall  0.55  0.42  0.31 

Underweight (n=11) excluded 

 

The inclusion of smoking status in the models, in the sensitivity analysis, altered 

coefficients slightly, but resulted in similar overall p values for the income variables. 

 

Table 4.20 Multivariable linear regression of income categories (a model for each income 

variable definition) on BMI, adjusted for age, sex, occupation and smoking (n=814) 

 

Model 3a* 

Crude household 

 income 

Model 3b* 

Household income 

adjusted for size 

Model 3c* 

Equivalized  

income 

Category 
Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

Coefficient 

(95% CI) 
p  

£14,999 or less 

(reference) 

- - - - - - 

£15,000 to £24,999 -0.37 

(-1.46, 0.73) 

0.51 -0.44 

(-1.53, 0.66) 

0.44 -0.30 

(-1.39, 0.80) 

0.60 

£25,000 to £34,999 0.13 

(-1.09, 1.35) 

0.84 -0.00 

(-1.24, 1.23) 

>0.99 -0.78 

(-1.91, 0.34) 

0.17 

£35,000 to £49,999 -0.56 

(-1.90, 0.79) 

0.42 -0.75 

(-2.12, 0.62) 

0.28 -0.89 

(-2.16, 0.38) 

0.17 

£50,000 or more -0.87 

(-2.19, 0.45) 

0.20 -1.10 

(-2.45, 0.25) 

0.11 -1.46 

(-2.81, -0.12) 

0.03 

Overall  0.53  0.40  0.25 

Underweight (n=11) excluded 

*Sensitivity analysis: also adjusting for smoking status. 

 

However, treating the income variables as linear in the models (Table 4.19) 

revealed a significant negative relationship with equivalized income: each increasing 

equivalized income category was associated with 0.33kg/m2 lower BMI. No significant 
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relationship was evident for household income, whether crude or adjusted for 

household size. 

 

Table 4.21 Linear regression of income on BMI, with income categories treated as 

continuous, adjusting for age, sex and occupation (n=814) 

 

Model 4a 

Crude household 

income 

Model 4b 

Household income 

adjusted for size 

Model 4c 

Equivalized 

income 

Adjusted R2 0.0028 0.0058 0.0078 

Coefficient 

(95% CI) 

-0.17 

(-0.47, 0.14) 

-0.23 

(-0.54, 0.09) 

-0.33 

(-0.63, -0.02) 

P value 0.29 0.16 0.04 

Underweight (n=11) excluded 

 

 

4.4.4 Income & overweight + obesity  

The proportion of adults classified as overweight or obese differed according to 

equivalized but not crude household income in the univariate analyses (see Table 

4.22). The lowest proportion was amongst those in the highest equivalized income 

category (53%). 

 

Table 4.22 Proportion of adults classified as overweight or obese in each income 

category (n=814) 

 
Equivalized household income Crude household income 

Category n 

% 

overweight 

+ obese 

p value*  n 

% 

overweight 

+ obese 

p value* 

£14,999 or less 183 67  162 65  

£15,000 to £24,999 188 68  215 70  

£25,000 to £34,999 183 70  157 69  

£35,000 to £49,999 133 63  123 63  

£50,000 or more 127 53  157 57  

   0.02   0.09 

* chi2 comparison; underweight (n=11) excluded 

 

 

Using dummy income variables, logistic regression found no overall association 

between income and the odds of being classified as overweight or obese: this was true 

whichever definition of income was used (see Table 4.23). However, the odds of being 

overweight or obese were significantly lower in the highest equivalized category 

compared to the lowest (OR 0.54, 95% CI 0.31, 0.92, p=0.03), indicating 46% lower 
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odds. Odds ratios did not differ by household income category, whether or not the 

model was adjusted for household size.  

 

Table 4.23 Results of logistic regression models investigating income and the odds of 

being overweight or obese (n=814) 

 

Model 5a 

Crude household 

 income 

Model 5b 

Household income 

adjusted for size 

Model 5c 

Equivalized  

income 

Category 
OR 

(95% CI) 
p 

OR 

(95% CI) 
p 

OR 

(95% CI) 
p 

£14,999 or less 

(reference) 

1.00 - 1.00 - 1.00 - 

£15,000 to £24,999 1.20 

(0.76, 1.89) 

0.44 1.15 

(0.73, 1.82) 

0.55 0.94 

(0.60, 1.49) 

0.80 

£25,000 to £34,999 1.20 

(0.72, 2.00) 

0.48 1.11 

(0.67, 1.87) 

0.68 0.96 

(0.60, 1.55) 

0.88 

£35,000 to £49,999 1.01 

(0.58, 1.74) 

0.98 0.90 

(0.51, 1.57) 

0.70 0.78 

(0.46, 1.31) 

0.35 

£50,000 or more 0.83 

(0.49, 1.41) 

0.49 0.73 

(0.42, 1.25) 

0.25 0.54 

(0.31, 0.92) 

0.03 

Overall  0.54  0.39  0.15 

Underweight (n=11) excluded 

 

 

Treating the income variables as linear (Table 4.24) revealed significantly lower 

odds of being overweight or obese with increasing equivalized household income 

category. Odds ratios did not achieve statistical significance for crude household 

income nor household income adjusted for household size. 

 

Table 4.24 Results of logistic regression models investigating income and the odds of 

being overweight or obese (n=814): income entered as linear variables 

 

Model 6a 

Crude household 

income 

Model 6b 

Household income 

adjusted for size 

Model 6c 

Equivalized 

income 

Adjusted R2 0.0414 0.0458 0.0450 

OR 

(95% CI) 

0.94 

(0.83, 1.07) 

0.91 

(0.80, 1.04) 

0.87 

(0.77, 0.99) 

P value 0.34 0.15 0.03 
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4.4.5 Equivalized income as a continuous variable 

The median equivalized income of the sample, prior to categorisation into 

income bands, was £26,119 (IQR £16,917 to £41,045). Median equivalized income by 

BMI categorisation is shown in Table 4.25. Equivalized income was found to 

significantly differ by weight category (chi2 statistic = 7.525, p=0.02), with the lowest 

median equivalized income, £23,326pa, found amongst the obese. 

 

Table 4.25 Median equivalized income by normal weight, overweight and obese 

categories (n=814) 

 
Normal weight 

(n=284) 

Overweight 

(n=300) 

Obese 

(n=230) 

Median equivalized 

income, £pa (IQR) 

£26,453 

(£17,155 to £47,500) 

£26,119 

(£17,500 to £39,583) 

£23,326 

(£16,071 to £35, 714) 
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4.5 Discussion 

This chapter presents a description of incomes in the NDNS, with an aim to 

explore whether the way in which the income variable is defined has any bearing on 

whether it is found to be associated with diet or BMI. The results suggest that 

accounting for household composition (through equivalization) will affect results and 

therefore our interpretation of the income-diet and income-BMI relationships. The three 

outcomes investigated – dietary energy density, BMI and overweight and obesity – 

were all found to be associated with equivalized income. This implicates monetary 

considerations in the diet selection and consequent weight status of British adults. 

 

4.5.1 Dietary energy density in the NDNS 

The mean dietary energy density of the sample, at 6.38kJ/g, is greater than the 

WCRF recommended goal of 5.23kJ/g (stated in kcal, 125kcal/g) (WCRF, 2007). 

However, the estimates from this NDNS sample were not as high as recent estimates 

of energy density from food and milk in Scotland – 7.23kJ/g (Wrieden and Barton, 

2011). Other population means using this method have ranged between 5.69kJ/g and 

7.61kJ/g (see Ledikwe et al. (2005) for a review).  

The findings here are in agreement with previous studies (Ledikwe et al., 2005, 

Marti-Henneberg et al., 1999) in finding statistically significant differences in dietary 

energy density between males and females, and by age group. In addition, differences 

in energy density were found between categories of several other key variables in this 

sample, including employment and household size. These latter variables, of course, 

could be related to energy density through their relationship with income – the primary 

variable under investigation in this chapter. It can be difficult to tease apart the relative 

influence of these closely related variables. Other studies (Wrieden and Barton, 2011) 

have found differences in dietary energy density according to aggregate measures of 

socioeconomic status. The results of this chapter support the literature in indicating that 

nutritional inequalities exist in the UK (James et al., 1997).  

The one sociodemographic variable for which differences in energy density 

were not apparent was qualification. This is perhaps surprising, given the presumed 

close relationship between qualifications, occupation and income. This finding also 

contrasts with observations in other samples (Monsivais and Drewnowski, 2009, Kant 

and Graubard, 2013) which indicated decreasing energy density with increasing levels 

of education. However, it may be that the method of classification used in this study, 

and the categories specified, were inadequate for detecting differences. For example, 

some of the original survey qualification categories had to be collapsed due to small 
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numbers of participants. It is possible that dichotomising the sample into those with no 

qualifications and those with any qualifications and comparing the two groups may 

have shown significant differences in energy density – the means presented in Table 

4.10 indicate a lower DED amongst those with no qualifications than the other 

qualification categories, although this was not formally tested. 

It is possible that much of the disparity in dietary energy density is due to 

differences in the consumption of fruit and vegetables. Fruit and vegetables tend to 

have a higher water content than many other types of food, and are probably therefore 

an important influential factor in the energy density of the diet. In support of this, dietary 

energy density was found to significantly differ between those who did and those who 

did not achieve their ‘5 a day’ in this sample. Differences in achievement of ‘5 a day’ 

are reported in Chapter 3: many of these differences lay between the same categories 

as did differences in energy density – for example by age and by occupation; however 

differences were not evident between males and females or by household size, in 

contrast to the results for energy density comparisons. This suggests that fruit and 

vegetable intake is only part of the explanation for energy density variation. 

Interestingly, dietary energy density was found to differ according to cigarette 

smoking status. This is potentially indicative of behaviour clustering – in other words, 

those who engage in smoking may be more likely to also engage in other harmful 

behaviours, such as consuming a poor (energy-dense) diet (Schuit et al., 2002, 

Poortinga, 2007). An alternative explanation is that if, as the results here suggest, 

income is related to dietary energy density, cigarette smoking may influence dietary 

selection through its impact on the available budget for food. However, it is not possible 

from the NDNS data to determine which of these hypotheses is most likely. 

 

4.5.2 Income and energy density 

The univariate comparisons revealed significant differences in dietary energy 

density between equivalized income bands, but not between household income 

categories. There is a clear implication here that equivalizing has created a more 

appropriate income variable, allowing differences to be detected. The results of the 

multivariate models, however, are more complicated to interpret. 

Treating the income variable as four dummy variables in the model (with the ‘i.’ 

prefix) results in a better model fit when household income is used (either adjusted for 

household size or not), but not when equivalized income is the predictor. On examining 

the coefficients for each category, it appears that the household income category of 

£25,000-£34,999 is the only category for which confidence intervals do not span zero. 
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This could lead to the conclusion that it is this category that differs most from the 

baseline comparator (the lowest income category) – perhaps indicative of a non-linear 

relationship. A non-linear relationship to income is credible, given previous reports of a 

non-linear relationship between income and health (Benzeval et al., 2001). 

Regardless of the shape of the relationship, the initial conclusion from the 

multivariate regression analyses might be that household income is sufficient, or even 

more appropriate than the equivalized variable, for investigating income-diet 

hypotheses. However, the sensitivity analyses invite a different interpretation.  

Excluding participants who were following a special diet in Models 1a, 1b and 

1c (in which income categories were entered as dummy variables using the ‘i.’ prefix) 

resulted in no overall significant p values for income – whereas including these 

participants suggested a significant association for household but not equivalized 

income. When special dieters were excluded from Models 2a, 2b and 2c (where the ‘i.’ 

prefix was not used), a significant association with dietary energy density was evident 

for equivalized but not household income. Furthermore, the significant association 

between equivalized income and energy density similarly emerged when Models 2a, 2b 

and 2c were run excluding those who had reported an unusual amount of food 

consumed. This is perhaps even more interesting, because the number of participants 

excluded in this latter sensitivity analyses constituted more than half of the analytical 

sample. A reduction in sample size of this degree would be expected to decrease the 

power of the regression analyses substantially, therefore making a statistically 

significant result less, not more, likely. 

The results of both sensitivity analyses – especially given the decreased power 

of the sample sizes – suggest that there is indeed a relationship between income and 

dietary energy density, but the consumption of atypical diet during the diary data 

collection period is masking this relationship when the full sample is analysed. 

 

4.5.3 Income and BMI 

Treating the income variables as ordinal in the models, rather than entering 

them as dummy variables, resulted in a better model fit for both the linear and logistic 

regression analyses. The findings indicated that equivalized income was the more 

useful income variable in testing the income-BMI relationship. Every higher equivalized 

income category was associated with 0.33kg/m2 less in BMI, or 13% lower odds of 

being classified as overweight or obese. 

These findings support the HSE observations (NOO, 2010; see Section 1.6) 

amongst UK women of an inverse linear relationship between income and the 
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prevalence of obesity. The analyses here go further in adjusting for confounding 

variables and formally testing the relationship, to find evidence of this association in 

both men and women. The results support international data in showing lower odds of 

being obese amongst those with higher incomes (Schumann et al., 2011, Ali et al., 

2011). 

Previously, authors have commented on the apparent non-linearity of the 

association between income and BMI – even describing it as an expected shape given 

that there is both the demand for food and the demand for an ideal body weight which 

may compete with or offset each other (Lakdawalla and Philipson, 2009). These 

analyses, in contrast, suggest that there is a linear relationship amongst British adults. 

One possible explanation for this is that the underweight were excluded from the 

regression analyses. As described in Section 4.3.4.3, this exclusion was made 

because it was felt that the mechanisms underlying negative energy balance would be 

different to those underlying positive energy balance and should therefore be 

considered separately. Considering only positive energy balance may have enabled 

the linear association to emerge. 

Furthermore, analyses using the continuous variable of equivalized income 

(before categorization) indicated that the categories of normal weight, overweight and 

obese were found to significantly differ in their median equivalized income estimates, 

with the lowest mean, £23,326, amongst the obese. The median equivalized income 

estimates of the normal weight and overweight participants, at around £26,000, were 

more in line with the national UK median salary (see below). 

Taken together, the results of this chapter indicate that income is significantly 

negatively associated with both dietary energy density and with overweight and 

obesity. If the hypothesis is correct – that increasing income allows for the purchase of 

more expensive, less energy-dense diets and therefore a decreased likelihood of 

weight gain – then a relationship between energy density and BMI would be 

anticipated. However, energy density was not found to significantly differ by BMI in this 

sample. This is in contrast to other findings in the literature – such as those of Cox and 

Mela (2000) – and perhaps reflects the fact that the analysis in this chapter was not 

adjusted for other variables, or that sensitivity analyses were not performed because 

this relationship was not the primary purpose of this chapter. 

 

4.5.4 Equivalizing income 

The median equivalized income was estimated at £26,100. It is not possible to 

compare this with the median income before equivalization, because household 
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income is a categorical variable in the NDNS. However, £26,100 is in line with the 

national median UK salary of the 2008-09 tax year, £25,800 (ONS, 2009). This is 

unsurprising given the design of the NDNS as a nationally representative survey, and 

lends credence to the appropriateness of the sample for these analyses. 

The discrepancy in proportions across income bands between equivalized and 

the crude income variable indicates the extent to which relying upon a non-equivalized 

income variable could misclassify participants. Table 4.12 shows that 43% of the 

sample may have been misclassified if household size and composition were not taken 

into account. Furthermore, this misclassification occurred in both directions – in other 

words, participants could have been reclassified into either higher or lower income 

bands. This would have important ramifications for analyses involving income by 

affecting participants’ ranking, which could obscure relationships, especially those that 

are linear.  

The results of the analyses – the regression analyses in particular – 

demonstrate the impact that misclassification can have on interpretations: using the 

equivalized income variable revealed a significant association between income and 

BMI, and between income and the odds of being overweight or obese, where crude 

household income did not. The advantage of equivalized income was also displayed in 

the income-energy density investigations, although the significant association only 

became apparent on excluding certain participants in the sensitivity analyses.  

The issues surrounding income measurement are more complex and numerous 

than the simple adjustment for household composition implies: there are numerous 

arguments documented around the best method for gauging income – whether to use 

wage only, adjusting for tax benefits, accounting for indicators of wealth and so on. 

These concerns are too numerous to cover in detail in this thesis. Nevertheless, the 

findings of this chapter suggest that a simple adjustment of already collected 

household income data can be useful, and will enhance comparability across different 

household sizes and compositions. 

There have been few studies published which have set out to examine both 

equivalized and non-equivalized household income variables in relation to health, and 

none in relation to diet, as far as the author is aware. Benzeval et al (2001) compared 

odds ratios for self-reported health and limiting or long-standing illness, between 

quintiles of family income, net individual income or equivalized family income. Their 

results indicated that the equivalized income variable gave the best statistical fit. The 

findings of this chapter support the conclusions of Benzeval et al that equivalizing 

income is the most appropriate method, and extends this conclusion to investigations 

involving BMI or diet. 
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4.5.5 Limitations 

The conclusions of this chapter are limited insofar as the NDNS provides only 

cross-sectional data. The broad hypothesis underlying the rationale for these analyses 

– relating the effect of income onto diet selection and subsequent weight – cannot be 

tested with cross-sectional data, which is inappropriate for statements about causality. 

Measuring income accurately is not straightforward. Most studies, such as the 

NDNS, must rely upon self-reported income. Participants may mis-estimate total 

household income, or they may purposefully over- or under-estimate due to social 

desirability pressures (Hebert et al., 1995). It is not uncommon in such surveys for a 

large number to not report income at all. In this survey, income data were missing for 

8% of the sample (n=139). This may have created a form of self-selection bias in which 

the analytical sample consisted of only those participants who were able or willing to 

divulge income information, and should be borne in mind when interpreting findings. 

In addition, it has previously been noted that income at a single time-point may 

not give an accurate representation of economic status, as factors such as prior 

income, savings, income shocks or other life course-specific situations may be 

influential. For this reason, other authors (Benzeval et al., 2001, for example) have 

recommended a life course approach to quantifying income, using longitudinal data to 

gain a clearer picture. No such data are available with the NDNS. Nevertheless, the 

findings of this chapter suggest that a cross-sectional measurement of income, 

adjusted for household composition, can be enough to reveal interesting patterns. 

The analyses involving dietary energy density in this chapter rely upon self-

reported data. The drawbacks of this – particularly in terms of mis-reporting – are 

discussed in Chapter 3. If participants in the NDNS have not accurately reported the 

types of foods consumed as well as the quantity consumed, the estimates for dietary 

energy density could be biased as a result. Without physical activity data, it is difficult to 

determine if under- or over-reporting of energy has taken place (see Chapter 3), and as 

such the potential for biased energy density estimates is hard to assess. Having said 

that, the mean energy density estimates for this sample are in line with those reported 

in other studies (see Section 4.5.1), which suggests that these estimates are plausible. 

Whilst energy density may be considered as one indicator of diet quality, it 

remains a crude measure of quality. As noted earlier in this chapter (Section 4.3.3), 

estimates of energy density depend upon the method chosen to calculate them – 

including or excluding beverages, for example, can make a considerable difference to 

the estimate. Ideally, more refined measures of quality – such as dietary pattern 

analysis – would be informative in assessing dietary differences between income 

groups. However, this was beyond the scope of this thesis, and would have to be the 
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subject of future research. Although crude, energy density provides an easily 

constructed variable that could differentiate types of dietary choice at a basic level. 

Furthermore, it has relevance to the rationale for this chapter – that lower food budgets 

may encourage the selection of energy-dense foods in order to maximise the energy 

obtained for a given amount of money. 

 

4.5.6 Strengths 

This study benefits from using data from a survey designed to be nationally 

representative. This could give insight into how income may be related to BMI or 

dietary energy density in the UK. A further strength is the use of professionally 

measured anthropometry, as opposed to self-reported height and weight, which will 

have helped to minimise the bias associated with the BMI variables. 

Furthermore, the analysis is one of only a few to directly compare results using 

different income variables, and the first to do so in relation to dietary data, as far as the 

author is aware. Here, the advantages of using an equivalization index to correct 

household incomes are plainly demonstrated in the context of dietary research. 

 

 

4.6 Conclusions 

This chapter introduced an important demand-side factor in the micro-

economics of diet selection – income. Whilst other demand-side factors are also 

presumed to be involved in the processes of food purchasing, income is a defining 

variable in the affordability of diet, and data on income were available in the NDNS 

data set, making it an ideal focus of study. 

The results of the sensitivity analyses presented above agree with some of the 

literature in finding a negative relationship between income and energy density – those 

on the lowest incomes reported the most energy-dense diets. This agrees with the 

theory underlying the rationale for these analyses, implying that those on lower 

incomes could be motivated to consume energy-dense foods which provide more 

energy per serving.  

The analyses also indicated a negative relationship between income and BMI. 

This has not always been evident in UK statistics. However, this is the first time that a 

formal analysis of BMI and overweight/obesity prevalence has been performed in a 

representative UK sample using an appropriately equivalized income variable. 

The inclusion of models employing either crude household income or 

equivalized income clearly illustrates the necessity of accounting for household 
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composition in an appropriate fashion: examination of the results demonstrates how 

the conclusions of the analyses would have been very different had equivalization not 

been performed. In most cases, crude household income, even when adjusted for 

household size in the model, was not associated with the outcomes tested in this 

chapter. Equivalized income is a variable seldom employed in nutritional epidemiology, 

and the findings of this chapter highlight the potential detriment of this oversight. 

The fact that income was related to both dietary energy density and BMI in this 

chapter could imply that these three variables are causally related – the hypothesis 

being that restricted income encourages the consumption of energy-dense diets 

leading to a propensity for excess energy intake and thus higher BMI. The caveat with 

the present analysis is that causality cannot be determined from cross-sectional data. A 

further caution in interpreting the results in this way is that BMI and energy density 

were not significantly associated in this sample. 

Nevertheless, being able to link income to diet and diet-related health will have 

important repercussions for public health. Attempts to intervene in diet or BMI may be 

hindered by neglecting to take into account underlying socioeconomic influences. As it 

was summed up by the ‘Marmot review’: “Having insufficient money to lead a healthy 

life is a highly significant cause of health inequalities.” (Marmot and Bell, 2012). 

 

 

 

  

What was known previously: 

 Socioeconomic disparities in diet and health are present in the UK. 

 Energy-dense diets are linked to higher energy intakes. 

 Income is a defining factor in the affordability of diets. 

 There is conflicting evidence of an association between income and dietary 

energy density. 

 There is limited evidence of a linear relationship between income and BMI and 

between income and overweight or obesity prevalence in adults. 

 Household income should be framed with reference to household composition, 

but is seldom equivalized in nutrition epidemiology. 

What this chapter adds: 

 Income is negatively and linearly associated with dietary energy density in the 

NDNS. 

 Income is negatively and linearly associated with BMI amongst NDNS adults. 

 The odds of being overweight or obese are significantly lower with increasing 

income bands. 

 Obese adults in the NDNS have a lower median equivalized income than those 

who are normal or overweight. 

 The use of crude household income can result in different findings and 

interpretations compared to when equivalized household income is used. 
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Chapter 5 The DANTE food cost database 
 

5.1 Summary 

One of the primary aims of this thesis is to describe and examine the monetary 

costs of adults’ diets in the National Diet and Nutrition Survey (NDNS). Direct data 

regarding the food prices encountered by NDNS participants, however, is not available. 

Therefore, a means of estimating the monetary cost of diets is necessary. This chapter 

will introduce the tool that will be used to estimate NDNS diet costs, the DANTE (Diet 

and Nutrition Tool for Evaluation) food cost database, and describe the methods 

employed in its construction.  

The food cost database houses information on national food prices and is 

integrated within the in-house nutritional database, DANTE, which is used to store and 

analyse the nutritional aspects of dietary data. This enables a price to be applied to the 

quantity of each food reported in a diet diary, FFQ or other assessment tool, alongside 

traditional nutrient analyses. From this it can be estimated how much an individual’s 

diet may have cost had they purchased their food at average prices.  

Given the degree of inference associated with this approach, its validity may be 

questioned. Unfortunately, however, there is no gold standard against which to validate 

the DANTE cost database. Instead, this chapter presents results from comparability 

studies using data from two previously conducted studies, in which diet costs estimated 

by the DANTE cost database were compared to calculations from household till 

receipts.  

Testing for agreement using Bland Altman plots, the comparability studies 

revealed mean differences between the methods as low as £0.02, with 95% limits of 

agreement between £3.22 and -£3.08. This suggests that the DANTE cost database is 

useful in estimating diet costs of larger samples. At the individual level, however, the 

differences in estimates between the methods are potentially substantial, as indicated 

by the wide limits of agreement. 

Understanding how methods differ in their estimates of diet cost is important for 

interpreting the results of diet cost research – such as those presented in the 

subsequent chapters of this thesis. 

 

 

5.1.1 Acknowledgements 
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5.2 Introduction 

A key supply-side determinant of food purchasing is the price of food (Chapter 

1). It has often been described as an important contributor to the obesogenic 

environment (Drewnowski and Darmon, 2005, Monsivais et al., 2010, Chaloupka and 

Powell, 2009), and behavioural studies have repeatedly found that manipulation of food 

prices affects both purchasing behaviour (for example, French, 2003, Ni Mhurchu et al., 

2009), as well as being consistently reported by participants as key influences on their 

purchasing and consumption decisions (Steptoe et al., 1995, Nelson et al., 2007). 

Experimental observations, however, lack external validity, and findings may not be 

applicable outside the experimental setting. Identifying the actual effect of food prices 

on diet and health in a real-world setting is necessary, but challenging. 

Chapter 2 synthesised the methodological approaches employed in the field. At 

a population level, there are a number of methods that have been used to measure 

food prices, which can then be matched to sales data, or population-level data on diet 

and health. However, there is a need to measure cost at the individual level, in order to 

link food prices to health outcomes (Murakami et al., 2008a). Yet calculating the 

financial cost of a person’s dietary intake is far from straightforward. Measurement of 

diet cost is made difficult by the fact that people do not purchase foods in the exact 

quantities that they eat. Nor do they necessarily purchase at the time of consumption. 

Factors which make diet cost assessment problematic include: free food, shared food, 

foraged or homegrown food, food away from home (FAFH), food waste, promotional 

discounts, bulk buying, food from the storecupboard or freezer, seasonal fluctuations in 

prices, and variation in prices according to retail outlet. It is therefore necessary to 

estimate, rather than measure, diet costs.  

Methods for estimating diet costs can be broadly categorised into two 

procedures (Figure 5.1): firstly, purchase data can be measured, from which dietary 

consumption is inferred, or, vice versa, costs can be inferred from dietary assessment 

data.  

Methods falling into category A attempt to measure individuals’ purchases of 

food and drinks. This can be achieved through: an expenditure diary, in which 

participants record their purchases for a set period; the collection of till receipts for all 

household purchases during a given period; or using an expenditure questionnaire with 

a single time-point of administration. Once food and drink expenditure has been 

calculated from these data, assumptions are made about how much of the purchased 

goods were consumed by the individual. These assumptions may attempt to take into 

account household composition as well as anticipated food waste. 
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Figure 5.1 Methodology routes for estimating diet costs: A) from purchase data or B) 

from dietary data 

 

    

 

Methods in category B, on the other hand, have the advantage of using best 

available methods for dietary assessment. Using dietary data, it is then possible to 

apply prices to the foods consumed – commonly these are housed in a database of 

national prices. The key assumptions of this method are: firstly, that foods consumed 

are priced around the national average value; and secondly, that participants have 

purchased all the foods consumed. Neither can be said to be true in every case, and 

therefore the estimated costs represent the inherent monetary value of the diet, rather 

than actual expenditure.  

Each of the cost estimation methods described above has its advantages and 

disadvantages. A summary of the methods, with a brief appraisal of their strengths and 

weaknesses, is outlined in Table 5.1. None of these methods are able to account for all 

of the factors proposed to influence actual expenditure, as described above. 

The analyses in Chapters 6, 7 and 8 examine diet costs of a nationally 

representative adult sample, the NDNS. As the NDNS is a dietary survey, with no 

information on expenditure, the diary data will be matched to a database of food prices, 

as described in route B of Figure 5.1. The food prices to be used are held within an in-

house database, referred to as the ‘DANTE food cost database’. Due to the element of 

approximation inherent in this costing method, it was felt important to gauge how the 

diet costs estimated using the DANTE food prices and dietary intake compare to other 

methods of assigning costs to diets. This chapter introduces the DANTE food cost 
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database, and details two comparability studies using data from prior research projects 

at the University of Leeds, which had collected costs of diet from measured purchases. 

A re-analysis of these data will be presented.  

In summary, the purposes of this chapter are to describe: 

1. The food cost database used; 

2. The method of linking this database to dietary data; and 

3. How estimates using this method compare to alternative methods. 



174 

 

174 

 

Table 5.1 Methods used in the literature for estimating individual-level diet costs 

Method Application Example Advantages Disadvantages 

Till receipt 

collection, 

expenditure diary 

Commonly used to 

estimate national 

Consumer Price Index 

 

Also used to estimate food 

or nutrient availability 

The Living 

Costs and Food 

Survey (Defra, 

2009) 

Suitable for large population samples; 

easy to administer 

Burdensome for respondents 

Limited to period of diary/receipt keeping  

Does not assess dietary consumption – if used, 

consumption is estimated from expenditure, with a 

correction factor for waste 

Cannot account for storecupboard patterns; free food; 

or shared food 

Retrospective 

expenditure 

questionnaire 

To gather reported 

habitual food expenditure 

or budgets 

Turrell & 

Kavanagh 

(2005) 

Single time point of administration 

Low burden on participants 

Retrospective, therefore a probability of recall bias 

Reliance on self-report data 

Estimates usually ask for aggregate food level, so 

information may be lacking for specific food items 

Estimation using 

published price 

databases 

To estimate dietary 

expenditure where dietary 

information but not 

expenditure information is 

available 

Ryden & 

Hagfors (2011) 

Can be applied to typical dietary surveys 

in the absence of expenditure data 

Actual expenditure is not measured  

Sources of price information may differ to chief 

sources of groceries amongst the population 

Estimates of expenditure rely on averaged price data 

National-level price data may not be matched at the 

regional level 

Consumption must be back-transformed to purchase 

quantities to calculate prices after adjusting for waste 

or water retention/loss 

Cannot account for variations in expenditure caused 

by, for example, homegrown or free food, promotions, 

or FAFH 
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5.3 The DANTE food cost database 

 

5.3.1 Introduction 

National food price data do exist in the UK (Defra, 2009). However, household 

food items are coded into just 250 aggregated groups (and 250 further categories for 

eating out purchases). Therefore, in 2004, a more detailed catalogue of UK food prices 

was compiled at the University of Leeds. This database incorporated low, medium and 

high prices for over 3,000 food and drink items. In addition, the prices were integrated 

into the Diet and Nutrition Tool for Evaluation (DANTE), dietary analysis software which 

utilises nutrient information from McCance and Widdowson’s Composition of Foods 

(Holland et al., 1991). The database, which will be referred to as the ‘DANTE food cost 

database’, offers a unique tool for estimating diet costs alongside traditional dietary 

intake data collection and nutrient analysis. 

 

 

5.3.2 Population of the DANTE cost database 

Price information was collected from a variety of sources, but chiefly Tesco 

online (www.tesco.com). Price information for items not available from this source, 

such as niche products, was located from other outlets’ websites - including 

Sainsbury’s (www.sainsburys.co.uk) – or specialist stores. The lowest, highest, and 

mean prices in pence were calculated per edible 100g for each item (or 100ml where 

appropriate). Where weight information was unavailable (for example, for fruit pie or 

cake slices), 100g was estimated from standard food portion sizes (MAFF, 1994). The 

price for 100g was mapped onto each DANTE food item code. On occasion, no price 

data were available for an item; in such instances (n=398), the price was based on an 

appropriate equivalent, judged on product type and nutritional content. Promotional 

offers affecting unit price were disregarded as anomalous data.  

Following the initial data collection, food price information was found to be 

missing for 346 items. These were added in May-June 2008, in the same manner. To 

allow for inflation, the consumer price index (CPI) was used to adjust the prices in line 

with those collected in 2004. After this expansion, the database numbered 3,192 items. 

The food cost database was populated in 2004 by a placement medical student, 

and expanded in 2008 by another postgraduate student. 
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5.3.3 Using the DANTE cost database to assign costs to diets 

The prices per 100g (or 100ml) are housed in the database as additional 

vectors: in other words, they are listed for each food as are nutrients. From this, it is 

possible to multiply the cost (high, mean or low) by the quantity consumed to estimate 

the cost of the food eaten. Figure 5.2 shows an example of the nutrient analysis output, 

showing a calculated cost (in pence) for the quantity of each food consumed. The costs 

of all food and drinks consumed by a participant can then be summed to provide a total 

cost, and divided by the number of days to give a daily diet cost estimate. 

 

Figure 5.2 Snapshot of the DANTE cost database food item estimates 

 

 

5.3.4 Strengths & limitations 

The DANTE cost database boasts a key advantage over household expenditure 

data: using dietary assessment methods provides data at the individual level which is 

important when investigating the economic determinants of diet and health. It is 

important to clarify that the cost estimates given by the database, however, reflect the 

estimated inherent value of the diet, rather than being a measurement of expenditure. 

The value of a person’s diet may not reflect the prices they encountered in purchasing 

their food. 

The creation of the database relied heavily upon a single source, the Tesco 

website. This means that the price ranges collected may not reflect that found 

nationally. Furthermore, because the database creation was carried out historically, it is 

unclear if there was a protocol for systematically selecting alternative sources where 

items were not listed on the Tesco website, nor is it documented for which items this 

was necessary. It is also difficult retrospectively to assess whether the indices used to 

adjust for inflation in the expansion of the database were adequate. 

The database houses three levels of cost for many of the foods it contains. This 

provides options for the researcher, but in reality it may be difficult to gauge which level 

of pricing is most appropriate for each participant or sample. Geographical variations, 
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as well as retailer availability and access (Wrigley et al., 2002, Jiao et al., 2012), could 

affect costs encountered. Using mean prices could result in an overestimation of diet 

costs for groups which consistently purchase foods at lower than average prices (or 

vice versa). In addition, promotions or price discounts, due to their transient nature, 

could not be incorporated into the DANTE cost database, and therefore, where these 

are used by individuals to stretch their budget (Beatty, 2010), this cannot be taken into 

account. 

This estimation method will not be able to account for food purchased and 

eaten away from home – restaurant or takeaway meals, for example. Foods and drinks 

consumed outside the home are likely to be higher in cost than would be estimated by 

the DANTE cost database. Free, shared, or foraged food will similarly be treated as 

purchased and consumed within the household. 

A final point about the DANTE cost database is that such databases will 

reproduce any biases incurred through dietary misreporting. Dietary assessment is 

recognised to be prone to measurement error (Freedman et al., 2011). This error will 

be reproduced in the cost estimates, where it exists. Under-reporting of food 

consumption, for example, will result in an underestimation of diet cost.  

The DANTE cost database offers a method that is easy to apply to existing 

dietary survey data, and has advantages in its level of detail and in its ability to provide 

individual-level estimates. However, as identified above, the method is associated with 

several limitations. It would be valuable, therefore, to ascertain how this method 

compares to other methods for estimating diet costs. The following section describes 

two studies that carried out such a comparison. 
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5.4 Comparability with other costing methods 

 

5.4.1 Introduction 

This section describes two comparability studies conducted in existing data sets 

using the DANTE food cost database. Little is known about the validity of price 

databases in estimating costs from dietary assessment. This is largely because there is 

no gold standard against which the method can be validated, as all diet costing 

approaches involve a degree of inference. It therefore maybe worthwhile to assess the 

extent to which methods assigning prices to dietary assessment instruments agree with 

measures of expenditure, and the need for this has been documented (Murakami et al., 

2008a). 

Comparability of some diet cost methods has been investigated in the literature 

(Murakami et al., 2008a, Aaron et al., 2013, Monsivais et al., 2013). The first of these, 

conducted in a Japanese population, compared cost estimates using a price database 

applied to weighed dietary records against estimates of the same price database 

applied to a diet history questionnaire. The means across four time points of 

administration were correlated by 0.64 in women and 0.69 in men (Pearson’s product 

moment). However, both methods in this study inferred purchases from consumption, 

the comparison being between cost estimates of different dietary assessment tools. 

The comparability study of Aaron et al. (2013) examined estimates from store 

prices applied to a FFQ against estimates derived from till receipts along with 24-hour 

recalls in a sample of low-income women in California. Collecting dietary data 

alongside till receipts allowed the investigators to judge the quantity consumed by 

individuals and to account for free, non-purchased food. Bland Altman plots revealed a 

mean difference in the daily diet cost estimates of the two methods of $0.14, with 95% 

limits of agreement of -$7.76 and $7.48. This means that, in 95% of cases, individual 

diet cost estimates are likely to underestimate by $7.76 or overestimate by $7.48. This 

is a fairly wide interval considering the mean daily cost estimate of each method was 

found to be around $6.00. 

The most recently published study, Monsivais et al. (2013), compared three 

methods of diet cost estimation, again using a US sample. The first method, like Aaron 

et al. (2013), concurrently collected till receipts with dietary assessment, but employed 

food diaries as opposed to 24-hour recalls. The second method estimated costs from 

the food diaries using a database of supermarket prices. The third method also used 

supermarket prices, but applied them to FFQs. The results indicated that the FFQ 

method estimated lower diet costs than the other two methods; however the mean 
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difference between the FFQ method and food diaries combined with supermarket 

prices was small ($0.62, compared to a daily diet cost average of between $8 and 

$10). The mean difference between receipt cost estimates and the food diary estimates 

from supermarket prices was $-1.76. 

There are no previously published studies in the UK comparing diet cost 

estimates from different methods. As this is the intended method for Chapters 6, 7 and 

8, comparing the diet diary method to expenditure records will help in interpreting the 

findings. Given the discrepancies reported in nutrient values between FFQ and diet 

diary methods (see, for example, Bingham et al., 1994), which could be assumed to 

also apply to cost values, these further comparisons are necessary in order to add to 

the comparisons already presented in the literature. 

Two prior research projects within the University of Leeds Nutritional 

Epidemiology Group independently collected food purchase receipts alongside diet 

diary records. Each data collection allows examination of the usefulness of the DANTE 

costing tool for populations of differing characteristics: one was carried out in the same 

year as the cost database creation, 2004, using a subsample of single-living females 

drawn from the UK Women’s Cohort Study (UKWCS); and the other sample was taken 

from the Supermarket Nutrition Information Project (SNIP) which took place in 1998-99. 

Analyses on these prior studies had been carried out with the same objective – to 

attempt to validate the DANTE food cost database as a means of diet cost estimation.  

Abstracts relating to these data have been presented at the Nutrition Society 

Meeting, 2005 (Oyston et al., 2005, Smyth et al., 2005). However, it was identified that 

there were drawbacks to the analytical methods used: the UKWCS study did not apply 

a correction for waste to the till receipts, nor did it report mean difference or limits of 

agreement; whilst analysis of the SNIP data did not make use of all available data, and 

applied the consumer price index (CPI) to adjust for inflation. The analysis carried out 

for this chapter employs new methods.  

The following objective was identified at the outset: 

 To check the level of agreement between till receipt records of food 

bought and the cost estimate produced by DANTE for food consumed at 

home, using robust statistical methods. 
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5.4.2 Samples & data collection 

This section (5.4.2) describes the samples and data collection methods for the 

two studies: the UKWCS and SNIP. Table 5.2 summarises the characteristics of each 

sample. The work described in this section (study design, recruitment, collection and 

inputting of data) were all performed prior to this PhD project, by other investigators. 

This previous work is acknowledged in Section 5.1.1. 

5.4.2.1 UKWCS subsample 

In 2004, 200 single-living women, randomly selected from the UKWCS cohort2, 

were approached to participate in a food cost study, with fifty women agreeing to take 

part. The purpose of the study was to compare diet cost estimates from dietary 

assessment against those from till receipts. Participants were asked to complete a four-

day food diary (two weekdays and two weekend days), and collect all till receipts for a 

two-week period. Participants indicated in the diaries if foods were homegrown or 

bought outside the usual household purchases (for example, at a work canteen). 

Diaries were entered and coded using DANTE. Homegrown food or FAFH (either 

assumed or as indicated) were not included in the diary coding. 

Complete data were returned for 36 of the women (72% response rate, from 

those who agreed to participate). Participants were aged between 52 and 81 years, 

were of a majority professional occupation class, and 89% white (the remaining 11% of 

the sample did not report ethnicity).  

5.4.2.2 SNIP sample 

The SNIP study’s main aim was to assess the validity of using supermarket 

purchase information to estimate nutrient intake (Ransley et al., 2003). As such, the 

sample of households (n = 284) was recruited from the Tesco Clubcard database held 

at the Roundhay store in Leeds. The study was conducted in 1998-1999. 

Households were instructed to collect till receipts of all purchases of food for 

human consumption made over a 28-day period. In addition, a weighed intake diet 

diary was completed for every member of the household over four days (three 

weekdays and one weekend day). (Other dietary assessment methods were employed 

in the SNIP; however the diaries only were considered for use in the validation of the 

cost database.) Diet diaries were coded using the Weighed Intake Software Program 

(WISP), for Windows v1.2. WISP is a nutrient analysis package with a similar premise 

                                                
2
 More information about the UKWCS can be found in study reports (for example, Cade et al. 2004, The 

UK Women's Cohort Study: comparison of vegetarians, fish-eaters and meat-eaters. Public Health 

Nutrition 7(7): 871-878). 
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to DANTE. Foods and drinks are included as individual items, with nutrient information 

per 100g assigned to each. In both WISP and DANTE, much of the nutrient information 

is taken from the UK’s nutrient reference tables (Holland et al., 1991). 

The completion rate of the SNIP study was 75%, with data available for 214 

households, comprised of 522 individuals. The sample was reduced to 326 individuals 

from 161 households after excluding individuals with missing household composition 

data. The final sample had a mean household size of two (ranging from one to five), 

and included adults (n=256, 79%) and children (n=69, 21%). White ethnicity comprised 

the majority (94%), and 53% were female. A more detailed description of the sample 

can be found in Ransley (2002). 

 

Table 5.2 Characteristics of the samples 

Descriptor SNIP sample (1998-99) UKWCS sample (2004) 

Individuals, n 326 36 

Households, n 161 36 

Mean household size (range) 2 (1-5) 1 

% White 94 89* 

% Female 53 100 

Age range, years 1-87 52-81 

% Adult 79 100 

Social class of the majority Intermediate and junior 

non-manual (50%) 

Professional (39%) 

BMI adults, kg/m2 (95% CI) 25.01 (24.45 to 25.57) 25.06 (22.90 to 27.22) 

Mean1 daily energy intake1, MJ (95% 

CI) 

7.15 (6.88 to 7.43) 7.89 (7.16 to 8.62) 

*The remaining 11% of the sample did not report ethnicity 

1 Energy intakes as calculated from diet diaries 

 

 

5.4.3 Data cleaning 

On examination, it was felt the data would benefit from further cleaning and re-

analysis. This was undertaken with the help of fellow PhD candidate Michelle Morris. 

Quality Assurance (QA) checks were carried out for each sample, in which raw data for 

a random subsample (5% of the SNIP sample and 10% of the UKWCS sample) were 

checked against the data recorded in the databases. Details of the results of these QA 

checks can be found in Appendix B.  
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5.4.3.1 Till receipt data 

Recorded totals for food expenditure from the till receipts were compared to 

those calculated from raw data. Only minor discrepancies were apparent in all the QA 

checks.  

On re-examining the UKWCS till receipts, the originally recorded data was 

mostly identical to the raw data, with a discrepancy found for only one participant.  

Recalculated raw till receipt totals for the SNIP sample were within 1% of the 

originally calculated totals for almost half the QA sample, and totals for just two 

participants were found to differ by more than 5%. As a result, the general level of 

accuracy of receipt calculations was deemed satisfactory for the purposes of this study. 

 

5.4.3.2 Dietary data 

For the dietary data, diaries were re-entered, and energy intake totals 

compared to the originally coded data.  

The originally coded UKWCS data was again found to have a satisfactory level 

of agreement with the estimated energy totals of the QA analysis – showing a 

difference in energy intake of less than 5% for all participants examined.  

In the QA check of the originally coded diary data of the SNIP sample, on the 

other hand, energy intakes appeared to vary widely. On examination of the data, it 

became apparent that a large number of foods were missing in the originally coded 

data. It was discovered that this was due to a mismatch between food item codes from 

WISP and those in DANTE. Although both programs use codes from McCance & 

Widdowson’s nutrient tables (Holland et al., 1991), some codes have been updated in 

subsequent editions or supplements.  

A total of 868 food item codes were missing from DANTE. The food codes were 

updated manually as a result, to match the SNIP data to the DANTE codes. One 

hundred and nineteen codes could not be replaced in this fashion, however, either 

because they did not appear in any edition of McCance & Widdowson (for example, 

diet lemonade) or because they were unique recipes. The most commonly occurring of 

these were hand-searched in the original diaries so an equivalent DANTE code could 

be assigned to each. Following replacement, 169 individuals still had missing data; and 

were excluded from further analyses. 

Following the correction of food codes, as described above, a second QA check 

was attempted on the diary data of the SNIP sample. This time, energy intakes of re-

entered data were found to be within 1% of the original energy intakes for the majority 
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(42%) of the QA sample. Results for five participants of the sample, however, showed 

a difference in estimated energy intakes of greater than 10%. Nevertheless, the 

general level of accuracy was deemed satisfactory for the purposes of the validation 

study. 

 

 

5.4.4 Estimation of diet costs 

 

UKWCS subsample 

Diet diary data was assigned a cost using the DANTE food cost database as 

described in Section 5.3.3. A daily mean cost was calculated from the total cost 

recorded. 

Till receipts were summed, following exclusion of non-food items. Totals were 

divided by the number of days (14) to give a daily estimate. To account for waste 

resulting from spoilage, inedible parts or discarding, a correction factor of -15% was 

applied to the till receipt figures (as recommended by the Department for Environment 

Food and Rural Affairs (Defra 2010)).  

 

SNIP sample 

Total diet costs were generated from the diet diary information using the mean 

values in the DANTE cost database, and an average taken across the days. 

The original 2004 comparability study (see Section 5.4.1) used the Consumer 

Price Index (CPI) to adjust the DANTE food cost database for inflation from 1998/99 

(when the SNIP data were collected) to 2004 (the year the DANTE food cost database 

was populated). However, the CPI contains an inflation estimate averaged across a 

range of consumption goods, not limited to food. As such, it was considered a crude 

tool for adjusting the price information. Instead, for the present study, data from the 

Office for National Statistics (ONS, 2011) were used to calculate an inflation index for 

each of the 27 food groups for which there are data. These will reflect the different 

rates of inflation experienced by each food group. The food groups and indices are 

listed in Appendix C. These were applied manually to the 1998/99 DANTE costs to 

bring them in line with 2004 prices. 

The total household expenditure on food was divided by the household size to 

give a per capita diet cost. A correction factor of -15% was again applied to account for 

waste and spoilage (see above). The corrected total was then divided by the number of 

days of data collection (28) to express as a daily average.  
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5.4.5 Analytical methods 

Summary statistics were generated for each cost estimation method (DANTE 

cost database with diet diaries and till receipt calculations) within each sample. 

Pearson product-moment (for normally distributed data) and Spearman’s rank (for non-

normal data) correlations were conducted for each sample. 

The daily diet costs calculated from the till receipts were tested for agreement to 

the costs estimated by DANTE using Bland Altman (BA) difference plots. BA plots 

assess the agreement of two methods by plotting – for each participant – the mean of 

the two methods against the difference between the two methods (Bland and Altman, 

1986). In this manner, it is possible to ascertain if one method biases measurements 

(showing the mean difference of the whole sample) as well as gauging limits within 

which we would expect to find individual-level differences in the measurements. 

In the SNIP sample, sensitivity analyses were undertaken, excluding the top 5% 

of estimates in each collection method. In addition, subgroup analyses were also 

performed in the SNIP sample, with separate BA plots for males and females, and for 

adults and children. Sensitivity analyses and subgroup analyses were not possible in 

the UKWCS subset, due to the small sample size. 

Statistical analyses were performed using Stata IC 11 (StataCorp, 2011). 
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5.4.6 Results 

5.4.6.1 UKWCS subsample 

 The data were normally distributed for both cost estimation methods. The mean 

daily cost given by the till receipts (adjusted for waste) was £3.75 (SD £1.83); for 

DANTE it was £3.96 (SD £1.08). The estimates of the two methods were moderately 

and significantly correlated (r = 0.547; 95% CI 0.261, 0.745; p<0.001). 

Plots of the differences between the means indicated normal distribution3. In 

plotting the differences, there was one outlier evident, which was subsequently 

excluded. A Bland Altman plot of the differences can be seen in Figure 5.3. The mean 

difference between the methods was £0.21 (range: -£2.90 to £2.90), with 95% limits of 

agreement (±2σ) of -£2.80 and £3.22. No noteworthy bias toward over- or 

underestimation was evident (indicated by dashed green line on Figure 5.3). 

 

 

Figure 5.3 Bland Altman plot of the difference between DANTE daily estimated cost and 

till receipt daily estimated cost (adjusted for waste), for the UKWCS subsample (n=35) 

 

                                                
3
 In assessing level of agreement, the assumption is that the differences between the variables are 

normally distributed, rather than the variables themselves. This is because the limits of agreement are 

based upon the standard deviation (σ) of the differences. See  Bland & Altman (1999) for a further 

discussion. 
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5.4.6.2 SNIP  

Diet cost estimates for the SNIP data were found to deviate from a normal 

distribution. There was also an outlier evident in plotting the differences. On 

investigation, it was found that the outlier was due to large volumes of alcohol and 

bottled water consumed by one individual, which was not reflected in the till receipt 

data that had been averaged across the household. The outlier was dropped from 

subsequent analyses. Following removal of the outlier, the median daily cost estimated 

by DANTE was £2.88 (IQR £2.01, £3.72); the median daily cost calculated from till 

receipts (adjusting for waste) was £2.71 (IQR £2.16 to £3.73). The estimates of the two 

methods were found to be significantly, though not strongly, correlated (Spearman’s ρ 

= 0.384; 95% CI 0.287, 0.473; p<0.0001).  

The mean difference between the estimates of the two tools was £0.10. 

Differences ranged from -£4.29 and £5.91, and the distribution of differences appeared 

normal. The Bland Altman plot of the differences can be seen in Figure 5.4, which 

shows 95% limits of agreement (±2σ) of £2.88 (upper) and -£3.08 (lower). Degree of 

bias was minimal. However, it is apparent on the plot that the spread of scatter points 

widens as the mean difference between the methods increases. This was confirmed by 

the fitting of a regression trend where the 95% confidence limits were seen to widen 

along the x axis Figure 5.5. This demonstrates reduced agreement at higher costs. 

 

Figure 5.4 Bland Altman plot of the difference between DANTE daily estimated cost and 

till receipt daily estimated cost (adjusted for waste), for the SNIP study (n=325) 
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Figure 5.5 Bland Altman plot showing the differences between DANTE and till receipt 

estimates for the SNIP study, regression trend fitted (n=325) 

 

Sensitivity analysis 

A sensitivity analysis was performed by excluding the top 5% of values in each 

collection method, giving a sample size of 292. This resulted in lower estimated daily 

costs: median £2.75 using DANTE (IQR 1.88 to 3.55); and £2.58 from the till receipts 

(IQR £2.09 to £3.45). The BA plot (Figure 5.6) showed narrower bias (mean difference 

= £0.02) and limits of agreement (£2.31, -£2.35). In addition, there was no obvious 

fanning evident in the plot. 
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Figure 5.6 Bland Altman plot of the difference between DANTE daily estimated cost and 

till receipt daily estimated cost (adjusted for waste), with top 5% values excluded (n=292) 

 

Subgroup analyses 

The median daily cost estimated by DANTE for males (n=152) was £3.07 (IQR 

£2.15, £3.89); for females (n=172) it was £2.63 (IQR £1.78, £3.51). Correlation 

coefficients (Spearman’s rho) were similar for both males and females (Table 5.4). 

Children displayed lower estimated costs compared to adults, especially when 

using DANTE estimated costs (Table 5.3). Analyses revealed cost estimates to be less 

strongly correlated when adults and children were tested separately (Table 5.4): adults’ 

cost estimates from till receipts and those from DANTE were significantly correlated  

(ρ = 0.354, 95% CI 0.242, 0.457; p<0.0001); however cost estimates for children were 

not significantly correlated (ρ = 0.197, 95% CI -0.045, 0.418; p = 0.354). 
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Table 5.3 Median (IQR) estimated daily dietary costs (£) of sample subgroups 

Subgroup DANTE cost 
database 

(£) 

Till receipts 
(£) 

Males (n=152) 3.07 
(2.15 to 3.89) 

2.76 
(2.15 to 3.75) 

Females (n=172) 2.63 
(1.78 to 3.51) 

2.69 
(2.16 to 3.72) 

Adults (n=256) 3.06 
(2.32 to 3.10) 

2.77 
(2.26 to 3.81) 

Children (n=67) 1.83 
(1.39 to 2.51) 

2.31 
(1.96 to 2.96) 

 

Table 5.4 Correlations between till receipt and DANTE cost database estimations 

 Spearman’s rho 95% CI p value 
Males (n=152) 0.375 0.229, 0.504 <0.0001 
Females (n=172) 0.401 0.268, 0.520 <0.0001 
Adults (n=256) 0.354 0.242, 0.457 <0.0001 
Children (n=67) 0.197 -0.045, 0.418 0.354 

 

Bland Altman plots were created separately for each subgroup – males, 

females, adults and children – and sensitivity analyses excluding the top 5% were 

performed in each case. Mean differences and 95% limits of agreement are presented 

in Table 5.5; the plots can be seen in Figure 5.7 and Figure 5.8. All subgroup plots 

showed widening limits of agreement, indicating reduced agreement at higher costs. 

Males exhibited a similar pattern in agreement to the whole sample, both with 

and without the top 5%. On exclusion of the top 5%, females showed a reduction in the 

widening limits of agreement, but not to the extent of the whole sample, or of males.  

On excluding children, the mean difference was as small as £0.01, although 

limits of agreement remained similar to the whole sample estimates. Although the limits 

of agreement narrowed on excluding the top 5%, the mean difference between the 

methods increased when adults were analysed alone. 

 

Table 5.5 Summary of Bland Altman subgroup results, with or without the top 5% (£) 

   Excluding top 5% 

 Mean 

difference1 

(bias, £) 

95% limits of 

agreement 

(£) 

Mean 

difference1 

(bias, £) 

95% limits of 

agreement 

(£) 

  Lower Upper  Lower Upper 

Full sample -0.10 -3.08 2.88 -0.02 -2.35 2.31 

Males (n=152) 0.07 -2.95 3.09 0.16 -2.21 2.52 

Females (n=172) -0.27 -3.16 2.63 -0.19 -2.42 2.04 

Adults (n=256) 0.01 -3.08 3.09 0.11 -2.18 2.41 

Children (n=67) -0.55 -2.86 1.75 -0.50 -2.67 1.67 
1 Mean of DANTE cost database minus till receipt estimates 
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Figure 5.7 Bland Altman plots for males and females, including and excluding the top 5% 
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Figure 5.8 Bland Altman plots for adults and children, including and excluding the top 5% 
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5.5 Discussion 

Previous comparability studies have examined estimates of a food cost 

database applied to different dietary assessment tools (Murakami et al., 2008a), or the 

estimates of a price database applied to a FFQ against till receipt estimates (Aaron et 

al., 2013). One study (Monsivais et al., 2013) took a similar approach to the analyses in 

this chapter, in comparing receipts against diet diary estimates. This chapter adds to 

the work of Monsivais et al. (2013), to enable better interpretation of the analyses in 

subsequent chapters of this thesis. 

Analyses of the UKWCS subsample and the SNIP study produced similar 

results: the mean difference between the cost estimates of the two methods was 

modest in both cases, and both BA plots displayed comparable limits of agreements. 

The results suggest that the DANTE cost database could overestimate or 

underestimate the daily diet cost for an individual by roughly £3.00. With a mean daily 

cost of around £3.00, this constitutes a potentially substantial difference. However, the 

full-sample mean differences were as little as £0.10, which suggests that the two 

methods agree relatively well in estimating dietary expenditure at a group level.  

These findings are not dissimilar to the study of Aaron et al. (2013), in which a 

small mean difference ($0.14) was apparent between estimates from till receipts and a 

cost database applied to FFQ, whilst the limits of agreement were fairly wide. In the 

latter study, the limits of agreement exceeded the average daily cost estimate, being 

around ±$7.50 compared to a mean cost estimate of around $6.00. The wider limits of 

agreement may have been due to the dietary assessment method used, or it may be a 

result of the different sample and setting used. Monsivais et al. (2013) found a larger 

mean difference between till receipt estimates and costs calculated from diet diaries 

using market prices, but a small mean difference between FFQ and diary estimates. 

Again, the slightly different findings could be due to sample and context differences. 

In contrast to the study of Aaron et al. (2013), examination of the SNIP sample 

showed evidence of widening limits of agreement with increasing estimated diet costs. 

When the more expensive diets in the sample were excluded, both the mean difference 

between the two methods and the limits of agreement were reduced. This implies that 

the database and till receipt estimates agree best for the 95% of the sample spending 

less on their diets. 

In the subgroup analyses, the between-group differences of both methods were 

in the same direction. These were greater when using DANTE to estimate costs, rather 

than till receipts. There was variation in the methods’ agreement between males and 

females, and between adults and children. In particular, the DANTE cost database 
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estimates for children varied noticeably from the till receipt values, on average 

exhibiting lower costs. This most likely reflects a drawback in the till receipt method, 

which assumed an equal consumption across members of the household. In actuality, 

both the quantity and composition of diet is likely to differ across the family unit (Bates 

et al., 2011), patterns which are more likely to be captured using dietary assessment. 

The results of this study support this, showing decreased agreement in the subgroups 

likely to consume a smaller quantity of food. 

The fact that the SNIP study took place in a year different to that of the cost 

data collection is of particular usefulness, in that it permits the assessment of 

employing inflation correction factors in such a database. Correction factors can be 

derived from the annual food price indices compiled by food group by the Office for 

National Statistics (Defra, 2009). Adjustments of prices (by food type) made according 

to national price indices have been previously found to yield similar estimates to real-

time estimates for some, though not all, of a small sample of food items (Friel et al., 

2001). Finding a way to apply the cost data to different time periods will augment its 

usability, and uniquely allow comparisons in trends across time. It would be informative 

to formally test the consequences of separating the CPI into food group-specific indices 

on estimate accuracy as compared to simply applying the CPI. 

Estimating dietary expenditure will always have its limitations, but the food cost 

database remains both a pragmatic method for large-scale dietary research, and the 

one most likely to deliver the clearest picture of individual-level diet costs. Further 

explorations might investigate whether the accuracy of DANTE estimations differs 

according to various demographic or household characteristics or dietary patterns.  

 

5.5.1 Limitations 

As a comparison study, it is difficult to draw conclusions about the validity of 

either method used. However, understanding more about how the best available 

methods relate to each other could help to enhance the comparability of findings 

across the literature, whilst a more precise measure of the actual cost of daily intake is 

still lacking.  

Many of the limitations associated with the DANTE database diet cost estimates 

have already been discussed in Section 5.3.4. In brief, it should be remembered that 

the method of applying a cost database to dietary data will inevitably echo any biases 

or measurement error associated with the dietary assessment tool used. Secondly, 

cost databases tend not to be able to account for food away from home (FAFH), free 
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foods, promotions, or price variability. It is possible that the limits of agreement seen in 

this study reflect a variation in product prices: only the mean costs of each food item 

from the DANTE cost database were employed, whereas lower-than-average or 

higher-than-average costs may have been represented in the till receipts. In future 

applications of the DANTE cost database, there is the potential to use the low and high 

values within the database. 

Within the DANTE cost database, some infrequently consumed foods lack cost 

information - for example, some exotic fruits (rambutan) and offal (trotters and tails). 

None of these foods occurred in the UKWCS food diary data, but six uncosted items 

were reported in the diaries of four participants from the SNIP sample. This may have 

resulted in an underestimation of expenditure for these participants. It is unlikely that 

the small amounts involved will have skewed the results. 

 

5.5.2 Strengths 

As mentioned in Section 5.3.4, the DANTE cost database boasts a key 

advantage over household expenditure data in that using dietary assessment methods 

provides data at the individual level. This is of particular relevance when investigating 

the economic determinants of diet and health. 

In addition, this study is valuable in that the samples examined exhibit different 

characteristics: only single women, who shop for one person, were included in the 

UKWCS sample; whereas complete households were recruited in the SNIP study. The 

samples also differed in size and in the year in which the data was collected. This 

variation adds strength to the conclusions, with similar findings for both samples.  

 
 
5.6 Conclusions 

Cost of diet is likely to warrant an increasingly important role in public health 

research. The increasing economic pressures of recent years have elicited growing 

concern about the affordability of a healthy diet, and establishing whether diet costs 

contribute to inequalities in health could have far-reaching policy implications.  

This chapter has introduced the DANTE food cost database, the tool which is to 

be used in the following chapters to explore diet costs in the NDNS. A description of 

the main limitations of this approach was included, and the extent of these limitations 

was assessed by comparing the DANTE food cost database to the alternative method 

of estimating diet costs, using household till receipts. 
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The DANTE food cost database linked to a dietary assessment tool agrees well 

with estimates from household expenditure at a sample level, for two contrasting 

samples. This suggests that calculating the cost of food using dietary assessment data 

is useful in estimating the monetary value of a population’s diets. At the individual level, 

diet cost estimates showed less agreement. In the SNIP study, agreement was 

stronger for the 95% of the population spending less on their diets, and for adults.  

This comparison of methodologies was critical for the interpretation of diet cost 

research. The results suggest that using a cost database linked to food composition 

tables is a pragmatic method for large-scale dietary research. This should help improve 

confidence in the findings of Chapters 6, 7 and 8.  

 

 

 

 

 

 

   

What was known previously: 

 There is a need to measure diet cost at the individual level, in order to link 

food prices to health outcomes. 

 Identifying the actual effect of food prices on diet and health in a real-world 

setting is challenging, and investigators often rely upon estimates of diet 

costs. 

 The DANTE food cost database holds national UK price information for over 

3,000 food and beverage items which can be linked to dietary data to 

estimate diet costs. 

 Due to the element of approximation inherent in costing diets, it is important 

to gauge how diet costing methods compare. 

 There are no previously published studies in the UK comparing diet cost 

estimates from different methods. 

What this chapter adds: 

 The DANTE food cost database linked to a dietary assessment tool agrees 

well with estimates from household expenditure at a sample level, for two 

contrasting samples. 

 At the individual level, estimates were found to differ by as much as £3.00 

per day. 

 Agreement was stronger for the 95% of the population with lower diet costs 

and for adults. 

 This chapter adds to the work of previous authors, in populations outside the 

UK, to enable better interpretation of diet cost analyses. 
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Chapter 6 Estimating the diet costs of NDNS adults  
 

6.1 Summary 

According to the food price-obesity hypothesis, varying prices of foods may 

determine the selection of some foods over others, potentially encouraging the 

purchase of energy-dense foods. Whilst the role of income in energy balance is 

discussed in an earlier chapter (Chapter 4), the next few chapters concentrate on a key 

supply-side determinant of dietary purchases – food prices. The previous chapter 

(Chapter 5) introduced a tool for inferring the costs of diets as recorded in dietary 

surveys, the DANTE cost database. This chapter describes the costs of British adults’ 

diets, as estimated by applying the DANTE cost database to the dietary data of the 

National Diet and Nutrition Study (NDNS).  

A cost was assigned to each food and beverage (excluding water) recorded in 

the adult diet diaries from the first two years of the NDNS (2008/09-2009/10; n=1014). 

Daily diet costs were calculated, both including and excluding costs of alcoholic 

beverages, and costs per 10MJ were also calculated in order to improve comparability 

across individuals with differing energy requirements. The chapter presents descriptive 

results of these estimated diet costs, including descriptive statistics by 

sociodemographic groups and other lifestyle variables. 

The median daily diet cost of the sample was £2.84 (IQR £2.27, £3.64). Energy 

intake and daily diet cost were strongly correlated. The median energy-adjusted cost 

was £4.05 per 10MJ (£3.45, £4.82). Univariate analyses indicated that diet costs 

differed significantly between categories of many of the sociodemographic variables. 

Observed differences were, for the most part, as anticipated. 

Multivariable regression assessed the effects of each variable on diet costs 

after adjustment, indicating that: food energy intake, income and fruit and vegetable 

intake were associated with daily diet costs; whilst sex, BMI category, income and fruit 

and vegetable intake were associated with diet costs per 10MJ.  

This is the first time monetary costs have been applied to the diets of NDNS 

adults. The findings suggest that certain sociodemographic groups in this sample 

consume diets of lower monetary value. The potential influence of inflation was also 

considered by comparing unadjusted diet costs with those estimated after the 

application of food group-specific inflation indices. The results set the context for the 

investigations into diet costs, dietary energy density and BMI in the NDNS which are 

the subject of the following chapters. 
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Some of the analyses in this chapter form the basis of a publication in the 

journal Public Health Nutrition (Timmins et al., 2013a). The results presented in the 

article differ to those included in this chapter, however, in that survey weights were 

applied to the analyses. This was because the emphasis of the article was on 

describing the estimated diet costs of British adults, whereas this chapter is intended 

as a precursor to the regression analyses of Chapter 7 and 8 (see Section 3.3.1). 
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6.2 Introduction 

The purchasing power of an individual is determined by their income, the prices 

of foods, and the person’s consumption of other goods (see Chapter 1). Consumers 

must reconcile their purchases within their food budget; therefore, varying prices may 

determine the selection of some foods over others. The price of food is reported as a 

dominant aspect of conscious decision-making in many samples (Steptoe et al., 1995, 

Connors et al., 2001, Shepherd et al., 2006). In the UK, almost a third of respondents 

in the Low Income Diet and Nutrition Survey (LIDNS) identified price, value or budget 

to be the most important influence on their dietary choices (Nelson et al., 2007).  

Whilst national-level food price and consumption data enable the monitoring of 

trends, they cannot portray the effects prices may have on individuals’ dietary 

behaviour. Price elasticities can reveal changes in demand in response to price 

changes of a specific food (see Andreyeva et al., 2010 for a review); however, it is 

difficult from this type of data to elucidate changes to the whole diet and to dietary 

intake that might occur as a result. Allocating prices to all the foods consumed by an 

individual, on the other hand, can give an indication of the cost of their whole diet.  

Although not an accurate reflection of individuals’ own food expenditure (see 

Chapter 5), prices applied to foods consumed could indicate the value of diet that they 

can afford (or choose to afford). It may be possible from this estimation of diet costs to 

speculate the extent to which price considerations have guided food selection.   

Previous publications have used national or local food price databases to apply 

a monetary value to the diets of American (Monsivais and Drewnowski, 2009, Rehm et 

al., 2011), French (Darmon et al., 2004, Maillot et al., 2007a), Dutch (Waterlander et 

al., 2010), Spanish (Schroder et al., 2006, Lopez et al., 2009) or Japanese (Murakami 

et al., 2007) populations (see Chapter 2). To date there have been no such studies in a 

representative UK sample, however, and dietary costs have never been estimated for 

the NDNS. 

This chapter describes for the first time the monetary value of adults’ diets in 

the NDNS. The method of costing diets – using the DANTE cost database – is outlined 

in Chapter 5. As newly derived variables, a thorough exploration of descriptive statistics 

by sociodemographic and other subgroups are included, along with some univariate 

tests for comparison and correlation. In addition, the chapter will explore the 

appropriateness of applying different inflation indices to diet cost estimates. Diet costs 

were estimated both including and excluding alcohol. 
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The research presented in this chapter satisfies the following objectives: 

 

1. Estimate and describe the diet costs of NDNS adults 

2. Explore patterns in NDNS diet costs according to sociodemographic 

characteristics  

3. To investigate the appropriateness of diet cost estimations 

 

Elucidating patterns in diet costs could have implications for the targeting of 

public health nutrition messages. In addition, individual-level data allow the exploration 

of relationships between diet costs, dietary quality and health outcomes. Such 

investigations are the focus of Chapters 7 and 8; therefore this chapter sets the scene 

for these later chapters. 
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6.3 Methods 

The data used in this chapter were previously collected and compiled by other 

investigators. The methods employed to furnish these data sets are summarised in 

Chapters 3 and 5. Details on the sample and data collection can be found in these 

chapters. Information regarding ethical approval is also contained within these 

chapters. The sections below describe the linking of the data sets to derive diet costs, 

along with the statistical methods adopted. 

 

6.3.1 Linking the data sets 

The NDNS data set was downloaded from the Economic and Social Data 

Service (ESDS) repository in December 2011, as a Stata (StataCorp, 2011) data file. 

Appropriate variables were selected (see Chapter 3) and exported to a database in 

Microsoft Access 2007. This was to allow the data to be linked to the DANTE cost 

database, also housed in Access. 

To assign a cost to individuals’ diets in the NDNS, it was necessary to allocate 

a price to each food or beverage consumed. This was achieved by linking the NDNS 

data to the DANTE cost database. However, the food codes employed by DINO, the 

tool used to code the NDNS, differ to those of DANTE. Therefore, it was necessary to 

first match the food item descriptions of the two databases, then to add a vector to the 

DANTE food table containing the DINO codes. In this manner, the tables could be 

linked via the DINO codes. Figure 6.1 summarises the process involved in linking the 

databases. 
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Figure 6.1 Flowchart depicting the process of linking data sets to calculate diet costs 
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A list of unique food items occurring in the NDNS adult food data was 

generated (a total of 3416 items); these were then manually matched to the DANTE 

food items, and the appropriate DINO code was entered in the DANTE cost database.  

Both databases incorporate data from the UK food composition tables (FSA, 

2002), and, as such, it was possible to match many of the food items exactly (30% of 

foods). Of the remainder, 232 items (7%) were not appropriate for inclusion in the 

analyses (these comprised the supplements food group, medicines and sundries such 

as sugar-free chewing gum and sugar replacements), and 40% (n=1369) were 

assigned to duplicate entries in the DANTE database. Duplicate entries were 

necessary where the DINO database included several versions of a food to allow for 

more detailed dietary assessment: for example, ‘fried egg’ has five separate DINO 

codes to reflect different cooking oils (blended oil, butter, lard, margarine, PUFA), 

whereas in the DANTE cost database there is only one option for fried egg (in 

vegetable oil). Matches described as a ‘close alternative’ mostly reflected minor 

discrepancies in the item description – for example, “peas boiled in salted water” could 

be matched to “peas boiled in water”.  

The DANTE cost database does not contain prices for a number of food items 

that were unavailable at the time of the database creation (see Chapter 5) – for 

example, some game items (pheasant, partridge) and ethnic foods (plantain, 

enchilada). Twenty of the foods in the NDNS data set, consumed by 62 adults, were 

found to have missing costs in the DANTE cost database. The problem was 

irresolvable at this stage in the cost database’s development, due to the time that had 

lapsed, and these missing costs remain a limitation in the diet cost estimates. 

  

 

6.3.2 Assigning costs to diets 

The diet cost variables that needed to be calculated from the linked data sets 

were: 

 Daily diet cost estimates, including alcohol; 

 Daily diet cost estimates, excluding alcohol; 

 A calculation of diet cost including alcohol in relation to total energy intake; and 

 A calculation of diet cost excluding alcohol in relation to food energy. 

 

Before the DANTE costs were applied to the dietary data, a subset table was 

created in which water was excluded. Uncarbonated water was excluded from the diet 
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cost calculations because it was not possible to distinguish from the data whether the 

water consumed was free tap water or purchased bottled water.  

Once estimated, the values for each individual were added to the Stata NDNS 

data set as a new variable (for each cost parameter). Whilst the variables themselves 

were estimated in pence, for the purposes of clarity in interpretation, figures are 

reported as GBP£.  

 

6.3.2.1 Daily diet cost 

  Mean daily diet costs were derived for each individual by multiplying the food 

price in the DANTE cost database by the quantity of food consumed, summing for each 

day, and calculating the average across the four days4 of dietary intake data collection: 

 

Daily diet cost (£ day-1) = ∑( DANTE price (p/g)*quantity food consumed (g)) ÷ 100 

   Number of days (4).  

Equation 6.1 

 

 Costs excluding alcohol were derived using the same formula applied to the 

Access subset in which alcoholic beverages were excluded. 

 

6.3.2.2 Correcting for inflation 

The database was populated using 2004 prices, whereas the NDNS data was 

collected between 2008 and 2010. During that time, prices will be expected to have 

increased as a result of inflation. One way to correct for this and bring the 2004 prices 

in line with 2008-2010 prices would be to inflate the 2004 prices using the national 

index of inflation, the Consumer Price Index (CPI). The CPI is an inflation index 

averaged across a range of goods (see Section 5.4.4). Amongst these goods, the 

Office for National Statistics (ONS) includes indices for 27 different food groups, which 

averaged together make up the Food Price Index (FPI). An inspection of the food group 

data reveals varying patterns between the inflation rates of different food groups. 

Therefore, it cannot be assumed that applying costs from a different year will not 

modify the patterns of costs observed. On the other hand, the differences in inflation 

rates between food groups may be so slight as to make little difference.  

                                                
4
 Participants with less than four days dietary data were excluded from analyses in this thesis – see 

Chapter 3. 
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To assess the possibility that food-group specific indices might more sensitively 

reflect the changes in prices faced by consumers, dietary costs were estimated under 

three alternative scenarios: 

 Unadjusted, using the 2004 prices of the DANTE cost database; 

 Adjusted using 27 food group-specific indices; 

 Adjusted using a flat rate of inflation, the Food Price Index (FPI). 

 

The price indices were derived from ONS data (ONS, 2011), from the detailed 

Consumer Price Index (CPI) reference tables. These tables use the reference year 

1987 (1987=100). For the purposes of this study, new indices were derived with a 

reference year of 2004. This was achieved using the following formulae: 

 

2008/09 index = (((Index08_09 - Index04)/Index04) * 100) + 100; or 

Equation 6.2 

 

2009/10 index = (((Index09_10 - Index04)/Index04) * 100) + 100 

Equation 6.3 

 

where Index08_09 refers to the average of all months’ indices from February 

2008 to March 2009 (the NDNS Year 1 data collection period); Index09_10 refers to 

the average of all months’ indices from April 2009 to March 2010 (Year 2 data 

collection period); and Index04 refers to the index at June 2004. 

Two new vectors were added to the DANTE cost database: one containing the 

price of each food item adjusted using the FPI formula; and one with prices adjusted 

using the food group indices (see Appendix C for a full list of the indices). The DANTE 

food group codes were matched to the ONS food groups manually, before the correct 

food group index could be applied. The new vectors were populated using the following 

formula: 

 

Index-adjusted price = DANTE price*index/100. 

Equation 6.4 

 

The new DANTE prices could then be used to create two new variables in the 

NDNS data set, containing estimated costs after adjusting for inflation. In order to apply 

the correct indices for each of the two years of data collection, the NDNS sample was 

split into each wave before the index-adjusted prices were assigned, then the sample 

was merged again.  
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As the FPI-adjusted costs were created using a single index, the relative 

differences in costs within the sample, and the proportions of cost attributed by each 

food group will be the same as the unadjusted diet costs. The food group-specific 

indices, however, may have created some differences in these relative and proportional 

costs, because each participant is likely to have consumed different quantities of each 

food group. Therefore, FPI-unadjusted costs and food group-adjusted costs were 

calculated by sociodemographic variables, and presented side-by-side to allow 

comparison.  

 

6.3.2.3 Diet costs per 10MJ 

Energy-adjusted costs were also calculated to control for the varying energy 

requirements associated with differing demographic groups (such as age). As with 

most nutrients (Willett, 1998), diet costs were predicted to be correlated with energy 

intake. Adjusting for energy should enable the identification of factors associated with 

diet costs independently of energy intake, making subgroup comparisons easier to 

interpret. 

Daily costs were adjusted to 10MJ, selected as a midpoint between estimated 

average requirements (EARs) for males and females (SACN recommends EARs of 

10.9MJ for men and 8.7MJ for women (adults aged 19+) (SACN, 2011)). The energy-

adjusted daily diet cost was calculated using the following formula: 

 

energy-adjusted cost = (mean daily diet cost (£)/mean daily energy intake (MJ)) x 10. 

Equation 6.5 

 

6.3.3 Analytical methods 

Statistical analyses were performed using Stata IC 12 (StataCorp, 2011). After 

linking the databases and derivation of new variables, the data were imported into a 

new Stata data set. This data set combined individual-, household- and day-level data 

at the individual level, and also contained the diet cost variables. 

Outliers for both diet cost variables were identified. To rule out the possibility of 

implausibly extreme diet cost estimates, the coded diaries of the participants in the top 

and bottom 1% of diet cost were examined. The foods and drinks consumed were 

judged to be plausible, and there were therefore no exclusions on this basis. Higher 

diet cost estimates appeared to be largely attributable to costs from alcoholic 

beverages or takeaway coffees. 
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Median daily diet costs (£ day-1) and median energy-adjusted costs (£ 10MJ-1) 

were calculated for the whole sample and for each category of the following variables: 

 Age group 

 Sex 

 Employment 

 Qualifications 

 Equivalized household income 

 Household size 

 Marital status 

 BMI classification 

 Cigarette smoking status  

 Alcohol consumption category 

 ‘5 a day’ achievement.  

These variables were the sociodemographic indicators available in the NDNS 

data set which had adequate numbers of participants within each category (see 

Chapter 3). All cost variables were positively skewed; therefore median and 

interquartile ranges (IQR) are presented.  

Sociodemographic differences in daily and energy-adjusted diet costs were 

tested using Kruskal-Wallis ANOVA. Where appropriate (with ordinal variables) a test 

for trend was used. A significance level of 5% was set.  

Multivariable regression models were built to assess the strength of each 

variable’s relationship with diet costs (one model for daily diet costs, and one model for 

energy-adjusted diet costs), adjusting for the other variables. Due to probable 

collinearity, not all variables were included in the regression models. However, 

because these models are intended as exploratory rather than explanatory, unlike the 

regression analyses that have featured previously, there is not a single ‘exposure’ 

variable around which to build a direct acyclic graph (DAG). The variables selected for 

inclusion in the model were therefore chosen on the basis of anticipated 

sociodemographic differences. A minimum number of variables were included, to avoid 

including those variables which are highly correlated. Those selected a priori were: age 

group, sex, equivalized household income, BMI category, smoking status and ‘5-a-day’ 

achievement. In addition, energy intake from food was included in the model with daily 

diet costs, but not in the model for energy-adjusted diet costs, because energy was 

used in the derivation of the latter variable. With the exception of energy intake, all 

covariates were categorical. However, only cigarette-smoking status was entered in the 

model as dummy variables (using the Stata ‘i.’ prefix), because all other variables were 
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made up of ordered categories. Regression models were built only for diet costs 

calculated without costs of alcoholic beverages. 

Despite non-normal distribution of the diet cost variables, the residuals of each 

regression model were found to follow a normal distribution, and the dependent 

variables were found to have constant variance, therefore meeting the assumptions for 

linear regression. 
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6.4 Results 

 

6.4.1 Whole sample 

The median daily diet cost and energy-adjusted diet cost of the full sample, both 

including and excluding alcohol, can be seen in Table 6.1.  

 

Table 6.1 Median values and interquartile ranges for average daily diet costs (£ day
-1

) and 

costs adjusted to 10MJ for the whole sample (n=1014) 

  Median IQR 

Daily diet cost (£ day-1) Including alcohol 3.47 2.57, 4.83 

 Excluding alcohol 2.84 2.27, 3.64 

Energy adjusted diet cost (£ 10MJ-1) Including alcohol 4.73 3.83, 6.00 

 Excluding alcohol 4.05 3.45, 4.82 

 

 

6.4.2 Diet costs & energy intake 

The mean daily energy intake of the sample was 7699kJ (SD 2515kJ). Mean 

energy from food was 7242kJ (SD 2250kJ). The relationship between daily diet cost 

and energy intake was strongly positively correlated, both including alcohol (correlated 

with total energy: Spearman’s rho = 0.68; 95% CI 0.65, 0.72) and excluding alcohol  

(correlated with food energy: Spearman’s rho = 0.66; 95% CI 0.63 to 0.69). See Figure 

6.2 and Figure 6.3. 

 



209 

 

 

 

Figure 6.2 Daily diet costs (p d
-1

) including costs from alcohol plotted against total 

energy intake (kJ), NDNS adults (n=1014) 

 

 

Figure 6.3 Daily diet costs (p d
-1

) excluding costs from alcohol plotted against food 

energy intake (kJ), NDNS adults (n=1014) 
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6.4.3 Diet costs by sociodemographic characteristics 

Table 6.2 shows the median diet costs by sociodemographic group, excluding 

alcohol. Kruskal-Wallis ANOVA revealed significant differences in daily diet costs by 

several sociodemographic variables when costs of alcoholic beverages were excluded. 

These were: sex, employment, marital status, qualifications and income. In addition, 

costs were found to differ by the lifestyle indicators of cigarette smoking, alcohol 

consumption and achievement of ‘5 a day’. All of these differences persisted regardless 

of whether daily diet costs or costs per 10MJ were compared.  

Similar differences were apparent when Kruskal-Wallis analyses compared diet 

costs including alcohol (Table 6.3): daily diet costs were found to differ by sex, 

employment, marital status, qualifications, income, cigarette smoking, alcohol 

consumption and achievement of ‘5 a day’. In addition, daily diet costs differed 

significantly between age groups. However, some of these contrasts were not 

statistically significant when costs per 10MJ were tested – namely, sex, age group and 

smoking. 

Diet costs were not found to differ significantly between the categories of 

household size or BMI category. 
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Table 6.2 Median values and interquartile ranges for daily diet costs (£ day
-1

) and costs adjusted to 10MJ for sample subgroups. Alcohol excluded (p 

values for Kruskal-Wallis ANOVA) (n=1014) 

   Daily diet cost (£ d-1) Energy-adjusted diet cost  

(£ 10MJ-1) 

Variable  n Median IQR p Median  IQR p 

Sex Male 

Female 

434 

580 

3.14 

2.69 

2.43, 4.02 

2.20, 3.30 

<0.01 3.80 

4.28 

3.24, 4.47 

3.67, 4.99 

<0.01 

Age group 19-29 years  

30-39 years  

40-49 years  

50-59 years  

60-69 years  

70 years and over  

145 

202 

179 

184 

147 

157 

2.74 

2.96 

2.90 

2.94 

2.84 

2.59 

2.09, 3.41 

2.35, 3.71 

2.21, 3.74 

2.44, 3.75 

2.25, 3.77 

2.14, 3.20 

0.18* 3.78 

4.07 

4.12 

4.17 

4.32 

3.90 

3.34, 4.56 

3.41, 4.82 

3.48, 4.66 

3.62, 5.07 

3.75, 5.12 

3.27, 4.65 

0.05* 

Employment Managerial & professional 

Intermediate, lower supervisory & small employers 

Routine & semi-routine 

Never worked & other 

421 

302 

250 

41 

3.10 

2.90 

2.52 

2.56 

2.52, 3.93 

2.27, 3.56 

2.01, 3.01 

1.99, 3.28 

<0.01 4.27 

4.00 

3.75 

3.87 

3.69, 5.01 

3.53, 4.92 

3.14, 4.37 

3.17, 4.93 

<0.01 

Marital status Single, never married 

Married 

Married but separated 

Divorced 

Widowed 

289 

467 

30 

127 

101 

2.78 

2.96 

2.96 

2.74 

2.47 

2.20, 3.70 

2.36, 3.70 

2.15, 4.00 

2.26, 3.40 

2.02, 3.10 

<0.01 3.87 

4.09 

4.23 

4.29 

4.16 

3.36, 4.69 

3.54, 4.87 

3.31, 5.50 

3.47, 4.92 

3.30, 4.76 

0.02 

Qualifications 

(n=1006) 

Degree or higher education 

GCA A-level or equivalent, foreign qualification 

GCSEs/still in full-time education 

No qualifications 

338 

172 

245 

251 

3.13 

2.89 

2.81 

2.48 

2.52, 3.99 

2.39, 3.65 

2.24, 3.72 

1.99, 3.03 

<0.01 4.27 

4.05 

4.01 

3.78 

3.67, 5.07 

3.52, 4.79 

3.35, 4.94 

3.21, 4.45 

<0.01 
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   Daily diet cost (£ d-1) Energy-adjusted diet cost  

(£ 10MJ-1) 

Variable  n Median IQR p Median  IQR p 

Equivalized 

household income 

(n=875) 

Under £14,999 

£15,000-£24,999 

£25,000-£34,999 

£35,000-£49,999 

£50,00 and over 

198 

202 

197 

142 

136 

2.59 

2.69 

2.89 

3.17 

3.31 

2.07, 3.11 

2.26, 3.33 

2.28, 3.65 

2.52, 4.15 

2.66, 4.19 

<0.01 * 3.73 

3.97 

4.00 

4.19 

4.55 

3.25, 4.43 

3.37, 4.58 

3.49, 4.84 

3.67, 5.04 

3.80, 5.35 

<0.01* 

Household size 1 person  

2 people  

3 or 4 people  

5 or more people  

268 

336 

327 

83 

2.77 

2.95 

2.81 

2.89 

2.19, 3.45 

2.34, 3.74 

2.28, 3.56 

2.21, 3.61 

0.58* 4.11 

4.15 

3.96 

3.91 

3.43, 4.79 

3.56, 5.01 

3.38, 4.60 

3.39, 4.35 

0.07* 

BMI category NA/Missing 

Underweight (<18.5kg/m2) 

Normal weight (18.5 – 24.9kg/m2) 

Overweight (25.0 – 29.9kg/m2) 

Obese (30kg/m2 and over) 

76 

13 

318 

350 

257 

2.66 

1.98 

2.89 

2.93 

2.78 

2.09, 3.54 

1.75, 2.47 

2.36, 3.58 

2.34, 3.72 

2.18, 3.50 

0.09† 4.25 

3.41 

4.01 

4.07 

4.15 

3.30, 5.25 

2.80, 4.15 

3.45, 4.83 

3.46, 4.78 

3.57, 4.76 

0.26 † 

Smoking Never smoked 

Ex-smoker 

Current smoker 

541 

247 

226 

2.92 

2.91 

2.55 

2.31, 3.70 

2.37, 3.67 

2.09, 3.22 

<0.01 4.12 

4.11 

3.82 

3.54, 4.89 

3.55, 4.99 

3.20, 4.56 

<0.01 

Alcohol 

consumption 

None 

Low risk 

Increasing risk 

High risk 

410 

425 

132 

47 

2.59 

2.93 

3.17 

3.18 

2.10, 3.23 

2.39, 3.84 

2.54, 3.71 

2.54, 4.46 

<0.01* 3.90 

4.15 

4.13 

3.89 

3.39, 4.68 

3.54, 4.95 

3.50, 4.92 

3.18, 4.59 

0.01* 

Achieve ‘5 a day’ Yes 

No 

334 

680 

3.41 

2.60 

2.81, 4.21 

2.10, 3.23 

<0.01 4.52 

3.86 

3.84, 5.40 

3.31, 4.57 

<0.01 

* test for trend on ordered categories; † test for trend, excluding NA/Missing and Underweight  

Table 6.2 (cont’d) Median values and interquartile ranges for daily diet costs (£ day
-1

) and costs adjusted to 10MJ for sample subgroups.  
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Table 6.3 Median values and interquartile ranges for daily diet costs (£ day
-1

) and costs adjusted to 10MJ for sample subgroups. Including alcohol  (p 

values for Kruskal-Wallis ANOVA) (n=1014) 

   Daily diet cost (£ d-1) Energy-adjusted diet cost  

(£ 10MJ-1) 

Variable  n Median IQR p Median  IQR p 

Sex Male 

Female 

434 

580 

4.21 

3.11 

2.95, 5.75 

2.36, 4.12 

<0.01 4.68 

4.76 

3.73, 6.07 

3.88, 5.96 

0.73 

Age group 19-29 years  

30-39 years  

40-49 years  

50-59 years  

60-69 years  

70 years and over  

145 

202 

179 

184 

147 

157 

3.10 

3.75 

3.86 

3.75 

3.48 

2.94 

2.27, 4.60 

2.71, 4.94 

2.70, 5.39 

2.90, 4.90 

2.56, 4.92 

2.31, 3.70 

0.03* 4.31 

4.84 

4.91 

5.14 

4.80 

4.25 

3.55, 5.42 

3.81, 5.94 

4.03, 6.46 

4.06, 6.45 

3.99, 6.37 

3.60, 5.36 

0.83* 

Employment Managerial & professional 

Intermediate, lower supervisory & small employers 

Routine & semi-routine 

Never worked & other 

421 

302 

250 

41 

3.92 

3.31 

2.93 

2.90 

2.96, 5.37 

2.60, 4.63 

2.23, 4.06 

1.99, 4.02 

<0.01 5.12 

4.57 

4.28 

4.23 

4.19, 6.39 

3.78, 6.04 

3.55, 5.37 

3.26, 5.79 

<0.01 

Marital status Single, never married 

Married 

Married but separated 

Divorced 

Widowed 

289 

467 

30 

127 

101 

3.42 

3.60 

3.48 

3.46 

2.80 

2.39, 4.90 

2.80, 4.96 

2.17, 4.69 

2.69, 4.64 

2.15, 3.82 

<0.01 4.56 

4.88 

4.98 

4.86 

4.45 

3.71, 5.60 

3.89, 6.18 

3.85, 6.48 

4.10, 6.54 

3.62, 5.64 

<0.01 

Qualifications 

(n=1006) 

Degree or higher education 

GCA A-level or equivalent, foreign qualification 

GCSEs/still in full-time education 

No qualifications 

338 

172 

245 

251 

4.03 

3.52 

3.53 

2.83 

2.96, 5.48 

2.75, 4.84 

2.60, 4.68 

2.14, 3.85 

<0.01 5.11 

4.87 

4.86 

4.24 

4.17, 6.39 

3.88, 5.82 

3.80, 6.34 

3.56, 5.08 

<0.01 
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   Daily diet cost (£ d-1) Energy-adjusted diet cost  

(£ 10MJ-1) 

Variable  n Median IQR p Median  IQR p 

Equivalized 

household income 

(n=875) 

Under £14,999 

£15,000-£24,999 

£25,000-£34,999 

£35,000-£49,999 

£50,00 and over 

198 

202 

197 

142 

136 

2.88 

3.31 

3.61 

3.94 

4.54 

2.24, 3.91 

2.60, 4.28 

2.68, 4.84 

3.11, 5.35 

3.16, 6.14 

<0.01* 4.25 

4.53 

4.73 

5.12 

5.85 

3.52, 5.34 

3.79, 5.48 

3.87, 6.10 

4.32, 6.29 

4.55, 7.17 

<0.01* 

Household size 1 person  

2 people  

3 or 4 people  

5 or more people  

268 

336 

327 

83 

3.33 

3.63 

3.47 

3.47 

2.47, 4.45 

2.65, 5.10 

2.60, 4.73 

2.50, 5.17 

0.37* 4.65 

4.85 

4.69 

4.60 

3.84, 5.95 

3.97, 6.28 

3.72, 5.89 

3.72, 5.68 

0.46* 

BMI category NA/Missing 

Underweight (<18.5kg/m2) 

Normal weight (18.5 – 24.9kg/m2) 

Overweight (25.0 – 29.9kg/m2) 

Obese (30kg/m2 and over) 

76 

13 

318 

350 

257 

3.29 

2.37 

3.43 

3.63 

3.29 

2.19, 4.22 

1.94, 4.20 

2.67, 4.75 

2.67, 5.07 

2.49, 4.71 

0.10† 4.64 

4.31 

4.65 

4.80 

4.73 

3.55, 6.24 

3.26 ,5.42 

3.79, 5.79 

3.86, 6.07 

3.89, 6.07 

0.23† 

Smoking Never smoked 

Ex-smoker 

Current smoker 

541 

247 

226 

3.47 

3.61 

3.29 

2.60, 4.86 

2.79, 4.84 

2.35, 4.68 

0.04 4.73 

4.89 

4.65 

3.80, 5.99 

3.93, 6.13 

3.78, 5.78 

0.13 

Alcohol 

consumption 

None 

Low risk 

Increasing risk 

High risk 

410 

425 

132 

47 

2.60 

3.75 

5.80 

9.28 

2.10, 3.23 

3.01, 4.72 

4.87, 6.79 

7.21, 10.46 

<0.01 3.89 

5.00 

6.59 

7.88 

3.39, 4.65 

4.17, 5.97 

5.75, 7.73 

7.05, 9.39 

<0.01 

Achieve ‘5 a day’ Yes 

No 

334 

680 

4.21 

3.17 

3.11, 5.43 

2.34, 4.40 

<0.01 5.23 

4.49 

4.35, 6.49 

3.70, 5.67 

<0.01 

* test for trend on ordered categories; † test for trend, excluding NA/Missing and Underweight 

Table 6.3 (cont’d) Median values and interquartile ranges for daily diet costs (£ day
-1

) and costs adjusted to 10MJ for sample subgroups, including alcohol  
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6.4.4 Regression analyses 

Multivariable regression indicated that daily diet costs increased significantly as 

energy intake increased, after adjusting for the other variables (see Table 6.4): it can 

be seen that each additional 100kJ was associated with an additional 3 pence in diet 

cost (95% CI £0.03, £0.03). There was a significant increase – of 44 pence (95% CI 

£0.31, £0.56) – in daily diet costs for those who achieved ‘5 a day’ compared to those 

who did not. There was also a significant overall effect of household income category 

on diet costs, with an increase of 15p associated with each progression up through the 

categories 

Table 6.5 presents the results of the adjusted regression diet costs per 10MJ. 

This model revealed significant effects of household income and achieving ‘5 a day’, as 

did the daily diet cost model. In this second model, moving into a higher income 

category was associated with an increase of 19p per 10MJ, and those who achieved ‘5 

a day’ had an energy-adjusted cost of 56p more than those who did not. In contrast to 

the first model, however, a significant effect was observed for sex, with females 

showing costs of 46p per 10MJ higher than males, and for BMI, with an additional 2p 

associated with each progression up through BMI categories. 

After adjustment, no significant effects were apparent in either model for age 

group or cigarette-smoking status. 

 

Table 6.4 Regression of sociodemographic and lifestyle variables on estimates of daily 

diet cost (n=814) 

Variable 

Coefficient  

(difference in diet 

cost, pence) 

95% CI 
Overall 

p value 

Sex* 12.47 -0.24, 25.18 0.054 

Age group -0.42 -4.05, 3.20 0.818 

Food energy (100kJ) 3.13 2.84, 3.43 <0.001 

BMI category† 0.87 -0.21, 1.95 0.115 

Cigarette smoking status‡ 

      Current regular smoker 

      Ex-regular smoker 

 

-9.02 

-3.77 

 

-23.72, 5.69 

-17.74, 10.19 

0.475 

Achieve 5 a day 43.95 31.45, 56.46  <0.001 

Equivalized household income§ 15.21 11.01, 19.40 <0.001 

* Reference category = males 
† Underweight participants (BMI<18.5kg/m2) excluded 
‡ Compared with participants who have never regularly smoked (reference category) 
§ Household income categories: under £14,999; £15,000-£24,999; £25,000-£34,999; £35,000-

£49,999; £50,00 and over 
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Table 6.5 Regression of sociodemographic and lifestyle variables on estimates of diet 

cost per 10MJ (n=814) 

Variable 

Coefficient  

(difference in diet 

cost, pence) 

95% CI 
Overall  

p value 

Sex* 45.58 28.72, 62.45 <0.001 

Age group 1.43 -3.88, 6.75 0.596 

BMI category† 1.77 0.17, 3.37 0.030 

Cigarette smoking status‡ 

     Current regular smoker 

     Ex-regular smoker 

 

-5.13 

-2.67 

 

-26.83, 16.57 

-23.37, 18.02 

0.890 

Achieve 5 a day 56.39 38.10, 74.67 <0.001 

Equivalized household income 19.17 12.95, 25.39 <0.001 

* Reference category = males 
† Underweight participants (BMI<18.5kg/m2) excluded 
‡ Compared with participants who have never regularly smoked (reference category) 
§ Household income categories: under £14,999; £15,000-£24,999; £25,000-£34,999; £35,000-

£49,999; £50,00 and over 

 

 

6.4.5 Inflation index comparisons 

Table 6.6 shows the diet cost estimates using each of the three different indices 

to correct for inflation. In comparing the food group-adjusted and FPI-adjusted costs 

(which both account for inflation), the median difference between the estimates was 

£0.03 (IQR -£0.04, £0.08). As a percentage of diet costs, differences between the 

estimates of the two indices ranged from -4% to 9% (median 0.6%, IQR -1%, 2%). 

Excluding alcohol, the median difference was £0.06 (IQR £0.02, £0.11) or 2% (range  

-4%, 9%; IQR 0.5%, 3%). 

 

Table 6.6 Median estimated daily diet costs (£ day
-1

) for the whole sample (n=1014), by 

method of adjustment 

 Including alcohol Excluding alcohol 
Diet cost 

estimation 
method 

Median IQR Median IQR 

Prices 
unadjusted 

3.47 2.57, 4.83 2.84 2.27, 3.64 

Prices adjusted 
by food group 

4.22 3.16, 5.78 3.48 2.81, 4.42 

Prices adjusted 
by FPI 

4.18 3.11, 5.79 3.42 2.75, 4.35 

 

Table 6.7. presents the p values of Kruskal-Wallis ANOVA (or tests for trend 

where appropriate) comparing the estimated diet costs of sociodemographic and 

lifestyle categories when diet costs are estimated using costs adjusted for inflation 
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using 27 food group indices, or using a flat rate of inflation (FPI); Table 6.8 shows the 

estimated diet costs by sociodemographic and lifestyle categories. Estimated costs 

exclude costs of alcoholic beverages. Table 6.7 indicates that, in the majority of cases, 

results of comparison tests are similar and conclusions would be the same regardless 

of the inflation index applied. The one exception to this is the comparison by age group, 

where diet costs including alcohol were found to significantly differ when a flat rate of 

inflation (the FPI) was applied, but not where the food group indices were used. Where 

alcohol was excluded from diet costs, however, age groups were not found to 

significantly differ. 

 

Table 6.7 P values from Kruskal-Wallis ANOVA for differences in daily diet costs between 

categories of sociodemographic variables 

 Including alcohol Excluding alcohol 

Variable 
FPI-adjusted 

p value 

Food-group 
index adjusted 

p value 

FPI-adjusted 
p value 

Food-group 
index adjusted 

p value 
Sex <0.01 <0.01 <0.01 <0.01 

Age group* 0.03 0.06 0.19 0.40 

Employment <0.01 <0.01 <0.01 <0.01 

Marital status <0.01 <0.01 <0.01 <0.01 

Qualifications <0.01 <0.01 <0.01 <0.01 

Equivalized 

income* 
<0.01 <0.01 <0.01 <0.01 

Household size* 0.36 0.41 0.56 0.62 

BMI classification* 0.45 0.46 0.77 0.72 

Smoking status 0.04 0.03 <0.01 <0.01 

Alcohol  <0.01 <0.01 <0.01 <0.01 

Achieve ‘5 a day’ <0.01 <0.01 <0.01 <0.01 

*test for trend on ordered categories 
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Table 6.8 Median daily diet costs (£ day
-1

) and interquartile ranges (IQR) by sociodemographic and lifestyle variables, excluding alcohol (n=1014) 

   Daily diet cost (£ d-1), 

FPI-adjusted 

 

Daily diet cost (£ d-1), food 

group index-adjusted 

 

Variable  n Median IQR Median  IQR 

Sex Male 

Female 

434 

580 

3.81 

3.26 

2.91, 4.80 

2.64, 3.93 

3.86 

3.31 

3.00, 4.86 

2.70, 4.03 

Age group 19-29 years  

30-39 years  

40-49 years  

50-59 years  

60-69 years  

70 years and over  

145 

202 

179 

184 

147 

157 

3.30 

3.53 

3.51 

3.53 

3.43 

3.16 

2.53, 4.15 

2.86, 4.56 

2.62, 4.43 

2.91, 4.59 

2.76, 4.52 

2.54, 3.81 

3.32 

3.60 

3.57 

3.63 

3.53 

3.25 

2.52, 4.17 

2.90, 4.55 

2.76, 4.48 

3.05, 4.64 

2.84, 4.57 

2.59, 3.89 

Employment Managerial & professional 

Intermediate, lower supervisory & small employers 

Routine & semi-routine 

Never worked & other 

421 

302 

250 

41 

3.73 

3.46 

3.03 

3.05 

3.01, 4.72 

2.76, 4.29 

2.47, 3.68 

2.42, 3.88 

3.80 

3.53 

3.04 

3.05 

3.07, 4.79 

2.81, 4.38 

2.49, 3.70 

2.47, 3.99 

Marital status Single, never married 

Married 

Married but separated 

Divorced 

Widowed 

289 

467 

30 

127 

101 

3.34 

3.57 

3.51 

3.32 

3.04 

2.62, 4.43 

2.87, 4.43 

2.54, 4.92 

2.73, 4.15 

2.43, 3.76 

3.37 

3.65 

3.59 

3.34 

3.08 

2.66, 4.50 

2.93, 4.57 

2.64, 4.92 

2.76, 4.21 

2.43, 3.84 

Qualifications 

(n=1006) 

Degree or higher education 

GCA A-level or equivalent, foreign qualification 

GCSEs/still in full-time education 

No qualifications 

338 

172 

245 

251 

3.76 

3.51 

3.36 

3.02 

3.08, 4.78 

2.90, 4.33 

2.72, 4.53 

2.38, 3.71 

3.84 

3.61 

3.39 

3.03 

3.10, 4.92 

2.94, 4.42 

2.74, 4.54 

2.43, 3.72 
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   Daily diet cost (£ d-1), 

FPI-adjusted 

 

Daily diet cost (£ d-1), food 

group index-adjusted 

 

Variable  n Median IQR Median  IQR 

Equivalized 

household income 

(n=875) 

Under £14,999 

£15,000-£24,999 

£25,000-£34,999 

£35,000-£49,999 

£50,00 and over 

198 

202 

197 

142 

136 

3.08 

3.24 

3.47 

3.81 

3.98 

2.50, 3.73 

2.77, 4.01 

2.76, 4.32 

3.06, 4.97 

3.21, 5.01 

3.12 

3.33 

3.49 

3.87 

4.08 

2.53, 3.80 

2.82, 4.03 

2.83, 4.45 

3.15, 5.08 

3.31, 5.13 

Household size 1 person  

2 people  

3 or 4 people  

5 or more people  

268 

336 

327 

83 

3.30 

3.55 

3.42 

3.49 

2.65, 4.19 

2.81, 4.59 

2.75, 4.27 

2.66, 4.45 

3.36 

3.60 

3.48 

3.41 

2.72, 4.29 

2.88, 4.61 

2.82, 4.35 

2.79, 4.44 

BMI category NA/Missing 

Underweight (<18.5kg/m2) 

Normal weight (18.5 – 24.9kg/m2) 

Overweight (25.0 – 29.9kg/m2) 

Obese (30kg/m2 and over) 

76 

13 

318 

350 

257 

3.18 

2.44 

3.47 

3.54 

3.38 

2.50, 4.27 

2.12, 3.04 

2.82, 4.27 

2.84, 4.53 

2.61, 4.27 

3.26 

2.43 

3.56 

3.63 

3.43 

2.53, 4.34 

2.13, 3.24 

2.91, 4.35 

2.89, 4.54 

2.67, 4.35 

Smoking Never smoked 

Ex-smoker 

Current smoker 

541 

247 

226 

3.51 

3.52 

3.06 

2.79, 4.45 

2.85, 4.38 

2.50, 3.88 

3.61 

3.58 

3.13 

2.87, 4.52 

2.90, 4.52 

2.52, 3.95 

Alcohol 

consumption 

None 

Low risk 

Increasing risk 

High risk 

410 

425 

132 

47 

3.13 

3.52 

3.78 

3.88 

2.54, 3.86 

2.87, 4.63 

3.07, 4.50 

3.01, 5.28 

3.19 

3.63 

3.81 

3.97 

2.59, 3.94 

2.93, 4.72 

3.06, 4.55 

3.05, 5.16 

Achieve ‘5 a day’ Yes 

No 

334 

680 

4.14 

3.14 

3.40, 5.10 

2.53, 3.87 

4.26 

3.19 

3.45, 5.23 

2.59, 3.94 

Table 6.8 (cont’d) Median daily diet costs (£ day
-1

) and interquartile ranges (IQR) by sociodemographic and lifestyle variables, excluding alcohol 
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6.5 Discussion 

This chapter set out to estimate and describe the diet costs of NDNS adults, 

then explore the patterns in these costs according to a number of sociodemographic 

and lifestyle characteristics.  

This is the first time a monetary value has been applied to individuals’ diets in 

the NDNS. These costs are estimates of the inherent monetary value of diets, as 

opposed to actual expenditure. Despite this difference, the daily estimated diet costs of 

this sample are similar to national expenditure estimates, when excluding costs from 

alcohol: the inflation-adjusted median estimates in the NDNS were £3.42 (FPI) and 

£3.48 (food group indices), compared to £3.50 per person per day reported in Family 

Food 2010 (£24.50 per week) (Defra, 2012). When costs from alcohol are included, the 

NDNS daily estimates, at £4.18 (FPI) or £4.22 (food group indices), are slightly higher 

than expenditure data suggest, at £27.57 per week, or £3.94 per day. It could be 

conjectured that this discrepancy could be due to cheaper sources of alcohol being 

purchased (whereas the DANTE cost database assumes a mean cost), or it could be 

due to measurement error associated with dietary consumption data (although over-

reporting of alcohol consumption does not typically feature in dietary surveys). 

The estimated monetary value of diets was closely correlated with energy 

intake in the NDNS, indicating that those with higher energy requirements face higher 

diet costs. Due to this relationship, adjusting diet costs to 10MJ should allow a more 

fair comparison between groups of individuals who are likely to have different energy 

requirements (for example, between men and women).  

 

6.5.1 Diet costs of sociodemographic groups 

Univariate comparisons highlighted some interesting differences between 

subgroups in this sample, even after adjusting diet costs to 10MJ. Men were estimated 

to have higher daily diet costs than women in this sample, but lower diet costs per 

10MJ. This is a pattern similarly reported in a French (Maillot et al., 2007b) and a US 

(Monsivais and Drewnowski, 2009) sample, although not apparent in all studies of this 

type (Rehm et al., 2011). The pattern likely reflects the higher energy intakes that tend 

to be observed in males, with diet costs and energy intakes being strongly correlated in 

this sample. After adjusting for energy, males exhibited lower costs, probably as a 

result of having more energy-dense diets, a sex difference similarly reported in US 

(Ledikwe et al., 2005) and Mediterranean (Marti-Henneberg et al., 1999) samples. In 

the multivariable analysis, however, sex no longer had a significant effect on daily diet 
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costs, although a difference was still apparent when diet cost per 10MJ was the 

dependent variable. This suggests that the difference between males and females 

reflects sex differences other than energy intake – for example, in fruit and vegetable 

consumption. 

Those in managerial and professional positions showed higher diet costs than 

other occupations; as did those with higher compared to lower educational 

qualifications. Although other studies have not investigated occupation group 

differences in diet costs, differences in education have previously been described in 

other countries (Monsivais et al., 2010, Rehm et al., 2011, Monsivais and Drewnowski, 

2009), as in this study. The influence of education and occupation on diet costs could 

be indirect, through probable links between these socioeconomic variables and 

income, which could determine food budgets. Alternatively, diet selection may be 

influenced by education independently, with occupation and income being 

consequential rather than causal. Although both education and occupation are 

frequently used markers of socioeconomic status, education appears to be more 

strongly associated with dietary habits (De Irala-Estevez et al., 2000, Giskes et al., 

2010), perhaps reinforcing the latter interpretation. On the other hand, one study 

examining fruit and vegetable consumption by strata of education reported increasing 

consumption as incomes increased within each stratum (Lallukka et al., 2010). The 

authors additionally found that participants with the highest reported education level but 

low incomes did not consume more fruit and vegetables than the lowest educated. 

Both diet cost variables were found to increase monotonically with income 

categories in this sample. The effect of income on diet costs was still significant after 

adjusting for other variables in the regression models. This is in keeping with Engel’s 

observation that expenditure on food will increase as income increases (Zimmerman, 

1932; see Chapter 1). The increase in cost per 10MJ with rising income categories is 

particularly interesting: because the food price database uses mean values and does 

not distinguish between different types of the same product, it implies that the 

additional costs incurred by the higher income categories are a result of the selection of 

different foods, rather than merely ‘trading up’ to higher quality, more expensive 

versions of the same items. In reality, higher income participants may also have ‘traded 

up’ in addition to choosing different foods than did lower income subjects, which would 

augment the observed diet cost differences. Similar income effects have been 

observed in some (Monsivais and Drewnowski, 2009, Rehm et al., 2011), though not 

all (Waterlander et al., 2010), comparable studies. (The authors of the latter study 
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suggest the lack of significance may be attributed to a lack of statistical power in the 

sample, or inappropriate income measurement.)  

The findings suggest that those who are or have been married tend to have 

higher diet costs, whilst the widowed show the lowest costs. One interpretation is that 

this is due to an over-representation of the elderly amongst the widowed, who may be 

more likely to be on lower incomes. This is the first time marital status has been 

included in a study of dietary costs, although Murakami et al (2007) reported significant 

differences according to ‘living status’, with or without family. In contrast, there were no 

significant differences in diet costs by household size in the NDNS sample. 

 

6.5.2 Diet costs and lifestyle variables 

Interestingly, diet costs (either per day, or per 10MJ) were not found to differ 

between BMI categories, yet a significant positive association (p=0.03) was apparent 

between BMI category and diet cost per 10MJ when adjusting for other variables 

(Table 6.5). In light of the food price-obesity hypothesis described in Chapter 1, this 

finding is particularly interesting. The relationship between diet costs and BMI is 

investigated more thoroughly in Chapter 7. 

Differences in diet costs per 10MJ were also evident between smokers and 

non-smokers in this study, with current regular cigarette smokers showing the lowest 

diet costs. It could be speculated from this relationship that the monetary costs of 

smoking impinge upon the food budget. Conversely, the findings may reflect a 

clustering of behaviours (smoking and poor diet). The latter interpretation is supported 

by the observation that cigarette smoking status was not found to be significantly 

related to daily diet costs or diet costs per 10MJ after adjusting for other variables. In 

other populations, comparisons between smokers and non-smokers have resulted in 

mixed findings (Murakami et al., 2007, Lopez et al., 2009); although the same studies 

found similar trends for alcohol consumption.  

In this sample, the observation of increasing daily diet costs with increasing 

alcohol consumption could also be attributed to the concomitant increasing intakes of 

food energy (not presented). However, those who consumed no alcohol exhibited a 

similar median cost to the highest alcohol consumers when adjusted to 10MJ, 

suggesting that the observed differences are not solely due to the energy differences 

between the consumption groups, and again supporting a behaviour-cluster 

interpretation. A previous study (Breslow et al., 2006) has identified a significant pattern 

of lower diet quality with increasing alcohol consumption, but only a few have reported 
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increasing food energy intakes (Kesse et al., 2001), and one validation study suggests 

a tendency to over-report food intake amongst higher risk alcohol consumers (Zhang et 

al., 2001). On the other hand, it is also possible that drinking behaviours are linked to 

disposable incomes and thereby affect food budgets. 

Diets containing five portions (400g) or more of fruit and vegetables per day 

were found to be of higher monetary value than those that featured fewer. This 

supports the findings of previous research suggesting that people who score more 

favourably on healthy diet indicators (Schroder et al., 2006, Maillot et al., 2007b, Cade 

et al., 1999, Ryden and Hagfors, 2011), as well as those who consume more fruit and 

vegetables in particular (Rehm et al., 2011), tend to spend more money on food or 

consume higher value diets. In addition, the findings presented here go further than 

many of the other studies in showing that the relationship between fruit and vegetable 

consumption and diet costs remains even after adjusting for other economic and 

demographic factors. Whilst some studies report that a diet adhering to national 

guidelines is theoretically achievable on low incomes (for example, Cassady et al., 

2007 in the US), others have found that modelling diets to be both palatable and 

nutritionally adequate does increase costs (Darmon et al., 2006). One study in Ireland 

predicted that the cost of adhering to proposed guidelines, whilst achievable in theory, 

would take up to 100% of the income from welfare for an adolescent male (Flynn et al., 

2011).  

The current study did not investigate costs according to wider measures of diet 

quality nor adherence to guidelines other than fruit and vegetables. Nevertheless, the 

results imply that the better quality diets, as signified by the consumption of fruit and 

vegetables, were of higher intrinsic monetary worth. It cannot be determined from this 

study design whether diet costs were influential in participants’ food selection; 

nevertheless, the relationships evident between diet costs and socioeconomic markers 

are interesting, with potential policy implications.  

 

6.5.3 Inflation indices 

Whilst several investigators have matched food price databases to nutrition 

survey data with a different year of data collection, there does not appear to have been 

an investigation into the possible influence of inflation. The results above present for 

the first time a comparison between inflation adjustment methods.  

Reassuringly, diet costs estimated using a flat rate of inflation (the FPI) 

appeared to be similar to those adjusted by the different food group inflation indices. 
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For the whole sample, the median difference between the two diet costs was just £0.02 

a day excluding alcohol. However, a key aim of the inflation investigations was to 

determine if the different adjustments would have consequences in terms of 

interpreting between-group differences in estimated diet costs. Looking at different 

subgroups (Table 6.8), the inflated diet costs are on the whole similar whether the FPI 

or food group indices were used (with differences ranging up to +£0.12, or +3% of diet 

cost). It is perhaps interesting, though, that almost all of the subgroup estimates were 

higher when food group indices had been applied, as compared to when the FPI was 

applied. Although differences observed in this sample were modest, it is possible that 

greater time lags in the collection of price data and dietary data in other studies 

(compared to the 4-5 year difference between the NDNS and the DANTE food cost 

database) would result in larger differences, potentially leading to an increasing bias 

towards underestimation of diet costs if the FPI is used. 

As a cautionary note, it is possible that food group indices imply a spurious level 

of accuracy. Whilst it is intuitive to account for differential rates of inflation between 

food groups, it should be noted that there still remains a large degree of assumption-

making in the compilation of these indices – for example, the assumption that the 

reference food items used to calculate each index, along with their weights, give an 

accurate indication of the whole food group’s price changes over time. Full details of 

the assumptions inherent in the methods are described in the Office of National 

Statistics supporting documents (ONS, 2011). 

In terms of univariate analyses, few differences in p values were evident when 

food group indices or the FPI were used. This, coupled with only minor differences in 

each index’s effect on the cost estimates of each category, implies that there is little to 

distinguish the two when used in this sample. The exception was the effect of 

adjustment on age group comparisons. The different p values shown in Table 6.7 

suggest that the age groups have been unevenly affected by the price changes of 

certain food groups. From these results, it is difficult to identify which food groups may 

be culpable and how, but this is an interesting area for future investigation. 

The implication of these explorations is that researchers need to consider 

carefully the different approaches to handling data collected in differing years. Applying 

a flat rate of inflation could, on the face of it, offer a simple route to estimating diet costs 

that appear meaningful to another year’s experience of pricing. However, ignoring the 

relative influences of different food groups on diet cost inflation risks losing an 

important level of detail. If possible, a comparison of different approaches may be 

advisable, as was performed here. In the end, pragmatic considerations may influence 
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the approach adopted. In the NDNS, different years of data collection are combined 

(2008-9 and 2009-10; see Chapter 3). In order to achieve an adequate sample size for 

later analyses (Chapters 7 and 8), it is advantageous to combine these years of data 

collection. This would not be feasible if different inflation indices had been applied to 

each year, making the years incomparable. For this reason, as well as the fact that 

these investigations revealed little difference in the effect of indices in this sample, 

unadjusted costs were adopted for the analyses of the ensuing chapters.  

 

6.5.4 Limitations 

As demonstrated above, assigning costs to dietary data using a food price 

database is a potentially insightful methodology. It is not without limitations, however. A 

full discussion of these limitations can be found in Chapter 5, but consideration needs 

to be given to some key points that are relevant for the interpretation of the results in 

this chapter and this is offered below. 

Firstly, it should be noted that these diet cost estimates will inevitably echo any 

measurement error associated with the dietary assessment tool from which they are 

extrapolated. Under-reporting of food consumption, for example, will result in an 

underestimation of diet cost. Where under-reporting may be more prevalent amongst 

certain subgroups, as it has been suggested to be for those classified as obese for 

example (Rennie et al., 2007), the resulting bias could influence the results of subgroup 

comparisons. In this sample, energy intake was found to vary significantly between BMI 

categories, with the lowest energy intake reported in the obese. This perhaps suggests 

that such bias exists within the sample. The relationship between diet costs and BMI is 

explored more thoroughly in Chapter 7. Chapter 3 contains a more in-depth discussion 

of limitations in dietary assessment. 

This method of costing has limits in establishing the role of diet costs in food 

selection. Firstly because the results imply that the diets of certain subgroups are worth 

more, not necessarily that these populations spend more on their diets. The value of a 

person’s diet may not reflect the prices they encountered in purchasing their food: 

although 74% of this sample indicated that the majority of their household grocery 

purchases were made in large supermarkets (see Chapter 3), prices are known to vary 

by area and according to retailer type (Cummins and Macintyre, 2002). In addition, the 

food cost database does not account for restaurant or takeaway meals, which are likely 

to be higher than those estimated, and thought to account for 31% of all food and drink 

purchases in England (Defra, 2009). Food away from home (FAFH) has been 
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demonstrated in the UK to be roughly three times that of equivalent foods eaten in the 

home (Wrieden and Barton, 2011). It can be assumed that accounting for these costs 

would result in higher estimated diet costs for those who consumed FAFH during the 

data collection, which are not reflected in the estimates presented above. In addition, 

the DANTE cost database does not identify free, shared or foraged food. Secondly, as 

a cross-sectional study, it is impossible to gauge whether diets of a lower monetary 

value are selected as a result of budgetary considerations, or whether the value of a 

diet merely reflects a preference for cheaper foods driven by other factors.  

 

6.5.5 Strengths 

These findings add to the literature on social inequalities in diet and health. 

Many of the patterns revealed here appear to substantiate speculated differences in 

diet costs, which should impart confidence to the costing method.  

The existence of diet cost differences between certain groups of people could 

have implications in the consideration of proposed fiscal interventions to combat public 

health issues such as obesity (as suggested in one recent report, (Sustain, 2013)), that 

may differentially affect socioeconomic groups. Modelling studies have indicated that 

this would be the case, and taxation measures are likely to be economically regressive 

(Nnoaham et al., 2009). This is concerning, given that the differences between 

sociodemographic groups observed here are likely to be conservative (Section 6.5.1). 

Individual-level diet costs allow the investigation of diet costs in relation to 

health outcomes. Chapters 7 and 8 present such investigations, where the associations 

between diet costs and energy density, and diet costs and BMI are examined.  

6.6 Conclusion 

This study is the first attempt to quantify individual diet costs for a 

representative UK sample. Diets of adults in the NDNS were matched to a food cost 

database to derive an estimated daily diet cost and a cost per 10MJ for each 

participant. The findings suggest that certain subgroups in the UK consume diets of 

lower monetary value. Observed differences were, for the most part, in the directions 

anticipated. Costing diets in this manner is constrained by the measurement error 

associated with dietary assessment. Nevertheless, the derivation of these cost 

variables paves the way for the investigations into the links between diet costs, diet 

quality and health which are the subject of the following chapters. 
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What was known previously: 

 There is a need to measure diet cost at the individual level, in order to link 

food prices to health outcomes. 

 Previous studies have used national food price databases to apply a 

monetary value to the diets of dietary surveys, but to date there have been 

no such studies in a representative UK sample. 

 In other populations, people who score more favourably on healthy diet 

indicators and those who consume more fruit and vegetables tend to spend 

more money on food or consume higher value diets. 

What this chapter adds: 

 This is the first time monetary costs have been applied to the diets of NDNS 

adults. 

 Many of the patterns revealed substantiate speculated differences in diet 

costs, which should impart confidence to the costing method. 

 Diet costs were not found to differ significantly between the categories of 

household size or BMI category. 

 Better quality diets, as signified by the consumption of fruit and vegetables, 

were of higher intrinsic monetary worth, even after adjusting for other 

economic and demographic factors. 

 Income and fruit and vegetable intake appear to be key drivers of both daily 

diet costs and costs per 10MJ. 

 On the whole, there was little difference in using a flat rate of inflation 

compared to the food group-adjusted indices, although comparisons 

suggests that age groups were unevenly affected by the price changes of 

certain food groups.  

 The existence of diet cost differences between certain groups of people 

could have implications in the consideration of proposed fiscal interventions 

that may differentially affect socioeconomic groups. 
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Chapter 7 Diet costs, diet and BMI in the NDNS 
 

7.1 Summary 

If food prices influence dietary intake and energy balance, it may be the case 

that the inherent monetary value of diets is associated with dietary energy density 

(DED) or the body weight of people consuming those diets. The previous chapter 

(Chapter 6) presented diet costs for a nationally representative dietary survey, the 

National Diet and Nutrition Survey (NDNS). This chapter investigates how these 

estimated diet costs relate to DED and body mass in the sample.  

The relationship between diet costs and dietary energy density (excluding non-

milk beverages) was assessed using quintile comparisons, and with multivariable 

regression using the residuals method. Multivariable regression tested for a linear 

association between diet costs per 10MJ and BMI; polynomial models tested for non-

linear relationships. Finally, logistic regression was used to gauge the effect of diet 

costs per 10MJ on the proportion of the sample overweight and obese. 

The results indicated a strong negative association between the monetary cost 

and the energy density of diets. On the other hand, the data did not support an 

association of diet costs with BMI or classifications of overweight and obese. The 

possibility of a non-linear relationship between diet costs and BMI was also rejected. 

Interestingly, energy intake increased with increasing energy density, suggesting that 

an over-consumption of calories with increasing energy density is credible. The lack of 

association between diet costs and body mass may be due to the study design and 

potential self-reporting bias. 

Whether the approach taken here is capable of implicating monetary factors in 

obesity remains to be seen. More prospective investigations would be ideal, given the 

protracted nature of obesity aetiology. In the meantime, there is still scope to explore 

this emerging field of study using cross-sectional data. The following chapter (Chapter 

8) explores a new approach to the research question, in which diet costs are 

characterized in terms of the constituent food groups. 
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7.2 Introduction 

The primary aim of this thesis is to determine the role of micro-economic factors 

in excess energy intake. A common theory in the recent literature is that rising obesity 

rates may be attributed to trends in food prices (the ‘food price-obesity hypothesis’ – 

see Chapter 1). Research into this hypothesis, however, is at an early stage, with few 

studies able to confirm or refute such a link (the results of a comprehensive literature 

search on the topic are presented in Chapter 2).  

Diet costs have been linked, positively and significantly, to a variety of 

measures of dietary quality, such as nutrient density (Monsivais et al., 2010), indices of 

healthfulness (Cade et al., 1999, Bernstein et al., 2010) and dietary patterns (Ryden et 

al., 2008). However, fewer studies have attempted to address the outcome of weight or 

BMI, and none have done so in the UK (see Chapter 2). 

From the literature review (Table 2.7), it can be seen that there have been just 

three studies of working-age adults published which investigated weight in relation to 

diet costs as estimated from dietary data. The findings published from these studies in 

Japan and Spain are mixed. Murakami et al (2007), for example, found a small but 

significant negative relationship between diet costs and BMI in a sample of Japanese 

female students; the same group, however, failed to repeat this finding in a subsequent 

study using laboratory-measured weight and height rather than self-reports (Murakami 

et al., 2008b). In a prospective Spanish cohort study, Lopez et al (2009) found a 

significant increase in BMI at follow-up with increasing quintiles of diet cost per 

1000kcal at baseline. Whilst the odds ratio for a total weight gain of 3kg or more during 

the study was not significant (once adjusted for confounders), the highest quintile of 

diet cost was significantly associated with a 20% increase in the odds of gaining an 

average of at least 0.6kg per year.  

BMI may give an indication of positive energy balance, but the protracted nature 

of weight gain makes it difficult to investigate putative links using cross-sectional data. 

An alternative approach is to examine aspects of the diet which may give an indication 

of excess energy intake. Increasing energy density, for example, has been suggested 

to encourage excess energy consumption, and has been linked to adiposity (see 

Chapter 1). A broader range of literature has been published relating dietary costs to 

energy density compared to the literature relating costs to BMI. All of these studies 

reported a strong negative relationship between diet costs and energy density, in 

France (Darmon et al., 2004, Maillot et al., 2007b), the Netherlands (Waterlander et al., 

2010), the USA (Monsivais and Drewnowski, 2009, Townsend et al., 2009), Scotland 

(Wrieden and Barton, 2011) and Sweden (Ryden and Hagfors, 2011). In all of these 
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studies, the relationship held regardless of the energy density calculation method used 

(including all beverages except water, excluding all beverages, or excluding non-

calorific beverages), the method of dietary data collection (recall, diary, FFQ or from 

national expenditure data), and the analytical method employed (quintile comparisons, 

correlation or adjusted regression).  

This chapter presents analyses which examine the relationships between diet 

costs and the outcomes of energy density and BMI, using the estimated dietary costs 

of the NDNS as a representative UK sample. The estimated costs of this sample have 

already been presented in Chapter 6. The following objectives will be addressed in this 

chapter: 

1. To determine whether an association exists between diet costs and BMI 

or overweight amongst NDNS adults; and 

2. To establish whether an association exists between diet costs and 

dietary energy density amongst NDNS adults. 

 The three key relationships under investigation are: daily diet costs and dietary 

energy density; costs per 10MJ and BMI; and costs per 10MJ and overweight and 

obesity. The selection of which diet cost variable to involve in each relationship was 

based upon discussion in previous publications: whilst costs adjusted to 10MJ improve 

comparability across populations with differing energy requirements, other investigators 

have cautioned against linking energy-adjusted costs with an outcome also derived 

using energy values – such as energy density. This is due to the resultant 

mathematical coupling, in which the same variable appears in the numerator of one 

variable and the denominator of the other (Lipsky, 2009). In this case, kJ is the 

numerator in the energy density calculation and the denominator in energy-adjusted 

diet cost. Observed relationships between two such variables could then reflect their 

algebraic relationship, as opposed to the hypothesized causal association. 

However, it is still necessary to control for energy intake, given its close association 

with diet costs (demonstrated in Chapter 6).  

Adjustment for energy intake is a challenge that is not new to nutritional 

research, and various approaches have been considered in depth (Willett, 1998). One 

proposed alternative to a straightforward nutrient density approach is the ‘residuals 

method’, in which the residual values of a model, with energy intake as the 

independent variable and the nutrient in question as the dependent variable, are used 

to represent diet costs in the final model. Although not a nutrient, it is suspected that 

diet cost is subject to similar considerations with respect to total energy intake. With 

this in mind, the residuals method described by Willett will be adopted for the 

regression model which features dietary energy density as the outcome. This approach 
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has similarly been taken in recent research in the field (for example, Aggarwal et al., 

2011, Maillot et al., 2007b).  

In contrast, the variables of energy-adjusted diet cost (£ per 10MJ) and BMI do 

not share this problem of mathematical coupling. In this instance, using energy-

adjusted values will assist in the interpretability of the model coefficients. This approach 

is described by Willett as the ‘multivariate nutrient density method’ (Willett, 1998), in 

which a nutrient density variable is entered into a model alongside total energy intake. 

This method will be adopted in this chapter for the regression models investigating the 

outcomes of BMI or overweight and obesity. 

 The relationships identified above have never been formally investigated in a 

national sample in the UK before. The findings of the following analyses are expected 

to make an important contribution to the evidence base. 
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7.3 Methods 

 

7.3.1 Sample 

The analyses in this chapter, like the preceding chapters, are based upon data 

from the NDNS. The survey design, sample recruitment and characteristics are 

described in Chapter 3. Only adults with complete diary data (four days) and valid 

anthropometric measurements were included in the analytical sample. In addition, the 

decision was taken to exclude those participants with a BMI of less than 18.5kg/m2 

(n=13), as it was assumed these participants were (or had been) in negative energy 

balance resulting in underweight, and negative energy balance was felt to be subject to 

influences different to that of positive energy balance and beyond the scope of this 

thesis. These exclusions resulted in a sample of 925, from a possible 1031, adults.  

 

 

7.3.2 Estimation of dietary costs 

The exposure variables (dietary costs) were estimated by linking the NDNS 

data with the DANTE food cost database using Microsoft Access. This database is 

described in Chapter 5, whilst the method for linking it to the NDNS data is outlined in 

Chapter 6. Costs were estimated as a daily mean for each participant, as well as per 

10MJ of energy intake. Descriptive results for both estimations can be found in Chapter 

6.  

The diet costs used below exclude costs and energy from alcohol. This is 

because alcohol, as a relatively expensive commodity, has a skewing effect on the diet 

costs of those who consume it, with the potential to skew results. Furthermore, alcohol 

may not be considered part of the food budget by individuals, and is therefore separate 

to the hypothesised causal relationships under investigation in this chapter. 

 

 

7.3.3 Calculation of energy density  

Dietary energy density was a newly created variable for this sample, derived by 

dividing the total energy intake (kJ) by total mass of food consumed (g). The methods 

of calculation can be found in Chapter 4, along with summary statistics. Energy density 

is expressed as kJ/g. 
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7.3.4 Analytical methods 

This chapter aims to establish two key relationships: between diet costs and 

energy density, and between diet costs and BMI. In addition to considering BMI as a 

continuous variable, it is useful to investigate proportions classified as overweight or 

obese due to the clinical relevance of these classifications. There are therefore three 

relationships under investigation. The exposures and outcomes for each of these are 

summarised in Table 7.5. The methods employed to assess each relationship are 

detailed in the sections below.  

After derivation of all relevant variables, the data were analysed in Stata 12 

(StataCorp, 2011). Descriptive analyses for the key variables have been performed in 

previous chapters (Chapters 3, 4 and 6), but means and SDs (or medians and IQR) are 

reiterated in the Results section below. 

 

7.3.4.1 Diet costs & energy density 

The sample was split into quintiles of dietary energy density to enable an initial 

exploration of patterns of daily diet costs, energy-adjusted diet costs, energy intake and 

BMI according to dietary energy density. Means and/or medians for each quintile are 

presented. In addition, adjusted means were estimated for each quintile, after adjusting 

for age and sex (and also energy intake when estimating mean daily diet cost). The 

95% CI for the adjusted means are included. 

To explore the association between diet costs and energy density, the residuals 

method was adopted (see Section 7.2). To enable this, a new vector was added to the 

Stata data set, containing the residual values from the regression of daily diet cost 

excluding alcohol (p d-1) on daily food energy intake (kJ). These residuals provide a 

measure of diet cost that is uncorrelated with energy intake. Figure 7.1 illustrates how 

the residual value is calculated for an example individual. To aid in the interpretation of 

the regression coefficients, studentised residuals were generated in Stata, arrived at by 

dividing each residual by an estimate of its standard deviation. These studentised 

residuals represent the exposure variable of diet cost. 
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Figure 7.1 Scatter plot of daily diet costs (pence per day) against food energy (kJ), 

showing line of best fit and example residual value (n=1014) 

 

 

 On satisfying the assumptions for regression (homoscedasticity and normally 

distributed residuals), a linear multivariable regression was run with the studentised 

residuals of diet cost as the primary predictor variable and dietary energy density (kJ/g) 

as the dependent variable. Covariates to include in the model were selected following a 

priori consideration of confounding in the relationship. This is detailed in Section 7.3.4.5 

below. 

In addition, a sensitivity analysis was performed to establish the possibility of 

undue influence by the older participants in the sample. This was performed by 

repeating the adjusted model excluding participants aged 70 years and over (n=157). 

This subgroup was shown to have the lowest diet costs (see Chapter 6) and it has 

been suggested that older adults may be subject to different factors in dietary selection 

(Gariballa and Sinclair, 2005). 

Regression results are presented in the form of coefficients and 95% 

confidence intervals (CI), for both unadjusted and adjusted analyses. 

 

7.3.4.2 Diet costs & BMI (continuous) 

The relationship between diet costs per 10MJ and continuous BMI was 

estimated using multivariable linear regression. Whilst the residual approach to energy 

adjustment was employed in the investigation of dietary energy density (see Section 

7.3.4.1 above), for the outcome of BMI, which is not mathematically coupled to energy-
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adjusted costs, Willett’s ‘multivariate nutrient density method’ (Willett, 1998) was 

selected. This was chosen as the best option due to the improved interpretability of 

regression coefficients, and given the potentially erroneous assumption of the residual 

approach that there is an equivalent effect at all levels of energy intake. The adjusted 

model also controlled for age, sex, employment and smoking status; the process of 

covariate selection is detailed in Section 7.3.4.5 below. 

Sensitivity analyses were carried out to establish the possibility of undue 

influence by certain participants. These were performed by repeating the adjusted 

model excluding the participants identified each time. Firstly, participants who indicated 

consuming an atypical quantity of food during the data collection period were excluded. 

Secondly, those who reported being on a special diet (not counting vegetarianism or 

veganism) were excluded. Both of these exclusions were made because of the 

underlying assumption that the dietary data provide an indication of usual diet, whereas 

those on a special diet or consuming an atypical amount will not, by definition, be 

recording their usual diet. Finally, an analysis was run excluding those aged 70 years 

and over, for the same reasons as identified for the dietary energy density model 

(Section 7.3.4.1).  

Given the observed patterns in Chapter 6 (see also Figure 7.2), it was 

suspected that the exposure and outcome variables may not in fact exhibit a linear 

relationship. Nonetheless, there may be a relationship between the variables, albeit a 

non-linear one. If this was the case, the standard linear regression model would be 

unable to detect the relationship. 

 

Figure 7.2 Box plot displaying the means and distributions of daily diet cost excluding 

alcohol for each BMI category (n=938) 
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Polynomial regression is a method for detecting non-linear relationships. The 

technique involves incorporating higher order effects alongside the main effects in the 

model: in other words, diet costs would be entered as a predictor variable, along with a 

variable containing squared values of diet costs, a variable of cubed values and so on 

(Equation 7.1 shows an example of a model including squared and cubic values). 

 

BMI = β0 + β0 diet costs + β1 diet costs2
 + β2 diet costs3 + e 

Equation 7.1 

 

The regression equation above, if appropriate for the data, would fit a cubic 

regression line, as shown in Figure 7.3. Figure 7.4 illustrates the fitted curve of a 

quadratic relationship. 

  

 

 

 

 

 

Figure 7.3 Illustration of a cubic regression line 

Figure 7.4 Illustration of a quadratic regression line 
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Alternatives to the straightforward polynomial model described above include 

the use of fractional polynomials (for instance β1 diet costs1/2) or employing non-

parametric (or local influence) models that incorporate splines or lowess smoothing. 

The danger of non-parametric methods, which use values ‘local’ to the regression line 

to influence the shape of the line, is that there is a potential for over-fitting (Royston, 

2005). Locally fitted lines also make it difficult to interpret findings or compare results to 

other studies (Royston, 2005).  

In a polynomial regression, the number of higher order effects added to the 

regression model will depend upon the hypothesized shape of the relationship between 

the exposure and outcome variables. Some researchers advocate a stepwise approach 

to selecting the number of higher orders, comparing model fit after each subsequent 

addition of a higher order effect (Royston, 2005, McDonald, 2009). Conversely, it has 

been argued that, in epidemiology, it should be possible to anticipate the shape of the 

curve, and from this choose the polynomial to include (Greenland, 1995). In biological 

sciences it has been observed that any order higher than cubic is unlikely (McDonald, 

2009).  

For the reasons outlined above, polynomial regression was identified as the 

most suitable approach to detect a potentially non-linear relationship between diet 

costs and BMI. Due to the relative novelty of the exposure-outcome relationship, it was 

decided to run and compare models of both the quadratic and cubic orders, in addition 

to the standard linear regression. 

 

7.3.4.3 Diet costs & overweight+obesity 

As well as being expressed on a continuous scale, BMI is commonly grouped 

into categories of risk (WHO, 2006). Whilst information may be lost by grouping a 

variable in this manner (Naggara et al., 2011), the BMI risk categories are of clinical 

and public health significance. For this reason, a logistic regression was performed to 

assess the relationship between diet costs and a binary outcome variable of normal 

weight (‘0’) versus overweight and obese (‘1’).  

The BMI categories of overweight and obese were combined for this analysis 

due to small participant numbers in the obese category. Unadjusted and adjusted odds 

ratios are presented alongside 95% CI. Adjustments were made for the same 

confounding variables as identified in the linear regression (see Section 7.3.4.5). The 

same sensitivity analyses were planned as for the diet cost-BMI regression (see 

Section 7.3.4.2 above). 
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7.3.4.4 Statistical power 

As discussed previously (Section 4.3.4.5), the methods above relate to 

secondary analyses of an existing data set and therefore the sample size is already 

predetermined. A consideration of the power of the sample size to detect an effect in 

these particular analyses is necessary, however.  

The desired effect size on which to base power calculations is a matter of 

judgement. For the analyses in this chapter, a similar approach to choosing the desired 

effect size will be adopted as was described in Section 4.3.4.5 – dichotomizing the 

predictor variable (diet costs) and estimating the expected difference in the outcome 

between those with high diet costs and those with lower costs. The nomogram method 

(see Whitley and Ball, 2002) (described in Section 4.3.4.5) will be used to gauge the 

expected power, knowing the available sample size, significance level and 

standardized mean difference (SMD; calculated from the expected effect size). A 

power calculation will need to be performed for each of the key relationships under 

investigation in this chapter: diet cost and dietary energy density; diet cost and BMI; 

and diet cost and overweight and obesity. These are described in turn below. 

 

7.3.4.4.1 Diet costs & energy density 

Chapter 2 describes the literature investigating diet costs and dietary energy 

density. From Section 2.4.3.2, it can be seen that four studies reported energy density 

by quantiles of diet cost (Aggarwal et al., 2011, Andrieu et al., 2006, Monsivais and 

Drewnowski, 2009, Townsend et al., 2009). Table 7.1 shows the difference in mean 

energy density between extreme quantiles of each study. Two of these studies 

(Townsend et al., 2009, Monsivais and Drewnowski, 2009) reported energy density in 

kcal, so were converted to kilojoules to allow comparison (1kcal = 4.186kJ). 

 

Table 7.1 Summary of effect sizes from the literature investigating diet costs and energy 

density 

Study 
Number of income 

categories 

Difference between 
extreme categories 

(kJ/g) 

Energy density 
calculation 

Andrieu et al, 2006 5 0.7 Food + caloric 

beverages 

Monsivais and 

Drewnowski, 2009 

4 Men 2.0 

Women 1.0 

Food only 

Townsend et al, 2009 3 1.9 Food only 

Aggarwal et al, 2011 5 2.7 Food only 
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Using the most conservative effect size from the literature – of 0.7kJ/g – and the 

standard deviation of energy density values in the NDNS (1.42kJ/g – see Chapter 4), 

gives a standardized mean difference of 0.493. With the available sample size of 507 

participants in each group (dichotomizing a full sample of 1014), the nomogram 

indicates that the NDNS sample is highly powered to detect a difference of 0.7kJ/g 

(Table 7.2). 

 

Table 7.2 Estimated power of the NDNS sample to detect hypothesized effect sizes 

(difference in dietary energy density) 

Anticipated effect 
size 

(difference, kJ/g) 
SMD 

Significance 
level (α) 

power 

0.7 0.493 0.05 

0.01 

>0.995 

>0.995 

 

 

7.3.4.4.2 Diet costs & BMI 

Three studies investigated diet costs (estimated from dietary assessment) and 

BMI in working-age adults (see Chapter 2). These studies found a difference between 

extreme quintiles of diet cost of 0.9kg/m2 (Murakami et al., 2007), 0.2kg/m2 (Murakami 

et al., 2008b) and 1.2kg/m2 (Lopez et al., 2009). 

The NDNS sample has a mean BMI of 27.5kg/m2 with a standard deviation of 

5.3kg/m2. Given a sample size of just over 800 participants (smaller than above due to 

missing or invalid BMI measurements), Table 7.3 shows the power estimated from the 

nomogram for each of the hypothesized effect sizes taken from the literature. It can be 

seen that the NDNS sample is inadequately powered to detect a small difference in 

BMI, but has around 85% power to detect a difference similar to that observed by 

Lopez et al, of 1.2kg/m2. 

 

Table 7.3 Estimated power of the NDNS sample to detect hypothesized effect sizes 

(difference in BMI) 

Anticipated effect 
size 

(difference, kg/m2) 
SMD 

Significance 
level (α) 

power 

0.2 0.038 0.05 

0.01 

0.10 

<0.05 

0.9 0.170 0.05 

0.01 

0.65 

0.45 

1.2 0.226 0.05 

0.01 

0.85 

0.74 
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7.3.4.5.3 Diet costs & overweight and obesity 

The investigations involving diet costs and overweight and obesity use logistic 

regression. Therefore it is necessary to hypothesize a difference in proportions 

between the dichotomized groups, rather than a difference in means. The calculation 

for the SMD of proportions can be seen in Equation 4.3, Section 4.3.4.5.3. 

Only one of the studies found in the literature review (Section 2.4.4.2) reported 

BMI category proportions (Lo et al., 2012), although this was between daily expenditure 

on vegetables only, and amongst a sample of elderly Taiwanese. In this study, the 

lowest quintile of vegetable expenditure was 30.5% overweight and obese, whilst the 

highest was 45.7%. Using Equation 4.3, this gives an SMD of: 0.152/0.486 = 0.313. 

Again using the nomogram, with an available sample size to allow two groups of about 

400 participants each, the power calculated to such a difference in proportions is 98% 

at the 5% significance level (Table 7.4). 

 

Table 7.4 Estimated power of the NDNS sample to detect the hypothesized effect size 

(difference in proportions overweight and obese) 

Anticipated effect 
size 

(difference, %) 
SMD 

Significance 
level (α) 

power 

0.152 0.313 0.05 

0.01 

0.98 

0.94 

 

7.3.4.5 Selection of covariates 

For each of the relationships under investigation in this chapter – diet costs and 

dietary energy density, and diet costs and BMI – a directed acyclic graph (DAG) was 

created to identify appropriate confounding variables. Graphically linking the variables 

in this manner provides a rigorous method for confounder selection, as described in 

Chapter 4. The DAGs for the analyses in this chapter are shown in Figure 7.5 and 

Figure 7.6.
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Cost of diet 

Food prices 

Food choice 

Food preferences 

Social context 

Dietary energy density 

Food budget 

FAFH 

Time constraints 

Food 

quantity 

Alcohol 

consumption 

Education 

Income 
Age 

Employment  

Environment 

Energy requirement 

Smoking 

Figure 7.5 Directed Acyclic Graph (DAG) showing factors associated with dietary energy density and diet costs 
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Cost of diet 

BMI Energy intake 

Food prices 

Food choice 

Food preferences 

Social context 

Dietary energy density 

Food budget 

FAFH 

Time constraints 

Sex 

Food quantity 

Alcohol 

consumption 

Education 

Income 
Age 

Employment  

Environment 

Appetite; 

physiology 

Physical activity 

Smoking 

Figure 7.6 Directed Acyclic Graph (DAG) showing factors associated with body mass index and diet costs 
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In each DAG shown above, the exposure variable is depicted in dark green, 

whilst the outcome is shown in purple. It should be noted that there are no direct causal 

arrows linking the exposure and outcome in either graph. This is because diet cost in 

itself is not the cause of dietary quality or BMI. Rather, diet costs can be regarded as 

the representation of the interplay between food prices, food choice and food quantity 

(shown in pale green in the DAGs).  

Tracing the ‘open backdoor pathways’ in these DAGs (see Section 4.3.4.6) 

reveals common causes of both exposure and outcome. In Figure 7.5 and  Figure 7.6, 

the ‘backdoor pathways’ from the outcome were linked to the variables contributing to 

cost of diet (food prices, food choice and food quantity). These are depicted by the 

coloured arrows. Along each pathway, one variable has been selected (shown in 

orange) as a suitable adjustment. These were judged to be the minimum number of 

covariates able to capture the confounding pathways (the minimum being desirable in 

order to enhance the efficiency and robustness of the model (Bowers, 2008)). 

For the diet cost-energy density relationship, two confounding variables were 

identified from the DAG (Figure 7.5): food away from home (FAFH) and alcohol 

consumption. Food away from home was identified as a cause of diet costs, because 

food ready to consume is usually of a higher price than that prepared in the home 

(Wrieden and Barton, 2011). At the same time, FAFH has been documented to be 

disproportionately energy-dense, compared to food at home (Prentice and Jebb, 2003), 

thus it can be said to confound the relationship between diet costs and dietary energy 

density. Alcohol consumption is also shown to be influential on diet costs, due to its 

relative expense, and on energy density, as would be expected for a liquid. Although 

beverages were excluded in the calculation of energy density, and diet costs are 

expressed excluding costs attributed to alcohol, the results presented in Chapter 6 hint 

at different dietary habits according to alcohol consumption group, even where costs or 

energy from alcohol are excluded. It was therefore retained as a confounding variable. 

From Figure 7.6 it can be seen that the confounders identified in the 

hypothesised diet cost-BMI relationship are age, sex, employment and smoking status. 

Each of these have been linked in the literature to BMI: age and sex exert their 

influence via their roles as determinants of lean mass (Willett, 1998); smoking has 

been linked to weight status (Canoy et al., 2005), possibly due to an influence on 

appetite and subsequent eating behaviour; and employment can be said to influence 

daily physical activity (Proper and Hildebrandt, 2006), consequently impacting on 

energy balance.  
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Age, sex and smoking can also be linked to food choice, through their influence 

on food preferences. Differences in dietary choices according to these variables have 

been documented in a number of studies (Cade and Margetts, 1991, Breslow et al., 

2006, Herman and Polivy, 2010, Renner et al., 2012). On the other hand, employment 

is connected to the exposure variable in the DAG via another route, impacting on food 

budgets, which depend upon the income received for employment. The fact that diet 

costs were shown to increase with income category in the NDNS (Chapter 6) supports 

this assumption. 

A summary of the confounding variables chosen for each model is presented in 

Table 7.5. In addition to the confounders identified using the DAGs, each model was 

also adjusted for energy intake. This was due to the close relationship observed 

between energy intake and diet costs (see Figure 6.3). Issues relating to adjustment for 

energy in nutrition research are discussed further in Sections 7.2, 7.3.4.1 and 7.3.4.2 

above. 

 

Table 7.5 Variables to be included in each of the adjusted models 

Exposure Outcome Adjustments 

Residual of diet cost 

against energy intake 

Dietary energy density Alcohol consumption  

Food away from home 

Energy intake 

Energy-adjusted diet cost BMI Energy intake 

Age 

Sex 

Smoking 

Employment 

Energy-adjusted diet cost Overweight+obesity 

(logistic) 

Energy intake 

Age 

Sex 

Smoking 

Employment 
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7.4 Results 

The median energy-adjusted diet cost of the sample was £4.05 per 10MJ (IQR 

£3.45, £4.82), excluding costs and energy from alcohol. Mean dietary energy density 

(excluding non-milk beverages) was 6.4kJ/g (SD 1.4kJ/g). The median BMI was 

26.4kg/m2 (IQR 22.9, 30.0; n=938). Sixty five per cent of the sample (n=607) were 

classified as either overweight or obese. More details on descriptive analyses can be 

found in Chapters 3 (BMI), 4 (energy density) and 6 (diet costs). 

 

 

7.4.1 Diet costs & energy density 

Values for average energy density, food energy, diet costs and BMI for each 

quintile of dietary energy density are presented in Table 7.6. Mean energy intake can 

be seen to increase with increasing quintiles of energy density. All other variables show 

no obvious trend by quintile, with the exception of diet costs per 10MJ when costs and 

energy from alcohol are excluded, where a decrease in cost is observed with 

increasing energy density quintiles. 

 

Table 7.6 Mean and median values for each quintile of dietary energy density (1=lowest) 

(n=1014) 

 Quintile of dietary energy density 

 1 2 3 4 5 

Mean energy 

density, kJ/g  

(95% CI) 

4.5 

(4.4, 4.6) 

5.6 

(5.6, 5.6) 

6.3 

(6.3, 6.3) 

7.1 

(7.1, 7.1) 

8.4 

(8.3, 8.5) 

Mean food energy, 

kJ (95% CI) 

6012 

(5753, 6271) 

6776 

(6510, 7042) 

7424 

(7135, 7713) 

7728 

(7435, 8021) 

8278 

(7930, 8626) 

Median daily diet 

cost, £ d-1 (IQR) 

3.34 

(2.50, 4.69) 

3.36 

(2.55, 4.78) 

3.37 

(2.65, 4.62) 

3.72 

(2.75, 5.43) 

3.54 

(2.52, 4.86) 

Median daily diet 

cost excluding 

alcohol, £ d-1 (IQR) 

2.87 

(2.27, 3.71) 

2.74 

(2.23, 3.42) 

2.89 

(2.31, 3.67) 

2.91 

(2.30, 3.66) 

2.82 

(2.12, 3.58) 

Energy-adjusted 

diet cost, £ 10MJ-1 

(IQR) 

5.44 

(4.50, 6.88) 

4.89 

(4.09, 6.13) 

4.47 

(3.72, 5.75) 

4.67 

(3.76, 5.83) 

4.11 

(3.33, 5.16) 

Energy-adjusted 

diet cost excluding 

alcohol, £ 10MJ-1 

(IQR) 

4.93 

(4.29, 5.71) 

4.28 

(3.68, 4.90) 

3.87 

(3.52, 4.57) 

3.85 

(3.36, 4.52) 

3.42 

(2.96, 4.07) 

Mean BMI, kg/m2 

(95% CI) 

28.7 

(27.9, 29.5) 

27.2 

(26.5, 27.9) 

28.0 

(27.3, 28.7) 

27.0 

(26.3, 27.7) 

26.8 

26.0, 27.6) 
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Mean quintile values for the diet cost variables are shown in Table 7.7, after 

adjusting for age and sex (and, in the case of daily diet costs, energy). Figure 7.7 and 

Figure 7.8 illustrate how these adjusted means compare to the unadjusted values. It 

can be seen that a negative relationship between diet costs and energy density is only 

apparent when energy is taken into account. 

 

Table 7.7 Adjusted mean diet costs by quintile of dietary energy density (1=lowest), 

excluding alcohol (n=1014) 

 Quintile of dietary energy density 

 1 2 3 4 5 

Mean daily diet 

cost, £ d-1 (95% CI) 

4.46 

(4.26, 4.66) 

4.22 

(4.08, 4.36) 

3.98 

(3.87, 4.09) 

3.74 

(3.60, 3.88) 

3.50 

(3.29, 3.70) 

Mean daily diet cost 

excluding alcohol,  

£ d-1 (95% CI) 

3.44 

(3.35, 3.54) 

3.24 

(3.17, 3.31) 

3.03 

(2.98, 3.09) 

2.83 

(2.77, 2.90) 

2.63 

(2.53, 2.72) 

Mean cost per 10MJ, 

£ 10MJ-1 (95% CI) 

5.20 

(4.29, 6.11) 

4.62 

(3.71, 5.53) 

4.18 

(3.28, 5.08) 

4.26 

(3.38, 5.15) 

3.75 

(2.88, 4.61) 

Mean cost per 10MJ 

excluding alcohol,  

£ 10MJ-1 (95% CI) 

4.48 

(3.86, 5.10) 

3.73 

(3.11, 4.35) 

3.39 

(2.78, 4.00) 

3.36 

(2.75, 3.96) 

3.03 

(2.44, 3.62) 

All values adjusted for age and sex. Daily diet costs also adjusted for food energy intake 

 

 

Figure 7.7 Average daily diet costs for each quintile of dietary energy density (1=lowest), 

both with and without adjustments (n=1014) 

 

Error bars show 95% CI for adjusted means 
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Figure 7.8 Average diet costs per 10MJ for each quintile of dietary energy density 

(1=lowest), both with and without adjustments (n=1014) 

 

Error bars show 95% CI for adjusted means 

 

The distribution of the studentised residual values from a diet cost-energy 

intake regression can be seen in Figure 7.9. Examination of the residuals of the full 

model revealed deviation from normality (skewness = 1.03, kurtosis = 6.72). 

Regression should be robust enough to handle this degree of non-normality (Bowers, 

2008). A plot of the residuals against fitted values indicated constant variance. The 

assumptions for the regression analysis were judged to be met. 

 

Figure 7.9 Histogram of studentised residuals from daily diet cost excluding alcohol  

(£ d
-1

) plotted against food energy intake (n=1014) 
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Unadjusted linear regression revealed a significant negative association 

between diet costs (independent variable) and dietary energy density (dependent 

variable) (Table 7.8). After adjusting for alcohol consumption and FAFH, a stronger 

slope was indicated by the coefficient. As the residuals have been standardized, this is 

interpretable as a decrease in energy density of 0.46kJ/g for each additional standard 

deviation above the diet cost that would be expected for a given energy intake. 

 Excluding participants aged 70 years and over resulted in no appreciable 

differences to the estimates or model fit. 

 

Table 7.8 Regression of diet cost on dietary energy density (residual method) 

 n 

Coefficient 

for diet cost 

residual 

95% CI p value r2 

Unadjusted model 1014 -0.433 -0.516, -0.351 <0.001 0.095 

Adjusted model* 1014 -0.455 -0.533, -0.377 <0.001 0.217 

Adjusted model, excluding 

participants ≥70 years 
857 -0.445 -0.530, -0.360 <0.001 0.212 

Costs and energy from alcohol excluded 

* Adjusting for energy intake, alcohol consumption and food away from home (FAFH) 

 

 

7.4.2 Diet costs & BMI 

Table 7.9 presents the results for the regression of energy-adjusted diet costs 

on BMI. Due to missing BMI values (n=76) and exclusion of underweight (n=13) the 

sample size was reduced to 925. There was no apparent effect of energy-adjusted diet 

cost on BMI, either unadjusted, or after adjusting for age, sex, employment 

classification and smoking. Sensitivity analyses did not improve model fit. 

 

Table 7.9 Multivariable regression of diet costs (pence per 10MJ) on BMI (kg/m
2
) 

 n 

Coefficient 

for Diet cost 

(p 10MJ-1) 

95% CI p value r2 

Unadjusted model 925 <0.001 -0.001, 0.003 0.503 0.012 

Adjusted model* 925 0.001 -0.002, 0.004 0.444 0.039 

Adjusted model, excluding 

participants reporting 

atypical amounts 

419 <0.001 -0.004, 0.004 0.870 0.031 

Adjusted model, excluding 

special dieters 
833 <0.001 -0.002, 0.003 0.814 0.046 

Adjusted model, excluding 

participants ≥70 years 
794 <0.001 -0.003, 0.003 0.950 0.057 

Costs and energy from alcohol excluded. Adjusted for energy intake, alcohol consumption, smoking 

status and food away from home (FAFH) 
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 A linear relationship was not apparent in the plot of the exposure and outcome 

(Figure 7.10). Polynomial regression did not find a significant non-linear effect of 

energy-adjusted diet costs on BMI. Figure 7.11 shows the quadratic line of best fit. 

Applying a Lowess smoothing function fitted a line closer to horizontal (not shown). 

 

Figure 7.10 Energy-adjusted diet cost (pence per 10MJ) against BMI (kg/m
2
) (n=925) 

 

 

 

Figure 7.11 Energy-adjusted diet costs (pence per 10MJ) against BMI (kg/m
2
), with ‘curve’ 

showing quadratic fitted values (n=925) 
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7.4.3 Diet costs & overweight+obesity  

Logistic regression identified no difference in the odds of having a BMI of 

25kg/m2 or greater dependent on diet cost per 10MJ, either when adjusted for 

confounding variables, or in an unadjusted model (Table 7.10). Sensitivity analyses did 

not improve model fit. 

 

Table 7.10 Logistic regression of energy-adjusted diet cost (pence per 10MJ) on the odds 

of being classified overweight or obese 

 n 

Odds ratio for 

diet cost (p 

10MJ-1) 

95% CI p value 
pseudo 

r2 

Unadjusted model 925 1.000 0.999, 1.001 0.660 0.002 

Adjusted model* 925 1.000 0.999, 1.002 0.557  

Adjusted model, excluding 

participants reporting 

atypical amounts 

419 1.000 0.999, 1.002 0.627 0.040 

Adjusted model, excluding 

special dieters 
833 1.000 0.999, 1.001 0.934 0.062 

Adjusted model, excluding 

participants ≥70 years 
794 1.000 0.999, 1.001 0.645 0.061 

Underweight participants (BMI<18.5kg/m2) excluded; costs and energy from alcohol excluded 

* Adjusted models include as covariates: energy intake, age, sex, smoking status, and employment 

category 
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7.5 Discussion 

The aim of this chapter was to identify whether there was evidence of a 

relationship between diet costs and dietary energy density or between diet costs and 

BMI amongst adults in the NDNS. This was enabled by the estimation of individual-

level diet costs for this sample, as described in Chapter 6. While there was evidence to 

indicate a diet cost-energy density link, the data did not support an association with 

BMI or classifications of overweight and obese. This is the first study of this kind in a 

UK-wide population. 

 

7.5.1 Diet costs & energy density 

A strong inverse relationship was evident between the monetary cost and the 

energy density of diets. This confirms the findings of previous studies which similarly 

reported a negative association (Darmon et al., 2004, Maillot et al., 2007b, Monsivais 

and Drewnowski, 2009, Townsend et al., 2009, Waterlander et al., 2010, Ryden and 

Hagfors, 2011, Wrieden and Barton, 2011). The majority of previously published 

studies, however, did not make allowance for the mathematical coupling inherent in 

researching these variables (see Section 7.2; Lipsky, 2009). The three exceptions 

were: Darmon et al (2004), who counteracted the coupling by using an interaction term 

for energy intake and diet weight in their regression model; Maillot et al (2007b) who 

conducted both a multivariate density model and a model using the residual method; 

and Aggarwal et al. (2011) who used residuals. This chapter, like Maillot et al and 

Aggarwal et al, revealed evidence of a strong relationship when residuals are entered 

into a model to represent diet costs. This suggests that the observed relationship is not 

wholly due to mathematical artefact, as argued by some (Lipsky, 2009). 

This link between the costs of diets and their energy density extends the 

observations in individual foods: that energy-dense foods tend to cost more than 

energy-dilute foods (Drewnowski et al., 2004, Waterlander et al., 2010). Establishing 

this pattern for the whole diet, rather than just for some constituent foods, enhances the 

relevance of such an observation in relating it to actual consumption.  

Interestingly, each quintile of dietary energy density exhibited a similar median 

daily diet cost, especially when costs from alcohol were included (Table 7.6). This 

implies that, whilst it is possible that consumers in the highest quintile may be 

motivated to maximise the perceived return of their money (in purchasing more energy 

for the same daily cost), being restricted by a food budget might not be a primary 

motivator in the selection of more energy-dense foods. This finding is in contrast to that 
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of Drewnowski et al (2007), however, in which weekly costs were apparently lower in 

the highest two quintiles of energy density. It is also contrary to the results of a linear 

programming study (Darmon et al., 2003), in which a forced cost constraint resulted in 

the selection of a more energy-dense diet. 

Fruit and vegetable intake is another factor that has been consistently linked to 

the energy density of diets (see, for example, Waterlander et al., 2010): increasing the 

consumption of fruit and vegetables appears to have a diluting effect on energy 

density, as might be expected given the water content associated with fruits and 

vegetables. In this sample, dietary energy density did differ between those who did and 

those who did not achieve their ‘5 a day’, as did estimated diet costs (see Chapter 6). 

The degree to which this food group alone influences these outcomes could be helpful 

in interpreting the findings. Chapter 8 explores the role of food groups in diet costs, 

dietary energy density and consumption by BMI categories in the NDNS. 

 

7.5.2 Diet costs & BMI 

The second objective of the chapter was to explore the relationship between 

diet costs and BMI. In this study, there was no such association evident. Other 

published studies have presented evidence of both positive and negative associations 

between diet costs and BMI, as well as the absence of a relationship (see Section 7.2).  

Possibly, these diverse findings are due to the heterogeneity of study design 

and samples. Cross-sectional surveys, in particular, may be criticised for attempting to 

extrapolate prior behaviour from current dietary practices. Obesity is acknowledged to 

have a protracted development, and current weight is a consequence of past, rather 

than current, behaviours. Therefore, measuring BMI and dietary behaviour at the same 

time point might not be meaningful. However, the study by Lopez et al. (2009) reported 

mixed findings using a prospective cohort design. 

 A second possible interpretation for the mixed findings is that the relationship 

proposed is more complex than a simple linear association. However, the polynomial 

investigations of this chapter failed to find evidence of a non-linear relationship. 

The simplest conclusion, of course, is that there is no link between weight and 

diet costs - in this population or in general. Whilst this possibility cannot be ruled out, 

the limitations of this study, and the inconclusive results of previous investigations, 

caution against the full acceptance of this conclusion. Furthermore, there is evidence of 

a strong association between diet costs and dietary energy density, showing a link 

between current diet costs and current diet quality.  
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In this sample, as in other papers (Drewnowski et al., 2007, Waterlander et al., 

2010), energy intake was positively associated with energy density. Given this 

observation, it follows that the consumption of an energy-dense diet, of lower inherent 

monetary value, will lead over time to a greater intake of energy than would an energy-

dilute, more expensive diet. The potential for ‘passive over-consumption’ was 

previously described in a review of dietary energy density and the regulation of food 

intake in relation to fast foods (Prentice and Jebb, 2003). Several observational studies 

appear to corroborate this theory, reporting significant differences in dietary energy 

density according to BMI (Cox and Mela, 2000, Hartline-Grafton et al., 2009). In 

contrast, there were no statistically significant differences between the energy density 

estimates for the BMI categories of the NDNS (see Table 4.11, Section 4.4.1.2). Whilst 

results vary markedly depending upon the inclusion or exclusion of different (or all) 

beverages (Cox and Mela, 2000, Hartline-Grafton et al., 2009), the findings described 

above were not replicated in the NDNS even where the same specification was used in 

the calculation of energy density. 

Whilst diet costs can be linked to energy density, and, in most cases (see 

Section 1.5), energy density linked to BMI (although not in the NDNS), there is a lack of 

evidence explicitly making the connection between all three variables along the 

proposed pathway. As far as the author is aware, this is the first investigation to 

examine the links between all three. There has been one other study which indirectly 

assesses this tripartite relationship. A pan-European and American analysis 

demonstrated a link between expenditure on FAFH (as a proportion of total food 

expenditure) and the relative risk of obesity in older adults, but for men only (Michaud 

et al., 2007). However, whilst FAFH is widely acknowledged to be more energy dense 

(Prentice and Jebb, 2003), the investigators in this study did not explicitly measure 

dietary energy density. The NDNS findings presented here failed to implicate either diet 

costs or energy density in the prevalence of obesity. This is disappointing, given the 

patterns observed in the literature, and it may be alleged that the explanation for this 

lies in the potential that the sample is biased, with systematic under-reporting 

suspected among the obese (see Section 7.5.3 below for a more detailed discussion).  

 

7.5.3 Limitations 

Readers of this thesis will already be familiar with the limitations associated with 

the NDNS data collection and with the DANTE cost database, which are described in 
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Chapters 3, 5 and 6. The discussion below relates some of the key points already 

described to the findings of this chapter. 

The dietary data in particular are prone to measurement error, and this error 

has the potential to bias results. The suspected presence of mis-reporting is likely to 

result in ‘classical measurement error’, or, in the case of systematic mis-reports – for 

example, the obese consistently under-reporting energy intake – there may be 

‘differential measurement error’ (Gannon, 2009). Under-reporting amongst obese 

participants is a phenomenon described in the literature (for example, Rennie et al., 

2007), and, as discussed in Chapter 6, the pattern of energy intakes by BMI category in 

this NDNS sample is suggestive of this. 

This suspected error, along with the challenges of cross-sectional design in 

researching BMI, makes it increasingly unlikely that the hypothesised associations 

would be detectable. If there is under-reporting as described, the data are unlikely to 

reveal a relationship even where there is one. Instead, the conclusions of this chapter 

must be predominantly based upon the analyses with dietary energy density as the 

outcome. Even this, however, despite resulting in strong associations with diet costs, 

will have been influenced by measurement error. Mis-reporting might explain the lack 

of detectable differences in energy density found between the BMI categories (Section 

4.4.1.2), in contrast to the findings of other published studies. One way to limit the 

influence of such a bias would be to exclude those participants suspected of under-

reporting. To do so, however, would require information on the physical activity of the 

participants, which is not available. (Physical activity data has been collected in a 

substudy of the NDNS but not for the full sample – results of the substudy had not been 

published at the time of writing – see Chapter 3). 

The power calculations presented in Section 7.3.4.4 indicate only modest power 

of this sample to detect the proposed differences in BMI, the highest estimate being 

64%. It is possible that the lack of significant association with diet costs is due to 

inadequate sample size. However, the power calculations indicated a stronger power of 

the sample to detect a difference in proportions of overweight and obese, at 88%, and 

logistic regression also failed to find a significant association. One limitation of these 

power calculations, it must be noted, is that they are based upon data from the only 

available studies, which involve populations different to the NDNS. These populations – 

US low-income women, elderly Taiwanese adults, female Japanese students, and a 

Spanish student cohort – are assumed to differ from the UK population (the latter two 

samples have a lower mean BMI than the NDNS, for example).  
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Finally, it needs reiterating that the diet costs analysed in this chapter represent 

the inherent value of the diet, as opposed to a measure of food expenditure amongst 

the participants. The costs reported are expressed in 2004 prices (the year the DANTE 

cost database was populated) and are not directly comparable to UK expenditure data 

from 2008-10, when the NDNS data were collected. In addition, the DANTE cost 

database is unable to account for foods eaten away from home. Despite this limitation, 

however, diet costs were still found to be associated with energy density after 

controlling for FAFH in this sample. 

 

7.5.4 Strengths 

Despite the drawbacks identified above, this chapter makes a useful 

contribution to the literature. In particular, it applies these methods for the first time to a 

national UK sample. As well as being geographically wider in sampling than the only 

other similar UK study (Wrieden and Barton, 2011), the current analyses estimate 

dietary intakes and costs from individual-level consumption as opposed to the data 

used by Wrieden & Barton (2011) from the Expenditure and Food Survey (EFS). 

Much of the published literature on energy-adjusted diet costs and energy 

density has been criticised for failing to account for the mathematical coupling involved. 

The analyses in this chapter employ the residual method of Willett (1998) to address 

this limitation, confirming the existence of a true relationship. Furthermore, analytical 

methods new to this area of research are employed to determine – and reject – the 

possibility of a non-linear trend between diet costs and BMI, for the first time. 

Finally, this study is the first to combine an exploration of diet costs with that of 

energy density and BMI. Despite the limitations in dietary data collection, a key 

strength of the NDNS is the use of professionally-measured anthropometry. This at 

least reduces the measurement error potential for this variable. 

 

 

7.6 Conclusion 

This is the first study of this kind in a UK-wide population. The analyses of this 

chapter took the individual-level diet costs estimated for the NDNS sample in Chapter 

6, and linked them to both a dietary outcome and professionally-measured 

anthropometric data. The analyses confirm a diet cost-energy density link that is not 

due to mathematical artefact. The UK has no current set guidelines regarding dietary 

energy density. However, in relation to the WCRF recommendation of 5.23kJ/g (stated 
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in kcal, 1.25kcal/g (WCRF, 2007)), all but the lowest quintile of energy density in this 

sample exceeded the goal. The implication of the regression results is that progression 

towards such a goal would be accompanied by a resultant increase in dietary costs for 

the majority of the NDNS sample. 

On the other hand, the data did not support an association with BMI or 

classifications of overweight and obese. Whether the approach taken here is capable 

of implicating monetary factors in obesity remains to be seen. Prospective 

investigations, which include an assessment of energy expenditure to enable the 

identification of under-reporting, would be recommended for further investigations.  

The following chapter takes a slightly different approach to the overall question, 

given the problems identified in this chapter regarding measurement error in energy 

intakes. The contribution of food groups are examined individually, and assessed in 

terms of explanatory power and usefulness in this field of research. 

 

 

 

 

 

 

What was known previously: 

 Chapter 6 identified significant sociodemographic differences in the diet 

costs of British adults. 

 Diet costs have been linked, positively and significantly, to a variety of 

measures of dietary quality, including dietary energy density. 

 Much of the published literature on energy-adjusted diet costs and energy 

density has been criticised for failing to account for mathematical coupling. 

 Evidence of associations between diet costs and BMI is mixed, but no 

studies have investigated this in a UK sample. 

What this chapter adds: 

 This is the first study of this kind in a UK-wide population. 

 A strong negative association between diet costs and energy density was 

evident, and the evidence confirms this is not due to mathematical artefact. 

 The data did not support an association with BMI or overweight/obesity.  

 The possibility of a non-linear trend between diet costs and BMI was tested, 

for the first time, and rejected. 

 Mis-reporting might explain the lack of detectable differences in energy 

density found between the BMI categories. 

 



257 

 

 

 

Chapter 8 Food group costs & BMI in the NDNS 
 

8.1 Summary 

Chapters 6 and 7 describe analyses in which food prices were applied to the 

diets reported in the NDNS. This chapter extends these investigations using a fresh 

approach, in which diet costs for each of eight constituent food groups are analysed.  

The rationale behind this chapter was that food group costs might offer a more 

detailed representation of diet costs than whole diet costs. Examining the costs of food 

groups is a little researched area. Analyses in this chapter explored: firstly, the 

relationships between the food groups costs and whole diet costs; secondly, how food 

group costs differed according to sociodemographic and other characteristics; and 

finally whether food group costs were associated with BMI or overweight.  

Overall, foods in the meat, fish, eggs and beans category were found to be 

responsible for the greatest proportions of diet costs. However, alcoholic and non-

alcoholic beverages were found to be the strongest determinants of whole diet costs in 

a multiple linear regression model. Comparisons revealed differences in at least one of 

the proportional food group costs between categories of almost all of the 

sociodemographic variables. The food group which differed the most according to 

socioeconomic variables was fruit and vegetables. 

The linear regression and logistic regression models of food group costs on BMI 

or overweight/obesity revealed some significant associations, in contrast to the 

analyses using whole diet costs (see Chapter 7). A negative association was apparent 

between BMI and proportional costs of high-fat and high-sugar foods, suggesting a 

protective effect of this food group cost. In the logistic regression, the significant effect 

of high-fat and -sugar food group costs was no longer evident; instead associations 

were found for fruit and vegetables (negative) and the meat food group (positive).  

These findings suggest that normal weight, overweight and obese individuals 

apportion their food budget differently. In contrast, whole diet costs do not differ by BMI 

category. This implies that it is not the food budget per se that encourages positive 

energy balance, but rather how people apportion their budget, and suggests that 

costing diets in this manner could have some use in future research into diet costs. The 

differences observed for high-fat and –sugar foods possibly reflect some bias from 

under-reporting. These methodological challenges make it difficult to ascertain the role 

of food group costs in excess weight. Nevertheless, sociodemographic observations 

could have implications for policy.  
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8.2 Introduction 

Chapters 6 and 7 presented a description of the inherent values of adults’ diets 

in the NDNS, in terms of daily costs and per 10MJ. Whilst sociodemographic patterns 

in diet costs were evident, and diet costs were found to be associated with dietary 

energy density, analyses failed to uncover a relationship between costs of the whole 

diet and measures of body mass and obesity. This adds to the already conflicting 

findings from other studies reported in the literature (see Chapter 2). 

As an emerging research area, the best available method for investigating the 

monetary aspects of diet is yet to be established. As stated in Chapter 6, estimated 

daily diet costs are strongly associated with, and largely determined by, the quantity of 

food consumed. To be confident that analyses involving diet costs are not merely 

reflecting the quantity of food consumed, it is necessary to control for energy. 

Expressing costs per unit of energy (or a standard amount, such as 10MJ) goes some 

way to addressing this, as does the residual method in a regression model (Chapter 7). 

However, both of these methods have their drawbacks.  

The primary disadvantage of relating dietary costs to a standardized energy 

amount is that information about the experience of the individual risks being lost. The 

costs estimated by a food cost database signify the inherent monetary value of diets, 

rather than actual expenditure. Nevertheless, they may offer insight into how people 

reconcile their food purchase decisions within a given food budget. Adjusting the costs 

to 10MJ gives an indication of energy cost, but it has been argued that energy cost, as 

a construct which is unavailable to the consumer at the point of purchase, is unlikely to 

guide food purchasing decisions (Lipsky, 2010). Therefore, estimating the inherent 

value of dietary energy is of limited use if investigators are interested in making 

statements about dietary choices. The residual method can similarly be considered a 

representation of energy cost, and is thus subject to the same limitation. 

Although consumers may not explicitly base purchasing decisions on a 

calculation of energy cost, cost of food has been extensively reported as an important 

determinant of dietary decision-making (Steptoe et al., 1995, Shepherd et al., 2006, 

Nelson et al., 2007). If cost is not considered by the consumer in terms relative to 

energy, the challenge is to find a measure able to capture the influence of cost. 

Lower-budget consumers, for whom food costs are perhaps a more salient 

aspect of food purchasing, may apportion their food budget differently to those with a 

more generous budget. Examining the contributions of constituent food groups to 

whole diet costs gives an indication of how people may apportion their budget, as well 

as how these proportions change as budgets vary. 
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A handful of previously published studies have reported proportional food group 

costs or the energy costs of food groups (Cade et al., 1999, Murakami et al., 2007, 

Ryden et al., 2008, Ryden and Hagfors, 2011, Alexy et al., 2012). These investigations 

either reported the relationships between each food group cost and whole diet costs 

(Murakami et al., 2007, Ryden and Hagfors, 2011), or examined proportional food 

group costs according to dietary pattern (Ryden et al., 2008), healthfulness score 

(Cade et al., 1999), or dietary energy density (Alexy et al., 2012).  

There is nothing in the literature comparing proportional food group costs by 

sociodemographic variables. However, describing these costs for population subgroups 

could be informative, particularly from a policy perspective where reducing health 

inequalities is a priority. Nor have food group costs been described by BMI category 

before, although food prices – and of energy-dense foods in particular – have been 

hypothesized to be culpable in the aetiology of obesity trends (Drewnowski and 

Darmon, 2005) and researchers have previously used whole diet costs to explore this 

theory (Murakami et al., 2007, Murakami et al., 2008b, Lopez et al., 2009). 

The aim of this chapter is to explore the proportional food group costs of NDNS 

adults’ diets, in relation to BMI. The analyses will satisfy the following thesis objectives: 

1. To investigate the appropriateness of diet cost estimations, including the 

costing of food groups; 

2. To estimate and describe the diet costs of NDNS adults; 

3. To explore patterns in NDNS diet costs according to sociodemographic 

characteristics; and 

4. To determine whether an association exists between diet costs and BMI 

or overweight amongst NDNS adults. 

These objectives are also addressed in Chapters 6 and 7 with respect to whole 

diet costs. This chapter expands on the previous chapters’ investigations by analysing 

the costs of constituent food groups. The costs of the constituent food groups will be 

newly derived for this chapter. As such, the analyses include explorations to help 

characterise these new variables: examining the relationships within food group costs, 

between food group costs and whole diet costs, and in relation to proportional energy 

intake by food group.   

In contrast to the previous chapters, this chapter will not examine dietary energy 

density as an outcome. This is due to the disproportionate influence of a few food 

groups on dietary energy density – for example, fruit, vegetables and dairy products 

are associated with a higher water content and therefore a lower energy density than 

other food groups (Darmon et al., 2004). Instead the focus will be on BMI and obesity 

prevalence. Given that there was little trend evident in whole diet costs by BMI, the 

difference in food group costs could be informative.  
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8.3 Methods 

8.3.1 Sample 

This chapter again makes use of 2008-2010 NDNS data (NatCen et al., 2012). 

Information about the survey – design, ethical approval, recruitment, response rate and 

sample characteristics – is given in Chapter 3. Dietary consumption is measured in the 

NDNS by consecutive four-day un-weighed food diaries. Respondent characteristics 

were ascertained during a face-to-face interview, and anthropometric measurements 

(including height and weight) were measured by health professionals. 

The analytical sample included only adults with complete diary data (n=1014). 

In addition, participants missing a valid BMI measurement and those who were 

classified as underweight (BMI<18.5kg/m2) were excluded from the regression 

analyses, leaving a sample of 925 participants, from a possible 1031. The rationale for 

these exclusion criteria are described elsewhere (Chapter 4).  

 

 

8.3.2 Calculation of food group costs 

Costs for each food group were calculated both in absolute terms and as a 

percentage of the whole diet cost. Daily costs for each food group will help describe the 

range of costs experienced for that food group, as well as indicating the median 

monetary value of each food group as consumed by this sample. On the other hand, 

expressing food group costs as a proportion of whole diet cost will help illustrate how 

the cost of each food group contributes to the total diet cost, and in this way could 

indicate how food budgets are composed. 

 In contrast to the previous chapter, it was considered inappropriate to 

standardize food group costs to a common energy amount (such as 10MJ). The main 

reason for this is because of the focus on percentage costs in regression analyses (see 

below), which, being proportional, would be equivalent at all energy amounts 

(expressing costs as a percentage in itself could be considered a form of 

standardization). For the descriptive analyses, there are other reasons to avoid 

standardizing food group costs to a common energy amount: there are no 

recommendations for energy intakes from food groups, nor are they commonly 

reported, making the selection of a standard amount arbitrary, and most likely unhelpful 

for interpretation. 
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8.3.2.1 Absolute costs 

Costs were estimated using the DANTE food cost database. A price was 

applied to each food item and beverage consumed in the NDNS by linking the data 

sets in Microsoft Access. A full description of this method is presented in Chapter 6. 

Cost calculations excluded water, and involved prices unadjusted for inflation. No 

outliers were excluded. 

Food items in the NDNS data each contain a main food group code, of which 

there are 60 defined in the dietary analysis software used for the survey (Diets In 

Nutrients Out, or DINO). A summed cost was calculated for each of these 60 food 

groups for each participant using the Microsoft Access database. In a similar method 

used for calculating whole diet costs, daily costs (Ci
k) for each food group (k) were 

calculated by summing the prices (p) of the foods consumed in the quantities (q) 

consumed by each individual (i), and dividing by the number of days (d) to give a daily 

average: 

 

Ci
k = ∑(pi

kqi
k) 

d 

Equation 8.1 

 

For the purposes of analysis, it was necessary to collapse the 60 food groups into a 

smaller number of categories. In keeping with current UK guidelines (the eatwell plate, 

DH, 2011), eight food groups were chosen:  

 meat, fish, eggs and beans 

 fruit and vegetables 

 starchy foods 

 milk and dairy 

 foods high in fat and/or sugar 

 non-alcoholic beverages 

 alcoholic beverages  

 miscellaneous foods.  

More detail for these food groupings can be found in Appendix D. A look-up file was 

created manually to match each of the 60 DINO food group codes to the appropriate 

food group listed above. Daily costs (£ d-1) were then derived for each of the eight food 

groups by summing the appropriate DINO food group totals. Prices were not corrected 

for inflation (see Chapter 6 for a discussion of inflation adjustments).  
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8.3.2.2 Proportional costs 

The daily food group costs were merged into the Stata (StataCorp, 2011) data 

set (see Chapter 6) as eight new variables. For each participant, the food group costs 

were then divided by the daily diet cost to give a percentage, or proportional cost. This 

was performed both including and excluding alcohol from calculations:  

a) costs of each of the eight food groups were divided by the whole diet 

cost including alcohol, to give eight new variables; 

b) and costs of the seven food groups (alcoholic beverages comprising the 

excluded food group) were divided by the whole diet cost that excluded 

costs from alcohol, resulting in seven further variables. 

 

8.3.2.3 Other food group variables 

In addition to the proportion of whole diet cost that each food group contributed, 

proportional values were also calculated for the contribution to energy intake (kJ) of 

each food group, and the proportion of total diet mass (g). 

 

 

8.3.3 Analytical methods 

8.3.3.1 Descriptive statistics 

Stata IC 12 (StataCorp, 2011) was used for all statistical analyses. Summary 

statistics of each food group cost variable (of which there are 23) were calculated for 

the whole sample. Distributions were positively skewed in every case; medians and 

interquartile ranges (IQR) are presented. Descriptive statistics for proportions of energy 

intake and of mass for each food group are also shown. 

Spearman correlations explored how absolute food group costs (£ d-1) related to 

each other and to the whole diet cost (both £ d-1 and £ 10MJ-1). A multivariable 

regression assessed the strength of each food group’s cost in predicting whole diet 

costs, after adjusting for the other food groups.  

 

8.3.3.2 Sociodemographic comparisons of proportional costs 

Subgroup comparisons were made using proportional, rather than absolute, 

food group costs. As described in the Introduction (Section 8.2), this was because 

proportional costs were felt to potentially reflect the reconciliation of the food budget. 
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Kruskal-Wallis ANOVAs compared proportional food group costs (% whole diet 

cost) between categories of sex and age. Age- and sex-adjusted geometric means 

were calculated for categories of each of the following variables:  

- employment,  

- equivalized income, 

- qualifications,  

- household size,  

- marital status,  

- cigarette-smoking status,  

- ‘5-a-day’ achievement and  

- alcohol consumption category. 

A linear regression analysis was performed for each logged proportional food 

group cost variable, adjusting for age and sex, to identify between-group differences 

(112 models in total). Due to the number of tests, a significance level of 1% was set. 

 

8.3.3.3 Food group costs and BMI 

As the primary outcome of interest in this chapter, summary statistics for BMI 

categories are presented separately. Age- and sex-adjusted differences between BMI 

categories were assessed using linear regression analysis with each logged 

proportional food group costs. In contrast to the other between-group comparisons 

above (which investigated only proportional costs), absolute costs between BMI 

categories were also compared. 

The relationship between each food group cost and BMI (kg/m2) was 

investigated using multivariable linear regression, adjusting for age, sex, employment 

and energy intake. (The selection of covariates is described in Section 7.3.4.5.)  

Proportional food group costs (% whole diet cost) were used to assess these 

potential relationships. This was in keeping with the rationale outlined in the 

Introduction to this chapter (Section 8.2): with the idea that how people apportion their 

food budget may be more informative than the diet cost per se.  

Proportions are similarly employed in analyses investigating energy from 

macronutrients – for example, per cent energy from fat – and the treatment and 

interpretations are analogous. As an illustrative example, in order to isolate the 

influence of energy from fat from the influence of total energy, it would be necessary to 

hold total energy intake constant (this is equivalent to having isoenergetic treatment 

arms in experimental studies). If absolute values of energy intake were used in a 

regression analysis, an increase in energy from fat would also in effect be an increase 

in total energy, if energy from carbohydrate and from protein are included in the model. 
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By extension, including all absolute food group costs in a regression model would lead 

to similarly problematic interpretations: for example, a coefficient for fruit and vegetable 

costs would be the expected effect of increasing fruit and vegetable costs while holding 

all other food group costs constant, but this would equate to an increase in total diet 

cost, therefore not isolating an effect of fruit and vegetable costs. 

This problem in interpretation holds true for proportional values, in that it is not 

feasible that one constituent could vary whilst the other constituents are held constant 

– if all proportional values are included, they should add up to 100%, whereas an 

increase in one proportion but not the others would in theory see the whole adding up 

to more than 100%. In macronutrient studies, a common solution to this is to exclude 

one macronutrient in the regression model – chosen as a referent (Willett, 1998). As an 

example, we could select per cent energy from carbohydrate as the referent. The 

coefficient of the macronutrient of interest – for example, fat – would then be 

interpreted as the effect of both an increase in per cent energy from fat along with a 

corresponding decrease in per cent energy from carbohydrate so that total energy 

remains constant. 

The choice of referent macronutrient would have an important bearing on 

conclusions regarding the role of energy from fat in the example above – a substitution 

effect is implied, and the substitution of fat for protein may well have different results. In 

the case of food group costs, it is unclear how a food group would be chosen as a 

referent – there is no evidence as yet upon which to base such a decision – but this 

would have an important impact upon the interpretation of results. In addition, the effect 

of all, and not just one, of the food groups is of interest in this chapter, and omitting a 

food group from the multivariable model would not allow an assessment of that food 

group’s influence on the outcome. 

An alternative solution is to run a separate regression analysis for each food 

group. By including each food group in a separate model, there is no statement made 

about where the substitution is taking place, or which other food groups experience a 

corresponding change in proportional costs as a result of a change in proportional cost 

from the included food group. By not including other food groups in the model, it is 

implied that the corresponding change is shared across all the excluded food groups. 

Separate models for each food group were therefore judged the most 

straightforward method for interpretation, and, because this chapter is concerned with 

the effect of each food group and not just one food group, the number of p values of 

interest would be the same whether they were in separate or combined models. There 

was therefore judged to be no additional risk of false positive results using this 
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approach. For these reasons, fifteen separate models were run: eight models (one for 

each food group) including costs from alcoholic beverages; and a further seven models 

excluding costs from alcohol. 

The models were repeated with the following sensitivity analyses: excluding 

those who reported consuming an unusual amount (‘less than usual’ or ‘more than 

usual’ – see Chapter 3); excluding those who reported adhering to a special diet; and 

excluding those aged 70 years and over. The rationale for these exclusions is 

explained in Section 7.3.1. A significance level of 1% was set. 

 

8.3.3.4 Food group costs and overweight and obesity 

Similarly to Chapter 7, logistic regression was used to investigate the 

relationship between food group costs and the binary outcome of normal (‘0’) or 

overweight and obese (’1’). As described previously, this was due to the clinical 

significance of BMI classifications. Overweight and obese categories were combined.  

As for the linear regression described above, logistic regression models were 

run separately for each food group, both including and excluding costs from alcoholic 

beverages, giving a total of 15 analyses. Models were adjusted for age, sex, 

employment and energy intake. Odds ratios (OR) and 95% CI are presented. A 

significance level of 1% was again adopted due to multiple tests. 

The same sensitivity analyses were conducted as above (Section 8.3.3.3). 

 

8.3.3.5 Statistical power 

The analyses described above are secondary analyses of already-collected 

data. As such, they are constrained by the available sample size. It is still worthwhile, 

however, to estimate the power given by the sample size for these new analyses in 

order to judge whether the power is sufficient to detect the alternative hypothesis. 

Many of the analyses of this chapter are exploratory or descriptive in nature (the 

sociodemographic comparisons, for example). This section will concentrate on 

estimating the statistical power for the hypothesis-driven analyses, investigating BMI or 

overweight/obesity as outcomes.  

 Knowing the sample size a priori, it is possible to calculate the statistical power 

of the study that is needed to detect the effect size that is expected (see Section 

4.3.4.5). Unfortunately, no published studies are available from which to hypothesize 

an expected effect size. Therefore, for the linear regression analyses, a desirable effect 
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size of 1kg/m2 was selected arbitrarily. This would be the desired effect size if the 

sample were dichotomised based upon the predictor variable – an approach for 

regression power calculations advocated by Greenwood (2011). 

 Using the nomogram method first put forward by Altman (1991) and described 

by Whitley and Ball (2002) and in Chapter 4, the power can be estimated using the 

known sample size, the desired α (in this case, 0.01), and the standardized mean 

difference (SMD). A desired difference between group means of 1kg/m2 and a standard 

deviation for BMI in the sample of 5.19kg/m2 gives an SMD for this sample of 0.193. 

Drawing a line through these points on the nomogram indicates a study power of 

around 0.50, or 50%. Power calculations for alternative effect sizes and significance 

levels are presented in Table 8.1. 

 

Table 8.1 Estimated power of the NDNS sample to detect hypothesized effect sizes  

Anticipated effect 
size 

(difference, kg/m2) 
SMD 

Significance 
level (α) 

power 

1 0.193 0.05 

0.01 

0.76 

0.50 

1.5 0.289 0.05 

0.01 

0.97 

0.92 

2 0.385 0.05 

0.01 

>0.995 

0.994 

 

 

 For the logistic regression analyses (with overweight and obese as the 

outcome), it is necessary to calculate the SMD from the estimated or desired difference 

in proportions. Again, there is no established literature which provides data on which to 

base this estimate; therefore a range of desired differences were chosen arbitrarily, 

and the power calculations for these given in Table 8.2 below.  

 

Table 8.2 Estimated power of the NDNS sample to detect hypothesized effect sizes 

Anticipated 
proportion 

overweight/obese  
(high food group 

cost, low food 
group cost) 

Anticipated effect 
size 

(difference) 
SMD 

Significance 
level (α) 

power 

60%, 65% 5% 0.103 0.05 

0.01 

0.31 

0.15 

60%, 70% 10% 0.210 0.05 

0.01 

0.82 

0.67 

58%, 73% 15% 0.316 0.05 

0.01 

0.99 

0.97 
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8.4 Results 

8.4.1 Descriptive results 

Median and mean cost values for each food group are presented in Table 8.4  

alongside the proportion each food group contributes to the total daily diet cost.  

Costs attributed to meat, fish, eggs and beans were the highest of the food 

groups, and constituted the greatest proportion of whole diet costs. The next largest 

contributor to whole diet costs was the fruit and vegetable food group, which 

contributed approximately half as much as meat, fish, eggs and beans. 

The cost of each food group was found to be significantly and positively 

correlated with food energy intake (Spearman’s rank coefficients all p<0.001). 

Table 8.3 shows the proportions of whole diet cost contributed by each food 

group, alongside the proportions of food energy intake (EI) and proportions of total 

daily food weight (g). 

 

Table 8.3 Median proportions of food energy intake (EI), mass (g) and daily diet cost (£) 

contributed by each food group (costs of alcohol excluded) 

Food group 

Median 

proportion 

of EI (%) 

Median 

proportion 

of g (%) 

Median 

proportion 

of whole diet 

cost (%) 

Starchy foods 25 8 10 

Fruit & vegetables 9 11 15 

Meat, fish, eggs & beans 22 7 29 

Milk and dairy 11 7 8 

Foods high in sugar and/or fat 23 4 10 

Non-alcoholic beverages 1 49 13 

Miscellaneous foods 3 1 4 

 

 

8.4.2 Relationships between food group and whole diet costs 

Between the food groups, the strongest correlation was observed between the 

dairy and fruit and vegetable groups (r = 0.29); all other pairwise correlations were less 

than 0.2 (Figure 8.1). 
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Table 8.4 Median and mean diet costs of NDNS adults by food group (n=1014) 

Food group 
Mean cost,  

£ d-1 (95% CI) 

Median cost, £ d-1 

(IQR) 

Mean % of 

whole diet cost 

(95% CI) 

Median % of 

whole diet cost 

(IQR) 

Mean % of whole 

diet cost excluding 

alcohol (95% CI) 

Median % of whole 

diet cost excluding 

alcohol (IQR) 

Starchy foods 0.36  

(0.34, 0.38) 

0.28 

 (0.19, 0.45) 

10  

(10, 10) 

8 

(5, 13) 

12 

 (12, 12) 

10 

(7, 15) 

Fruit & vegetables 0.53  

(0.50, 0.56) 

0.44 

(0.23, 0.72) 

14  

(13, 15) 

12 

(7, 20) 

17  

(16, 18) 

15 

(9, 23) 

Meat, fish, eggs & beans 0.92  

(0.88, 0.96) 

0.82 

(0.56, 1.17) 

25  

(24, 26) 

24 

(16, 32) 

30 

 (29, 31) 

29 

(21, 38) 

Milk and dairy 0.27  

(0.26, 0.28) 

0.22 

(0.12, 0.36) 

8  

(8, 8) 

6 

(3, 10) 

9  

(9, 9) 

8 

(5, 12) 

Foods high in sugar 

and/or fat 

0.32  

(0.31, 0.33) 

0.27 

(0.15, 0.44) 

9  

(9, 9) 

8 

(4, 12) 

11  

(11, 11) 

10 

(6, 15) 

Alcoholic beverages 0.94  

(0.84, 1.04) 

0.30 

(0.00, 1.24) 

17  

(16, 18) 

9 

(0, 30) 

- - 

Non-alcoholic 

beverages 

0.49  

(0.45, 0.53) 

0.36 

(0.22, 0.55) 

13  

(12, 14) 

10 

(6, 16) 

15 

 (14, 16) 

13 

(8, 19) 

Miscellaneous foods 0.17  

(0.16, 0.18) 

0.12 

(0.05, 0.23) 

5  

(5, 5) 

3 

(1, 6) 

6  

(6, 6) 

4 

(2, 8) 
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Figure 8.1 Pairwise scatter plots of food group costs, line of best fit shown 
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 Table 8.5 and Table 8.6 display the results of the multiple linear regression 

models. The coefficients represent the difference in diet costs (£ d-1 or £ 10MJ-1) that is 

associated with each additional £0.01 from the food group variable. Alcoholic 

beverages were found to have the strongest effect on whole daily diet costs and on diet 

costs per 10MJ (Table 8.5), with an associated increase of £0.75 in daily diet cost or 

£0.58 in cost per 10MJ for every additional penny spent on alcohol. Excluding costs 

from alcohol (Table 8.6), non-alcoholic beverages and the meat, fish, eggs and beans 

category were found to have the largest effect on daily diet costs, whilst non-alcoholic 

beverages and fruit and vegetables were the strongest predictors for diet costs per 

10MJ, after controlling for other food groups. 

 The dairy food group was the only group not to be significantly associated with 

all the whole diet cost variables: it was not a significant predictor of diet costs per 10MJ 

when alcohol was excluded (p=0.12). 

 

Table 8.5 Multiple regression of food group costs on whole daily diet cost (n=1014; r
2 
= 

1.00) and on diet costs per 10MJ (r
2
=0.678) 

Variable 
Daily diet 

cost (£ d-1) 
p 

Diet cost 

per10MJ (£) 
p 

Starchy foods 0.12 <0.001 -0.08 <0.001 

Fruit & vegetables 0.19 <0.001 0.24 <0.001 

Meat, fish, eggs & beans 0.27 <0.001 0.17 <0.001 

Milk and dairy 0.09 <0.001 -0.06 <0.01 

Foods high in sugar and/or fat 0.11 <0.001 -0.17 <0.001 

Alcoholic beverages 0.75 <0.001 0.58 <0.001 

Non-alcoholic beverages 0.27 <0.001 0.37 <0.001 

Miscellaneous foods 0.08 <0.001 0.08 <0.001 

 

 

Table 8.6 Multiple regression of food group costs on whole daily diet cost (n=1014; r
2 
= 

1.00) and on diet costs per 10MJ (r
2
=0.556), excluding costs from alcohol  

Variable 
Daily diet 

cost (£ d-1) 
p 

Diet cost 

per10MJ (£) 
p 

Starchy foods 0.22 <0.001 -0.07 <0.001 

Fruit & vegetables 0.35 <0.001 0.36 <0.001 

Meat, fish, eggs & beans 0.49 <0.001 0.25 <0.001 

Milk and dairy 0.17 <0.001 -0.03 0.12 

Foods high in sugar and/or fat 0.20 <0.001 -0.17 <0.001 

Non-alcoholic beverages 0.50 <0.001 0.53 <0.001 

Miscellaneous foods 0.15 <0.001 0.11 <0.001 
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8.4.3 Comparisons by sociodemographic and other variables 

8.4.3.1 Proportions of diet cost from alcohol 

The percentage of daily diet cost attributable to alcohol differed significantly 

between the sexes and between age groups: see Table 8.7. Once adjusted for age and 

sex, the proportional costs of alcohol for all other demographic groups were not found 

to differ.  

In terms of lifestyle variables, costs attributed to alcohol were higher amongst 

current smokers (24%) than ex-regular smokers (21%) or those who had never smoked 

(18%; p=0.004). Those who did not achieve their ‘5 a day’ fruit and vegetables also had 

higher proportions of diet cost attributed to alcoholic beverages (23% versus 17%, 

p<0.001). 

As the inclusion or exclusion of alcohol affects the proportional cost estimates 

and due to the differences identified above, the estimates presented below show 

results both including and excluding alcohol. 

 

8.4.3.2 Proportional food group costs by age and sex 

Table 8.7 shows the median proportions of diet costs contributed by each food 

group for males and females and by age strata. Proportions of cost from fruit and 

vegetables, dairy, non-alcoholic beverages and miscellaneous foods were significantly 

higher amongst females (all p<0.001), whilst the proportion of cost given to alcoholic 

beverages was significantly higher amongst males (15% versus 3%, p<0.001). Age 

groups were also found to differ significantly in their proportional costs for all food 

groups except non-alcoholic beverages and miscellaneous foods. 

When costs from alcoholic beverages were excluded (Table 8.8), median 

proportional costs differed between females and males for fruit and vegetables, which 

constituted a greater proportion of females’ diet costs (17% versus 14%), as did 

miscellaneous foods (5% vs 4%), whereas lower proportions of cost were exhibited 

amongst females for meat, fish, eggs and beans (29% vs 32%). Age groups differed in 

the proportional costs for starchy foods, fruit and vegetables, dairy, and foods high in 

sugar and/or fat. 

As a result of these differences, proportional costs in the following sections are 

adjusted for age and sex. 
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Table 8.7 Age and sex differences in median proportional food group costs, including alcohol (p from Kruskal-Wallis ANOVA) (n=1014) 

Food group 

Sex 

p value 

Age group 
p 

value* Male Female 
19-29 

years 

30-39 

years 

40-49 

years 

50-59 

years 

60-69 

years 

70 years 

and over 

Starchy foods 8% 8% 0.56 12% 11% 8% 7% 7% 7% <0.001 

Fruit & vegetables 10% 14% <0.001 9% 12% 11% 13% 14% 15% <0.001 

Meat, fish, eggs & beans 23% 24% 0.75 25% 24% 22% 21% 25% 26% <0.001 

Milk and dairy 6% 7% <0.001 5% 6% 6% 7% 7% 9% <0.001 

Foods high in sugar and/or fat 8% 8% 0.16 9% 8% 8% 6% 8% 10% <0.001 

Alcoholic beverages 15% 3% <0.001 0% 10% 16% 15% 5% 0% <0.001 

Non-alcoholic beverages 9% 11% <0.001 11% 10% 9% 10% 12% 10% 0.60 

Miscellaneous foods 3% 4% <0.001 3% 3% 4% 3% 3% 4% 0.18 

 

Table 8.8 Age and sex differences in median proportional food group costs, excluding alcoholic beverages (p from Kruskal-Wallis ANOVA) (n=1014) 

Food group 

Sex 

p value 

 Age group 

p 

value* Male Female 

 
19-29 

years 

30-39 

years 

40-49 

years 

50-59 

years 

60-69 

years 

70 years 

and 

over 

Starchy foods 11% 10% 0.02  14% 12% 11% 9% 9% 8% <0.001 

Fruit & vegetables 14% 17% <0.001  11% 15% 14% 17% 19% 17% <0.001 

Meat, fish, eggs & beans 32% 29% <0.001  30% 28% 30% 29% 30% 30% 0.58 

Milk and dairy 7% 8% 0.03  5% 7% 8% 8% 9% 11% <0.001 

Foods high in sugar and/or fat 11% 9% 0.19  11% 10% 10% 8% 9% 11% <0.001 

Non-alcoholic beverages 12% 13% 0.12  12% 12% 12% 13% 13% 12% 0.55 

Miscellaneous foods 4% 5% <0.01  4% 4% 5% 4% 4% 5% 0.19 

* test for trend 
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8.4.3.3 Proportional costs by other sociodemographic variables 

Table 8.9 and Table 8.10 show the age- and sex-adjusted proportional costs of 

each food group (geometric means) according to sociodemographic and lifestyle 

variables. There were no significant differences according to household size. For all 

other comparisons, significant differences (p<0.01) were found in at least one food 

group. 

The proportion of diet cost from fruit and vegetables was found to differ 

between categories of all sociodemographic variables (employment, qualifications, 

equivalized income and marital status), regardless of whether alcohol was included: 

those with a higher income, higher qualifications, in managerial and professional 

positions, and those who were single had greater proportional costs for fruit and 

vegetables. 

The greatest proportions for starchy foods were found amongst those who had 

the lowest incomes and those who had never worked, both when alcohol was included 

or excluded. 

The proportion of cost attributed to meat, fish, eggs and beans was greater 

amongst those with no qualifications. When alcohol was included, it was also found to 

differ by employment category, with those in professional and managerial roles having 

lower proportional costs for this food group. 

The dairy, high-fat and high-sugar and miscellaneous food groups did not show 

differences after costs from alcohol were discounted. However, when alcohol was 

included, dairy costs differed by marital status (with the lowest proportions amongst 

separated, divorced and widowed categories), miscellaneous costs differed by 

qualification (those with no qualifications having the highest proportion), and the high-

fat/high-sugar costs differed by qualification (with lower proportions seen in those with 

A-levels and above) and equivalized income (where proportions decreased as income 

category increased). 

Non-alcoholic beverages were not found to differ between any of the 

sociodemographic categories. 

 

8.4.3.4 Proportional cost comparisons by lifestyle variables 

The lifestyle variables compared were: achievement of ‘5 a day’, cigarette-

smoking status and (when costs from alcohol excluded) alcohol consumption category. 
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Cigarette smoking was associated with lower proportional costs for fruit and 

vegetables, and for dairy foods. When costs from alcohol were included, those not 

currently smokers had higher proportional costs for starchy foods. When alcohol costs 

were excluded, this was no longer statistically significant, but non-smokers had lower 

proportional costs for meat, fish, eggs and beans. 

Participants who achieved five portions of fruit and vegetables per day had 

almost double the proportion of diet cost attributed to fruit and vegetables. In addition, 

they were found to have lower proportions of cost attributed to meat, fish, eggs and 

beans, high-fat and high-sugar foods, and non-alcoholic beverages. When alcohol was 

excluded, there was also a difference between achievers and non-achievers in the 

proportion of cost contributed by starchy foods. 

Finally, participants in the higher alcohol consumption categories were found to 

have higher proportional costs for the meat, fish, eggs and beans category, after 

discounting the costs from alcohol.
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Table 8.9 Age- and sex-adjusted geometric mean proportional food group costs, including alcoholic beverages (p values from regression*) (n=1014) 

Category n 
Starch 

(%) 
p  

F&V 
(%) 

p 
Meat, 

etc 
(%) 

p 
Dairy 
(%) 

p 
Hi-sugar 

& fat  
(%) 

p 
Non-alc 

beverage 
(%) 

p 
Misc 
(%) 

p 

Employment classification 
Managerial & professional 

Intermediate 
Routine & semi-routine 
Never worked & ‘other’ 

 

 
421 
302 
250 
41 

 
7 
8 
9 

10 

<0.01  
12 
11 
9 
8 

<0.01  
21 
22 
23 
25 

<0.01  
6 
6 
6 
5 

0.44  
6 
7 
7 
8 

0.03  
9 

10 
10 
11 

0.07  
3 
3 
3 
3 

0.98 

Equivalized income** 
Under £14,999  

£15,000 - £24,999  
£25,000 - £34,999  
£35,000 - £49,999  

£50,000 or more 
  

 
174 
237 
165 
130 
169 

 
9 
8 
8 
7 
7 

<0.01  
9 

10 
11 
12 
13 

<0.01  
23 
22 
22 
21 
20 

0.03  
6 
6 
6 
5 
5 

0.11 
 
 
 
 

 

 
7 
7 
7 
6 
6 

<0.01  
10 
10 
9 
9 
9 

0.90  
3 
3 
3 
3 
3 

0.03 

Qualifications*** 
Degree or higher ed 

GCE A- level or equivalent  
GCSEs or FT education 

No qualifications 
  

 
338 
172 
245 
251 

 
7 
8 
8 
9 

0.02  
14 
12 
10 
8 

<0.01  
20 
21 
23 
24 

<0.01  
6 
6 
6 
6 

0.99  
6 
6 
7 
7 

<0.01  
9 
9 

10 
10 

0.78  
3 
3 
3 
4 

<0.01 

Marital status 
Single, never married 

Married  
Married but separated 

Divorced 
Widowed 

 

 
289 
467 
30 

127 
101 

 
8 
8 
8 
8 
7 

0.24  
12 
11 
10 
10 
9 

<0.01  
22 
22 
22 
22 
22 

0.54  
6 
6 
5 
5 
5 

<0.01  
7 
7 
6 
6 
6 

0.25  
10 
9 
9 
9 
9 

0.89  
3 
3 
3 
3 
3 

0.05 
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Category n 
Starch 

(%) 
p  

F&V 
(%) 

p 
Meat, 

etc 
(%) 

p 
Dairy 
(%) 

p 
Hi-sugar 

& fat  
(%) 

p 
Non-alc 

beverage 
(%) 

p 
Misc 
(%) 

p 

Household size 
1 person  
2 people  

3 or 4 people  
5 or more people 

 

 
268 
336
327 
83 

 
8 
8 
8 
8 

0.20  
11 
11 
11 
11 

0.79  
22 
22 
22 
21 

0.54  
5 
6 
6 
6 

0.09  
7 
7 
7 
6 

0.78  
9 
9 

10 
10 

0.39  
3 
3 
3 
3 

0.32 

Cigarette-smoking status 
Never regularly smoked  

Ex-regular smoker  
Current regular smoker 

  

 
541 
247 
226 

 
8 
8 
7 

0.01  
13 
10 
8 

<0.01  
21 
22 
24 

0.01  
6 
6 
5 

<0.01  
7 
7 
7 

0.81  
9 

10 
10 

0.59  
3 
3 
3 

0.87 

Achieve ‘5 a Day’ 
Yes 
No 

 

 
334 
680 

 
7 
8 

0.01  
19 
8 

<0.01  
19 
23 

<0.01  
6 
6 

0.03  
5 
7 

<0.01  
8 

10 

<0.01  
3 
3 

0.78 

*Adjusted in each case for age and sex. P values for overall effect of categorical variables. **Data missing for n=139. ***Data missing for n=8. 
  

Table 8.9 (cont’d) Age- and sex-adjusted geometric mean proportional food group costs, including alcoholic beverages (p values from regression*) 
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Table 8.10 Age- and sex-adjusted geometric mean proportional food group costs, excluding costs from alcoholic beverages (p values from regression*) 

(n=1014) 

Category n 
Starch 

(%) 
p  

F&V 
(%) 

p 
Meat, 

etc 
(%) 

p 
Dairy 
(%) 

p 
Hi-sugar 

& fat  
(%) 

p 
Non-alc 

beverage 
(%) 

p 
Misc 
(%) 

p 

Employment classification 
Managerial & professional 

Intermediate 
Routine & semi-routine 
Never worked & ‘other’ 

 

 
421 
302 
250 
41 

 
9 

10 
11 
11 

<0.01  
16 
13 
12 
10 

<0.01  
26 
27 
28 
29 

0.05  
7 
7 
7 
7 

0.12  
8 
8 
9 
9 

0.11  
11 
12 
12 
13 

0.20  
4 
4 
4 
4 

0.65 

Equivalized income** 
Under £14,999  

£15,000 - £24,999  
£25,000 - £34,999  
£35,000 - £49,999  

£50,000 or more  
 

 
174 
237 
165 
130 
169 

 
11 
10 
10 
9 
9 

<0.01  
11 
12 
14 
15 
17 

<0.01  
27 
27 
27 
27 
27 

0.67  
7 
7 
7 
7 
7 

0.61 
 
 
 
 

 

 
9 
9 
8 
8 
8 

0.11  
11 
12 
12 
12 
13 

0.24  
4 
4 
4 
4 
3 

0.16 

Qualifications*** 
Degree or higher ed 

GCE A- level or equivalent  
GCSEs or FT education 

No qualifications 
  

 
338 
172 
245 
251 

 
9 

10 
10 
10 

0.09  
17 
15 
12 
10 

<0.01  
26 
27 
28 
29 

<0.01  
7 
7 
7 
7 

0.46  
8 
8 
9 
9 

0.01  
12 
12 
12 
12 

0.69  
3 
4 
4 
4 

0.02 

Marital status 
Single, never married 

Married  
Married but separated 

Divorced 
Widowed 

 
289 
467 
30 

127 
101 

 
10 
10 
10 
10 
10 

0.58  
15 
14 
13 
12 
12 

<0.01  
26 
27 
28 
28 
29 

0.11  
8 
7 
7 
7 
6 

0.02  
8 
8 
8 
8 
8 

0.55  
12 
12 
12 
12 
12 

0.59  
4 
4 
4 
3 
3 

0.09 
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Category n 
Starch 

(%) 
p  

F&V 
(%) 

p 
Meat, 

etc 
(%) 

p 
Dairy 
(%) 

p 
Hi-sugar 

& fat  
(%) 

p 
Non-alc 

beverage 
(%) 

p 
Misc 
(%) 

p 

Household size 
1 person  
2 people  

3 or 4 people  
5 or more people 

 

 
268 
336
327 
83 

 
9 

10 
10 
10 

0.17  
13 
14 
14 
14 

0.78  
28 
27 
27 
27 

0.51  
7 
7 
7 
8 

0.07  
8 
8 
8 
8 

0.76  
11 
12 
12 
12 

0.31  
4 
4 
4 
4 

0.28 

Cigarette-smoking status 
Never regularly smoked  

Ex-regular smoker  
Current regular smoker 

  

 
541 
247 
226 

 
10 
10 
9 

0.01  
15 
13 
11 

<0.01  
26 
28 
31 

<0.01  
8 
7 
6 

<0.01  
8 
8 
9 

0.48  
11 
12 
13 

0.11  
4 
4 
4 

0.60 

Alcohol consumption 
Abstainers  
Lower risk  

Increasing risk  
Higher risk  

 

 
410 
425 
132 
47 

 
10 
10 
9 
9 

0.03  
14 
14 
13 
13 

0.81  
26 
28 
29 
31 

<0.01  
8 
7 
7 
6 

0.02  
9 
8 
8 
7 

0.05  
12 
12 
12 
12 

0.57  
3 
4 
4 
5 

0.02 

Achieve ‘5 a Day’ 
Yes 
No 

 

 
334 
680 

 
9 

10 

<0.01  
24 
10 

<0.01  
24 
29 

<0.01  
8 
7 

0.06  
7 
9 

<0.01  
10 
13 

<0.01  
4 
4 

0.59 

*Adjusted in each case for age and sex. P values for overall effect of categorical variables. **Data missing for n=139. ***Data missing for n=8. 

 

 

Table 8.10 (cont’d) Age- and sex-adjusted geometric mean proportional food group costs, excluding costs from alcoholic beverages (p from regression*) 
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8.4.3.5 Food group costs by BMI category 

In terms of absolute costs, significant differences were found between the 

normal weight, overweight and obese categories for starchy foods, and high-fat and 

high-sugar foods (Table 8.11). This indicates that the overweight and obese spent less 

on starchy foods and less on high-fat and –sugar foods. 

 

Table 8.11 Median food group costs in the NDNS, by BMI category (unadjusted) (n=938) 

BMI category n 
Starchy 

food 

Fruit 
& 

veg 

Meat, 
etc 

Dairy 
foods 

High-
fat/ 

sugar 
foods 

Non-
alcoholic 

beverages 
Misc 

Underweight 13 £0.16 £0.22 £0.73 £0.14 £0.31 £0.25 £0.11 

Normal weight 318 £0.32 £0.47 £0.78 £0.21 £0.30 £0.36 £0.13 

Overweight 350 £0.28 £0.42 £0.89 £0.23 £0.28 £0.37 £0.12 

Obese 257 £0.28 £0.42 £0.87 £0.21 £0.22 £0.34 £0.13 

P for trend*  <0.01 0.034 0.041 0.466 <0.01 0.430 0.749 

*Underweight excluded from analyses 

 

 

Proportional costs differed between BMI categories only for the high-fat and 

high-sugar food group, adjusting for age and sex. This was true regardless of whether 

or not alcohol was included (Table 8.12 and Table 8.13), with the obese having less of 

their diet costs attributable to this food group. 

 

Table 8.12 Food group costs in the NDNS as a proportion of daily diet cost (including 

costs from alcohol), by BMI category (n=938) 

BMI category 
Starchy 

food 

Fruit 
& 

veg 

Meat, 
etc 

Dairy 
foods 

High-
fat/ 

sugar 
foods 

Non-
alcoholic 

beverages 
Misc Alcohol 

Underweight 8% 12% 20% 6% 10% 9% 3% 18% 

Normal weight  8% 11% 21% 6% 8% 9% 3% 19% 

Overweight 8% 11% 22% 6% 7% 10% 3% 21% 

Obese 8% 10% 23% 5% 5% 10% 3% 22% 

P for trend* 0.310 0.099 0.053 0.371 <0.001 0.497 0.315 0.152 

*Underweight excluded from analyses 
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Table 8.13 Food group costs in the NDNS as a proportion of daily diet cost (excluding 

costs from alcohol), by BMI category (n=938) 

BMI category  
Starchy 

food 

Fruit 
& 

veg 

Meat, 
etc 

Dairy 
foods 

High-
fat/ 

sugar 
foods 

Non-
alcoholic 

beverages 
Misc 

Underweight 10% 15% 25% 8% 12% 11% 4% 

Normal weight  10% 14% 26% 7% 10% 11% 4% 

Overweight 10% 13% 27% 7% 8% 12% 4% 

Obese 10% 13% 29% 7% 7% 12% 4% 

P for trend* 0.308 0.091 0.031 0.358 <0.001 0.414 0.287 

*Underweight excluded from analyses 

 

 

8.4.4 Food group costs & BMI 

Table 8.14 and Table 8.15 display the results of the linear regression analyses 

of food group costs and BMI. Whether costs from alcohol were excluded or not, there 

was a significant effect apparent from the proportion of diet cost attributed to foods high 

in sugar and fat: every additional percentage of cost from this food group was 

associated with a lower BMI of just over 9kg/m2 (including alcohol 95% CI -14.73,  

-4.03, p<0.01; excluding alcohol 95% CI -14.20, -4.01, p<0.01). 

Sensitivity analyses for the models including alcohol found similar results in all 

cases, although the significant coefficient for the high-fat and –sugar foods was smaller 

when excluding those on a special diet (n=833; b=-7.14; 95% CI -12.55, -1.72) or those 

over the age of 70 (n=794; b= -7.10; 95% CI -12.99, -1.21). When alcohol was not 

included, excluding these groups had a similar effect on the high-fat and –sugar food 

group’s coefficient (b=-7.06 (95% CI -12.22, -1.90) and -6.82 (95% CI -12.40, -1.12) 

respectively). All other estimates were found to be similar in the sensitivity analyses. 
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Table 8.14 Linear regression of proportional food group costs (including alcohol) on BMI 

(n=925) 

 Coefficient 95% CI p value R2 

Model 1 
        Starchy foods 

-0.17 -6.30, 2.97 0.48 0.028 

Model 2 
        Fruit & vegetables 

-0.89 -4.32, 2.54 0.61 0.027 

Model 3 
        Meat, fish, eggs & beans 

2.21 -0.60, 5.03 0.12 0.030 

Model 4 
        Milk and dairy 

-5.65 -11.80, 0.51 0.07 0.031 

Model 5 
        Foods high in sugar and/or fat 

-9.38 -14.73, -4.03 <0.01 0.039 

Model 6 
        Non-alcoholic beverages 

0.49 -2.86, 3.85 0.77 0.027 

Model 7 
       Miscellaneous foods 

-0.04 -0.35, 0.28 0.83 0.029 

Model 8 
        Alcoholic beverages 

0.69 -1.13, 2.50 0.46 0.028 

Adjusted for age, sex, employment and energy intake 

 

 

Table 8.15 Linear regression of proportional food group costs (excluding alcohol) on BMI 

(n=925) 

 Coefficient 95% CI p value R2 

Model 1a 

        Starchy foods 

-0.98 -5.26, 3.31 0.67 0.027 

Model 2a 

        Fruit & vegetables 

-0.69 -3.93, 2.56 0.68 0.027 

Model 3a 

        Meat, fish, eggs & beans 

2.94 0.39, 5.48 0.02 0.032 

Model 4a 

        Milk and dairy 

-5.07 -10.75, 0.62 0.08 0.030 

Model 5a 

        Foods high in sugar and/or fat 

-9.10 -14.20, -4.01 <0.01 0.040 

Model 6a 

        Non-alcoholic beverages 

0.51 -2.52, 3.54 0.74 0.027 

Model 7a 

       Miscellaneous foods 

3.86 -1.89, 9.61 0.19 0.029 

Adjusted for age, sex, employment and energy intake 

 

 

8.4.5 Food group costs & overweight and obesity 

The adjusted logistic regression models (including alcohol) identified significant 

effects on the odds of being overweight or obese for the fruit and vegetable food group 

(OR 0.09, 95% CI 0.02, 0.38, p<0.01) (see Table 8.16). This implies a 91% reduction in 

the odds of being overweight or obese for every additional 1% of diet cost attributed to 

fruit and vegetables. A similar odds ratio was evident in the model excluding alcohol 
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(OR 0.11, 95% CI 0.03, 0.45, p<0.01) (Table 8.17). Additionally, in the analyses 

excluding alcohol, there was evidence of a significant effect of the meat, fish, eggs and 

beans food group (OR 5.59, 95% CI 1.85, 16.89, p<0.01), suggesting a five times 

increase in the odds of being overweight or obese for every additional per cent of cost. 

No other food group costs were found to have a significant impact on the odds.  

 

Table 8.16 Adjusted logistic regression of food group costs (including alcohol) on the 

odds of being classified overweight or obese (n=925) 

Food group cost 

(studentised residuals) 
Odds ratio 95% CI p value 

Model 1 

        Starchy foods 

0.29 0.04, 1.93 0.20 

Model 2 

        Fruit & vegetables 

0.09 0.02, 0.38 <0.01 

Model 3 

        Meat, fish, eggs & beans 

3.67 1.09, 12.37 0.04 

Model 4 

        Milk and dairy 

0.32 0.02, 4.21 0.39 

Model 5 

        Foods high in sugar and/or fat 

0.07 0.01, 0.64 0.02 

Model 6 

        Non-alcoholic beverages 

1.37 0.32, 5.80 0.67 

Model 7 

       Miscellaneous foods 

4.28 0.23, 78.67 0.33 

Model 8 

        Alcoholic beverages 

1.82 0.83, 3.98 0.14 

Adjusted for age, sex, employment and energy intake 
 

Table 8.17 Adjusted logistic regression of food group costs (excluding alcohol) on the 

odds of being classified overweight or obese (n=925) 

Food group cost 

(studentised residuals) 
Odds ratio 95% CI p value 

Model 1a 

        Starchy foods 

0.41 0.07, 2.41 0.33 

Model 2a 

        Fruit & vegetables 

0.11 0.03, 0.45 <0.01 

Model 3a 

        Meat, fish, eggs & beans 

5.59 1.85, 16.89 <0.01 

Model 4a 

        Milk and dairy 

0.45 0.04, 4.87 0.51 

Model 5a 

        Foods high in sugar and/or fat 

0.10 0.01, 0.84 0.03 

Model 6a 

        Non-alcoholic beverages 

1.75 0.47, 6.49 0.41 

Model 7a 

       Miscellaneous foods 

7.39 0.56, 98.24 0.13 

Adjusted for age, sex, employment and energy intake 
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Excluding those who reported consuming an unusual amount resulted in odds 

ratios for fruit and vegetables that were no longer significant (including alcohol) (n=419; 

OR 0.12, 95% CI 0.02, 1.02, p=0.05). The other food groups had similar ORs and 

probability values, with the exception of the miscellaneous food group: OR 344.19, 

95% CI 1.70, 69850.28, p=0.03.  

When costs from alcohol were not included, each of the sensitivity analyses 

revealed a similar pattern to when alcohol was included. 
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8.5 Discussion 

This chapter builds upon the findings presented in Chapters 6 and 7, describing 

the diet costs of NDNS adults in terms of constituent food groups. The primary aim was 

to investigate how proportional food group costs relate to participants’ BMI, and the 

chapter also explored the newly derived variables’ relationships to each other and to 

diet costs as a whole, as well as sociodemographic differences in these costs. 

There are no directly comparable national food group expenditure data with 

which to compare the figures estimated here for the NDNS. However, the Family Food 

report (Defra, 2012) describes expenditure in pence per person for a number of food 

categories. Combining foods to best match the food groups used here, and calculating 

the expenditure as a proportion, gives the estimates presented in Table 8.18. The only 

two categories which offer a direct match in description to this chapter’s food groups 

are fruit and vegetables, and alcoholic beverages. With the exception of non-alcoholic 

beverages and foods high in sugar and/or fat, expenditure figures estimate higher 

proportional costs than the dietary data estimated costs. This may reflect the waste 

associated with these other food groups, which would result in lower quantities actually 

being consumed. This remains conjecture, however, in the absence of a more 

controlled comparison. Interestingly, the proportional estimates given to meat, fish and 

eggs are similar, despite the differences in the categorisation. 

 

Table 8.18 Proportional food group costs estimated from NDNS diets compared to 

national expenditure data* 

NDNS food 
group 

% diet 
cost excl 
alcohol 

% diet 
cost incl 
alcohol 

Defra equivalent food 
groups 

% of total 
food & non-

alcoholic 
drink 

expenditure 

% of total 
food & drink 
expenditure 

Starchy foods 10 8 Potatoes & cereals 23 21 

Fruit & 

vegetables 

15 12 Fruit & vegetables 18 16 

Meat, fish, eggs 

& beans 

29 24 Carcase meat, non-

carcase meat & meat 

products, fish & eggs 

29 26 

Milk and dairy 8 6 Milk & cream, & cheese 11 10 

Foods high in 

sugar and/or fat 

10 8 Fats & oils, sugar & 

preserves, & 

confectionary 

7 6 

Alcoholic 

beverages 

- 9 Alcoholic beverages - 11 

Non-alcoholic 

beverages 

13 10 Beverages & soft drinks 6 5 

Miscellaneous  4 3 No equivalent - - 

*Figures derived from Family Food 2010 data (Defra, 2012) 
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Although not necessarily a reflection of actual food expenditure, the estimates 

presented in this chapter deliver insight into the food spending patterns of the 

participants. Proportional costs could give an indication of the share of their food 

budget people are willing to apportion to different types of food. 

These results are the first to examine the food group costs from dietary data of 

a nationally representative sample. All of the other similar studies have published food 

group costs from non-representative samples (Cade et al., 1999, Murakami et al., 

2007, Ryden et al., 2008, Ryden and Hagfors, 2011, Alexy et al., 2012), most of which 

contrasted results from different dietary patterns. Identifying patterns in diet costs from 

a representative sample is advantageous in terms of judging the implications of public 

health interventions. 

 

8.5.1 Food group costs in the NDNS 

The biggest driver of whole diet costs in this sample was costs attributed to 

alcoholic beverages (with a sample median of 9% proportional costs). The decision to 

include or exclude alcohol from proportion calculations modified the results of 

comparisons; this suggests that this decision could have an important impact in the 

interpretation of results, which is something that research in this area should take into 

account. 

The impact of alcohol on the results also highlights its role in the dietary 

expenditure of British adults. From these results, it could be inferred that people 

allocate potentially significant amounts of their budgets to purchase alcoholic 

beverages. This is something that would need to be addressed in any budget-focussed 

intervention. It would be interesting to see the effects of, for example, a minimum unit 

pricing policy, if introduced, on the proportional cost for alcohol. 

After alcohol, non-alcoholic beverages, meat, fish, eggs and beans and fruit and 

vegetables formed the largest contributors to diet costs. This agrees relatively well with 

the only other previously published food group cost estimates for British adults (Cade 

et al., 1999), in which the costs of both the healthiest diets (according to the Healthy 

Diet Index) and the least healthy diets in the UK Women’s Cohort Study (UKWCS) 

were predominantly made up from these three food groups. The full sample estimates 

were not presented in the paper; however the proportional food group costs for the 

least healthy participants map well onto the NDNS patterns observed here, with the 

exception that NDNS adults had lower costs attributed to fruit and vegetables (15% 

compared to 29% in the UKWCS lowest HDI group) and higher costs from alcohol (9% 
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versus 7%). These differences were more marked when comparing the results of the 

healthiest UKWCS diet group. This may be explained by sample differences: the NDNS 

is a nationally representative sample, whereas the UKWCS drew from a comparatively 

healthy, older age group of women, over-sampled for vegetarians. 

In other cultures, too, parallels can be drawn for proportional food group costs. 

Murakami et al (2007), for example, found the largest contributors to diet cost in a 

sample of female Japanese students to be meat, fish and shellfish (32%), followed by 

vegetables (16%) and confectionaries (12%). This compares to the NDNS estimates of 

29% for meat, fish, eggs and beans, 15% for fruit and vegetables, and 10% for high-fat 

and high-sugar foods. Those in the highest quintile of diet cost in Murakami et al’s 

study had almost four times as much of the cost attributed to fish and shellfish, four 

times as much for vegetables, and three times as much for fruit, suggesting that these 

groups may have been important drivers of total diet cost in this sample. 

In a slightly different approach, Ryden et al (2008) compared food group costs 

of two trial arms: the control group, and those who had received the intervention of 

modifying their diet to a Mediterranean diet. It was found that, proportionally, the 

Mediterranean diet group had greater costs attributed to fish, followed by vegetables 

and fruit. The control group, on the other hand, showed higher proportions for meat, 

then dairy foods, then beverages. 

Finally, in a sample of German children, Alexy et al. (2012) found the greatest 

proportional costs to be in the meat/sausage category (16%) followed by dairy (15.8%) 

and convenience/fast food (11%). Proportional costs were presented separately for fruit 

and vegetables in this study, with a mean 6.5% and 7.8% of diet costs attributed to 

these food groups respectively. Proportional costs for confectionary were fairly low in 

this sample, at just over 6% on average. 

There are several points to be made from these cross-cultural comparisons. 

Firstly, the use of different food groups makes it difficult to directly compare samples: 

the studies outlined above described a greater number of food groups than used for the 

NDNS analyses. It is possible that collapsing foods to eight groups, whilst useful in 

interpreting the costs in relation to UK recommendations, could have resulted in a loss 

of information. From the analyses presented in this chapter, it is unclear whether those 

with higher proportional costs for the meat, fish, eggs and beans group had higher 

costs for fish or higher costs for meat, for example. Despite this, it appears that there 

are commonalities across countries (specifically the UK, Sweden and Japan) in that the 

key contributors to diet costs appear to be meat, fish and shellfish, and vegetables.  
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The second point is that proportional costs vary according to dietary patterns. 

This was an aspect of food group costs that was not explored fully in this chapter, but 

could have important implications for dietary interventions. The healthiest diet group of 

the UKWCS, for example, had almost 50% of diet costs attributed to fruit and 

vegetables. Likewise, in the NDNS, those who achieved the ‘5 a day’ recommendation 

had significantly higher proportional costs for fruit and vegetables (although not as high 

as the UKWCS, at 24%) as well as differences in a number of other food group costs. 

This hints at a shift in the proportions of expenditure and not just an increase in fruit 

and vegetable costs in order to meet the recommendation. 

The observations that food group costs differ by diet quality leads to a question 

of how proportional costs relate to overall diet costs. In this chapter, multivariate 

regression was used to identify the key drivers of whole diet costs. It may also have 

been interesting to have examined proportions of food group costs by strata of whole 

diet costs. As described above, the food group analyses indicated much higher 

proportional costs were attributed to fruit and vegetables amongst those who achieved 

5 a day; in Chapter 6 it was described that those who achieved 5 a day also showed 

significantly higher whole diet costs. It could be the case that fruit and vegetable 

proportional costs are systematically related to whole diet costs. Examining food group 

costs according to, for example, quintiles of whole diet costs might illustrate key 

differences in the make-up of diet costs, according to their estimated worth. 

It is also possible to compare the proportional food group costs estimated here 

with proportional costs found in national expenditure data. In the 2010 Family Food 

report (Defra, 2010), it is apparent that the largest proportion of household food 

expenditure (excluding ‘eating out’ expenditure) was meat and meat products, fish and 

eggs (combined), followed by cereals, and fruit and vegetables (these two groups 

showing a similar proportion), then alcoholic beverages. The differences seen between 

these expenditure data and the results of this chapter – in particular the differences 

between proportions of cost attributed to alcoholic beverages and non-alcoholic 

beverages (which are both much lower in the expenditure data) – could be explained in 

a couple of ways. Firstly, it may be the case that promotional and lower-than-median 

cost beverage items are purchased to a greater extent than can be accounted for using 

the DANTE cost database. Secondly, eating out purchases are reported separately in 

the national expenditure data, whereas they were treated as at-home purchases in the 

costing methods of this chapter, rather than being excluded altogether. Beverages 

comprise a food group that are commonly consumed outside the home (Defra, 2010). 
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The contrast between proportions of cost, energy and mass from each of the 

food groups has not been presented before. The differences between the three 

suggest that proportional food group costs do not simply reflect the quantities of each 

food group consumed, and can be seen to be a useful construct. 

 

8.5.2 Between-group comparisons of food group costs 

None of the previously published studies reported contrasts between 

sociodemographic categories, making these NDNS results the first to do so. All of the 

variables examined except household size showed statistically significant differences in 

proportional costs in at least one of the food groups. Comparisons of whole diet costs 

similarly found differences in these variables, although not for age groups (Chapter 6). 

Proportional costs for fruit and vegetables showed the most number of 

significant between-group differences in the analyses by socioeconomic and other 

variables. This is in keeping with reported consumption differences of this food group 

from other sources – for example, by income (Defra, 2009). 

Males and females were found to differ in their proportional costs for fruit and 

vegetables and meat, fish, eggs and beans (after excluding alcohol). This may help to 

explain the differences in whole diet costs described in Chapter 6, as a higher 

proportion of females’ diet costs was attributed to fruit and vegetables, one of the less 

energy dense food groups. 

Interestingly, proportional costs between equivalized income groups differed 

only for the starchy foods, fruit and vegetables and (when alcohol was included) high-

fat and high-sugar food groups. However, comparisons of whole diet costs (Section 

6.4.3) found a significant trend in costs with increasing income categories. One 

interpretation of this is that not only were the higher income groups spending more on 

fruits and vegetables, they were also spending proportionately more of their budget on 

this food group. 

The food groups which showed significantly different proportional costs were 

not the same for each of the socioeconomic indicator variables (occupation, income 

and education). Significant trends in whole diet costs were apparent for all these 

variables (see Chapter 6), but the results presented here imply that each variable 

influences diet costs in different ways – for example, whole diet costs were found to 

differ significantly between employment categories (Table 6.2), but on comparing 

proportional food groups costs, only the proportions of cost attributed to starchy foods 
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and to fruit and vegetables were found to differ, whilst proportions of all other food 

group costs did not differ by employment. 

Where food group cost analyses contrasted most to those of whole diet costs, 

however, was in comparing age groups: age group differences were apparent between 

the proportional costs of most food groups. In examining whole diet costs, no 

significant trends were apparent. This suggests that the whole diet estimations are 

missing an important level of detail, and food group costs are more descriptive of diet 

costs. 

Also in contrast to whole diet costs was the linear trend in fruit and vegetable 

proportional costs by marital status. The age- and sex-adjusted means suggest that the 

single category had higher costs attributed to fruit and vegetables, with lower 

proportions observed amongst the married, separated and divorced, and the lowest 

amongst the widowed. This is interesting in that it does not appear to match the 

patterns observed for whole diet costs, for which the married had the highest costs. 

The reasons for this are unclear, although it might be useful to examine whether 

socioeconomic status is unevenly distributed by marital status – for example, only 12% 

(n=10) of the widowed participants in the NDNS were in the highest two equivalized 

income categories (compared to 26-36% of the other marital categories). 

Differences in proportional food group costs according to cigarette smoking 

status perhaps support the suggestion made in Chapter 7 of behaviour clustering. The 

differences in apportioning the diet costs imply that whole diet cost differences are not 

simply the result of a reduced food budget due to cigarette purchasing. 

 

8.5.3 Food group costs & BMI 

Whereas whole diet cost estimates revealed no significant differences between 

BMI categories, examination of proportional food group costs showed some significant 

trends. In terms of absolute costs, tests for trend indicated that the obese spent the 

least on starchy foods and on foods high in sugar and fat. As a proportion of whole diet 

costs, only the high-fat and high-sugar food group costs were found to differ 

significantly by BMI category. This was also the only significant predictor of BMI in the 

linear model. 

The different findings for the absolute costs and proportional costs of the 

starchy food group illustrate the impact of expressing costs as a proportion of whole 

diet costs: whilst lower costs were apparent amongst the obese for starchy foods, the 

proportion of total diet cost was found to be the same across BMI categories. It is 
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possible that the lower costs attributed to high-fat and high-sugar foods found in this 

chapter are indicative of under-reporting or measurement error. Unfortunately there is 

no other literature available with which to compare these proportional cost findings, as 

this is the first study of this kind. Nor are there physical activity data available for the 

NDNS to evaluate the presence of under-reporting (see Chapter 3). 

There is no consensus in the literature as to whether certain food groups in 

particular are prone to be under-reported. Some studies (eg Krebs-Smith et al., 2000) 

suggest that under-reporting is uniform across dietary composition. Bailey et al (2007) 

similarly found lower intakes reported amongst identified under-reporters for a majority 

(18 of 24) of food groups. On the other hand, contrasting reports have identified food 

group-specific mis-reporting (Mendez et al., 2003): Lafay et al (2000), for example, 

found significantly less reported intakes in under-reporters (both in terms of frequency 

and portion sizes) specifically for foods high in fat and/or carbohydrate. 

The sensitivity analyses found that excluding special dieters resulted in a 

reduced coefficient for high-fat and –sugar foods. It may be conjectured that this is as a 

result of the removal of some bias, if dieters are more likely to under-report items from 

this food group. Excluding the elderly had a similar effect, though the reasons for this 

are unclear. In both cases, the coefficients were still found to be statistically significant. 

Whilst it can be conjectured that under-reporting has influenced the 

investigations of BMI, it is important at the same time to consider other interpretations 

of these findings. As well as issues potentially arising from dietary measurement error, 

there may be additional methodological issues in the approach taken to express food 

group costs – for example, in the expression of food groups as a percentage, the 

definition of the food groups, or the use of mean food item costs in characterising food 

budget allocation. Comparisons to national expenditure data (see above) show a 

number of discrepancies that are difficult to explain. All in all, it must be stressed that 

these early explorations into food group costs warrant further attention.  

 

8.5.4 Food group costs & overweight and obesity 

In the logistic regression analyses, there was no significant impact on the odds 

of being overweight or obese from the high-fat and high-sugar food group. Instead, 

significantly reduced odds were apparent with increasing proportions of cost from fruit 

and vegetables. When alcohol was excluded, there was also a significant effect from 

the meat, fish, eggs and beans food group, which showed more than five times the 

odds for every additional percentage of diet cost. 
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These findings suggest that assigning a greater proportion of the food budget to 

fruit and vegetables is protective against weight gain. Conversely, a greater proportion 

attributed to meat, fish, eggs and beans was associated with excess weight. The latter 

observation was not statistically significant when costs from alcoholic beverages were 

included in the calculations. This may be because of the relationship in this sample 

between alcohol consumption and proportional costs for the meat, fish, eggs and 

beans food group: those who consumed more units of alcohol had higher proportional 

costs without taking into account alcohol costs (Table 8.10), but proportions were lower 

when alcohol was included because increasing proportions of the whole diet cost were 

given to alcoholic beverages, consequently reducing proportions for other food groups. 

The story implied by the logistic regression differs to that suggested by the 

linear regression models, with different food groups implicated. This could be because 

the overweight were combined with the obese participants, perhaps outweighing any 

under-reporting amongst the obese – specifically with respect to high-fat/sugar foods.  

 It is unclear why the sensitivity analysis in which those who reported consuming 

an unusual amount were excluded failed to achieve significance for fruit and 

vegetables and the meat food group. It is possible that this was a result of reduced 

statistical power following the removal of almost half the sample number. 

 A final caveat needs to be made with respect to the odds ratios given by these 

models. The models investigating fruit and vegetables reported ratios of 0.09 (including 

alcohol) and 0.114 (excluding alcohol). These imply a huge reduction (of 81% and 

79%) in the odds of being overweight and obese for every additional percentage of diet 

costs spent on this food group. Excluding alcohol, the odds ratio for the meat food 

group was similarly extreme, showing more than five times an increase in the odds. 

These ratios are difficult to interpret, and it is advisable that the conclusions from these 

findings are tentatively made, reflecting exploratory investigations of a new approach. 

 Again, these anomalous findings might bring into question the appropriateness 

of this methodology. As mentioned in the discussion of the unexpected negative 

association between costs from high-fat and –sugar foods with BMI (see 8.5.3), it is 

unclear whether these findings are a reflection of measurement error or in fact reveal a 

methodological limitation in the way food group costs have been expressed. For 

example, given the different distributions of the proportional costs of each food group, a 

percentage point change might represent a disproportionately large change in a food 

group such as the miscellaneous foods, to which only a small proportion of diet costs 

were attributed, but signify a much smaller difference in a food group with more 

variability in proportional costs, such as fruit and vegetables. Investigating food group 
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costs separately in the regression models also limits our interpretation, in that it is 

difficult to interpret how the percentage change in one food group corresponds to the 

necessary opposite change in the other food groups – the model might assume a 

corresponding change equally distributed across the other food groups, but whether 

this is a realistic scenario is questionable, especially given the varying distributions of 

the proportional food group costs. 

 

8.5.5 Implications 

These food group costs do not represent actual expenditure of NDNS adults. 

Nevertheless, they offer potential insight, albeit tentatively, into how people divide their 

food budgets.  

This insight into budgeting could have implications for public health 

interventions. Firstly, it can be used to communicate how a healthy diet can be 

achievable without having to increase your budget: it is not how much you spend, 

rather how you assign your budget. For example, the results imply that achieving the ‘5 

a day’ recommendations entails reassigning the proportions usually spent on other 

food groups to fruit and vegetables. Studies suggest that perceptions of expense are a 

deterrent of dietary change (Mushi-Brunt et al., 2007), so emphasising dietary 

improvement without an increased food expenditure could be important. This could be 

both positive and negative from a public health perspective: whilst the message that a 

healthy diet is achievable within current budgets is positive, reapportioning the food 

budget may be a more complex message to convey. 

Describing the proportional food group costs could also be useful in forecasting 

the impact of proposed fiscal interventions. With the help of price elasticities (both own- 

and cross-price), the effect of targeted subsidies or taxes, for example, could be 

predicted with regards to proportional costs as well as whole diet costs. Having some 

idea of how budget apportioning differs amongst socioeconomics groups could aid in 

identifying where interventions could have differential effects: this would be possible 

with elasticities specific to income groups which have been published (see Nnoaham et 

al., 2009, for example). The results presented here show age and sex differences in 

proportional food group costs, suggesting that fiscal policies would affect males and 

females and different age groups disproportionately. 

Food choices are a product of several factors, including culture, lifestyle choices 

and taste preferences (Steptoe et al., 1995, Connors et al., 2001). Cost, as well as 

being a limiting factor, when expressed in relation to the food budget might give an 
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indication of willingness to pay. The proportion of the food budget assigned to a 

particular food group could be seen to be a reflection of values – in other words, it 

could indicate whether certain foods are perceived to be worth their cost. 

The above illustrates some of the potential implications of findings from food 

group cost investigations. It is important to note, however, that the findings of this 

chapter are chiefly to present a fresh methodology for diet cost investigations. As 

mentioned throughout this discussion (and in particular in Section 8.5.6 below), a 

number of anomalous findings in the results of this Chapter indicate that, whilst the 

approach has potential, the methodology requires further attention in order to 

confidently interpret investigations of this kind. For example, it would be interesting to 

perform a comparison study of DANTE-estimated food group costs against calculations 

of food group expenditure collected from purchasing data collected at the same time as 

the dietary data. Anthropometric data on the same sample would be additionally useful 

to test the associations of both expenditure and estimated diet costs with BMI. 

 

8.5.6 Limitations  

Whilst proportional food groups offer a new perspective on diet costs, the 

underlying methods are essentially the same as in Chapters 6 and 7. As such, the 

same limitations in methodology apply. These are discussed in previous chapters, but 

the main points are repeated below. 

Firstly, the NDNS is cross-sectional, and any conclusions as to causality are 

restricted. Further to this, without actual expenditure data, the costs reported here are 

estimated, and refer to the inherent value of the diets, rather than actual expenditure. 

Secondly, the costing method uses only median prices from the database, 

whereas participants were most likely faced with a wide variety of prices which would 

influence budgeting decisions. The food cost database cannot take into account price 

discounts or promotions or the consumption of free food, nor can it estimate the costs 

of foods purchased and eaten away from home. 

Thirdly, the costing method is likely to echo any measurement error associated 

with the dietary assessment itself. The NDNS relies upon the self-reported intakes of 

diet diaries, which are subject to mis-reporting (both conscious or non-conscious) as 

well as behaviour change in response to the assessment. The issue of bias as a result 

of suspected under-reporting in relation to this chapter’s results is discussed above. 

Further research is recommended in which physical activity or metabolic 
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measurements could be used to identify mis-reporters and determine how mis-

reporting related to food group costs. 

Another potential limitation of this investigation is the definition of the food 

groups. These were selected on the basis of UK recommendations (Section 8.3.2); 

however all other similar studies in the literature used a larger number of narrower food 

groups. It is possible that combining foods into eight groups resulted in some detail 

being lost. For example, costs for meat products and for fish products showed different 

patterns in the study by Ryden et al (2008), yet these were combined along with eggs 

and beans in the current analyses. At an even narrower level of detail, longitudinal 

studies suggest that there are even differential effects of meat consumption on BMI by 

type of meat (Gilsing et al., 2012). 

Finally, the costs presented in this chapter were calculated using the original 

prices of the DANTE cost database, from 2004. Whilst proportional costs would remain 

the same after applying the FPI or RPI to account for inflation (which would be a flat 

rate applied to all food groups), it is possible that different results would be obtained 

with food group-specific inflation indices, of which the ONS publishes 27 (see Section 

6.4.5). Figure 8.2 offers an illustration of how food group prices do not increase at an 

equal rate. This was not addressed in this chapter, and warrants further investigation. 

 

Figure 8.2 Price inflation in the UK of 10 food groups between 1987 and 2011, relative to 

the Food Price Index (FPI=100) (data from ONS, 2011)  
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8.5.7 Strengths 

Like the two chapters that precede it, this chapter makes an important 

contribution to the field in that it is the first attempt to describe at this level of detail the 

diet costs of a nationally representative British sample. It also shows a more thorough 

analysis of food group costs – both in relation to each other and in relation to whole diet 

costs – that has been absent in the literature. This new approach could have additional 

policy relevance compared to research into whole diet costs or food expenditure.  
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8.6 Conclusions 

Estimating the costs of food groups as a proportion of whole diet costs is a little 

researched avenue of investigation, yet one that is potentially insightful. The results 

presented here add to a small international literature base, with the analyses 

constituting the first conducted with a nationally representative sample and the first to 

examine sociodemographic patterns. 

One of the key objectives of the chapter was to assess the appropriateness of 

food group costs as a means of quantifying dietary costs – in particular whether this 

method adds value to a traditional whole diet cost approach. The findings contrast with 

those of Chapters 7 & 8, suggesting that food group costs confer additional information. 

However, the linear regression analyses found a negative association between BMI 

and proportional costs of high-fat and high-sugar foods, suggesting a protective effect 

of this food group cost.  This finding perhaps supports the conjecture that there is 

evidence of mis-reporting amongst participants of higher BMI. In the logistic regression, 

where the overweight and obese categories were combined, the significant effect of 

high-fat and high-sugar food group costs was no longer apparent. Conversely, 

anomalous results might be reflection of methodological issues associated with the 

food group costing rather than dietary measurement error. These results highlight the 

need for physical activity or metabolic data in future dietary research in order to be able 

to account for mis-reporting. 

The implication of these findings is that dietary change could be achieved by 

readdressing how food budgets are divided, rather than by incurring additional cost. 

This has the potential for a more acceptable public health message in addressing 

health inequalities. Food group costs could also provide a means of modelling the 

effects of targeted fiscal policies on different sociodemographic groups.  

It would have been inappropriate to assess food group costs in relation to 

dietary energy density (see Section 8.2). However, it would be an interesting topic for 

further research to see how proportional food group costs varied in this sample 

according to some other indicator of dietary quality. 

Despite the methodological limitations, this initial exploration into the 

proportional food group costs of NDNS adults has uncovered some interesting results. 

This suggests that costing diets in this manner could have some use in future research 

into diet costs. 
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What was known previously: 

 In the NDNS, whole diet costs do not appear to be associated with BMI 

(Chapter 7). This adds to the already conflicting findings in the literature. 

 As an emerging research area, the best available method for investigating 

the monetary aspects of diet is yet to be established. 

 Proportional costs could give an indication of the share of a food budget 

people apportion to different types of food. 

 A few studies have reported diet costs by food group, and suggested that 

proportional costs vary by dietary patterns. 

 There is nothing in the literature comparing proportional food group costs 

by sociodemographic variables, nor by BMI category. 

What this chapter adds: 

 These results are the first to examine the food group costs of a nationally 

representative British sample. 

 Presented is the most thorough analysis to date of food group costs – in 

relation to each other, in relation to whole diet costs, and according to 

sociodemographic status. 

 Foods in the meat, fish, eggs and beans category were found to be 

responsible for the greatest proportions of diet costs, but alcoholic and 

non-alcoholic beverages were the strongest determinants of whole diet 

costs. 

 All of the variables examined except household size showed statistically 

significant differences in proportional costs in at least one of the food 

groups. The proportional food group cost which showed the most 

differences was that of fruit and vegetables. 

 In contrast to analyses using whole diet costs, significant associations with 

BMI and overweight/obesity were apparent, suggesting that normal weight, 

overweight and obese individuals apportion their food budget differently. 

 A negative association was apparent between BMI and proportional costs 

of high-fat and high-sugar foods. This could constitute evidence of mis-

reporting amongst participants of higher BMI. 

 In logistic regression analyses, associations with overweight/obesity were 

found for fruit and vegetables (negative) and meat, fish, eggs and beans 

(positive), but the odds ratios are difficult to interpret, and conclusions are 

tentative. 

 The implication is that it is not the food budget per se that encourages 

positive energy balance, but rather how people apportion their budget. This 

has relevance for public health messages. 
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Chapter 9 Discussion & conclusion 

 

9.1 Introduction 

The aim of this thesis was to examine whether income and cost of diet are 

implicated in excess energy intake, using data from the representative UK dietary 

survey, the National Diet and Nutrition Survey (NDNS). In this final chapter, the findings 

from the previous chapters are drawn together and collectively considered in light of 

this aim. The conclusions from the work will also be discussed in relation to the food 

price-obesity hypothesis (Section 9.3) which provided the motivation for these 

analyses.  

Policy implications are particularly pertinent in this area of research, due to the 

role that fiscal interventions (such as taxation or subsidisation) could play in 

manipulating the pathway between purchasing power and food choice. However, given 

that the findings from this thesis are largely exploratory and a key theme that has 

emerged is the methodological difficulty of researching this area, the discussion below 

will focus primarily on the implications for researchers. 

 

 

9.2 Summary of research findings 

To meet the main aim (reiterated above), the work of this thesis was divided 

into meeting nine objectives. A summary of the findings that meet each objective are 

summarised in turn below. 

 

1. To synthesise the published evidence linking food prices or diet costs with dietary 

energy density (DED) or weight status. 

Chapter 2 presented the results of a semi-systematic review of the literature to meet 

this objective. The key findings included: 

 Studies of diet costs and DED overwhelmingly reported a strong negative 

association.  

 The evidence linking income and DED was less strong: two of the three studies 

amongst adults found evidence of lower DED with higher incomes. Amongst 

children, evidence of a link was not apparent. 

 No studies were found to investigate food prices and DED. 

 Published reviews suggest that, in highly developed countries, income is related 

to body weight amongst women but not men: as women report higher incomes, 

they are more likely to report a lower body mass. 
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 The limited number of studies investigating diet costs and BMI in adults 

reported contradictory findings. Quality of these studies varied. Associations 

between diet costs and BMI were not apparent amongst children. 

 Studies investigating food prices and BMI varied widely in approach. 

o All of the studies testing prices of individual food items found significant 

associations for at least some foods, though these studies are 

problematic to synthesise. 

o There were mixed findings reported for fast food prices and body weight. 

o In adults, findings for food-at-home indices were dependent upon 

analytical approach; in children, no significant associations were 

apparent. 

o In terms of fruit and vegetable indices, three of five studies in children 

found a significant positive association; in adults, a significant positive 

association was found only for certain subgroups. 

o Only one of the three studies investigating the effect of soft drink taxes 

in children found a significant effect of soda taxes on body weight, and 

one of two studies in adults. 

 

The overall conclusion of Chapter 2 was that the evidence – amongst adults, but not 

children – is generally supportive of the food price-obesity theory.  

 

2. To examine the relationship between income and BMI or overweight/obesity 

amongst NDNS adults. 

Chapter 4 addressed this second objective. The results indicated that: 

 Income is negatively and linearly associated with BMI amongst NDNS adults, 

including both men and women. 

 The odds of being overweight or obese are significantly lower with increasing 

income bands. 

 Obese adults in the NDNS have a lower median equivalized income than those 

who are normal or overweight. 

 The use of household income can result in different findings and interpretations 

compared to when equivalized household income is used. 

 

3. To assess whether income is related to DED amongst NDNS adults. 

Chapter 4 also presented findings for the third objective, concluding that equivalized 

household income is negatively and linearly associated with DED in the NDNS. 

 

4. To investigate the appropriateness of diet cost estimations, including the costing of 

food groups. 

This objective was inherent in Chapters 5, 6 and 8. From the findings, the following 

statements about the appropriateness of diet cost estimations can be made: 
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 The DANTE food cost database linked to a dietary assessment tool agrees well 

with estimates from household expenditure at a sample level – at the individual 

level or amongst higher spenders, diet cost estimates agreed less well (Chapter 

5). 

 In testing whole diet costs, there was little difference in using a flat rate of 

inflation compared to the food group-adjusted indices; although age groups may 

have been unevenly affected by the price changes of certain food groups 

(Chapter 6).  

 Analyses using proportional food group costs produced different results to those 

using whole diet costs, suggesting that assessing how people apportion their 

food budget, rather than how much they spend on food, may be more useful 

(Chapter 8). 

 

 

5. To estimate and describe the diet costs of NDNS adults. 

Objective 5 was met by two key chapters: Chapter 6 described whole diet costs, 

expressed as daily (£ d-1) or energy-adjusted (£ 10MJ-1) amounts; Chapter 8 described 

the costs of eight constituent food groups. The findings indicated: 

 A median daily diet cost of £2.84 (IQR £2.27, £3.64) and a median energy-

adjusted cost of £4.05 (£3.45, £4.82). 

 Better quality diets, as signified by the consumption of fruit and vegetables, 

were of higher intrinsic monetary worth, even after adjusting for other economic 

and demographic factors. 

 Foods in the meat, fish, eggs and beans category tended to account for the 

greatest proportion of whole diet costs.  

 Beverages – alcoholic and non-alcoholic – were the strongest determinants of 

whole diet costs. 

 

 

6. To explore patterns in NDNS diet costs according to sociodemographic 

characteristics. 

The sixth objective of this thesis was addressed by both Chapters 6 and 8: 

 Patterns in whole diet costs substantiated speculated sociodemographic 

differences, such as by income. 

 In terms of food group costs, statistically significant differences were apparent 

for all of the sociodemographic variables (except household size) in at least one 

of the food groups. The proportional food group cost which showed the most 

differences was that of fruit and vegetables. Interpretation of the findings of this 

new approach is tentative. 
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7. To determine whether an association exists between diet costs and BMI or 

overweight/obesity amongst NDNS adults. 

The findings from Chapters 7 and 8 suggest that there is no association – linear or non-

linear – between whole diet costs and BMI in the NDNS. In contrast, analyses using 

proportional food group costs revealed some significant associations: 

o A negative association was apparent between BMI and proportional 

costs of high-fat and high-sugar foods. 

o A negative association was found between proportional costs of fruit and 

vegetables and overweight/obesity.  

o A positive association was seen between proportional costs of meat, 

fish, eggs and beans and the odds of overweight-obesity, but the odds 

ratios are difficult to interpret. 

 

 

8. To establish whether an association exists between diet costs and DED amongst 

NDNS adults. 

Chapter 7 examined this objective and the findings indicated a strong negative 

association between diet costs and DED that is not due to mathematical artefact. 

 

9.3 Revisiting the ‘food price-obesity hypothesis’ 

This section addresses the final objective outlined in Chapter 1. The findings 

from Chapters 4, 6 and 7 are broadly illustrated in Figure 9.1. The diagram indicates 

partial support for the food price-obesity hypothesis (see Figure 1.1, Section 1.5), in 

that income was found to be related: firstly, to diet costs, which is in keeping with the 

purported role of income in determining purchasing power; secondly to dietary energy 

density, implying that lower incomes encourage more energy dense diets; and thirdly to 

BMI, implicating this demand-side factor in obesity prevalence. In addition, diet costs – 

which theoretically reflect purchasing power – were negatively associated with DED. 
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Solid lines represent significant associations; dashed lines show where associations would 

be expected according to the hypothesis, but were not apparent in the NDNS. 

 

However, analyses in this sample failed to link diet costs or dietary energy 

density with BMI or overweight and obesity. A possible interpretation is that purchasing 

power does influence dietary choices, but that dietary energy density does not lead to 

positive energy balance; whilst income is related to BMI via a different mechanism 

(perhaps as a marker for socioeconomic status). Alternatively, explanations for these 

observations could be methodological – a lack of observed effect being due to 

insufficient sample size, for example, or due to self-reporting bias in the dietary 

assessment (see limitations below).  

 Chapter 8 probed further to determine whether the lack of associations, both in 

this research and in the literature, may be the result of inadequately capturing the diet 

cost variable. The results from this chapter could be seen to supplement Figure 9.1 as 

shown in Figure 9.2. 

 

 

Income 

 

Diet costs 

Dietary energy 

density 

 

BMI 

Figure 9.1 Associations in the NDNS between key variables of the food price-obesity 

hypothesis 
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 Incorporating costs from food groups modifies the relationships as shown 

above: diet costs, in the form of proportional costs for food groups, are now shown to 

be associated with BMI. Specifically, the evidence from Chapter 8 suggested links 

between costs from the meat, fish, eggs and beans food group, and those from fruit 

and vegetables, with BMI. Chapter 8 also implied a relationship between BMI and costs 

from high-fat and high-sugar foods; this has been omitted from Figure 9.2 on the 

assumption that this was a reflection of measurement error rather than an underlying 

relationship. 

 Although the link between proportional costs of food groups and DED was not 

tested in the analyses of this thesis, reports of associations between food group costs 

and the overall energy density of the diet can be seen in the literature (albeit using 

costs from differently categorised food groups) (Alexy et al., 2012). Taken together, a 

tentative inference is that the way in which people apportion their food budget, and not 

just the magnitude of that budget, affects energy balance. 

The findings from the food group analyses are interesting and potentially 

insightful. However, a caveat to bear in mind is that the analyses were exploratory. 

Unusual odds ratios (see Section 8.4.5) are difficult to interpret, and may limit the 

confidence placed in the findings. Nevertheless, the chapter highlights a possible new 

avenue for diet cost research – further suggestions for research are given below.  

The conclusions from the NDNS analyses can be compared to the findings from 

the literature review (Chapter 2; illustrated in Figure 9.3). Findings from the literature 

are altogether more mixed. However, the NDNS results confirm an association 

between diet costs and energy density found in other studies, as well as the link 

between income and BMI. The other relationships depicted in Figure 9.1 have been 

 

Income 

Dietary energy 

density 

Overweight/ 

obesity 

% cost of meat, 
fish, eggs & 

beans 

% cost of 

fruit & veg 

+ 
- 

Figure 9.2 Associations in the NDNS, showing food group rather than whole diet costs 
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observed to be significant in at least some of the studies; however, the literature is not 

in agreement on these associations, and the links remain tentative. 

 

 

S

 

Solid arrows represent relationships with supporting evidence; dashed lines show where 

evidence is lacking or contradictory. 

 

9.3.1 Limitations of the food price-obesity hypothesis 

The main criticism of the food price-obesity hypothesis is its reductionist 

approach. The relationships portrayed in Figure 9.1, Figure 9.2 and Figure 9.3 and the 

pathway presented in Figure 1.1 all imply simple, linear connections between the 

variables. However, as mentioned previously (Chapter 1), at least some of these 

variables are likely to have a bidirectional relationship: for example, whilst food prices 

might influence the types and quantities of food purchased and consumed, the amount 

of food purchased (the demand) also plays a role in determining food prices. 

The theoretically efficient representation of food prices as a single variable is 

also problematic when addressing the hypothesis with real data. This becomes obvious 

when examining the published evidence (Chapter 2), where there is a large degree of 

heterogeneity in studies’ definitions and measurement of ‘food prices’. In high-income 

countries especially, there is a wide variety of different foods and beverages on sale, 

each of which is likely to have a different degree of elasticity – for example, one review 

(women) 

 

Income 

 

Diet costs 

Dietary energy 

density 

 

BMI 

 

Food prices 

Figure 9.3 Illustration of relationships implied by the literature review results (Chapter 2) 
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(Andreyeva et al., 2010) identified eggs, sugars and sweets, cheese and fats and oils 

to be more inelastic than soft drinks or meat among other items. Further complicating 

the picture are cross-price elasticities, which indicate the effect of a price change of 

one food item on the consumption of another item: a price increase in some foods may 

encourage the consumption of replacement foods (supplements), or a decrease in 

consumption of both the more expensive food and another item that is commonly 

consumed alongside the first (complements). These economic phenomena will 

inevitably have whole-diet implications that may be difficult to predict. 

Another detraction of the food price-obesity hypothesis are the assumptions 

made about the experience of the consumer in the decision-making process. Firstly, a 

degree of conscious reasoning is supposed – the consumer is assumed to take into 

account price information when purchasing foods. In actuality, it has been proposed 

that unconscious, as well as conscious, processes are involved in dietary decision 

making (Kremers et al., 2006). Unconscious processing is said to occur where 

environmental cues directly, or automatically, influence the choice behaviour. With 

hundreds of dietary decisions to be made every day, it has been suggested that 

consumers develop automatic heuristics to guide decisions (Scheibehenne et al., 2007) 

– habit may be considered one of these ‘shortcuts’, for example.  

The degree to which consumers take into account food price information and 

correctly evaluate this in relation to relative prices (relative in time or to other foods) 

may be questioned. In the case of energy cost, information regarding costs per MJ are 

not readily available to the consumer, therefore requiring a great deal of conscious 

processing and numerical ability (Lipsky, 2009). Levels of numeracy are socially 

patterned in the UK (Bynner and Parsons, 1997), which would suggest that those 

individuals most capable of identifying the cheapest calories are in fact the individuals 

who are more likely to have higher socioeconomic status, including income, and 

therefore least likely to need to maximise the cost per calorie. Evidence from other 

samples (Turrell and Kavanagh, 2005, Ryden and Hagfors, 2011) do indicate that 

those exhibiting the higher diet costs tend both to earn more and to have had more 

years of education, suggesting that these groups are not motivated to achieve low diet 

costs. 

Following this, if not all consumers are able to process the real price 

information, another line of enquiry worth pursuing relates to consumer perceptions of 

price. Studies have shown that a nutritionally adequate diet is possible to achieve 

within a strict budget constraint (Cassady et al., 2007, Maillot et al., 2008), yet this is 

not perceived to be the case by a majority of respondents (Cox et al., 1997). Cost is a 
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frequently reported barrier to consuming healthier diets (Nelson et al., 2007). 

Qualitative evidence suggests that concern about food costs varies across individuals. 

The degree of ‘food cost-concern’ has been associated to food purchasing 

independently of income (Turrell & Kavanagh, 2005). Furthermore, price sensitivity has 

been linked to waist circumference (Gandal and Shabelansky, 2010), and attitudes to 

food prices linked to dietary energy density (Bowman, 2006). 

One way in which food prices are brought to the attention of consumers, and 

may instil a perception of good value, is through promotions. The term ‘promotion’ 

encompasses a broad range of approaches, but here it is chiefly used to refer to 

financial incentive, such as price discounting, quantity discounting, or extra-product 

price promotions. In marketing, price is recognised as a conspicuous stimulator of 

consumption (Chandon & Wansink, 2011). Price promotions are often transient in 

nature, and data on their effects on purchasing tend to be short-term, though 

convincing (Hawkes, 2009, Chandon and Wansink, 2011). What is less clear is how 

this impacts on long-term behaviour and energy balance. Price promotions add further 

to the complexity of this field of study, making it difficult to evaluate their impact. 

However, such promotions may have a key role to play in the food price-obesity 

hypothesis which is yet to be addressed. 

Another assumption inherent in the food price-obesity hypothesis is that income 

is related to obesity via its effect on purchasing power. In fact, as a marker of 

socioeconomic status, it is possible that an observed association between income and 

body weight may in fact be reflecting an association with socioeconomic status more 

generally, and not (solely) because income allows the purchase of more food. This is 

supported by the conclusions of systematic reviews (see Chapter 2) in which income 

was identified as the least consistent of socioeconomic indicators in predicting BMI. In 

addition, low income may be associated with more harsh environments, themselves 

linked to unhealthy dietary choices (Laran and Salerno, 2013). From another viewpoint, 

it has been suggested that income inequality itself, rather than absolute incomes, could 

be causally related to health (Wilkinson and Pickett, 2010). 

Finally, the food price-obesity hypothesis is guilty of not recognising the 

influence of other probable determinants of weight gain and obesity. These include 

aspects of the obesogenic environment (Swinburn et al., 1999), as well as wider 

influences as detailed in the Foresight report (Butland et al., 2007). In particular, some 

of the key factors in dietary decision-making worth mentioning are availability, the retail 

environment, and time costs. ‘Time cost’ refers to the amount of time needed to 

purchase, transport and prepare foods. One study estimated that time considerations 
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made up to as much as 49% of the ‘cost’ deliberation of an individual when purchasing 

food (Davis and You, 2010). As such, the potential for minimisation of monetary cost 

will be dependent upon how much a person values their time (Leung and et al., 1997). 

Availability in this sense primarily relates to the geographical location of food retail 

outlets, their accessibility, their density and the types of store that are accessible. It has 

been suggested that, in having limited access to cheaper stores and restricted travel 

options (which might disallow bulk purchasing), the poor are faced with higher costs for 

the same foods (Beatty, 2010). Observations of shoppers suggest that BMI varies by 

type of store (Chaix et al., 2012, Lear et al., 2013), and at least one before-and-after 

study has measured a change in dietary intakes following the arrival of a supermarket 

to a ‘food desert’ (Wrigley et al., 2002). These descriptions of wider determinants are 

not intended to be exhaustive; however they illustrate how the influence of food prices 

sits within a complex environment with many factors affecting dietary choices. 

 

 

9.4 Limitations of this research 

Many of the limitations of this research have been detailed throughout the 

preceding Chapters. This summary is intended to recapitulate the main drawbacks of 

the approaches taken in the analyses, which are important to take into account when 

interpreting the results. 

A key limitation is in trying to establish a causal relationship using cross-

sectional data. As mentioned previously, the development of obesity is usually 

assumed to take place across a protracted time period. Measuring body weight and 

diet concurrently may be misleading where diet has changed through time, and current 

diet is no longer a reflection of the dietary consumption which led to weight gain. 

Having said that, studies of year-to-year comparisons of dietary assessment have 

shown little within-subject variation in nutrient intakes (Willett, 1998). Still, whilst cross-

sectional analyses may indicate interesting patterns that could be potentially 

meaningful, it is not possible to make firm conclusions about causality. 

A second important drawback of the research in this thesis relates to the 

assumptions made in the diet costing method. An in-depth discussion of these was 

related in Chapter 5, but in brief, these include the assumption that mean national 

prices give an indication of food costs, whereas the foods consumed by individuals 

could have cost more or less than average, or even been without financial cost (such 

as free or foraged food). In addition, the DANTE cost database cannot take into 

account where foods have been purchased on promotion.  
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Costing diets in this manner is also likely to echo the measurement error for 

which dietary assessment is notorious. Self-reporting bias, whether conscious or 

unconscious, will result in biased estimates of diet costs as well as of dietary intake. 

Even without mis-reporting, diet assessment may not accurately reflect usual intakes if 

eating patterns are altered in response to the act itself of keeping diet records (Rebro 

et al., 1998). Measurement error may also have affected the dietary energy density 

estimates made in this thesis. 

A third drawback is that the observations and conclusions made in the 

preceding chapters apply to a British adult population and therefore may not generalise 

to other populations. Food markets differ across the globe, and the interplay between 

price concerns and culture are also likely to vary (see, for example, a comparison of 

food away from home expenditure in Europe and in the US – Michaud et al. (2007)). 

Within the UK as well, observations and results may not extend to children and 

adolescents, who were not included in the analytical sample. The results of some 

studies in the literature (see Chapter 2) hint towards a lack of relationship between food 

prices and weight in children, and it would be interesting to see if (and how) economic 

factors play a role in the diets of British adolescents and children. 

It is also worth pointing out that many of the analyses and findings presented in 

this thesis are the result of exploratory investigations. New approaches to investigating 

the food price-obesity hypothesis cross-sectionally – for example, in using food group 

specific proportional costs – are described as potential avenues for further research, 

but results presented here are difficult to interpret with confidence. Therefore, all 

conclusions stated in this Chapter and in preceding chapters’ discussion are tentatively 

given. 

Finally, as mentioned above, income and diet costs represent only a small part 

of a complex problem. Understanding economic determinants of diet and health could 

offer routes to useful interventions (see section 9.4 below), but are unlikely to be wholly 

responsible for the obesity epidemic. For a more complete consideration of obesity 

causes, the Obesity Systems Map gives a thorough representation (Butland et al., 

2007). 

 

 

9.5 Implications 

As well as exploring the hypothesis that food prices are influential in the 

development of obesity, this thesis examined several methodological points in the 

research area. Therefore, implications of the findings can be considered both in terms 
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of the wider implications – for example, what the results could mean for policy – as well 

as implications for the researcher in this field. These will be covered separately below. 

 

 

9.5.1 Implications for researchers 

The first methodological point made in this thesis related to the measurement of 

income. Although there are known issues with capturing information on income, and 

household income may be considered a crude variable (see Chapter 4 for a 

discussion), it remains a pragmatic variable to gather data on in large-scale surveys. 

The investigations of this thesis illustrated how crude household income can be 

enhanced as a variable by equivalizing for household size and composition. Despite 

being a common approach in many surveys, equivalization appears to be less common 

in nutritional epidemiology. The implications of Chapter 4 are that investigators in 

nutritional epidemiology would be well served to apply a well-established equivalization 

index to household income data, rather than the more common approach of adjusting 

for household size only. 

The second major methodological point made in this thesis related to the 

validity of diet costing methods. Food purchasing and food consumption are often 

treated interchangeably in this field of research – as discovered in the review of the 

literature in Chapter 2. However, as discussed in Chapter 5, they are not necessarily 

equivalent: food purchased may not be consumed, and foods consumed may not have 

been purchased, for example. Chapter 5 went on to explore how diet costs estimated 

from consumption data relates to costs calculated from purchasing data. This was not a 

validity study as such, given that neither method can be considered a gold standard. 

However, it will help to interpret the estimates of studies using a food price database 

costing approach. The implication for the researcher is that the choice of method – 

purchasing versus estimating costs from consumption – will give different estimates of 

diet costs at an individual level, but will probably give similar mean values at a 

population level. The purpose of the research question should determine the 

importance to gauge individual-level costs, which will aid in the choice of estimation 

method. 

Costing diets using databases of food prices is already a common approach in 

the literature, with several researchers applying food price data to dietary data 

collected in a different year. In Chapter 6 of this thesis, the role of inflation in estimating 

diet costs was explored. The findings suggested that a flat rate of inflation (the Food 

Price Index, FPI) might not reflect the prices faced by some people, if they consume 
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proportionately more of a particular food group that may have seen a higher rate of 

inflation than that averaged across all foods. Looking at the individual food group 

indices, which are available publicly in the UK from the Office for National Statistics 

(ONS) (see Appendix C), it can be seen that some foods, such as vegetables, 

experienced a greater price increase than the overall FPI, whilst others showed less of 

a price increase, such as soft drinks or poultry. The recommendation from this finding 

is that researchers should, where possible and pragmatic to do so, apply more 

sensitive inflation indices – such as by food group – to food price databases that need 

correcting to another year of data collection. In this instance, it was not judged 

pragmatic to do so, given the advantage in terms of sample size of combining years of 

data collection. 

The final methodological finding of this thesis relates to proportional food group 

costs. Initial findings from the exploratory investigations of Chapter 8 suggest that there 

may be value in characterising diet costs in more detail than is offered by whole diet 

costs. However, the results presented in Chapter 8 indicate that more work is needed 

in food group costing before the approach can be adopted with confidence. The 

implication for other researchers is that consideration needs to be given to alternative 

approaches to costing diets, but it is as yet too early to recommend the best methods. 

Ideas for further investigations in this area are presented in Section 9.6 below. 

 

 

9.5.2 Implications for policy 

Currently, efforts to stem the rise in overweight and obesity in the UK do not 

appear to have had an obvious impact, and many practitioners, researchers and 

advocacy groups have called for new solutions (Limb, 2013, Academy of Medical Royal 

Colleges, 2013). Taken on their own, the results of this thesis imply that a means to 

combat the obesity epidemic could lie in interventions which target individuals’ 

purchasing power. This would entail increasing incomes (a policy sphere perhaps 

beyond the reach of public health) or manipulating food prices to encourage healthier 

dietary choices. 

An obvious, and well-debated, means of food price manipulation would be to 

impose a food- or nutrient-based tax to increase the prices of ‘unhealthy’ items, or to 

introduce subsidies for foods considered healthier. Some governments already have 

instituted health-motivated taxes on foods or nutrients: for example, Hungary on ‘junk 

food’ (Holt, 2011), Denmark for a limited period on saturated fat (Jensen and Smed, 

2013) and, most recently, Mexico on soft drinks and junk food (Boseley, 2013). 
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Evidence for the effects of such taxes is still thin on the ground as yet (Timmins, 2011). 

The majority of the evidence stems from modelling studies using estimated price 

elasticities, most of which imply significant effects on purchases, but some of which 

caution about unintended substitution effects (see Eyles et al., 2012, for a review). 

Other evidence can be found in experimental manipulations or from a few natural 

experiments (Mytton et al., 2012). Whilst these types of study similarly indicate 

significant negative effects of taxes on purchasing, evidence for an effect on body 

weight or obesity is not strong (see Chapter 2 for a discussion of soda tax studies in 

the US). 

Paucity of evidence may not be the sole argument against taxation policies, 

with many opponents emphasising the potentially regressive nature of taxes (bringing 

into focus the ethics of these policies) as well as questioning the size of effect (Winkler, 

2012). Ultimately, policies such as these will only be brought into effect if they are 

politically acceptable (Swinburn et al., 2011). Regardless of the evidence, acceptability 

may be present if the intervention is judged to be proportionate (Nuffield Council on 

Bioethics, 2007). In addition, fiscal policies may be attractive to policy makers in that 

they have the potential to be a cost-effective approach (Lehnert et al., 2012). 

The results of the final analyses in this thesis (Chapter 8) may offer an 

additional, albeit tentative, perspective on the taxation debate. Food group cost 

analyses suggested that it is not the food budget itself that drives dietary selection, but 

how people are willing to apportion their budget. If this is the case, it points toward an 

educational approach, in which efforts could be made to educate about food budgeting. 

As described in Chapter 1, cost of food is frequently identified by consumers as a 

barrier to healthy eating. Communicating how to achieve a healthy diet within budget 

could be a welcome message to the British public. 

A final implication arising from this thesis relates to monitoring and surveillance. 

Given the indications in the literature as well as the policy debates around fiscal 

measures, there may be an argument for the monitoring of dietary expenditure along 

with national dietary surveys. Data on both expenditure and food consumption would 

add considerably to the evidence base, and could prove useful in determining the 

appropriateness of fiscal interventions. 

Of course, these results should not stand in isolation. Even if a fiscal policy is 

deemed necessary, it is unlikely to be sufficient. As stated above, the food price-

obesity theory neglects the myriad other causes of obesity that have been proposed. 

Obesity is a multi-faceted, complex issue which will in all likelihood require a similarly 

multi-faceted approach with multiple interventions (Butland et al., 2007). 
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9.6 Possibilities for future work 

This thesis explores relationships from an emerging research area, in which 

there is plenty of scope for future investigation. The literature review in Chapter 2, for 

instance, identifies some large gaps in research: firstly, there have been no published 

studies investigating food prices and dietary energy density; and secondly, longitudinal 

studies are scarce, particularly when considering diet costs. Studies to address either 

of these gaps would help to complete the picture of the food price-obesity hypothesis. 

In terms of diet, the focus of this research was on dietary energy density, due to 

its association (observed and theoretical) with positive energy balance. However, 

economic factors of diet have the potential to impact on more than energy balance and 

obesity. In this sample, for example, patterns in fruit and vegetable intake were clearly 

different according to income and diet cost. This may imply inequalities in other macro- 

and micro-nutrient intakes which are important for public health. A recent review (Rao 

et al., 2013) has synthesised a number of studies which have investigated diet costs in 

relation to other indicators of dietary quality or patterns, and indicated broadly 

consistent findings that the healthier diets cost more than the least healthy. However, 

the number of studies was small, and heterogeneous, and results varied according to 

whether daily diet costs or energy-adjusted costs were used. Furthermore, there were 

no studies in the UK, and in particular, none in the NDNS. This would be an interesting 

area to pursue in the nationally representative sample. 

The results of Chapter 8 show an initial foray into food group costs and how 

they relate to whole diet costs and to diet and health. As a fairly new approach, there 

remains much that could be explored in this representation of diet costs. For example, 

comparisons to expenditure data would be enlightening, as would investigations in 

which energy expenditure was assessed in order to account for the possible effect of 

under-reporting of particular food groups. It would also be an interesting avenue to 

further examine how proportional food groups costs relate to whole diet costs – do 

proportional costs in the lowest quintile of whole diet costs differ to those of the highest 

quintile, for example? Finally, further work is needed to determine the most appropriate 

groupings of foods: the eight categories derived in Chapter 8, although based upon UK 

recommendations, may have been too broadly defined. Chapter 8 also indicated that 

food budget apportioning may be a crucial step between food prices and diet, 

potentially providing an alternative policy approach (see above). As far as the author is 

aware, there have been no trials in which a food budget educational intervention is 

implemented and evaluated. This could be an important focus of future research. 



313 

 

 

 

 A final suggestion would be to extend the investigations presented here by 

incorporating later waves of the NDNS sample. Sample size may have been an issue 

in the analyses investigating BMI, and, in addition, the sample size limited the design of 

this study in that a thorough investigation incorporating both income and diet costs 

together was not feasible. 

 

 

9.7 Concluding remarks 

Rates of obesity and overweight are of real concern to healthcare providers, 

and, as yet, attempts to stem the trends in the UK have not yielded great success. This 

thesis attempted to gauge whether obesity rates may be attributed to trends in food 

prices, by, first, synthesising the published evidence and, second, investigating the 

purchasing power (with equivalized income and diet costs as proxies) of NDNS adults 

along with dietary energy density and BMI. It is the first time monetary costs have been 

applied to the diets of NDNS adults, and the thesis also introduced the novel approach 

of linking proportional food group costs to a health outcome. 

Findings from both the literature and the NDNS analyses confirm 

socioeconomic differences in diet costs, and indicate a negative relationship between 

diet costs and dietary energy density. Evidence linking food prices or diet costs to body 

weight, however, is less conclusive. A key output of this thesis has been to highlight the 

methodological (and theoretical) difficulties in researching this question: available data 

are abounding with assumptions, and it is challenging to draw out relationships in such 

a complex system. However, these initial results suggest that there is merit in pursuing 

this line of research. 

A cheap, healthy diet is not an oxymoron. Nevertheless, cost of food may be a 

crucial contributor to the obesogenic environment, dominating food purchase decisions 

and perhaps encouraging unhealthy diets. With growing concerns about sustainability 

and the future of the food industry, diet cost research can only grow in its contribution 

to the knowledge base.  
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Appendix A 

The following search strategies were used in the literature review in Chapter 2. 

Search strategy 1: Literature on food prices or dietary expenditure/cost 

1. exp Diet/ or Nutritional Requirements/ 

2. exp Diet, Fat-Restricted/ or Diet, Vegetarian/ or Diet, Mediterranean/ 

3. exp Diet Records/ or Diet Surveys/ 

4. exp Food Habits/ or Food Preferences/ 

5. ((soda or carbonated or sweet* or sugar* or soft) adj3 (beverage* or drink*) adj2 (purchase* or 

consumption or intake)).tw. 

6. ((food* or diet*) adj2 (choice* or purchase* or consumption or selection or intake)).tw. 

7. ((food* or eating or diet*) adj2 behavi*).tw. 

8. ((energy or kcal or MJ or joule or calor* or fat) adj2 (intake or consum* or density)).tw. 

9. (nutri* adj2 (intake or consum* or density)).tw. 

10. or/1-9 

11. Economics/ and (Food/ or Diet/ or Food Preferences/ or Food Habits/) 

12. Food/ec [Economics] 

13. diet/ec [Economics] 

14. exp models, economic/ and (Food/ or Diet/ or Food Preferences/ or Food Habits/) 

15. Programming, Linear/ and (Food/ or Diet/ or Food Preferences/ or Food Habits/) 

16. (((financ* or monetary) adj2 cost*) and (food* or diet or kcal or MJ or joule or calor* or fast food or 

drink* or beverage* or fruit* or vegetable* or snack*)).tw. 

17. Fees/ and Charges/ and (Food/ or Diet/ or Food Preferences/ or Food Habits/) 

18. (food* adj3 (cost* or price* or pricing* or expenditure or spend* or budget*)).tw. 

19. (fast food* adj3 (cost* or price* or pricing* or expenditure or spend* or budget*)).tw. 

20. ((drink* or beverage*) adj3 (cost* or price* or pricing* or expenditure or spend* or budget*)).tw. 

21. (snack* adj3 (cost* or price* or pricing* or expenditure or spend*)).tw. 

22. (diet adj3 (cost* or price* or pricing* or expenditure or spend*)).tw. 

23. ((energy or kcal or MJ or joule or calor*) adj3 (price* or pricing*)).tw. 

24. (nutrient* adj3 (price* or pricing* or cost*)).tw. 

25. ((food or fat or snack* or drink* or beverage*) adj3 tax*).tw. 

26. ((food or fruit* or vegetable* or fat or drink* or beverage*) adj3 subsid*).tw. 

27. ((food or fat or snack* or drink* or beverage*) adj3 (discount* or promotion*)).tw. 

28. (food* adj3 (cost* or price* or pricing* or fiscal) adj2 (policy or policies)).tw. 

29. ((shopping or market or supermarket or food or grocer*) adj2 basket* adj4 (cost* or price* or pricing* 

or expenditure or spend* or budget*)).tw. 

30. ((price or demand or nutrient* or food*) adj2 elastic*).tw. 
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31. (((price or pricing) adj2 effect) and (food* or diet or kcal or MJ or joule or calor* or fast food or 

drink* or beverage* or fruit* or vegetable* or snack*)).tw. 

32. (((price* or pricing) adj2 (change* or manipulation*)) and (food* or diet or kcal or MJ or joule or 

calor* or fast food or drink* or beverage* or fruit* or vegetable* or snack*)).tw. 

33. or/11-32 

34. exp obesity/ 

35. exp Body Weight Changes/ 

36. Overweight/ 

37. Nutritional Status/ 

38. exp Body Mass Index/ or Body Fat Distribution/ or Skinfold Thickness/ or Waist-Hip Ratio/ 

39. Obes*.tw. 

40. Overweight.tw. 

41. Overnutrition.tw. 

42. (Overeat* or over-eat*).tw. 

43. (weight adj3 (reduc* or maint* or control* or gain or loss or chang*)).tw. 

44. (body adj3 (weight* or size or fat or mass)).tw. 

45. (BMI or body mass index).tw. 

46. (obes* adj3 (prevent* or control)).tw. 

47. or/34-46 

48. 10 or 47 

49. 33 and 48 

50. exp animals/ not (exp animals/ and exp humans/) 

51. exp Veterinary Medicine/ 

52. exp Animal Experimentation/ 

53. exp Climatic Processes/ 

54. exp HIV Infections/ 

55. exp Drug Costs/ 

56. exp Food, Fortified/ec 

57. Dietary Supplements/ 

58. Obesity/pp or Obesity/dt 

59. Hypothalamic Diseases/ 

60. Weight loss/de or Eating/de 

61. Food contamination/ 

62. or/50-61 

63. 10 or 11 or 12 or 13 or 14 or 15 

64. or/16-32 

65. 63 or 47 

66. 64 and 65 
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67. 66 not 62 

68. limit 67 to english language 

 

Search strategy 2: Literature on income 

1. exp Diet/ or Nutritional Requirements/ 

2. exp Diet Records/ or Diet Surveys/ 

3. exp Food Habits/ or Food Preferences/ 

4. ((energy or kcal or MJ or joule or calor*) adj2 dens*).tw. 

5. (nutri* adj2 dens*).tw. 

6. or/1-5 

7. Economics/ and (Food/ or Diet/ or Food Preferences/ or Food Habits/) 

8. Food/ec [Economics] 

9. diet/ec [Economics] 

10. (income* or salar*).tw. 

11. or/7-10 

12. 6 and 11 

13. exp animals/ not (exp animals/ and exp humans/) 

14. exp Veterinary Medicine/ 

15. exp Animal Experimentation/ 

16. exp Climatic Processes/ 

17. exp HIV Infections/ 

18. exp Drug Costs/ 

19. exp Food, Fortified/ec 

20. Dietary Supplements/ 

21. Obesity/pp or Obesity/dt 

22. Hypothalamic Diseases/ 

23. Weight loss/de or Eating/de 

24. Food contamination/ 

25. or/13-24 

26. 12 not 25 

27. limit 26 to english language 

28. or/4-5 

29. 11 and 28 

30. 29 not 25 

31. limit 30 to english language 
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Appendix B 

Quality Assurance checks for comparability studies 

UKWCS subsample 

A Quality Assurance was carried out on a 10% random sample (n = 4) of the 

participants. Of the till receipts, entries for three of the sample were found to be 100% 

accurate, but there was a discrepancy of 7% in total expenditure for one participant. A 

further 10% random sample (n = 4) was then checked, showing agreement of 100%. 

 Diary entries of the first random sample above (n=4) were checked. Table A 

shows the discrepancies in energy intakes between the raw data and the electronically 

coded diaries (less than 5% of the total daily energy estimates). 

  

Table A Difference in estimated daily energy intake (kcal) following Quality Assurance 

check of UKWCS diaries 

ID Total kcal d-1 Error in kcal d-1 % difference 

75636 1486 17 1.14% 

74221 1623 12 0.74% 

53812 2426 -114 -4.7% 

8850 1600 -23 -1.4% 

 

SNIP sample 

Results of the QA checks for till receipt totals from a 5% subsample of the SNIP 

study (n = 26; from 25 households) can be seen in Table B. All but two of the totals 

were within 5% of the original data entry. 

 

Table B Difference in estimated daily expenditure per household member following 

Quality Assurance check of SNIP till receipts 

Household 

ID 

Cost per day per 

household member: 

original data entry (£) 

Cost per day per 

household member: 

QA check (£) 

Difference (£) % difference 

12 2.22 2.20 -0.02 -0.88% 

15 2.72 2.96 0.25 9.08% 

21 1.84 2.01 0.18 9.68% 

25 4.44 4.48 0.04 0.94% 

26 5.57 5.57 0.00 0.00% 

30 3.16 3.15 -0.01 -0.33% 
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Household 

ID 

Cost per day per 

household member: 

original data entry (£) 

Cost per day per 

household member: 

QA check (£) 

Difference (£) % difference 

32 3.52 3.52 0.00 0.10% 

33 3.19 3.11 -0.07 -2.30% 

35 3.52 3.49 -0.03 -0.97% 

37 2.32 2.32 -0.01 -0.23% 

42 3.48 3.48 0.00 0.00% 

55 6.37 6.37 0.00 0.00% 

57 4.23 4.12 -0.12 -2.77% 

59 2.32 2.35 0.03 1.15% 

67 3.32 3.23 -0.09 -2.83% 

70 4.79 4.76 -0.04 -0.74% 

75 2.85 2.84 -0.01 -0.43% 

76 4.24 4.25 0.01 0.21% 

136 3.54 3.54 0.00 0.03% 

138 3.21 3.13 -0.09 -2.69% 

139 4.36 4.36 0.00 0.04% 

214 4.27 4.29 0.02 0.47% 

218 5.50 5.42 -0.07 -1.35% 

223 2.79 2.80 0.01 0.38% 

225 2.51 2.53 0.03 1.00% 

 

Table C shows the results from the QA check of diary entries for the 5% sample 

(n = 26) following data cleaning (see Chapter 5), with accuracy framed in terms of daily 

energy consumption estimates (kcal).  

 

Table C Difference in daily energy intake (kcal) following QA check of SNIP diaries 

ID Total kcal d-1 Error in kcal d-1 % difference 

00301011 2267 -103 -4.5% 

00381011 1336 -181 -13.5% 

00411011 1151 0 0% 

00581011 984 0 0% 

00691011 2950 -37.3 -1.3% 

00701011 2444 -14 -0.01% 

00801011 1552 -25 -2% 

00861011 1867 -212 -11% 

00871011 2202 -70 -3% 

00931011 1563 -80 -5% 
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ID Total kcal d-1 Error in kcal d-1 % difference 

00981011 1469 -141 -9.6% 

01111011 906 0 0% 

01531011 1325 -345 -26% 

01561011 1685 -184 -11% 

01621011 988 0 0% 

01831011 2192 9 0.4% 

01911011 1444 531 37% 

02021011 1365 -16 -1% 

02051011 1701 -67 -4% 

03541011 1717 -46 -3% 

03551011 2770 0 0% 

03571011 902 5 0.5% 

03621011 1306 -95 -7% 

05431011 788 -12.6 -1.6% 

05521011 1084 -5 -0.5% 

05631011 1165 3 0.3% 

  

 

Appendix C 

The DANTE food cost database was populated in 2004. The dietary data 

analysed in this thesis were collected in years different to the DANTE cost database 

population. To adjust for inflation, indices were applied to bring the food prices in line 

with those faced by the dietary survey participants. Table D shows the indices by food 

group that were applied to the DANTE cost database for the comparability study in 

Chapter 5 (1998/1999 index), and to the NDNS data (Chapter 6), to account for change 

in price over time. These were derived from national data (ONS, 2011), from indices 

used to calculate the Consumer Price Index (CPI). The food prices in the DANTE food 

cost database were multiplied by the appropriate food group index and divided by 100 

to give the inflation-adjusted price.  

 

 

 

 

 



333 

 

 

 

Table D Food group-specific inflation indices (June 2004 = 100) 

Food group 1998/1999* Index  2008/2009* Index 2009/2010* Index 

Bacon 85.87 119.3 122.9 

Beef 97.85 123.7 130.6 

Biscuits & Cakes 95.30 119.8 122.8 

Bread 86.78 133.4 135.4 

Butter 96.62 133.6 133.4 

Cereals 101.22 121.8 128.8 

Cheese 93.78 123.6 126.8 

Coffee 110.41 117.0 123.9 

Eggs 93.88 154.1 161.2 

Fish 95.08 122.8 129.1 

Fresh Milk 88.42 134.9 141.2 

Fruit 92.19 112.0 117.7 

Fresh Fruit 92.04 113.3 118.3 

Lamb 77.00 112.1 123.7 

Milk Products 98.49 119.0 119.0 

Oils & Fats 102.05 122.6 121.9 

Other foods 99.23 108.3 113.2 

Other meat 94.97 116.5 121.5 

Pork 81.35 119.3 126.3 

Potatoes 102.91 115.9 119.1 

Poultry 95.85 112.6 113.3 

Soft Drinks 101.38 110.4 114.5 

Sugar & Preserves 95.34 117.2 129.9 

Sweets & Chocolate 86.59 121.6 130.4 

Tea 113.57 116.7 130.1 

Vegetables 95.81 139.2 143.1 

Alcohol 89.67 112.3 116.5 

Total food (FPI) 93.91 118.3 123.1 

* November to July averaged 
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Appendix D 

The eatwell plate food groups 

The eight food groups selected for use in Chapter 8 were based upon the food 

groups that make up the Department of Health’s eatwell plate (DH, 2011). The eatwell 

plate is a graphical representation of UK dietary recommendations which indicates 

proportions of five basic food groups. These are: 

 Bread, rice, potatoes, pasta and other starchy foods 

o Including breakfast cereals, oats, maize, cornmeal, polenta, 

millet, spelt, couscous, bulgur wheat, pearl barley, yams and 

plantains  

 Fruit and vegetables 

o Including dried fruit, and fruit and vegetable juices 

 Milk and dairy 

o Including milk, cheese, yoghurt, fromage frais, cottage cheese, 

cream cheese, Quark 

 Meat, fish, eggs, beans and other non-dairy sources of protein 

o Including fresh, frozen or canned varieties of fish, eggs, nuts, 

beans and other pulses 

 Foods and drinks high in fat and/or sugar 

o Including cakes, biscuits, chocolate, sweets, puddings, pastries, 

ice cream, jam, honey, crisps, butter, margarine and spreads, oil, 

cream, mayonnaise 

For the analyses in Chapter 8, beverages were categorised into 

separate groupings to the above, to give two further food groups: non-alcoholic 

beverages and alcoholic beverages.  

A final food group – ‘miscellaneous’ – was created for foods which did 

not fall into the basic groups described above. These were already coded as a 

‘miscellaneous’ food group in the NDNS data set. Miscellaneous foods  

included: vinegar, Marmite, sauces and condiments, gravy thickener, soy 

sauce, herbs and spices, salt and pepper. 


