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Abstract

In the last 5 yearsa strong scientific interest the role of body weight variability (BWW)
health and disease has-emerged Due to varied methodologies, thigerature is
conflicting, yet generally suggests that BWAvld bea significantrisk factor for disease and
mortality. However, the phenomenon remaimsadequatelymeasuredand poorly
understood.Thisthesis took two discretéut compkementaryapproaches to: (1)
understand the aetiology adweightcycleand (2) understand the measuremeoit BWV,
and its physiological and psychological correlates, wsing highresolution estimates

generated through novel technological and statistical procedures.

With regards o (1), two studies examined how the rate, amount and composition of weight
loss affect subsequent weight regain and appetite. It was found that the anandrate of
weight loss was directly associated with the magnitude of regain, and that greater
proportions of fatfree mass loss predicted greater weight regain and appetite in bbugn

not women

With regards to (2), five studies using data collected from the NoHoW weight loss
maintenance trial aimed ta)(improve the measurement of BWAnd use this toinvestigate
the: (ii) predictability of weight fluctuationsji{) impact of BWV on health markers;)(
impact of shoriterm BWV on londerm weight management and/\ psychological and

behavioural causes and consequences of BWV.

Briefly, the main findigs were that (a) a greater understanding of the measurement (and
associatecerrors) of BWV was achieved; (b) fluctuations in body weightdbe predicted

by temporal cuesie. weekly cycles or holidays); (c) BWV did not affect health markers over
12-months; (d) greater shorterm BWV predicted increased weight at-1&8 months ande)

a range of eating behaviour and psychological traits were identified in the aetiology of BWV.
To conclude, a full discussion and recommendations for the future study ofvisahg/

provided.
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Summary & Objectives

At an individual level, humans exhibit extraordinary stability in bedight over the
longterm. Epidemiological evidence provides that over the past few decades, weight gain
has occurred at population level in the region of-QKg per year. Given an estimated
consumption of 11.2 million kilocalories in the average Westenan, the presumption is
that energy expenditure and intake are very precisely matched. To give an example, in the
UK, the average weight gain over 10 years was 6.7kg, yielding an average daily error
between intake an expenditure per day of +25kcal foeaatle. Two caveats to the
proposed concept that body weight is highly regulated are apparent: (a) obesity (defined as
a body mass i n3lhaxbecorBeMIglobal pahdeinigdnadn(b) over shorter
periods (i.e. weeks to months), humans show considierahriability in body weight in the
region of 23kg in the absence of intentional weight change. These two points set the
framework for the subsequent thesis.

To begin with the former, obesity rates have increased from 10% to 40% in the past
decade and hee been forecasted to reach 60% by 2050 though there is some evidence of
trend stabilisation in the past few years. Coinciding increases in comorbidity rates relating
to type 2 diabetes, heart disease, cancer and a plethora of other conditions have placed
staggering burden on individuals and healthcare systems. Obesity is both preventable and
treatable. Weight loss is the primary pathway to treatment and eviddrmased approaches
for achieving weight loss are widely available. Weight loss associatedtictum risk of
obesityrelated comorbidities are well established. Nonetheless, the evidence suggests (a)
that >40% of adults report trying to lose weight annually in the Western world; (b) >80% of
individuals achieving clinically significant weight leesgin most weight within-b years; (c)
recent prior loss is a strong predictor of subsequent weight gain.

Given that successful dieting and subsequent weight gain (together termed weight
cycling) is a chronic and commonplace phenomenon, the impattesktevents on human
physiology are not well understood. Indeed, both weight loss and regain cause discrete
structural and functional adaptations. During weight loss, changes in body composition
occur dynamically in response to various features of weiggt (i.e. the amount of weight
lost and rate at which it was lost, the initial body composition and other factors relating to

diet, activity and pharmaceuticals). It is likely then that these factors play some role in the
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aetiology of the weight regain pdésposition. In order to understand human body weight

patterns over long periods (years to decades), a single weight cycle can be used as a proxy
model for longesterm body weight instability. Importantly, this approach is necessary

because detailed datamoweight cycling over several years (or cycles) is not widely available.

As an initial part of this thesis, a single weight cycle was used as a model for weight

instability. This was explored via two studies: firstly, a systematic review and meta

regressiom exploring the primary features of weight loss (amount, rate and composition)

and second through a ranalysis of the DIOGenes study, a large weight loss and

maintenance trial, which considered the impact of structural changes occurring during
weightloson wei ght regain and they’ ' re impact on

appetite) and weight regain. The specific objectives of this chapter were to:

1.1 Examine the associations between the rate, amount and composition of weight loss
on subsequent weiht regain

1.2Investigate how proportionate changes in body composition occurring during weight
loss impact subsequent weight regain

1.3Explore how these structural changes may relate to psychological function,

specifically changes in appetite during weighslos

Briefly, these investigations showed that (a) greater weight reductions are followed by
greater weight regains; (b) the rate at which weight loss occurs may be directly associated
with weight regain; (c) changes in body composition during weight ksiai@ greater
variance in weight regain than weight loss alone; (d) specifically, greater proportionate
reductions in fat free mass during weight loss was associated with greater weight regain in
some individuals and lastly (e) greater proportionate redhrts in fat free mass may
influence appetite in a direction indicative of increased appetite (in some individuals). These
conclusions were reached based on comprehensive examination of 54 groups exhibiting
clinical weight loss and subsequent regain usiath meta and individual level data.

However, a limitation to this traditional approach is the assumption that measuring
body weight at 3 timepoints (i.e. pre and post weight loss and at follap) is

representative of human body weight dynamics in fietng environments. Indeed,
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traditional study of weight management is dependent on irregular measurement of body
weight (i.e. every 6 or 12 months). However, there is considerable unmeasured change in
body weight which can and will occur between thesedpoints. For example, the figure
below (examples of true body weight patterns taken from participants of the NoHoW trial
discussed later in the the3jsvhen body weight is measured at 12 (left) or 6 (right) month
timepoints (marked with red circleshe impression of weight stability is given, yet it is
clear that this far from representative of the actual dynamic of body weight (given that

individuals are actually cyclingl®% body weight between measurements).

Weight (kg)
Weight (kg)

400

Day of trial

0 200

Day of trial

This brings us back to thatter point, that humans exhibit considerable body weight
variability (BWV). The impact of short and longgmm variability in body weight is not well
understood nor well measured yet is of potential scientific interest and thus will form the
primary foas of this thesis. The rationale for assuming body weight variability as the
primary focus of this work is highlighted in chapter 3 which is a comprehensive literature

review with the following aims to:

2.1Describe and critically evaluate the current measneat and
operationalisation of weight instability metrics used previously

2.2 Summarise and evaluate the evidence relating BWV to risk of disease

2.3Summarise and evaluate the evidence relating BWV to changes in health

markers
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2.4 Summarise and evaluate tlevidence examining the role of BWV in weight

management

Briefly, it was found that (a) the methods used to measure instability in body weight
are both extremely heterogenous and subject to considerable methodological limitations;
(b) the majority of the gidence is in favour of the conclusion that BWYV increases the risk of
cardiovascular disease, type 2 diabetes and mortality but there are considerable
methodological and design flaws which reduce the confidence in these conclusions which
are discussed; (the associations between BWV and markers of health are not consistent,
nor well studied, and generally do not consistently support conclusion (b); and lastly (d)
evidence suggests that BWV may function as a risk factor for subsequent weight gain, but
thisis based on a small number of select studies and replication is required while
overcoming existing methodological limitations.

One of the major and unavoidable limitations to the examined literature is the reliance
on infrequent measurement of body weighsed to statistically calculate BWV. The amount
of unmeasured weight change between time points (which varies considerably both
between and within individuals) functions to reduce the confidence in conclusions reached.
The logical solution to this problers to frequently and objectively track body weight.

Recent technological advancements have facilitated the continuous collection of data in
free-living individuals using Wibnnected smart scales. As part of the NoHoW project, a
large European weight $s maintenance trial which is the context of the subsequent
investigations described, we used such technologies to track body weight frequently. The
trial, methods and tools are described in detail in the general methods section (chapter 4).
With this datg the ability to research and understand the phenomenon of BWV is enhanced
greatly and there is potential to improve the scientific understanding of the phenomenon.
However, these methods are in their infancy. The weight data collected is dense, complex
and its intricacies (e.g. high proportions of missing data) may threaten to bias the estimation
(and thus study) of BWV. In response to this, in chapter 5, a comprehensive simulation and

validation study was devised. The aims of the chapter were to:

3.1Devisea conservative method of data cleaning and outlier removal
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3.2Test the ability to impute missing body weight data using an array of accessible
univariate and multivariate techniques
3.3Investigate the biases introduced to the calculation of BWV under conditibns

incrementally missing and imputed data

The results of this study: (a) defined a conservative cleaning process using evidence
informed limits of physiologically plausible weight change; (b) provided recommendations
for the best approaches to imputatiasf body weight data from smart scales and (c)
summarised the errors and biases introduced under conditions of incrementally missing or
imputed data. These results informed subsequent studies into BWV.

Given that body weight has not been frequently and itundjnally tracked in research
environments previously, the magnitude of the BWV in populations is unclear. It is likely
that periods of weight gain and loss are not entirely random. Instead, evidence suggests
that energy balance behaviours are often imfhced by temporal cues (e.g. weekends,
holidays or seasons). For example, energy intake has been shown to increase on weekends
and around holidays, and physical activity may decrease in the winter months. These
changes in behaviour may be moderated by widlial characteristics or location. As such, it
could be expected that temporally predictable fluctuations in body weight may be
observable in longitudinal and frequent weight data. It is logical as an early step in
investigating BWV to attempt to identifyeterministic features of the BWV. Importantly,
the variability component must be isolated from the overall trend in body weight in order to
describe fluctuations independent of overall change, a statistical procedure which is
described in full in chapte3. Accordingly, a descriptive study was conducted on data

collected from participants of the NoHoW trial which aimed to:

4.1 Describe fluctuations in body weight according to weekly, seasonal and
holiday patterns
4.2 Test how these patterns varied between di#et groups of individuals

(based on age, gender, BMI and country)
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Briefly, it was found that (a) predictable fluctuation patterns within a week
characterised by weekend weight gain and weekday weight loss; (b) weight fluctuates
upwards during the holidageriod and reduces (but not entirely) afterwards; (c) consistent
season patterns within a year were not evident at group level and (d) group differences
relating to individual characteristics were observed.

Next, the literature review in chapter 3 provided evidence that loergn BWV is
potentially a risk factor for cardiometabolic disease and mortality, however, the
mechanisms linking it to changes in health are unclear and inconsistent. The most common
pathway to disease incidence is through detrimental changes to traditional risk factors
(including blood pressure, cholesterols, triglycerides and insulin sensitivity). While weight
loss is known to improve these markers, the effects of BWV (in particular,adjustment
for overall change in body weight) is not clear and has not been appropriately investigated
previously. Furthermore, it has been suggested that weight instability may be a risk factor
for increased body fatness, due to repartitioning of miem fat free tissues to fat during
weight loss and regain, however the evidence to support this contention is sparse. In order

to explore these potential effects of BWV, chapter 7 aimed to:

5.1Investigate the impact of weight change on cardiometabolic eadarkers
and body composition
5.2Investigate the impact of BWV (adjusted for weight change) on

cardiometabolic health markers and body composition

It was found that (a) weight loss was associated with improvements in all
cardiometabolic health measures aneduced body fat and (b) BWV was not consistently
associated with any change in cardiometabolic health or body composition after adjustment
for overall weight change, despite the use of 4 measures of BWV and multiple levels of
variable adjustment. The imiphtion is that, over the shofinedium term (12months), BWV
does not have any measurable impact on health or body composition (based on the limited
outcomes that were measured), and that overall weight change is the important weight

related determinant ohealth.
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Weight variability has additionally been implicated for its role in the aetiology of
weight gain in a small selection of studies. The suggestion is that BWV can be measured
over the short term as a predictive factor in longerm weight managemet outcomes,
with previous research showing small positive effects{%%) between shorteterm (6-26
week) BWV and longdgerm (1-3 year) weight changes. Nonetheless, these results have
been shown typically in small, select samples and whether thisar&hip can be
replicated in a large and diverse group of individuals engaged in a weight loss maintenance
intervention with the use of WiFi connected smart scales was unclear. Furthermore, optimal
measurement duration for BWV, and follewp period for wéght change is unclear and

requires further investigation. Accordingly, in chapter 8 aimed to:

6.1 Examine associations between short term (6, 9 andnigzk) body weight
variability and longer term (6, 12 and-h&nth) weight changes.

6.2 Explore the relationsps between exposure and folleup periods.

It was found that (a) short term BWV (9 and 12 weeks) predicted increased weight at
follow-up in most models; (b) greater measurement period of BWV showed increased ability
to predict weight change and (c) londetlow-up periods were associated with greater
effect sizes. Generally, effect sizes relating to weight changes were modest (<5%). Our
results were consistent in direction and magnitude to previous observations, though
extended previous research by usiadarge group of smart scales users engaged in a
behaviour change intervention. The limitations of the measurement of BWV and potentially
confounding factors which may contribute to the modest effect sizes are discussed.

Most of the previous research cormoed with BWV addresses questions relating to
physical outcomes (i.e. risk of disease, change in health markers or impact on weight
management). Nevertheless, few attempts have been made to explore the psychological
and behavioural factors associated wBNVV, and most the most relevant research tends to
be related to seeported weight cycling which is substantially different from prospectively
measured BWV. As such, there is limited understanding of (a) the factors which predict
subsequent BWV and (bhether prior BWV impacts subsequent change in psychological or

behavioural status (i.e. are there causative associations?) As part of the final study, in
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chapter 9 an exploratory, datdriven statistical analysis was conducted using psychometric

data avaihble in the NoHoW trial which aimed to:

7.11dentify baseline variables associated with subsequentnbath BWV

7.2Generate a baseline model which best explainsridhth BWV

7.3 Explore whether clustering of psychological and behavioural variables at
baseline relate to subsequent BWV

7.41Investigate whether initial @onth) BWV predicts change in psychometric

scores in the subsequentr@onths

A series of psychometric and weight history variables were identified that predict 12
month BWV. The most important psychomietvariables in predicting BWYV related to
uncontrolled eating (e.g. binge eating and disinhibition), weight and body image concerns
and negative affect (e.g. depression and mental wellbeing). Weight history variables,
particularly weight suppression, pretied subsequent BWV. Unsupervised analytical
techniques (clustering and stepwise regression) identified groups of variables at baseline
which predicted subsequent onth BWV. Lastly, initial BWV predicted increases in
binging and disinhibition, and deases in body image acceptance and mental wellbeing,
showing novel evidence of causative associations. Overall, effect sizes were modest (<5%)
for single variable associations and the potential reasons for this (in particular, error and
heterogeneity in theaneasurement of BWV) are discussed.

In the final chapter of this thesis, an overarching discussion is presented which
considers overlapping themes arising throughout the thesis. The strengths, limitations and
implications of the work done during the thesare discussed in depth, and

recommendations for the future study of BWV are presented.



1. Introduction

1.1 Obesity

According to the most recent estimates from the World Health Organization (WHO),
thepr eval ence of obesity (def i newhsestimate atb ody
~29.5% of the United Kingdom (UK) population in 2016 and the prevalence of overweight
(defi ned as ?aad<B0kf/mM) was estingatednat ~63¢Vorld Health
Organisation, 2016 Mathematical forecasting models predict increases in obesity in coming
decades, with over 60% of males amkr 55% of females in the Western world predicted
to be obese by 2050 (Agha and Agha, 2017). Obesity rates have increased across all regions,
age groups and socioeconomic statuses, though there has been a tendency for greater
increases in women and olderdividuals in some regio{€hooi, Ding and Magkos, 2019)
Some evidence has shown tresthbilisation in the past few years in some countries, such
as those in the Americas, according to data from the Global Burden of DiseaséGiaady,

Ding and Magkos, 2019)

The WHO estimates that 2.8 million deaths per year are attributable to overweight
and obesity, making it the second greatest risk factor for mortality after smqkimghet
al., 2019) Associated annual costs of direct and secondary economic impact of obesity are
estimated at around $2 trithn in the United States alor{@remmelet al, 2017) Itis a
major risk factor for many noncommunicable diseases including type two dislf€&D)
and cardiovascular disease (CVD) in addition to mamspgeific cancers. The associations
between BMI and risk of noncommunicable diseases areesgdiblished and linear models
have been generated to describe these associat{@ays, Chapman and Grandy, 2007)
Associations between BMI and mortality show a +ioear relationship (referred to as the
obesity paradox) which describes the tendency for risk of mortalityteiskcrease at both
extremes of BMI, with low BMI being a particular concern in elderly individuals or those with
existing health conditionfHainer and Aldhooiainerova, 2013)Weight loss is known to
improve health status, with as little as 5% weight loss gehecalinsidered the minimum
requirement for clinically significant improvemer{Rena R Wingt al., 2011a) however,

weight relapse is commofirranzet al,, 2007a)and repetitive body weight cycles are likely
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to occur in responsé_ahtiKoskiet al., 2005)thus the effectiveness of wgit loss in

improving health is limited as long as weight regain remains largely inevitable. Even on a
smaller scale, variability in energy balance behaviours over periods of days and weeks
produce weight changes. As such, in many individuals, particthesdg struggling with

weight management, body weight is unstable. This instability will form the focal point of this

thesis.

1.1.1 Regulation of Body Weight
1.1.1.1 A Thermodynamic Context

To understand the aetiology of obesity, appreciation of the basic laws of
thermodynamics is helpful. Human metabolism complies with the first law of
thermodynamics which states that the total internal energy of a system is the energy added
to the system minus the work done by the system. Inghely of metabolism, this
relationship is referred to as energy balance (EB), whereby the energy added to the system
refers to the food we eat, and the work done refers to all energy expended by metabolic
and mechanical processes. Obesity is a produchafréc nonregulation of EB. Prolonged
periods of energy accumulation result in a storage of energy, and conversely periods of
limited energy results in a reduction of these stores. This relationship is commonly

illustrated with the equation:

Nn9=hkCE

Where the rate of energy stored (ES) is a function of the difference between energy in
(El) and energy expenditure (EE). Physiologically, ES reflects the chemical composition of the
body and will therefore be determined by all constituent parts of thetamgy. This model
of body composition can be divided into two compartments:ffae mass (FFM; including
intracellular and extracellular water stores, skeletal muscle and organs) and fat mass (FM),
each of which are differentially altered by the above etipa

Energy expenditure is commonly divided into three elements: (a) resting metabolic rate
(RMR); (b) thermic effect of food (TEF) and (c) physical activity energy expenditure (PAEE)
which can be further separated into exercise energy expenditure (BxiEE)onexercise
activity thermogenesis (NEAT). RMR is defined as the metabolic rate required to maintain

vital physiological functions of an individual that is in rest, awake, in a fasted state, and in a

thermoneutral environment. It accountsfor&5% dé an i ndi vi d (Nelkens t ot a
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et al, 2000)and is primarily defined by body composition and genetic fag®osichardet
al., 1993) Fatfree mass accounts for around-80% of RMRSpartiet al, 1997) Energy
expenditure is known to decline when weight is lost, with reductions often greater than
predicted by measured changes in body compositioa process referred to as adaptive
thermogenesigM. Rosenbaunet al., 2005)

Energyintake is determined by food consumption. Kilocalories (kcal; the universal metric
for the energy value of food), or calories for short, are consumed in the form of protein, fat,
carbohydrate and alcohol. The caloric values per gram for protein, fatanhdltydrate are
estimated at approximately 4kcal, 9kcal and 4kcal respectively. Importantly, a combination
of factors including the bioavailability of the specific food, metabolic inefficiencies and heat
loss during digestion function to reduce these valumeeaning that the nutrients consumed
are more than those available to the body following digestion.

Energy balance is the difference between the rate of El and EE. Prolonged positive EBs
produce body weight gains, and deficits produce body weight lossesales, EB is
generally reached at approximately 2,500kcal/day on average, and approximately
~2,000kcal/day on average in females, as defined by reference EE values, average PAEE
estimates, and a demand for EI to match EE to achieve body weight gtakilfopulation
level, small upward trends in body weight (in the region ofIk§ per year) suggest
incredible longterm regulation of EB implying discrepancies of only88cal/day between
El and EESpeakmaret al, 2011) Yet, both the development of obesity and the knowledge
that body weight may fluctuate over the sheadrm by :3kg in 2 week§Bhutaniet al.,
2017a)contradict this assumption of tight regulation. These ideas will be expanded on a

the thesis proceeds.
1.1.1.2 Early Static Theories

Early research into the regulation of body weight was primarily dominated by three

static schools of thought which reflected
theories populated the literature at this time. First, the glucostatic theory, oriyinal

developed byMayer (1955) proposed that fluctuations in peripheral arteriovenous blood

glumse concentrations at glucosensitive sites were a tonic controller of El via a negative
feedback loop which moderated subjective hunger or satiety. Shortly after, a string of

mechanistic studies in rat models led to results both consist¢AN ITALLIE, BEAUDOIN
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and MAYR, 1953; Stunkard, Van ltallie and Reis, 1888)inconsisten{BERNSTEIN and
GROSSMAN, 1956)i t h Mayer ' s hMglliokof Btals(1956propSsecctitan d

satiety was related to pogtrandial amino acid aecentrations. In this study, normal weight

individuals ingested a protein meal, and a correlation between circulating amino acid

content and subjective satiety was observed. Finally, lipostatic theory was initially presented

by Kennedy (1953and provided that londgerm El was determined by homeostatic signals
released from the body’'s adipose stores whic

towards a s et Ipeory was the.firstToltadke ah adparentri@aview af Elta
view that later prevailed from the mid990s onwards despite the limitation of a gmint

which is inconsistent with the rising prevalence of obesity. Around the same time, Edholm
presented a hallrark paper which described a correlation between EE on one day and El the
following day(Edholmet al., 1955) although no correlation existed within a similar day. He
later produced similar findingd&Edholmet al,, 1970) showing a correlation between EE and

El over a period of 2 weeks but not within one day (which is inconsistent with macronutrient
static theories). This incongruence is likely due to large variability in PAEE vahéshfrom

day to day but then averages out over several weeks.
1.1.1.3 Set Points and Settling Points

The set point theory badyghgseagives weightéotsete ac h i
point) which it attempts to defend throughout the adult life cycle. Modern set point
theories emerged from the original suggestions of Kennedy and Edholm who theorized that
the body defends a set point, and later develogadher following the discovery of
adipocyte hormone leptifZhanget al,, 1994) Leptn was originally shown to reduce El and
increase RMR in midelalaaet al,, 1995, 1997and showed a linear relationship with body
fat in humangConsidineet al., 1996) Following its discovery, leptin was placed at the
forefront of body weight regulation research, with its tonic (lelegm) effects in the
hypothalamus suggested to regulate El and thus body weight over thedomgMorton,
2007) In humans, weight loss associated reductions in leptin coincide with a hyperphagic
drive and hypometabolism operating teturn the body to a set pointRosenbaum and
Leibel, 2014)

The set point theory has been criticised as it denies a role for human psychology as

well as environmental and socioeconomic influences. A variation of theemtmtmed the
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settling point t heory, suggests that an in
external factors, such as the Western food environm@hiiller, Bosywestphal and

Heymsfield, 2010Q)and internal factors, such as shifts4msychological statusincluding

motivations. In this system, first suggested in Payn@ anDugdal e’ s mat hemat i c
weight regulation(Payre and Dugdale, 197,7¢hanges in El result in stabilising changes in EE

(and vice versa), which allows for the set point to drift and reset. Nevertheless, evidence

which supports a highly physiological regulatory system remains incons(dtéiier, Bosy

Westphal and Heymsfield, 2010)
1.1.1.4 Evidence of an Asymmetric Regulatorgt®yn

Theories such as the set point theory suggest an inherent physiological feedback
loop which defends a current body weight through direct changes in EE and indirect changes
to El (i.e. via appetite). Implied is a bidirectionality in this homeostaé@diack loop, such
that both weight loss and gain are defended against. However, when examining both
changes in EE and El in response to weight loss or gain, the evidence of an asymmetric
regulatory system which defends against weight loss to a much greatent than weight
gain is evident. When examining metabolic responses to underfeedifgo(of energy
requirements for 3 weeks) or overfeeding (+50% of energy requirements for 2 weeks),
Muller et al reported that changes in RMR were around 5 times greatresponse to
underfeeding than overfeedingMuller, Enderle and Bosyestphal, 2016)Furthermore,
weight loss produces reductions in EE which extend beyond that predicted by body
composition changes alone via a series of endocrinological changesgetateptin,
thyroidal and sympathetic hormones among others termed adaptive thermoge(isiter
and BosyWestphal, 2013)However, the reverse response is not observed in response to
weight gain(Norgan and Durnin, 1980)

Weight loss produces significant increases in appé€8tamithranet al., 2011; Hintze
et al,, 2017)driven partially byphysiological responses in appetitive hormones in favour of
an orexigenic effect. Food reward has also been shown to increase in response to energy
deficits(Cameroret al., 2008; Cameron, Goldfieldt al., 2016) as has perceived food
palatability and even olfactory responses to food c(@ameron, Goldfield and Doucet,

2012) Inverse responses have not been evidenced in response to weight gain. Furthermore,

acute overconsumption of energy appears not to elicit a compensatory decrease in El in
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subsequent day§lohnstoneet al,, 1998; Deightoret al,, 2019) whereas the effects of
caloric restriction are immediate, substantial and predisposes an increageiiigrt, King
and Blundell, 1998)

Indeed, based on this evidence, iteses fair to assume that physiological or

homeostatic regul ation of energy balance i
favouring weight gain. This is entirely logical from an evolutionary perspective. Fluctuations

in the availability of food causdaly seasonal changes, famine and hunting predispose a

drive to consume energy and store it as fat. As such, the human body is designed to avoid
starvation, but in the Western world where food availability is rarely an issue this survival

instinct may be cosidered obsolete and detrimental. It has been suggested that the

Western obesogenic environment camouflages homeostatic regulation of bodyweight

(Muller, BosyWestphal and Heymsfield, 201@)his is supported by evidence showing that

ad libitumaccesstoenergg e ns e, hi gh sugar foods | eads to
weight gain(Blundell and MacDiarmid, 1997%hereasad libitumaccess to a low energy

density diet may reduce weight in frdiwing adults following massive loitgrm overfeeding

(Pasquet and Apfelbaum, 1994)
1.1.2 Associations between BMI and Noncommunicable Diseases

As mentioned obesity is a leading cause of noncommunicable diseases, most
importantly T2D, CVD and si#pecific cancers but also many chronic conditions such as
osteoarthritis, liver and kidney disease, sleep apnoea, and depre@2iSunyer, 2009)
Obesity forms the singlleading cause of T2D, with the risk of incidence being 28 times
higher in obese class 1 (BMI-3B) individuals and 93 times higher in obese class 2 (BMI 35
40) individuals (Barnes, 2011) than normal weight individuialsbesity, several risk factors
which predispose the development of insulin resistance (the underlying cause of T2D) are
increased, including neasterified fatty acids, glycerol, hormones, cytokines and
proinflammatory markergAlGoblan, AlAlfi and Khan, 2014 ype 2 diabetes has several
co-morbidities, includingCVD to which 5680% of deaths in those with T2D can be
attributed. Inline with the rise in obesity rates, it is predicted T2D prevalence will rise from
4.2% in 2007 to over 11% in 20@@onesiet al,, 2012)and this is expected to be
accompanied by a risa UKNHS spending from £9.8 billion in 201D to £16.9bn in 2035,
which will account for almost a fifth of the NHS total bud(ié¢xet al,, 2012)
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Understanding the associations between T2D inctgeand body weight dynamics is central
to curbing of increasing T2D rates.

Cardiovascular disease is the leading cause of death worldwide, accounting for 37%
of premature deathgKaptogeet al., 2019)and is correlated directly with BMI. Obesity is
known to impact many CVD comorbidities such as hypertenbigrercholesterolemia and
metabolic syndrome in a manner which increases CVD risk, as well as having a direct and
independent effect on CVD ri¢klandviwala, Khalid and Deswal, 201Bata collected from
the Frammingham Health study showed that obesity increased the risk of hypertension by
121% and 175% and/O by 46% and 64% in men and women respect{Jelspieet al,,

2002) In contrast to T2D, CVD eathave decreased over the past several decades, with
total CVD mortality in the UK down 68% between 1980 and Z2Bh&tnagaet al., 2016)
though this is arguably due to better widescale pharmacological and surgical treatments.

Obesity is also a major risk factor for the development of cancer. In the American
Cancer Prevention Study Il, >900,000 individuals who were originally free from cancer were
followed up for 16 yearfCalleet al., 2003) At followup, authors reported that BMIs of
> 4 0 k°gvéremassociated with a 52% and 62% increased risk of cancer incidence in men
and women respectively. BMI was also positively associated with mortality rates from
esophagus, colon and rectum, liver, gallbladder, pancreas, and kidney cancers. One study
suggested that the percentage of total cancers attributable to obesity was ~(F0%usset
al., 2004) Given that the mechanisms of cancer development often vary between different
sites, the underlying processes linking elevated BMI and cancer are not cledésstood,
though disturbed regulation of several hormones including insulin, indikergrowth
factor-1, sex steroids, and adipokines may play a role in carcinogdiesiBergola and
Silvestris, 2013)

The association between BMI and mortality is less clear and has resulted in the

obesity paradox which provides that risk o
(in individuals considered underweight and obese). The foiseften related to old age or

underlying disease such as chronic heart failure, hypertension, T2D and kidney disdese

and Savage, 2010and accordingly caution should be taken in providing guidance to gain

weight in healthy adults with no underlying conditions. The association of low BMI and high
mortality risk could also be explained by unintentional weight loss relating to an undgrlyin

condition, and the predisposition towards frailty and low strength which are both linearly
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associated with mortality risfCrowet al., 2018; Garcidermosocet al., 2018) In most non
elderly, healthy individuals, only¢ direct association between BMI and mortality is

relevant.

1.2Weight Loss

Weight loss is the primary pathway to decreased risk of obek#gases. A meta
analysis synthesising data from 54 randomised control trials (RCTs) concluded that weight
loss intewentions in individuals with obesity have a significant and substantiatedkcing
effect on allcause, CVD and cancer morta(iya et al, 2017a) Five percent weight loss has
generally been defineds the standard criterion required to produce clinically significant
improvements in healttjWilliamson, Bray and Ryan, 20186) the Look AHEAD cohort, 5%
weight loss produced clinically significant reductions in haemoglobin Alc (HbAlc), systolic
and diastolic blood pressure, triglycerides and increase in-tgisity lipoprotein
cholesterd (HDLEC), although improvements were further enhanced with weight losses over
10-15% in a doseesponsive mannefRena R. Wingt al,, 2011) In the Diabetes Prevention
Programme, a weight loss of 5.5% reduced the incidence of T2D b{Cb&886tes
Prevention Program Research Group, 20818) in another analysis, a 16% reduction in risk
was estimated with every 1kg of weight Iqg&chard=. Hammaret al., 2006a) As such, in
2014 an expert panel concluded that 5% weight loss 1 year after treatment was deemed the

criterion for clinical significanddenseret al,, 2014)
1.2.1 Weight Loss Prevalence

Despite its known benefits to health, lowgrm weight loss remains difficuld
achieve and, despite the high se#fported prevalence of weight control attemp{Santoset
al., 2017) obesity rates continu rise globally. Determining the prevalence of weight
control is difficult as reliance on sekported measurement is necessary, and the
interpretation of the definition of weight control attempt may vary greatly between
individuals. Furthermore, it ikely that many of those who report engagement in a weight
control attempt actually lose little to no weight. The most comprehensive attempt to
guantify this prevalence comes from a systematic review and raatdysis in which Santos
et al examined the mvalence of weight control attempts worldwide, including ~1.2 million
participants from 72 studies. They found that around 42% of adults worldwide report

making a weight control attempt annually, of which a greater fraction are women, and most
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tend to haveoverweight or obesity. Considerable regional variability was observed, with
rates lowest in Africa (~16.6%) and highest in North America (~44%), and generally ethnic
minorities showed slightly greater rates. Data from the health survey for England ssiggest
that in the UK, around half of all adults report making at least 1 weight loss attempt each
year, increasing from 39% in 19@iernas, Aveyard and Jebb, 20IR)e study found that
having a hedh condition was only very modestly associated with weight loss attempts,
suggesting that most reasons for dieting seem unrelated to health leaving aesthetic
purposes and social desirability as some of the leading reasons for dieting.

Some evidence suggaesadolescents and young adults are more motivated by
appearance to achieve weight loss, whereas older adults may be more motivated by health
benefits, and similarly, females are more likely to be motivated by physical appearance and
societal pressures thamales(D. F. O. Silvet al,, 2018) Differences in dieting prevalence
across socioeconomic levels have been obse(Wardle and Griffith, 2001 with greater
prevalence inndividuals from more affluent areas who are generally more-egilcated
about obesity and health and having better access to healthier life options (e.g. weight
control programs, healthy foods and fitness centres) which help facilitate weight loss
(Morlandet al., 2002) Further differences can be observed across ethnicjfflepkeet al.,
2009)which may be related to cultural norms in tieg, food intake and physical activity
(PA) behaviours. For example, South Asians living in the UK are significantly less likely to

partake in PA than white individugé/illiamset al,, 2011)
1.2.2 Strategies to Achieve Weight Loss

The study of weight lossan be divided into observational and experimental (i.e.
randomized control trial; RCT) studies. Observational studies typically rely aeseif
guestionnaires which collect information on the prevalence, motivations and strategies
used to achieve weighoss. From these, large amounts of information can be synthesised
on the most popular approaches to weight loss, which can be categorised to nutrition and
diet, behaviour or lifestyle, physical activity and more. RCTs test the effectiveness of an
approad or multiple approaches compared to a control. Again, RCTs are often divided into

diet, exercise, lifestyle/behaviour or combined interventions.
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1.2.2.1 Dietary Approaches to Weight Loss

Observational data collected worldwid8antoset al., 2017)showed that the most
prevalent weight control strategies relating teéetlincluded eating more fruit and
vegetables, eating low calorie food and beverages, eating low fat products, avoiding high
sugar products, increasing water intake and drinking less alcohol. Less commonly used
strategies involved eating smaller, more ftemt meals, eating breakfast, eating more
slowly, limiting snacking and eating less meat. In a ragi@ysis conducted on 59 RCTs
testing the efficacy of “fad’ diets (includi
low fat diets and others), abbrs concluded that the differences between all diet types
were modest after adjustment for adherence, and recommending any diet which is best
adhered to for an individual was beStohnstoret al., 2014) which is a practice often
supported(Lemstraet al., 2016; Gibson and Sainsbury, 20149 well as macronutrient
composition, the severity of energy restriction can be manipulated in dietary approaches.
The best example is in¢hcase of verow calorie diets (VLCDs), which typically involve
intakes of around 50@00kcal per day and aim to achieve rapid weight loss. In a-meta
analysis comparing a range of different weight loss strategies, Franz et al reported
substantially greadr 6-month weight loss achieved by VLCD (~18%) than any other

approach involving diet, exercise or pharmaceuti¢glanzet al, 2007a)
1.2.2.2 Exercise Approaches to Weight Loss

In their metaanalysis, Santos et al reported that in 122,314 participants from 27
studies, ~65% of individuals reported increasing their exercise or activity duvigght
control attempt. However, the impact of exercise alone on weight loss is often modest. In
one large RCT which compared dietary, exercise and combined approaches over 1 year,
weight loss in the diet and combined arms were 8.5% and 10.8% respgctivereas
exercise alone produced only 2.4% weight I¢sssterSchubertet al., 2012) Furthermore,
Swift et al reviewed the role of exercise in weight loss, concluding that weight loss
interventions typically have modest effects in the region of ~2kgl that practitioners
should ensure realistic expectations in individuals beginning an exercise intervention for
weight losgSwiftet al., 2014) Considerable individual variability in response to exercise
interventions has been shown in a recent maitaalysis of exercise triagVilliamson,

Atkinson and Batterham, 2018dncluding that the true interindividual response in the trials
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analysed ranged frorR.8kg to +3.6kg. Importantly, exercise may have more beneficial
effects on body composition, strength afithess compared to dietary approaches for a
given weight loss, meaning that improvements in health status may occur at a greater rate

when exercise in includeClark, 2015)
1.2.2.3 Behavioural Approaches to Weight Loss

Behaviour change interventions attempt to instil and solidify bétans supportive
of weight loss, often by targeting psychological processes (e.g. motivation). While diet and
exercise are behaviours, they are dealt with discretely from behaviour change approaches in
the context of interventions. One of the most evideddeehavioural approaches associated
with improved weight control is setegulation(Teixeiraet al., 2015a) which involves the
active tracking of diet, physical activity and body weight (or a combinationjw8a&hing in
particular has been consistently associated witipioved weight outcomeéViadiganet al.,
2015a; Zheget al, 2015a) One systematic review reported that setfonitoring of diet,
regardless of the method used to record (e.g. paper diary or online web app), was
associated with improvements in weigfBurke, Wang and Sevick, 201@}her behaviours
such as commitment makin@oupeet al,, 2019) goal setting, planning and developing
coping strategiegTeixeiraet al., 2015ahave been shown to improve weight outcomes, as
has praticing acceptance, commitment and mindfulness, reducing avoidance and practising
psychological flexibilitflillis and Kendra, 2014)onetheless, behaviour change
interventions alone may have limited effectiveness, with one raatalysis reporting a
mean weight loss ofl.4kg at 12months in 15 behaviour change RG¢Beothet al., 2014)

and as such they are often combined with dietary and exercise interventions.

1.3 An Impetus for Weight Regain

Despite the increasing prevalence of selported weight control attempts in the
general populationBMI continues to rise in most of the world. It follows that weight loss
must be generally unsuccessful in the leegn for most individuals. In one comprehensive
metaanalysis, Franz et al. found that regardless of the method used to reduce weight
(whichincluded dietary, exercise and pharmacological approaches), body weight takes the
same trajectory, characterised by a peak weight loss aroumib6ths and gradual weight

regain over the subsequent 6 months to 4 ye@dsanzet al, 2007a) The issue of weight
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regain has been studied from physiological, biopsychological and genetic perspastives

well as psychological and behavioural standpoints, and indeed involves complex interactions
between all of these factors. Crucially, weight regain does not occur in a vacuum but instead
forms a single weight cycle in what, for many, is an ongoing battleweight loss and

regain which may span most of one’s | ife. Un

provide vital information in understanding longgrm weight cycling.
1.3.1 The Physiological Impetus for Weight Regain

The physiological adapians which occur in response to weight loss have been
studied and reviewedMacLearet al,, 2011; Ochneet al., 2013; Sumithran and Proietto,
2013; Greenway, 2015; Casan@taal., 2019) Biological adaptations can only modify EE
and El. Maodifications to EE may be both physiological (i.e. reductions in RMR or TEF) and
behavioural (changes in PA behaviowrgereas modifications to EI cannot be direct as food
intake is entirely behaviourally determined, however, several physiological and neural
changes function to predispose increased EIl. These changes generate a double burden on
weightreduced individuals win simultaneously experience a reduction in the amount of
energy they can consume (to maintain weight) and an increase in the energy they are driven
to consume, resulting in a weighdss induced energy gap which is central to the aetiology

of weight regain
1.3.1.1 Changes to Energy Expenditure with Weight Loss

The most obvious reduction in EE is a product of the reduced mass of metabolically
active tissues, namely components of FFM including skeletal muscle and organ tissue. Given
that each of these tisas have a welllefined energy rat¢Wanget al.,, 2010) the reduction
in EE can be estimated from measured changes in body composition (although often a
blanket value for FFM is used, rather than considering reductions in separate FFM
compartments). As such, reductions in RMR are rougiggliptable for a given amount of
weight loss. However, as discussed earlier, there is an additional adaptive response (termed
‘“adaptive thermogenesi s’ ) which has been obs
reductions, with one study reporting that 30% bktreduction in EE was due to adaptive
thermogenesigTremblay and Chaput, 200%urthermore, a metanalysis showed that

formally-obese individuals had significantly (~5%) lower RMR than waighthed never
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obese contrds, with this effect persisting even years after weight Igsstrupet al,, 1999)
This adaptive response is thought to be driven by reductions in leptin, thyroid and
sympathetic hormones and can be reversed acutely and instantaneously by leptin
administration(Rosenbaum and Leibel, 2018Yhether metabolic adaptation alone is a
barrier to weight loss maintenance has been questioned, with a recent study suggesting that
the effect was too modest, and did not persist for long enotmghe considered a barrier
(Martinset al., 2020) Changes in TEF (which typically comprises arousidb%®of EE)
coincide proportionately with reductions in total energy consumption, however there is
some evidence to suggest that it might decre&sgher in response to the same meal
(Robertset al,, 1996; Luscombet al., 2002) with reductions of around 123% greater
than-expected reported.

Energy expended in response to activity may reduce for physiological reasons (i.e.
increased mechanical work efficiency) or behavioural reasons (i.e. reduced intentional
activity or exerae). One study reported that mechanical work efficiency (that is, the energy
required for a given movement) increased by ~A®chael Rosenbaurat al., 2005) with
these effects being reversed following leptin administration in two stu@iéishael
Rosenbaunet al., 2005; Galgaret al,, 2010) The evidence on the impact of weight loss on
intentional physical activity is less consistent. Indeed, weight loss is often accompanied by
increases in activity (to achieve the initial weight loss), which may needrtinually
increase as weight loss proceeds to maintain an energy deficit. As such, it could seem that
weight loss increases activity, though this association is not necessarily evidence of an
effect. Bonomi et al showed that weight loss of ~13.4% im@®&iduals with overweight
and obesity resulted in a 9% increase in daily activity counts, which was weakly associated
with weight losgBonomiet al,, 2013)with similar results observed elsewhef@einsieret
al., 2000) Regarding unintentional activity, a rextesystematic review provided that weight
loss results in reduced NEAT in 15 of 36 studies included, though suggesting that
heterogeneity in the definitions and measurement of NEAT limited compa(AoM. Silva
et al,, 2018)

1.3.1.2 @anges to Energy Intake Determinants with Weight Loss

Weight loss affects El largely via changes to behaviour rather than as a direct

physiological effect. Nonetheless, a plethora of adaptations to weight loss are known to
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increase in subjective sensatiookappetite and hunger, as well as increase sensory
stimulation, food reward and addictielike neural mechanisms. In extreme cases such as
starvation, weight loss can produce significant changes to personality such as a persistent
obsession with food andven violent attempts to acquire food [Stubbs & Turicchi 2020, in
press].

The most commonly cited biopsychological adaptation is the reduction in leptin
which accompanies reduced FM. Reductions in leptin occur withidB2ours of caloric
restriction(Leibel, 2002) nst i gati ng what <coul d m®e’'coacti idreg
on both EE and EI in the direction of a posi
arcuate nucleus neuropeptides (namely the orexigenic neuropeptide Y and anorexigenic
proopiomelanocortin peptides) in the hypothalamus functions to incrdaseger and food
intake, though these behavioural effects are more pronounced in animal m{dedset
al., 2013) Reductions in leptin can also reduce plasma glucose and increase plasma insulin,
two further changes which stimulate appeti(elussain and Khan, 201 humans with
leptin deficiency, exogenous leptin administration is shown to approximately half satiation
time, double satiety time and half the energy required to produce satigfidcDuffieet al,,

2004) However, whether leptin concentrations are a strong determinant of ad libitum
energy intake under normal conditions is less clgfussain and Khan, 2017)

A string of other peptides, including igtin, peptide YY (PYY), cholecystokinin (CCK),
glucagonlike peptide 1 (GLR), insulin and catecholamines respond acutely to energy
balance and feeding, and have each been shown to respond to weight loss in a manner
indicative of an increased appetitivesponse. Peptide YY, CCK,-GBRd insulin are all
appetite-reducing hormones which increase following a meal to cause satiation and
decrease between meals stimulating hunger. Ghrelin, the only orexigenic hormone of those
listed, has an inverse effect.Mle their response is generally considered acute, losigem
weight changes can cause more ldagting changes in circulating concentration. Weight
loss has been shown to reduce GLRCCK and insulin responses and increase ghrelin
responses in a semihatudy in which these adaptations persisted for 1 year follow ~13.5kg
weight losgSumithranet al, 2011) with similar observations made by several other groups
(Nymoet al,, 2017; DeBenedictet al., 2020)

These physiological changes coincided with increased subjective appetite ratings

(Sumithraret al, 2011; Nymeet al,, 2017) Increases in both fasting and postprandial
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appetite ratings have been observed in response to weight loss. In a comprehensew

of appetitive responses to weight loss in women, Hintze et al., reported increase38665

in fasting hunger and 161% in motivation to eat, as well as-68% decrease in fasting
fullness following prolonged energy restricti@intzeet al,, 2017) They also reported

altered postprandial responses, with most, but not all evidence, showing decreased fullness
after a meal following caloric restriction. Impontly, the extent to which appetite ratings
translate into measured EI has been questioned; in one systematic review of 462 studies,
authors concluded that appetite ratings were only sufficiently associated with El in 6% of
the included studieg¢Holtet al,, 2017)

Some evidence suggests that addictiie neural mechanisms are exaggerated
following weight loss or in weigheduced individual§Ochneret al., 2013) predisposing
increased EI. One studgeved that when comparing obese, formatipese and lean
individuals, neural responses (regional cerebral blood flow) in areas of the brain associated
with reward were reduced in the obese and formadlyese groups compared to the lean
group, suggesting psistence of abnormal neural respong@&elPariget al,, 2004)

However, one recent systematic review suggested that wanting and liking for food decrease
following weight los (Oustricet al., 2018) though this could potentially be explained by

habituation to lower food quantities following weight loss.
1.3.1.3 Functional Changes in Body Composition

As dscussed, weight loss elicits a response in human physiology which acts to
reverse the weight loss achieved. Weight loss is composed of both reductions in both FM
and FFM. FM forms a relatively consistent component of body composition in terms of
chemicalstructure, metabolic rate and energy value, whereas FFM is highly heterogeneous,
and includes all noffat tissues such as skeletal muscle, bone, organs, total body water,
glycogen and gut weight, the metabolic rate of each varying greatly. Many of thetsiie
weight loss have been attributed to reductions in FM, due to the knowledge that FM is
directly correlated with leptin, and leptin reductions show considerable effects on both EE
and appetitive factors. Beyond leptin, the adipocyte may play a rdieeimetiology of
weight regain due to changes in its anatomy and accompanying cellular stress, inflammation
and metabolism. In their recent comprehensive review of the role of adipose tissue in

weight regain following weight loss, van Baak and Marimarriss how cell shrinkage and
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extracellular remodelling occurring with weight loss provides a series of adaptations which
downregulate the metabolic capacity of the tissue (including inhibition of lipolysis and
reductions in the release of fatty acids) amebdispose subsequent increases in @dn
Baak and Mariman, 2019)

Nonetheless, in terms of structural and functional integrity, certain components of
FFM, particularly organs followed by skeletal muscle, are more vital than FM. As such, one
would expect reductions in FFM to also gladaptive responses to reduce EE or increase El,
however, little scientific evidence supports a functional role of FFM loss in the aetiology of
weight regain. In a ranalysis of the seminal Minnesota Starvation st{idgyset al., 1950)
Dulloo and colleagues analysed changes in (directly measured) energy intake and body
composition during starvation and refeeding periods in 12 initially lean (@erdloo, Jacquet
and Girardier1997a) They showed that a reduction in both FM and FFM correlated directly
with the hyperphagic response observed during the ad libitum refeeding period, and that
the correlation between FFM recovery and hyperphagia persisted following complete
recovay of FM. Together, these suggest an integrated model of autoregulation of body
composition, in which the drive to eat persists beyond FM recovery and, perhaps, until FFM
is fully recovered (the study did not continue to complete FFM recovery). Importdinidy
study was conducted in initially lean mean (initial BMI ~ 22Kyy/mho were predisposed to
rapid FFM losses given the lack of FM as a buffer. Little evidence exists supporting a
functional role of FFM in overweight individuals, though one recamdysshowed that in 57
overweight and obese subjects who achieved a mean 8.6kg weight loss by dietary
intervention, the proportion of weight lost as FFM correlated with the degree of weight
regain, suggesting that FFM may also have a mechanistic roleligyen@ance regulation

following weight losgVinket al, 2016)
1.3.2 The Necessity for Weight Loss Maintenance Intervention

There is an acknowledgement that (a) following weight loss, ongoing clinical care is
necessary to achieve weight loss maintenance (WLM) in many individuals and (b) the
approach to achieving WLM should be specifically tailored to the maintenance (Hale
and Kahan, 2018While quantifying the physiological impact (e.g. slowing of metabolic or
peptide-based adaptations) is relatively simplederstanding the downstream behavioural

mechanisms of weight regain is much more complex. An important starting point is to
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compare the impact of changes in EE and EI on weight regain. Using a validated
mathematical model to estimate frekving El oveb2 weeks in a weight loss intervention,
Polidori et al showed that for each BDkcal/day of metabolic slowing (occurring at around
every 1lkg of weight loss), frdiving El increased by 100kcal/d@polidoriet al., 2016)

Similar results have been shown from relatedthrematical models of body weigfitiallet

al., 2011) Put simplistically, around threguarters of the energy gap generated by weight

loss and driving weight regain is thought to be attributable to changes in El.
1.3.2.1 Eating Behaviour and Diet

This places modifying eating behaviour at the favat of WLM interventions.
Interventions can target eating behaviour directly by providing a structured or unstructured
dietary plan. In one of the largest dietary WLM studies, the DiOGenes study which was
conducted in 8 centres across Europe in 733 additts varying in protein content and
glycaemic index were provided for 26 weeks. Subjects in the low protein and high glycaemic
index group regained regained weight (1.7kg) whereas others did not, and a stratified
analysis revealed individuals assignedthigh protein group regained ~0.9kg less than the
low protein arm, with similar results associated with low glycaemic index grdugpseret
al., 2010) In a more recent systematic review of letegm WLM, low carbohydrate, low
glycaemic indexand high protein diets were generally associated with some positive effect
on WLM. The study also revealed that some dietary behaviours such asingtaveake late
at night, drinking lower amount of sugaweetened beverages, and following a healthy
pattern were also usefylSeeliman and Azadbakht, 2014h another systematic review,
seltreported eating behaviour factors were related to successful weight loss maintenance
(Varkevisseet al.,, 2019)including cognitive restraint, cutting junk foods, using meal
replacements, baseline healthy eating (and increases in healthy eating). Dietary factors
associated with improved WLM included increases in fruit and veg consumption, decreases
in sugar sweetened beverage consumption, increases in protein intake and decreases in

carbohydrate and fat intake.
1.3.2.2 Physical Activity and Exercise

Mathematical malels of body weight regulation in the WLM phase suggest that PA
plays a much lesser role in the aetiology of weight regain th&hHoimaset al., 2012)

Nonetheless, some contrasting evidence has suggested a key role of PA in preventing weight
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regain. In their systematic review, 21 studies examined associations of change in PA and
WLM, ofwhich 76% reported a direct association (with increased(Fajkevisseet al,,

2019) In another study, increased cardiovascular fithess was associated with(Widlgo

et al, 2013) One study showed that over 30 months following a weight loss intervention,
individuals with >2,500kcal/week exercise EE had significantly less weight regain than those
who burned <2500kcal/week by exercise (2.9kg vs 6kg respeciiVakget al., 2007) In a

more recent study, WLMers (n=25, maintaining a mean 26.2kg weight loss for a mean of 9
years), weighimatched controls (n=27) and overweight/obese (n=28) groups had EE
estimated by doubly labelled water over 2 weeks. PAEE was estrbgitsubtraction from

total EE (minus 10% for TEF). It was found that WLMers had ~200kcal/d greater PAEE than
both obese and weighmatched controls, suggesting that almost a decade after substantial
weight loss, significantly greater PAEE was requirembidinue WLMOstendorfet al,,

2019)

Physical activity may also improve weight management by helping to regulate
appetite. In one recent systematic review, it was shown that greater amounts of PA
improves the matching of EE and El, with low levels of PA (physical activity lexie69.dr
<150 mins of exercise/week) resulting in a dysregulate@@Eauliewet al., 2016) and in
another review the same group suggested that acute bouts of exercise may reduce the
reward associated with higanergy foods, an effect that may also extend to long term PA

(Beaulieu, Oustric andrffayson, 2020)
1.3.2.3 Behaviour change approaches

A range of behaviour change taxonomies have been applied to the study of WLM.
One consistent observation arising from this literature is the direct association between self
regulatory processes and atessful WLMWinget al., 2006) A systematic review of self
regulatory mediators of WLNTTeixeiraet al., 2015b)identified a range of psychological
processes and behaviours which were associated with successful weight management in
interventions with a behaviour change component. Authors reported that increased
autonomous motivation and se#fficacy, coupled with greater sekegulatory skills (such as
selfmonitoring but also skills related to planning and coping) were important mediators of

success. In particular, selifeighing(Zhenget al., 2015a)nd selfmonitoring of physical
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activity and dietBurke, Wang and Sevick, 20at¢ centra selfregulatory behaviours in
successful weight management.

While selfregulation of weight and energy balance behaviours are shown to be
important in successful WLM, these behaviours may be undermined by failures in emotional
control and negative affectn the early stages of development of the NoHoW project, a 3
country study questioned 2000 adults from UK, Portugal and Denmark (the loci of the
project) who had recently lost weight on relationships between eating behaviour, emotional
control and selregulation(Sainsburet al., 2019) They found that individuals who showed
greater difficulties regulating emotions regainetre weight and used fewer self
regulatory strategies. Emotional control is consistently associated with weight control, often
mediated by uncontrolled eating behavio(8hriveret al,, 2019)

Identified as two key (and dependent) mediators of weight management, self
regulation and emotion regulation had not previously been jointly investigatedWiM
intervention. Given the knowledge (a) seibnitoring is a highly consistent predictor of
better weight management and that (b) that difficulties controlling emotions and negative
affectivity may function to undermine selégulatory processes, theeed to develop an
intervention which jointly tests both the behaviour (monitoring) and the underlaying
emotional cognitions was conceived recently as part of the NoHoW trial (examined in

chapters 4 onwards).

1.4 Weight cycling

The processes of weight Band, more recently, weight regain have been studied
extensively in weight loss studies with either a folap/period or an active WLM
intervention. As such, the causes of weight regain are becoming increasingly understood. As
mentioned previously, a caept which will form a key aspect of the present thesis, this
struggle to manage body weight does not occur as a single weight cycle as it is typically
studied but instead is likely to be indicative of a ldegm struggle to manage weight which
may span tie majority of the adult lifespan. Understanding the determinants of weight
regain may partially aid in addressing this problem, however, the prevalence, causes and

consequences of weight cycling remain unclear.
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In chapter 2, a detailed analysis of a #nigpstance of weight loss and regain is
conducted using two studies: a comprehensive ratalysis of existing studies in which
weight loss and regain is demonstrated and @analysis of individudkevel data from the
DiOGenes trial. Both studies attebtp place emphasis on the defining factors of a weight
loss attempt (namely the rate, amount and composition of weight loss), and how these
factors influence further weight regain. In doing so, a single weight cycle is used as a model
for longerterm weigh cycling, given the lack of data on weight cycling over the lenger
term.

In chapter 3, a comprehensive review of the literature is provided aiming to
understand these factors in greater detail, and the chapters following this address key issues
surroundirg how this instability in body weight can be defined, and its causes and
consequences. The thesis develops the idea that weight cycling is a traditional idea of
weight | oss and regain, however, in roeality
U-shaped, but instead show indiscriminable patterns varying in the amount, rate and
duration of weight loss and weight regain. This variability in body weight assumes the
central focus of this thesis and is an extension of historical weight cyclingurteydirst
studied by Kelly Brownell and Lauren Lissner in the late 1980s to early (E390sellet
al., 1986; Lissnest al., 1990)
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Chapter 2. Associations Between the Amount, Rate and Composition of

Weight Loss and Subsequent Weight Regain

Detailed,long-term data on weight cycling is lacking, and as such understanding its
determinants is difficult. However, many studies have examined the process of weight loss
and regain, and this data can be used to inform a model of weight cycling by using a single
cycle as a model for longéerm weight cycling.

The following chapter is structured around two related scientific publications: (a) a
systematic review and metanalysis published in Obesity RevigWaricchiet al., 2019)and
(b) a reanalysis of the Diet, Obesity and Genes (DiOGenes) trial, published in The American
Journal of Clinical Nutritoh J ake Turi cchi, O'Dri saa.,l |, Finl e
2020) In both papers, | was solely responsible for conception, analysis, draft writing and the
final published manusiat. In both papers, secondary authors (see articles for list of
authors) may have provided feedback for editing. In the raatalysis, three additional
authors (R.O.D., G.F. and K.B.) helped with the systematic review process (e.g. paper

screening) as ragred.

2.1 Introduction

The coinciding prevalence of both dietiffgantoset al., 2017)and increasing rates of
obesity(Agha and Agha, 201ifay indicate many attempts to achieve or subsequently
maintain weight loss are of limited success. Evidesuggyests that the latter in particular is
a concern for the global management of obegBpleymani, Daniel and Garvey, 2QXKijch
that weight gain commonly fl@ws weight loss. Furthermore, a weight loss attempt does
not occur in a vacuum, but instead is generally indicative of a letgger problem with
controlling body weight, the consequence of which is, for many, repetitive cycles of loss and
regain (also tamed weight cycling).

The problem of failure in WLM has been studied from physiological, psychological,
behavioural and environmental perspectives. It seems evident that understanding and
addressing the problem has many layers of complexity. Researchstsigigat weight loss
functions to both decrease EMliller, Enderle and Bosyestphal, 2016and increase El
and appetite(Nymoet al,, 2018) The former is largely a physiological adaptation and the
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latter a behavioural one (though most likely partially related to biopsychological changes).
Given that these adaptations are a response to weight loss, the quedtioomoto describe

the features of a given weight loss episode is relevant. Weight loss can be described in
terms of its magnitude (i.e. kg or %), rate (e.g. kg/week) and a composition (i.e. the
proportionate reductions in both FM and FFM, which can benierbroken down to
constituent components). It is likely that magnitude, rate and composition of weight loss
relate to the changes in El and that predispose people to weight regain. Indeed, it has been
suggested that functional changes in different bodystures influence physiological
function which in turn act as cues for behaviour particularly in relation to negative energy
balances $tubbs & Turicchi 2020, in présklowever, the impact of each of these three
characteristics of weight loss on subsequeeight regain is not well understood and the

literature relating to each is discussed below.
2.1.1 Associations Between the Amount of Weight Lost and Regained

Given that weight loss causes resistant adaptive responses, it follows that it typically
resuts in weight regain. Indeed, such a view is central to the set point (or settling point)
theories(Speakmaret al, 2011)which states that the body is under strong genetic and
humord control which aims to return the body to a given weight, or that the interference of
the western diet environment (valler,Bosydi fy this
Westphal and Heymsfield, 201@arked by a new homeostatic equilibrium. Given the
assumption that physiological resistance increases in line with weight lossnstfayiher
from a set point may increase the risk of weight regain. However, a contrasting viewpoint is
that individuals who succeed in achieving more weight loss are likely to have developed and
solidified the behavioural skills, psychological processedigestyle changes which allowed
them to reach that point, and thus are more equipped to achieve successful WLM,
compared to an individual who achieved only minor weight (&fhag and Rossner, 2005;
Waddenet al,, 2011)

The evidence relating to the associatioaetween the amount of weight loss and

subsequent ‘successful’ WLM is inconsistent.
this association is the manner in which rese
may choose to define successas,dox ampl e, mai nt enanfosereof >5% w

al,1997) or another binary definition. I n this
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these studies is likely to be a function of losing more initial weight, yetighhls with
greater weight loss may actually regain more weight than some unsuccessful individuals. For
example, an individual who lost 15% body weight and regained 9% would still be considered
successful, whereas an individual who lost 6% and regainesld2fd be unsuccessful
despite regaining substantially less weight. To overcome this, one approach used the
fraction of weight lost which was subsequently regained and found no difference in this
fraction during follow up between those losingl9% (55% reained) and those losing >10%
(49% regained) body weigfBarteet al.,, 2010)

Several studies have identified greater initial weight loss as a predictor of successful
WLM (Jeffery, Wing and Mayer, 1998; Astrup and Rossner, 200Baalket al., 2003;
Elfhag and Rossner, 2005; Handji®axlenskaet al, 2010a; Waddeewet al,, 2011,
Sawamoteet al,, 2017) Some of these use associations between continuous loss and regain
as an outcoméJeffery, Wing and Mayer, 1998; Handjidvarlenskeet al., 2010a) whereas
some used defined ctdffs such as 5% reduction at a given timepdgiMaddenet al., 2011)
The explanations given by authors for this result are consisté¢h those mentioned earlier
(solidifying beneficial behaviours, strategies and lifestyle changes). In contrast, a fewer
number have shown associations between increased weight loss and weight regain
(McGuireet al., 1999; Sbroccet al., 1999) or no effect(Barteet al., 2010) However, no
previous metaanalysis has synthesised the evidence on the impact of the magnitude of

weight bst on that subsequently weight regained.
2.1.2 Associations Between the Rate of Weight Loss and Weight Regained

The rate of weight loss is generally less well studied in relation to subsequent WLM
than the amount of weight lost. One area of literature avh the rate is particularly
noteworthy is in relatio(VLCDs; often allowing 5@8D0kcal per day and lasting for short
durations typically around-42 weeks). Indeed, in two me&nalyses, it was reported that
VLCDs produce significantly greater skterm, but not longterm, weight losses than less
severe calorie restriction&silden Tsai and Wadden, 2006; Frahal., 2007b)largely driven
by the rapid rate of weight rega. Similarly, several other studies have associated VLCDs
with greater weight regain@Nadden, Foster and Letizia, 1994; Paistegl.,, 2002; Lutegt
al., 2008) In one study, two groups were given a moderate (1,200kcal/day) and severe

(420kcal/day) diet. Weight losses at 52 weeks were 11.8kg24.5kg respectively,
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however, during the next 26 weeks the severe restriction group regained ~11kg whereas the
moderate restriction group did not significantly change weighitadden, Foster and Letizia,
1994) It could be that greater rates cause more substantial biopsychological adaptations, or
simply that lifestyle changes need to be materupt and significant therefore less

sustainable, and indeed a combination of both is likely.

Conversely, one study found when comparin
moderate (=20.23 and <0.68 kg/ week, nss= 104)
groups, The fast and moderate groups were 5.1 and 2.7 times more likely to achieve 10%
weight losses at 18 months than the slow group, though this was largely driven by much
greater initial weight loséNackers, Ross and Perri, 201@)eed, it is hard to disentangle
the effects of rate and amount of weight loss on weight regain as in studies examining
severe deficits (e.g. VLCDs), rapid weight losses often coincideavgiéhreductions in
weight. One study which addressed this problem found that when comparing similar weight
losses (~8.5kg) achieved by low calorie diet (LCD) and VLCD (i.e. generating the same total
energy deficit over different time periods), there were significant differences in weight
regain at 9month followrup (Vinket al,, 2016) suggesting that perhaps any rate effects are
related to the magnude of weight loss. Nonetheless, no systematic review or raetaysis
has investigated the association of rate of weight loss as a continuous variable on

subsequent magnitudes of weight regain (before and after adjustment for total weight loss).
2.1.3 Clanges in Body Composition During Weight Loss

In a twoecompartment model of body composition, weight loss is comprised of
reductions in FM and FFM. Fat mass is a relatively consistent compartment, in that while it
may be distinctively situated (e.g. sulb@neous vs visceral compartments), it is of relatively
constant composition and thus energy value. Fat free mass on the other hand includes all
compartments excluding FM, including skeletal muscle, organ tissue, bone, water, glycogen,
gut weight and moreEach of these compartments vary considerably in their energy value
(and has a null energy value in the case of water). The proportionate loss of FFM is modified
by a range of factors, including but not limited to: initial body compositidall, 2007)the
amount of weight los{Heymsfielcet al., 2011) the degree of energy deficit (and thus the
rate of weightlos§ Chast on, Di x o r), macnodutriént cBmposéion,of th2 0 0 7 )
diet (Kimet al,, 2016)and physical acotity.
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Structural changes occurring during therapeutic weight loss has been deconstructed
to three overlapping physiological stages by Heymsfield and colledgegssfielcet al.,

2011) Phase 1 is characterised by rapid initial reductions in FFM due to initial loss of
glycogen, associated body water and nitrogen (from some tissues such as the liver). The rate
of FFM depletion decelerates and the contritmut of glycogen and water to FFM loss
decrease throughout phase 1, stabilising arour@l weeks marking the beginning of phase

2. Phase 2 is characterised by increases in the relative contribution of FM loss and gradual
plateau of FFM loss. During phasel# contribution of FFM loss to weight loss decreases
along exponential decay curves that are influenced the factors cited above, including the
rate at which rate is lost (or, in other words, extent of energy deff€itjaston, Dixon and

O’ Br i e nThe rédctioid in FFM loss serves to protect against reductions in organ
weight which may cause perturbations to physiological functioning and, in extreme cases
such as starvation (as we reviewed extensively). Differential changes in organ weights have
been discussed and we have reviewed structural changes in FM and FFM compartments
extensively(Stubbs & Turicchi 2020, in press)

In their systematic review, Chaston et al concluded from data collected in 26 dietary
and behavioural interventions that theedree of caloric restriction (and thus rate of weight
loss) was a significant predictor of the proportionate reductions in FFM occurred during the
weight loss (R=0.31, P=0.006). Again, this comparison is made solely from comparing LCD
and VLCDs. Nonethalg no study has reviewed whether the rate of weight loss as a
continuous variable across a wide range of energy deficits is associated with proportionate

reductions in FFM loss.
2.1.4 The Role of Changes in Body Composition on Appetite

Weight loss is geerally considered to have an orexigenic effect in n{@stmithran
et al, 2011; Hintzest al,, 2017; Sayeet al,, 2018)but not all studiegAndriesseret al,,
2018a) It follows that appetitestimulating signals must be released in response to
reductiors in at least one but likely many body tissues. Early research on appetite regulation
took an adipocentric view by proposing that leptin was the central regulating orexigenic
hormone through which changes in appetite and energy intake were mode(&teetiman,
2011)via its action on hunger and satiety related AREirons. It follows, theoretically, that

reductions in FM should reduce leptin and stimulate appetite. Yet, recent work has
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evidenced a direct association between FFM and energy intake based orsentiesa
data(Blundellet al,, 2012; Weiset al., 2013; Cameron, Sigak al, 2016; Vainilet al,,

2016; McNeikt al, 2017; Jang and Bu, 2018)relationship which is often reversed, weaker

or not observed in relation to FWeiseet al, 2013; Hophiset al,, 2016) The implication

of this association suggests that (a) as FFM increases, appetite and associated El increases
and conversely (b) as FFM decreases, appetite and associated El decreases. The latter is

inconsistent with the increased appgte response to weight loss, and in response to this

inconsistency the concept of both active
proposed(Dullooet al, 2017; Stubbst al., 2018) The passive role of FFM which occurs at
or around energy balance refers to a direct, tonic link between FFM and Elnsbde
mediated by energy requirementsiopkinset al, 2016) The aat/e role is asserted as the
activation of a drive to eat as a product of reduced FFM in a pathway not mediated by
energy requirements (i.e. a signal coming directly from FFM tissue) in order to preserve the
structural integrity of the compartment.

Importantly, most of this evidence stems from cressctional data. Active and
passive influences of FFM on El are largely hypothesised yet very little data exists to support
this contention. Longitudinal data on body composition and appetite (or preferablyeEl) a
required to test these hypotheses. To my knowledge, only one study, The Minnesota
Starvation StudyKeyset al,, 1950)has examined the influence of changes in FM and FFM
compartments in relation to appetite and energy intake changes occurring during weight
loss. In a reanalysis of the study, Dulloo and colleagues shovirad the prior depletion of
both FM and of FFM were independently associated with the subsequent hyperphagic
response (which persisted until the repletion of FFM despite an overshoot of[FiMdo,
Jacquet and Girardier, 1996his suggests that dynamic changes in the proportion of
FM:FFM changes during energy deficits may impabsequent appetite and El, and given
that hyperphagia persisted until FFM but not FM was restored, it is logical to hypothesise
that greater proportionate losses of FFM are the determining factor in the hyperphagia
response. Importantly, these resulteeve observed under extreme conditions of weight
loss, and no evidence has tested this hypothesis in overweight and obese individuals
undergoing therapeutic weight loss, yet it is likely that weight loss produces substantially
different physiological respaes in individuals with obesity compared to individuals with

normal weight or underweight.
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What follows is two complementary studies examining how the three components of
a weight loss episode (amount, rate and composition) of weight loss discussechaafltne
process of weight regain. The first study is based on rdata extracted from 52 weight
loss groups, and the second study is @analysis of the DiOGenes weight loss and
maintenance trial using individuddvel data, which builds on the resultétbe first study by
examining a potential mechanism through which proportionate changes in body
composition influence the process on weight regain (through adaptations to appetite

perceptions).

2.2 Associations between the rate, amount, and compositiormegight loss
4 LINBRAOU2NR 2F ¢SAIKG NBIFLAYyY !

2.2.1 Objectives

The following study is concerned with investigating determinants of weight regain
following therapeutic weight loss interventions in individuals with rew@ght and obesity.
Specifically, the association between each of the 3 components of weight loss (discussed
above; amount, rate and composition) with subsequent weight regain in the faljpw

period were examined using metagression to synthesise theisting evidence. In order to

Q)¢

far YA

investigate this, enough weight | oss (consid

clinically significanfRena R Wingt al., 2011b) and also some weiglnegain (considered as

> 2%, given that nor mal b28o(Bhutaniat al.Rdl¥a)viab uct uat

required.
The objectives of this study were to:
1. Systematically review weight loss studies reporting amount, rate and composition of
weight loss whiclieature subsequent weight regain during the follayw period
2. Use metaregression to determine the association between these characteristics of
weight loss and the amount of weight subsequently regained.
3. Use metaregression to examine the associations beéneate and amount of

weight loss on loss of fdtee mass

It was hypothesized that both the amount and rate of weight loss would be associated

with greater weight regains, as would greater reductions in FFM. Furthermore, it was
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hypothesized that both grear rates and amounts of weight loss would be associated with

greater reductions in FFM.

2.2.2 Methods

This review was prospectively registered on PROSPERO (ID: CRD42018106638). A study flow

diagram is shown ifigure 2.1.
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Figure 2.1 PRISMA study flow chart detailing identification, screening, eligibility and inclusion

processes. Reasons for exclusions included
2.2.2.1 Inclusion and Exclusion Criteria

Studies included were primary research in the English language published up until
the2 7t h 2018 in Study

included all age and ethnic groups as well as those witkegigting health conditions (e.g.

humans. participan

July

cardiovascular disease or type 2 diabetes). The minimum weight loss duwatiget at 4
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weeks to limit the confounding effect of initial water and glycogen losses which may be
recorded as loss in FFM (s@g¢eymsfielcet al., 2011)for more information). Studies

included were weight loss intervention studies in which clinically significant weight loss
(=25%) was achieved and subsequent weight reg
the follow-up period. Only studies which reged weight regain were included to examine
predictive factors associated with the magnitude of weight regain. Inclusion of studies with
successful weight loss maintenance (or further weight loss) during the follow up period
would have allowed for no vaaiility in the dependent variable with which to generate
predictive models of weight regain. A minimum of 2% weight regain (vs. baseline) was
required as shorterm weight fluctuations of 2% are commofiBhutaniet al.,, 2017b)

therefore this allowed us to be more certain individuals had regained weight. Studies
included measured body composition bedcand after weight loss, and, if reported,

following weight regain. Studies were excluded if weight loss was achieved by
pharmacological, surgical or moderate to vigorous exercise interventions as these methods
may alter the relationship between weightds and changes in body compositi@haston,

Di xon and OStliesiinehaalthy @eight ihdividuals (BMI <25 kgj/were

excluded due to a lack of weight loss studies in the group. Studies in athletes were excluded
as the dynamic of weight $s in this group varies from the target population (i.e. rapid

weight loss is used to target water and glycogen depletion [36]).
2.2.2.2 Literature search

A literature search was carried out on the 27th of July 2018. MEDLINE, EMBASE and
PubMed databases we searched, and the search strategy employed can be found in
appendix 2.1. Grey literature was searched for thesis articles and a reference search of

relevant articles and reviews was conducted to make sure no relevant material was omitted.
2.2.2.3 Studyselection

References were extracted into Microsoft Excel (2016; version 1805) and duplicates
were removed. A title and abstract screen was conducted initially to remove studies
unrelated to the topic by two authors (JT and ROD). All remaining studiesswigiect to a
full paper screen conducted by the lead author (JT) and one secondary author (ROD, KB or

GF). Discrepancies were resolved by discussion between authors.
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2.2.2.4 Data extraction

Data relevant to the population (sample size, gender, age ani, BNervention
type, intervention and followup duration, weight lost, weight regained (absolute and
relative values) and body composition at a minimum of two points (baseline and following
weight loss) were extracted. Body composition following weigigain was extracted if
provided. Body composition data relating to @@mpartment model (e.g. FM and FFM) was
extracted. Data relating to-dompartment models reported in some studies was not
extracted(Jebbet al., 2007; BosyWestphalet al., 2013)as these studies were limited in
number and theefore not enough data was available to generate statistical models. Where
a single study had more than one discrete grggpsman, Westertefplantenga and Saris,
1997; Nicklagt al, 2001; UusRaskt al., 2010; Soenest al,, 2012; Vinlet al., 2016; Byrne

et al, 2018)these were treatd as separate groups in the analysis.
2.2.2.5 Risk of bias

A modified Downs and Black scale was used to assess risk of bias independently by
two authors (J.T. and R.O.D.). The Downs and Black instrument is an established tool for
determination of thequality of a study within a systematic review and matalysi{Deeks
et al, 2003) Two questions related ttandomisation were removed as randomisation to
groups was not relevant to our outcomes and two questions specific toaasteol and
cohort studies were removed. Three aspects of bias were assessed: reporting (10
guestions), external validity (3 questigrend internal validity (8 questions). The maximum
possible score was 21. High, medium and low risk of bias were assessed as follows: high (>7
reporting; >1 external validity; >5 internal validity); medium (>3 reporting; >1 external

validity; >3 internal &lidity) and low (<3 reporting; <1 external validity; <3 internal validity).
2.2.2.6 Data Analysis

Study characteristics are described as median (range), and outcomes as mean
(standard deviation; SD). Where missing, SDs were calculated from standas] Hr8Ds
were not provided at all time points, they were imputed from previous time points using
last observation carried forward. A random effects metgression model was selected
prior to analysis due to anticipated high levels of unexplained varinatgeen studies. All

meta-regressions were performed using the restricted maximum likelihood method with
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HartungKnapp adjustment. Both of these approaches are recommended as conservative
methods and therefore the risk of type 1 errors was minimi@atHout, loannidis and

Borm, 2014) Two unstandardized outcome variables weised: (1) weight regain (the
absolute difference between weight following loss and at folapy and (2) fafree mass

loss (the absolute difference between FFM at baseline and following weight loss). Absolute
amount (kg) and rate of weight loss (kg/weeklculated as the weight lost divided by

weight loss duration) were used to predict both outcomes (1) and (2). Additionally, the
interaction between rate and amount was entered in both of these models. Absolute FFML
and FML were used to predict outconB.(Prepost correlations were calculated if SD of
change was provided as per Cochrane guidel{rgggins JPT, Gae S, 2011dr where raw

data was provided by authofBosyWestphalet al., 2013) A prepost correlation value of

0.9 was used in the analysis as it was most comframn calculated correlations. A

sensitivity analysis was conducted between the lowest and highest calculated correlation
(0.7-1.0) and this did not change the significance of any results. Results are presented as
unstandardized regression coefficientscd95% confidence intervals;values, R2 values,
measure of heterogeneity (Tawhich is a commonly used metric of heterogeneity in
randomeffects metaanalysigqHiggins, 2008)and all models are presented both with and
without adjustment for baseline BMI. Body mass index was chosen as a covariate due to its
known interaction with body compositn changegHall, 2007) All metaregression plots are
presented infigure 2.2 The metaregression was conducted using Comprehensive Meta

Analysis Software (v3.0; Biostat, Englewood, NJ).
2.2.3 Results

The database search returned a total of 3,441 results of which 2,569 were not
duplicates. Of these, 203 were retrieved fall text screening, resulting in the inclusion of
43 studies which comprised of 52 eligible groups. The main reasons for exclusion included

inadequate weight regain and lack of body composition measurement.
2.2.3.1 Study Characteristics

Study characterigts are presented itable 2.1 Three studies included two
independent groupgNicklaset al., 20QL; Vinket al., 2016; Byrnest al., 2018)and three

studies included three independent grouff@Basman, Westerterplantenga and Saris, 1997;
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UustRasket al,, 2010; Soeneert al,, 2012) Eah group used one or more of the following
methods to achieve weight loss: calorie restriction (n=20), A@mycalorie diet (n=19), low
calorie diet (LCD; n=15), behaviour change intervention (n=2), high protein diet (n=2), high
fibre diet (n=2), alternat day fasting (n=1), high fat diet (n=1), low carbohydrate diet (n=1)
and Medifast diet (n=1). Body composition was measured using dual eneayy X
absorptiometry (DXA; n=21); water displacement (n=6); deuterium dilution (n=7);
bioelectrical impedance (B} n=5) and air displacement plethysmography (ADP; n=4). In 27
studies there was a passive follay period where no contact with participants occurred
(van der Koot al,, 1993; Wadderet al,, 1996; Naget al, 1998; WestertergPlantenga,
Kempen and Saris, 1998; Fogelhethal., 1998;Gallagheset al., 2000; Nicklast al., 2001;
Van Aggeleijsseret al, 2002; Byrneet al,, 2003; McAulet al,, 2006; Jeblet al.,, 2007;
Linnaet al,, 2007; Vogels and WesterteRlantenga, 2007; Diepvers al., 2007; WANGt

al., 2008; Goyenecheat al, 2009; Matsucet al., 2010; Beaverst al, 2011; Senechat al,,
2011; BosywWestphalet al,, 2013; Verhoeét al,, 2013; Water®t al., 2013; Chrignsenet

al., 2013; Von Thuet al, 2014, Aubuchoet al., 2016; Vinlet al, 2016; Catenaceit al,,

2016; Dandanekt al., 2017)whereas 16 studies conducted an active WLM intervention
(Pasman, WesterterPlantenga and Saris, 1997; Brinkwoetral., 2004; Duest al., 2004;
Lejeune, Kovacs and WesterteBtantenga, 2005; Liest al., 2009; UusRaset al., 2010;
Daviset al,, 2010; Marqueuifioneset al,, 2010; Soeneet al., 2012; Verhoeét al., 2013;
Pownallet al, 2015; Vadiveloet al., 2016; Boreét al, 2017; Ryan, Serra and Goldberg,
2018; Byrneet al,, 2018) The median weigHbss period was 13 452) weeks and the
median followup period was 44 (18 249) weeks. The median sample size was 2506,

yielding a total of 2,379 participants, of which 66% were female.
2.2.3.2 Participant Characteristics

At baseline, groups had a median age of 44.8 (30.6) years and a median BMI of
32.9 (27.338.5) kg/ni. Baseline outcome values are reportedable 22. The initial body
weight was 92.9 (9.9) kg, FM was 38.4 (5.6) kg and FFM was 53.4 (7.6) kg.

2.2.3.3 Weight and Body Composition Changes

Changes in body weight and composition during loss and regain are repotiztlen

2.2. The mean weight loss was 10.1 (3.0) kg which accounted for 10.9% of initial bo
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Study Sample size Age BMI (kg/nf)  Weight loss Followup period Body Weight loss  Followup
(gender) (years) intervention composition duration
method (weeks)
Aubuchon 2016 13 (W) 329(4.2) 329(42) VLCD Passive DXA 12 26
Beavers 2011 78 (W) 58.8(5.1) 33.4(3.8) CR Passive DXA 20 52
Borel 2017 144 (M) 48 (8) 30.9 (3.1) CR Nutritional and physical DXA 52 104
activity counselling
BosyWestphal 2013 27 (21W) 36.4(5.9) 354(45) LCD Passive ADP 13 26
Brinkworth 2004 38 (23W) 345(7.7) 345(7.7) CR Dietary guidance DXA 12 52
Byrne 2003 40 (W) 36.3(6.0) 29(11.1) CR Passive DXA 22 52
Byrne 2018 (continuous) 13 (M) 40 (5.2) 34 (3.6) Continuous CR Dietary guidance ADP 16 32
Byrne 2018 (intermittent) 15 (M) 40.3(7.6) 34 (4.3) Intermittent CR Dietary guidance ADP 16 32
Camps 2013 91 (69) 40.2(9)  31.8(3) VLCD Passive ADP 8 44
Catenacci 2016 (ADF) 13 (10) 39.6 (9.5) 35.8(3.7) ADFCR Passive DXA 8 24
Christensen 2016 (control) 64 (51) 61.7 (6.8) 37.9(5.3) LCD or VLCD Passive DXA 16 52
Dandanell 2017 23 (13W) 34 (9.6) 35 (4.8) CR + CBT Passive BIA 12 249
Davis 2010 (MD groQp 45 (34) 43 (10.2) 38.5(6.8) Medifast diet CR Medifast maintenance  BIA 16 24
Diepvens 2007 (placebo) 28 (W) 41.2 (9.3) 28.5(2.2) VLCD Passive Deutrium 8 18

dilution



Due 2004 (HP)
Fogelholm 1998
Gallagher 2000
Goyenechea 2009
Jebb 2007

Lejeune 2005

Lien 2009

Linna 2007
MarquezQuionones 2010
Matsuo 2010

McAuley 2006 (HF group)
Nagy 1998

Nicklas 2001 (ALA)
Nicklas 2001 (PRD)
Pasman 1997 (A)
Pasman 1997 (B)

Pasman 1997 (Contipol

25 (19)
5 (W)
11 (W)
12 (6)
58 (W)

60 (M/W)

27 (16W)
48 (M)
38 (W)
54 (W)
31 (W)
14 (W)
14 (W)
56 (W)
10 (W)
10 (W)

11 (W)

39.8 (8)
41.2 (4)
63.4 (8.5)
37.7(7.1)
46.8 (8.9)

45.1 (10.4)

51
42.7

40.5 (4.3)
55.6 (4.8)
45 (7.9)
58.4 (5.9)
57 (3.7)
61 (7.5)
44.8 (7.3)
38.9 (7)

40.5 (7.1)

30(1.9)
37 (3.1)
33.6 (2.7)
32.3 (5.5)
31.6 (2.5)

29.3 (2.5)

32.6
32.9
32.3(6.9)
27.3(1.9)
36 (3.9)
27.7 (1.6)
33.3 (4.9)
31.8 (4.5)
33.9 (2.8)
32.7 (3.6)

32.9 (4.7)
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High protein CR
LCD + VLCD
LCD

LCD

LCD

VLCD

CR + behaviour
change

VLCD

Dietary CR

CR

High fat CR
LCD

CR

CR

VLCD

VLCD

VLCD

Dietary counselling
Passive
Passive
Passive
Passive

Dietary counselling

Personatounselling or

interactive website
Passive

Dietary intervention
Passive

Passive

Passive

Passive

Passive

High fibre diet

High fibre diet

Passive

DXA

Water
displacement
DXA

BIA
DXA

Deutrium
dilution

DXA

Water
displacement
DXA

BIA
BIA

Water
displacement
DXA

DXA

Deutrium
dilution
Deutrium
dilution
Deutrium
dilution

26

12

16

12

26

26

15

26

15

26

26

26

39

66

25

40

26

26

130

26

90

26

208

52

52

60

60

60



Pownall 2015

Ryan 2018

Senechal 2011

Soenen 2012 (HPLC)
Soenen 2012 (NPNC)
Soenen 2012 (NPLC)
Uusirasi 2010 (Largé)
Uusirasi 2010 (Mediuns)
Uusirasi 2010 (Low)

Vadiveloo 2016
VanAggelLeijssen 202

Van der Kooy 1993
Verhoef2013

Vink 2016 (LCD)
Vink 2016 (VLCD)
Vogels 2007

Von Thun 2014

Wadden 1996

506 (305)
24 (W)
19 (W)
33 (M/W)
33 (M/W)
33 (M/W)
20 (W)
21 (W)
21 (W)

186 (M/W)
15 (M)

32 (15W)
98 (73W)
57 (30W)
58 (30W)
90 (M/W)
20 (W)

12 (W)

58.6 (7)
4576
61.2 (6.0)
50 (12)
50 (12)
50 (12)
421 (3.7)
39.2(5.6)
38.3(5.7)

52.3 (8.9)
38.6 (6.5)

39 (7)
2050

51.8 (14.3)
50.7 (11.4)
49.6 (9.7)
60.1 (5.2)

38.8 (3.4)

35.3 (5.4)
32.3 (4.4)
31.8 (4.0)
36.6 (4.6)
36.2 (4.7)
37 (5.4)

33.3(3.3)
33.1 (4.5)
34.4 (5.5)

33 (4)
32 (2.2)

30.9 (2.3)
31.0 (3.2)
31.3(3.8)
31.0 (3.0)
30.5 (3.5)
28.9 (3)

36.7 (2.1)
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CR

CR

CR

LCD: HPLC
LCD: NPNC
LCD: NPLC
VLCD thenLCD
VLCD then LCD
VLCD then LCD

CR
VLCD

CR
VLCD
LCD
VLCD
VLCD
CR

VLCD

Dietary guidance
Dietarycounselling
Passive

HPLC diet

NPNC diet

NPLC diet

Dietary counselling
Dietary counselling
Dietary counselling

Dietary counselling

Passive
Passive
Dietary guidance
Passive
Passive
Passive
Passive

Passive

DXA
DXA
DXA

Deutrium
dilution
Deutrium
dilution
Deutrium
dilution
DXA

DXA
DXA

DXA

Water
displacement
Water
displacement
Deutrium
dilution

ADP

ADP
Deuterium
dilution

DXA

Water
displacement

52

26

15

12

12

12

12

12

12

26
12

13

12

26

16

156

26

52

36

36

36

36

36

36

78
40

67

44

36

36

104

78

116
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Wang 2008 (Diet group) 15 (W) 58.6 (5.2) 33 CR Passive DXA 20 52

Waters 2013 16 (M/W) 70.6 (3.7) 36(6.4) VLCD Passive DXA 26 104

WesterterpPlantega 298 27 (W) 1953 31.7 (2.6) CR Passive Deutrium 16 52
dilution

Table 2.1 Sample size is presented as number of participants (number of women). M or W denotes a single gender sample. Age gnddgliearas
means (SD) and, where missing, were not provided. Abbreviations: M, men; W, women; CR, calorie restrictiorcdl@ie, diwt; VLCD, very levalorie
diet; CBT, cognitive behavioural therapy; HPLC, high protein low carbohydrate; NPNC, normal protein normal carbohydratemisRirGtein low
carbohydrate; HF, high fat; MD, Medifast, DXA, dual enengy Xbsorptianetry; ADP, air displacement plethysmograpi®yo and Ala refer to two genetic

variants of the peroxisome proliferatractivated receptor gene?A; high fibre supplementation, B; medium fibre supplementatfbow, medium and high

weight loss groups



-37-

Table 2.2 Absolute and relative changes in weight, FFM and FM during weight loss and regain

Study Preweight loss Postweight loss Followup Relative changes in weight, FFM and FM

W1 FFM1 FM1 w2 FFM2 FM2 W3 FFM3 FM3 WL FML FFML WG FMG FFMG
%) (%) (%) (%) (%) (%)

Aubuchon 2016 89 54.6 34.4 80.5 53.1 27.4 88.5 54.7 33.8 9.6 20.3 2.8 9.0 18.7 2.9
(13.9) (12.6) (9.8)

Beavers 2011 89.8 52.2 39.6 78.2 48.6 314 81.9 48.4 33.9 129 20.7 6.9 4.1 6.3 -0.4
(11.2) (5.7) (6.8) (10.7) (6.1) (8.0) (13.5) (5.9) (9.0)

Borel 2017 91.0 65.1 27.3 85.8 64.4 21.6 89.6 64.2 23.5 5.7 209 1.0 4.2 7.0 -0.3
(16.2) (7.0) 3.7) (14.6) (6.7) (6.7) (16.3) (6.5) (4.0)

BosyWestphal 105.6 58.4 47.2 96.6 56.1 38.6 102.2 60.0 45.0 8.5 182 4.0 5.3 13.6 -0.1

2013 (18.9) (8.3) (5.0 (18.9) (9.0) (7.1) (18.9) (12.6) (12.8)

Brinkworth 2004 98.8 53.3 41.1 90.5 50.9 35.0 94.7 51.4 38.9 8.4 148 45 4.3 9.5 0.9
(15.9) (9.9) (10.9) (15.9) (15.9)

Byrne 2003 93.7 51.9 38.7 88.3 50.7 34.6 90.7 49.8 38.3 5.8 10.6 2.3 2.6 9.5 -1.7
4.2) (16.2) (16.2) (3.9 (16.2) (16.2) (4.1) (16.2) (16.2)

Byrne 2018 78.3 40.1 31.7 65.4 38.8 20.5 71.6 39.2 27.0 16,5 35.3 3.2 7.9 20.5 1.0

(continuous) (7.4) 4 (4.4) (6.4) 4) 4) (8.3) (4.3) (5.9)

Byrne 2018 110.2 67.7 42,5 100.2 66.6 35.9 107.2 68.0 41.5 9.1 15.5 1.6 6.4 13.2 2.1

(intermittent) (9.3) (4.8) (8.9) (9.3) (9.3)

Camps 2013 108.6 64.4 44.2 93.1 62.8 31.9 97.5 62.5 35.0 143 27.8 2.5 4.1 7.0 -0.5
(13.5) (8.6) (11) (13.5) (13.5) (11)

Catenacci 2016 92.9 54.2 38.7 83.3 52.4 30.9 87.5 53.8 33.7 10.3 20.2 3.3 4.5 7.2 2.6

(ADF) (12.6) (10.1) (7.2) (11.4) (9.8) (6.9) (13.4) (9.9) (7.8)

Christensen 2016 94.8 53.2 37.7 86.5 50.0 33.9 89.1 52.1 335 8.8 10.1 6.0 2.7 -1.1 3.9

(control) (15.9) (10.1) (9.4) (15.9) 9.7) (9.0) (16.2)

Dandanell 2017 105 54.1 48.0 91.7 52.1 37.8 96.7 52.9 42.0 127 213 3.7 4.8 8.8 1.5
(16.1) (9.3) (10.3) (16.1) (9.3) (16.1) (10.3)




Davis 2010 (MD
group)

Diepvens 2007

(placebo)

Due 2004 (HP)

Fogelholm 1998

Gallagher 2000

Goyenechea 2009

Jebb 2007

Lejeune 2005

Lien 2009

Linna 2007

Marquez

Quionones 2010

Matsuo 2010

McAuley 2006 (HF

group)
Nagy 1998

107.0
(19.2)

111.6
(25.7)

79.0
(8.6)

87.0
(14.3)

96.3
(8.5)

86
(8.1)

89.3
(28.4)

85.8
(8.5)

83.4
(10.4)

99.9
(9.5)

105.3
(10.3)

91.4
(12.9)

66
(7.1)

97.2
(10.4)

65.0
(3.0)

63.8
(11.4)

48.3
(4.5)

54.6
(8.1)

51.6
(8.9)

45.7
(3.0)

58.0
48.0
(5.2)

52.1
(9.1)

61.7
(8.0)

68.8
(7.6)

51.5
41.9
(3.9)

52.4

42.0
(3.0)

47.8
7.7)

30.2
(6.2)

28.5
(5.8)

44.7
(8.9)

40.3
(6.0)

313

37.8
(6.0)

31.4
(5.9)

35.3
(6.0)

36.8
(7.6)

39.9

24.1
4.7)

44.8
(6.8)

94.0
(14.4)

98.0
(23.9)

71.3
(83)

77.6
(14.3)

85.8
(8.5)

77.4
(8.9)

83.8
(24.4)

75.9
(8.7)

77.3
(9.9)

93.6
(9.5)

90.6
(©.8)

82.2
(11.7)

57.4
(6.4)

88.7
(10.5)

62.0
3.0

61.3

46.1
(4.1)

53.4
(8.1)

48.1

44.3
3.1)

56.3

45.7
(6.7)

49.9
(8.8)

60.2
(8.0)

64.1
(7.6)

50.6
40.7
3.4)

49.4

32.0
3.0

36.8

253

20.9
(5.8)

37.7

33.2
(6.5)

275

30.2
(6.6)

27.2
(6.2)

315
(6.0)

26.8
(7.9)

31.6

17
(38)

39.3
(7.2)
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101.0
(19.2)

103.6
(25.2)

74.3
(9.0)

80.8
(14.3)

91.6
(8.5)

83.0
(10.6)

86.5
(27.7)

80.8
(9.9)

80.3
(11.6)

95.9
(9.5)

100.3
(11.7)

86.1
(12.3)

59.6
(7.3)

91.8
(11.3)

60.0
(4.0)

62.3
(10.0)

48.1

53.7
(8.1)

50.4

45.1
(3.4)

56.4

45.9
(5.1)

51.1
(9.3)

60.6
(8.0)

66.9
(8.1)

50.5
40.3
(3.8)

50.4

41.0
(4.0)

41.3

26.1
(7.0)

23.9
(5.8)

41.2

37.9
(8.4)

30.1

34.9
(7.2)

29.0
(7.1)

33.1
(6.0)

33.7
(8.1)

35.6
19.6
(4.8)

41.4
(7.3)

121

12.2

9.7

10.8

10.9

10.0

6.2

11.5

7.3

6.3

14.0

10.1

13.0

8.7

23.8

23.1

16.2

26.7

15.7

17.6

12.2

20.1

13.4

10.7

27.2

20.8

29.5

12.3

4.6

4.0

4.6

2.2

6.8

3.1

2.9

4.8

4.2

2.3

6.8

1.8

2.9

5.7

6.5

5.0

3.8

3.7

6.0

6.5

3.0

5.7

3.6

2.3

9.2

4.3

3.3

3.2

21.4

9.6

2.6

10.5

7.8

11.7

8.4

12.4

5.7

4.6

18.8

9.8

10.8

4.7

1.6

4.1

0.5

4.5

1.8

0.1

0.4

2.3

0.5

4.1

0.0

-1.0

1.9
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Nicklas 2001 (ALR) 72.7 43.0 29.7 60.7 40.5 20.3 64.9 44.8 27.1 165 316 5.8 58 229 10.0
(8.1) (45) (45  (78) (4.0) (47)  (11.8) (45  (8.4)

Nicklas 2001 90.9 426 422 83.3 42.3 37.6 88.7 NA NA 109 07 509 50 NA NA

(PROY (146) (52) (112) (13.8) (5.2)  (10.9) (13.8)

Pasman 1997 () 82.7 39.3 37.0 74.3 39.2 31.0 77.1 NA NA 162 03 34 34 NA NA
(11.2) (37) (82  (11.2) (37 (82 (112

Pasman 1997 (B) 89.9 51.6 38.3 78.6 49.3 29.3 85.6 49.6 36.0 12.6 234 45 78 175 05
(12) (10.2) (13.1)

Pasman 1997 87 49.1 37.9 77.3 47.4 29.9 88.4 49.0 39.4 111 211 34 128 251 3.2

(Control) (5.9) (6.1) (10.1)

Pownall 2015 89.4 51.3 38.1 78.3 49.8 28.5 85.0 51.9 33.1 124 252 3.0 75 120 42
(12.6) (10.6) (12)

Ryan 2018 88 45.3 41.1 80.0 43.8 354 820 434 36.4 9.1 139 33 23 24 09
(147)  (59) (93) (98) (54) (98 (147 (5.9  (9.8)

Senechal 2011  79.3 40.3 36.7 68.6 39.1 27.8 71.1 39.0 30.5 135 243 3.0 32 74 02
(11.1) (45  (84)  (10.2) (3.8) (38)  (124) (41)  (9.4)

Soenen 2012 108.1  63.2 44.9 93.4 60.4  33.0 96.5 59.8 36.7 136 265 4.4 29 82 09

(HPLC) (21.7)  (143) (114) (17.2) (122) (7.00  (17.1)  (11.9) (7.3)

Soenen 2012 1053  57.7 47.6 94.6 55.6 39.0 97.1 56.2 40.9 102 181 3.6 24 40 10

(NPNC) (18.6) (11.1) (122) (17.9) (10.8) (8.6)  (16.6)  (10.7) (8.9)

Soener2012 107.2 585 487 95.0 56.3 38.7 975 573 402 114 205 3.8 23 31 17

(NPLC) (17.7)  (9.8)  (116) (17.2) (9.1) (7.9)  (17.1)  (9.9)  (8.4)

Uusirasi 2010 92.1 47.9 40.6 77.8 45.0 204 811 45.2 32.4 155 276 6.1 36 74 04

(Large) (12.4) (61)  (7.0)  (10.8) (47)  (7.3)  (105)  (5.4)  (7.1)

Uusirasi 2010 92.0 455 427 82.3 43.9 35.0 86.7 44.0 38.9 105 18.0 3.5 48 91 02

(Medium} (16.5)  (7.0)  (10.1) (145) (55)  (10.0) (154)  (6.3)  (10.5)

Uusirasi 2010 94.0 47.3 43.1 884 474 378 92.9 469 423 60 123 -02 48 104 -11

(Low} (15.1) (55) (11.3) (1390 (5.2)  (10.8) (142) (5.6)  (10.9)
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(4.7)

32.2

31.6

33.0

27.3

32.8
(5.7)

33.6
(8.6)

31.0
(7.3)

31.2
(6.6)

433
(8.3)

NA

37.6
(11.9)

32.3
(9.4)

8.9

9.7

7.4

14.9

14.3

10.3

8.2

8.2

19.3

20.1

10.0

12.5

22.7

23.8

7.4

37.5

31.7

19.4

14.0

13.6

35.9

2.8

14.9

24.9

0.4

1.4

3.0

3.1

3.7

3.7

4.5

4.0

6.9

5.1

5.3

4.8

4.5

4.9

2.8

6.9

13.1

4.1

7.7

54

20.4

5.1

3.1

7.2

10.7

11.0

2.8

151

27.0

6.2

10.6

8.2

34.3

NA

6.8

13.1

0.7

0.9

2.8

2.6

4.6

2.6

2.8

3.2

8.1

0.3
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Table 2.2 Absolute and relative changes in weight, FFM and FM during weight loss and regain. Relative changes are calculatedhatatine t Where
data is missing it was not reported. Abbreviations: W, weight; FFMrdatmass; FM, fat mass; Wieight loss; FFML, fdtee mass loss; FML, fat mass
loss; WG, weight gain; FFMG,-fede mass gain; FMG, fat mass gain, LCDchllarie diet; VLCD, very lesalorie diet; HPLC, high protein low
carbohydrate; NPNC, normal protein normal carbohydraté;@Rormal protein low carbohydrate; HF, high fat; MD, Medifast, IPX&\and Ala refer to
two genetic variants of the peroxisome proliferagactivated receptor gené?; high fibre supplementation, B; medium fibre supplementafibow,

medium andhigh weight loss groups
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weight. During weight loss, FFM and FM were reduced by 1.9 (1.0) kg and 7.8 (2.7) kg
respectively, resulting in a 19.6% proportion of the weight lost as FFM. The mean rate of
weight loss was 0.79 (0.39) kggek equalling 0.86%/week. A total of 5.0 (3.0) kg, or 5.4%
was regained in the followp period, comprised of 1.1kg (3.1) FFM and 4.0 (2.7) kg FM,
providing a proportionate weight gain of 21.6% FFM.

2.2.3.4 Effect of Extent and Rate of Weight Loss on WeRggain

Results for the effect of amount and rate of weight loss on weight regain are
reported intable 2.3 and metaregression plots can be foundfigure 2.2 (AB).Both the
amount of weight | &s30629, {H0d)abddhe (atdweghbt)ossO . 7 4) ,
(B=2.06 ( ®=0m4d, p=0.@49) Wérg positirely associated with weight regain in
univariate and BMadjusted analyses. After adjustment for the amount of weight lost, the
rate of weight loss was no longer a significant predictowveight regain (p=0.42). However,
the amount of weight loss remained significantly associated with weight regain when
controlling for the rate of weight loss (p=0.001).

In model 2, the interaction term (rate x amount) was positively associated
with weightregain (p=0.042)igure 2.3, although this reduced to a nesignificant trend
after adjustment for BMI (p=0.09).

2.2.3.5 Effect of Fat Free Mass and Fat Mass Loss on Weight Regain

Results for the effect of FFML and FML on weight regain are reportadlen2.4
and metaregression plots can be foundfigure 2.2 (€D). In a univariate analysis, both
FFML (B=1.04=00120,p%2080)1L7)Rand @B, (B=0.61
p<0.001) predicted weight regain and these results remained simtiar adjustment for
BMI. After adjustment for FFML, FML remained significantly associated with weight regain
(p<0.001) but FFML was no longer associated with weight regain after adjustment for FML

(p=0.15). These results were similar when adjusted for bas&MI.
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Table 2.3Rate and amount of weight loss as predictors of weight regain (n=52)

Unadjusted Adjusted for baseline BMI
B (95% CI) R Taw p-value B (95% Cl) R Tauw p-value

Predictors (univariate)

Weight loss (kg) 0.50 (0.25, 0.74) 0.29 5.23 <0.001 0.50 (0.24, 0.76) 0.28 7.61 <0.001

Rate of WL (kg/wk) 2.06 (0.01, 4.11) 0.06 6.94 0.049 2.05 (0.00, 4.10) 0.06 7.38 0.049
Model 1 0.28 5.32 <0.001 0.28 5.56 0.002

Weight loss (kg) 0.46 (0.13, 0.72) 0.29 0.001 0.47 (0.19, 0.74) 0.001

Rate of WL (kg/wk) 0.80 ¢1.17, 2.77) -0.01 0.420 0.73 €1.30, 2.77) 0.470
Model 2 0.35 4.83 <0.001 0.33 4.97 <0.001

Weight loss (kg) 0.11 ¢0.30, 0.53) 0.29 0.568 0.09 ¢0.43, 0.62) 0.31 0.720

Rate of WL (kg/wk) -3.41 €7.89, 1.05) -0.01 0.420 -3.83 (9.65, 1.98) -0.01 0.190

Amountx rate 0.45 (0.02, 0.89) 0.07 0.042 0.50 ¢0.10, 1.08) 0.04 0.090
Table239 FFSOG aAil Sa I NB dzyaidl yRIFENRAT SR | O2STFTAOASY (i amoNdsdniNiBié B weight Ws3. dzy A (1 (

Model 2 included amount and rate of weight loss and their interaction. Abbreviations: WL, weight loss
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Figure 2.2Linear metaregression plots showing (A) the association between weight loss and weight regain,g&3atiation between the rate of weight
loss and weight regain, (C) the association between fat mass loss and weight regain and (D) the association betwemadatlbee and weight regain.

Abbreviations: FM; fat mass, FFM, fat free mass

Weight regain (kg)

HWL (13kg)

1 LWL (7kg)

LR (0.4kg/week) HR (1.2kg/week)



- 46 -

Figure 2.3Interaction between rate and amount of weight loss and subsequent regain illustrated using a 3D bar chart with two ghotwyps hentels.

Simple slopes analysis was used: one standard deviation was added (high) and removed (low) from the meaeachuadaierating variable. This was

then entered into the interaction regression equation to generate weight regain values under 4 possible conditions. idbbréwatow rate; HR, high

rate, LWL, low weight loss; HWL, high weight loss

Table 2.4Fat nmass and fafree mass loss as predictors of weight regain (n=52)

Unadjusted

Adjusted for BMI

B (95% CI) R
Predictors (univariate)

FFM loss (kg) 1.04 (0.20, 1.87) 0.12
FM loss (kg) 0.61 (0.35, 0.87) 0.37
Model 1 0.40
FFM loss (kg) 0.55 ¢0.20, 1.32) 0.03
FM loss (kg) 0.54 (0.27, 0.81) 0.37

Taw

6.51
4.62

4.45

p-value

0.017
<0.001

<0.001
0.150
<0.001

B (95% Cl) R
1.0(0.10, 1.89) 0.10
0.60 (0.33, 0.87) 0.35
0.37
0.54 ¢0.28, 1.35) 0.02
0.57 (0.27, 0.87) 0.35

Tal?

6.68
4.76

4.88

p-value

0.030
<0.001

<0.001
0.170
<0.001

Table249 F¥FSOG aAil Sa IINB dzyaidl yRIFENRAT SR

Abbreviations: FFM; fdtee mass; FM, fat mass
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2.2.3.6 Effect of Extent and Rate of Weight Loss on Fat Free Mass Loss

Results for the effect of amount and rate of weight loss on FFML are reported in
table 25. The amount of weight lostas positively associated with the degree of FFML
(p=0.20 (0.21, 0.30), R2 = 0.37, p<0.001) wh
wi t h FFME.2Z, B.34)) R25®.04( p=0.15). These results remained similar after
adjustment for BMI. Whe both amount and rate of weight loss were entered, amount
(p=0.003) but not rate (p=0.92) of weight loss was associated with FFML in both unadjusted
and BMiadjusted models. In model 2, rate of weight loss, as well as the interaction between

rate and amout showed a trend after adjustment for BMI (p=0.072 for both).
2.2.3.7 Risk of Bias

Results for risk of bias can be found in appendix 2.2. One study had high risk of bias
(Diepvent al., 2007), four studies had low risk of bifgan Aggeleijsseret al., 2002;
Goyenecheat al, 2009; Beaverst al,, 2011; Water®t al,, 2013)and all other studies had

medium risk of bias. No studies were deemed to worthy of exclusion due to bias.
2.2.4 Discussion

This is the first systematic review anteta-regression to investigate the associations
between the amount, rate and composition of weight loss and weight regain following
clinically significant weight loss in overweight and obese participants engaged in weight
management interventions. Usingithapproach, 43 studies were examined which included
52 groups comprising 2,379 individuals. The average durations of the study were typical of
therapeutic weight loss interventions, with a weight loss period of ~3 months and a follow
up period of ~9 montk. It was found that both the amount and rate of weight loss were
positively associated with the amount of weight regain, and further, that a significant
interaction between both factors predicted weight regain. Specifically, rate of weight loss
became atsonger predictor of weight regain at larger amounts of weight loss but had
minimal effect at lower amounts. Second, both FFML and FML were predictors of weight
regain, although the effect of FFML was attenuated after adjustment for FML. Lastly,
amount, bu not rate, of weight loss was positively associated with FFML, and observed a

trend for their interaction to predict FFML.
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Table 2.5Rate and amount of weight loss as predictors offfae mass loss during weight loss (n=52)

Unadjusted Adjusted for BMI
B (95% CI )R Ta?  p-value B (95% CI R Tauw p-value
Predictors (univariate)
Weight loss (kg) 0.20 (0.11, 0.30) 0.37 0.45 <0.001 0.19 (0.09, 0.29) 0.37 0.45 <0.001
Rate of WL (kg/wk) 0.56 €0.22, 1.34) 0.04 0.70  0.150 0.57 €0.18, 1.33) 0.12 0.63 0.130
Model 1 0.36 0.46  <0.001 0.35 0.46 0.002
Weight loss (kg) 0.2 (0.10, 0.30) 0.37 0.003 0.18 (0.07, 0.29) 0.37 0.002
Rate of WL (kg/wk) 0.15 ¢0.57, 0.88) -0.01 0.920 0.10 €0.65, 0.84) 0.02 0.790
Model 2 0.37 0.45 <0.001 0.40 0.71 0.001
Weight loss (kg) 0.38 (0.13, 0.63) 0.37 0.004 0.38 (0.138,0.63) 0.37 0.003
Rate of WL (kg/wk) 1.84 ¢0.58, 4.26) -0.02 0.130 2.25¢0.218,4.71) -0.02 0.072
Loss*Rate -0.21 ¢0.48, 0.06) 0.02 0.120 -0.25 ¢0.52, 0.02) 0.03 0.072

Table259 FFSOG aAl Sa IcoBicietty rapieseyitiRd uNiRchahg® Per 1kg FFM lost. Model 1 included amount and rate of weight loss. Model

2 included amount and rate of weight loss and their interaction. Abbreviations: WL, weight loss
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2.2.4.1 Amount of Weight Loss on Weight Regain

This study aimed to determine whether the magnitude of weight loss was associated
with the magnitude of weight regain. The phenomenon of weight gain following weight loss
is very common and thus prior weight loss is considered a probable predictor oftwgeigh
regardless of the method of weight lo§sranzet al., 2007b) However, whether there is a
direct association between the magnitude of weight lost and subsequently regained under
conditions of therapeutic weight is less clear. In the present study, greater weight loss
predicted greater weight regain. This is in a@ast to other findings which have suggested
that greater weight loss during a weight loss intervention is associated with more successful
weight loss maintenancgBjorvell and Réssner, 1992fféry, Wing and Mayer, 1998; Astrup
and Roéssner, 2000; van Baglal,, 2003; Elfhag and Rossner, 2005; Wadeleal., 2011)
and, in their conceptual review on factors associated with weight loss maintenance, Elfhag
and Rossner (2005) identified greaigitial weight loss as a key predictor of successful
weight loss maintenancgelfhag and Rossner, 200%) contrast, some studidsave
reported that greater weight loss has been associated with greater weight réigesteret
al., 1997; McGuiret al,, 1999) (Sbrocceet al,, 1999)or found to have no associatigBarte
et al, 2010; Gilislanuszewskat al., 2018; Inget al,, 2018) As mentioned earlier, the
reason for the discrepancy between these findings may be due to the manner in which

authors define ‘“successful

success as, for exampl e  (Waddenetrak, 20hlaan anethen f >5 %

binary definition.In the present case, both loss and regain were used as continuous
variables, using meteegression to assess their association to avoid this limitation.

Our observations are generally consistent with the set or settling point theories
(Speakmaret al, 2011; Miller, Geisler, Heymsfiekt,al., 2018)which suggests that the
body naturally defends a given weight as well as other ideas suggesting that an asymmetric
regulation of energy balance protects against weight loss thus driving weight regain via
adaptative response@Viiller, Enderle and Bosyestphal, 2016; Blundell, 2018&ollowing
~11% weight loss, about half of this was regained (~5.4%). Howelas, liteen shown that
weight regain can take several yeéksaschnewslet al., 2010)and given that the median

follow-up period in reported studies was 44 weeks it may be that the process of regain was

" meyechogsk to define s s ma i

n
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ongoing in many individuals. While the reasons for this tendency to regain weight are not

fully understood, a range of physiological homeostatic pathways as wetlyabgogical

and behavioural determinants have been implicated in influencing weight relapse (see

MacLearet al,, 2011; Sumithran and Proietto, 2013; Greenway, 2@d5)eviews). Indeed,

the present results are in line with the idea that the greater the amount of weight loss

achieved, the greater physiological resistance to weight loss individuals undergo.
Importantly, studies in which weight loss maintenance wasea@d (based on

group averages) during the follewp phase were not included. The inclusion of these

studies would have resulted in a significant reduction in the variability of the outcome

variable (weight change at folloup) and this would have consttice d t he model ' s
identify predictive factors. As such the present analysis provides associations with weight

regain, but not necessarily weight loss maintenance success.

2.2.4.2 Rate of Weight Loss on Weight Regain

This study aimed to determinehgther the rate of weight loss was associated with
the magnitude of weight regain. A significant and direct association was observed between
the rate at which weight was lost and the amount subsequently regaified .effect of rate
of weight loss on subsegnt regain is unclear; it has long been suggested that gradual
weight loss brought on by small changes in lifestyle produce more manageable changes for
longterm maintenancgWadden, Fster and Letizia, 1994; Sbrocebal., 1999; Lutegt al,,
2008)and as such this advice has been adapted into some public health guidelines
(Dietitians Association of Australia, 201Respite this, some evidence has challenged this
contention by suggestonthat rapid weight loss is not associated with weight reg@oubro
and Astrup, 1997; Purcadt al, 2014; Vinlet al, 2016)and, in some cases may actually
provide more beneficial lorterm weight outcomegNackers, Ross and Perri, 2Q1i@)each
of these studies, authors compared two discrete rates (e.g. rapid vs gréeluaellet al.,
2014)or LCD vs VL@Winket al., 2016), showing that rate did not affect the magnitude of
regain. However, often the followp durations of these studies may not permit enough
time for greater weight recover (e.g. 9 months in Vink et al), thus limiting the ability to make

a comparison betweedifferent energy deficits
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In the present analysis, studies employing a wide range of caloric deficits ranging
from 500 calorie VLC@Basnan, WesterterpPlantenga and Saris, 1997; Van Adggjssen
et al, 2002; Diepvenst al., 2007; Vogels and WesterteRlantenga, 2007; Camps, Verhoef
and Westerterp, 2013; Verhoet al., 2013)to less stringent, mild caloric restrictions of
around 29346 over longer periods of half a year to one y@dicklaset al, 2001; Duest al.,

2004; Von Thuet al,, 2014; Pownakt al,, 2015; Vadiveloet al, 2016; Boreét al,, 2017;
Ryan, Serra and Goldberg, 20%8¥e included. Consequently, a highriahility in the rate

of weight loss was observed, ranging from 0.1 to 1.8kg/week allowing us to use rate as a
continuous covariate rather than a binary or categorical variable (as is the case when
comparing two rates). Moreover, this is the first studyingestigate the continuous
relationship between rate of weight loss and subsequent regain. Further study is required
using individual level data to confirm the effect of the rate of weight loss on weight regain,
preferably with longer followup durationsin the region of 23 years to follow weight regain

to be more appropriately assessed.

Importantly, the effect of rate was attenuated when both amount and rate of weight
loss was entered in the same model. This is likely because of collinearity between both the
rate and amount of weight loss. In studies in which a VLCD was used to redgbe, wien
large amounts of loss are reported in a very short time, resulting simultaneously in a large
loss at a considerable rate, which may together predispose regain. For example, in one
study(Lejeune, Kovacs and Westerteantenga, 2005)a VLCD was used to reduce body
weight by 11.5% in 4 weeks, of which around half was regained in the following 26 weeks. It
seems likely that the amount of weight lost is the primary determinant of physiological
resistance to weight lossncountered (both in terms of energy expenditure and intake),
explaining why the effect of rate is ameliorated.

Interestingly, a significant interaction was observed between the amount and rate of
weight loss in predicting weight regain. This was the §itgdy to investigate the interaction
between both factors in relation to subsequent weight regainfigsre 2.3suggests, for
individuals losing small amounts of weight, the rate of weight loss is of minimal importance.
As weight loss increases, so ddies influence of the rate on subsequent weight regain. This
interaction may have important clinical implications for making a weight control attempt as
it indicates that if an individual intends to make a substantial weight loss attempt they may

wish to onsider a more conservative method, whereas if only a small amount of weight loss
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is required, the rate at which it is less important for subsequent regain. In particular, this
could be have implications in areas where large amounts of weight lost byareCD

recommended, such as in diabetes treatmé@apsticlet al., 1997; Bhatet al., 2017)
2.2.4.3 Composition of Weight Loss on Weight Regain

To further examinghe relationship between changes in the structure of the body
during weight loss and subsequent weight regain, both FML and FFML were examined as
predictors of weight regain. When entered separately, both FML and FFML predicted weight
regain both in unadjsted and BMhdjusted models. However, the association between
FFML and weight regain became rsignificant after accounting for changes in FML.
Importantly, the combination of FML and FFML in a single model explained substantially
greater amounts of vaance in subsequent regain than when weight loss alone is entered
(R= 40% vs 29% respectively). These data are suggestive of a mechanistic or functional role
of changes in body composition in the aetiology of weight regain in samples with
overweight and obesity who are engaged in therapeutic weight loss attempts. This pwin
potentially similar mechanisms as detected by Dulloo et al in the Minnesota @udipo,
Jacquet and Girardier, 1996jowever, if such mechanisms are existent in these samples
under these weight loss conditions, they are likely to be far more muted than seen in
response to semistarvation in subjects if a body mass icltese to reference man at the
outset of semistarvation.

The finding that FML was positively associated with weight regain is a replicable
finding underpinned by established physiological mechanisms. Indeed, adipocentric theories
of body weight control havbeen central to energy balance research as early as 1953 when
Kennedy posited that fat mass was the key physiological regulator of body weight. Further,
it was suggested that the tissue operates via a lipostatic feedback $ikgratdey, 1953)
later discovered to be the adipocyte hormone lept#hanget al,, 1994) which is known to
be released from adipose tissue and is therefore highly correlated with fat (Bagsizuet
al., 1997) Reductions in leptin which occur during weight IflResenbaunet al., 1997)are
known to both decrease energy expenditM. Rosenbaunet al., 2005)and increase
appetite (Keim, Stern and Havel, 1998; Matsal., 2006)thus predispose increased El, and
these changes may persist for years following weight (8ssnithranet al,, 2011; Fothergill,

Guo, Howard, Jennifer C. Kerasal, 2016a) ultimately influencing weight regain.
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The observation that reductions in FFM was associated with weight regain to a lesser
extent than FM requires further examination. Weight lass$ypically considered to be
comprised of around 25% FFNHeymsfieldet al,, 2014)based on reference values, which
issimilar to what was observed in this study (7.8kg FML vs 1.9kg FFML). Importantly, the
mean reductions in FFM are modest and FFML is also likely to be confounded by water and
glycogen loss, particularly in shorter duration studies. Moreover, due to vhtyah the
measurement of body composition between studies, the error associated with body
composition measurement is inconsistent. For example, significant underestimation of FFML
during WL has been observed in densitometry compared tqBédrenberg, Weststrate
and Hautvast, 189), and inconsistent associations have been observed between BIA and
DXA, with some studies observing an overestimation of FM during weight loss (YsBid
et al, 2009; Let al., 2013) and others an underestimation of fMerdichet al., 2011) This
is a key limitation in the present investigation of the functional role of FFM. The changes in
FFM detected and reported in this analysis were close to the measurement errdvigor t
tissue and probably within the measurement error given that different-teonpartment
body composition techniques were used. The implication of this is that if weight losses were
greater or more consistent measures were made across studies, the aaidritof FFML to
weight regain may have been more pronounced.

Limited evidence exists examining the association of FFML during weight loss on
subsequent weight regain. It has been posited that FFML during weight loss may be a key
regulator of EI which iqbught to increase to restore structural integrity of FFM
compartments(Dulloo, Jacquet and Girardier, 1997b; Stubbal., 2018) Early evidence
supporting this contention was initially collected during the Minnesota Starvation study and
later re-analysis revealed that while loss of both FM and FFM had independent effects of
regain, though hyperphagia and regain persisted folloviihigecovery of FM and
proceeded towards FFM recovery. In their more recent study, Vink et al., (2016) added
support to this model, reporting a positive relationship between FFML and weight regain
foll owing | oss. Accor di mpositomand appetiteé cbtndfcd d s mo d e
(Blundellet al., 2012; Hopkinst al., 2016; Stubbst al,, 2018) under conditions of energy
balance both FFM and FM exert a tonic pull on Eugh its contribution to RMR, whereas
under conditions of sustained negative energy balance (e.g. during weight loss), both

compartments exert an active drive on EI to recover lost tissue through discrete
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mechanisms. Nevertheless, this model is based large crosssectional data in individuals

at energy balance. In the present analysis, longitudinal data on changes in weight and body
composition during loss and regain was collected. From our results, it appears that both
compartments may potentially plajiscrete roles in influencing future relapse, although this
effect was particularly evident for FM. It is likely the analysis was limited in observing a
more pronounced role of FFML due to the minor amounts of FFML which occurred in
studies, as well asseries of methodological limitations related to body composition
methods. Further longitudinal studies at individual level with greater manipulation of FFM
are required to investigate the effects of functional changes in body composition in relation

to weight regain following weight loss.
2.2.4.4Amount and rate of weight loss as predictors of FFML

This study aimed to determine whether the amount and rate of weight loss were
associated with the magnitude of FFMLstrong linear relationship between the amd of
weight loss achieved and FFML was observed. This is not surprising given that weight loss
can only be a function of FML and FFML and thus FFML must occur continuously with weight
loss. Alternatively, the rate of weight loss was not associated V#tLFbut there was a
trend towards an interaction effect which demonstrated stronger associations between the
rate of weight loss and FFML when absolute amounts of weight loss were smaller.

Despite limited evidence, articles in the lay press commonly stigges hat “ | os i n¢
weight too fast can be detrimental to your o
(Nall, 2017)Similar to evidence investigating the effect of rate of weight regain, studies
investigding the effect of rate of weight loss on FFML rely heavily on a comparison between
VLCDs and other, more mild forms of caloric restriction. In a systematic review by Chaston
et al., (2007) authors concluded that VLCDs resulted in greater FFML than althres ¢
restricted diets based on descriptive data, although no statistical tests were conducted to
inferthis( Chast on, Di x o n Sinailarlg, in@o Biore recant studiés Gt was
found that when comparing weighhatched rapid weight lodsy VLCD over 5 weeks to
more gradual weight loss over 115 weeks, rapid weight loss resulted in greater FIE¥iibk
et al, 2016; Ashtartarkyet al,, 2017) Alternatively, the present study aimed to investigate
the continuous relationship between rate of weight loss and FFML. Indeed, it may be the

case that greater B only begins to occur in the context of a very substantial negative



- 55 -

energy balance (e.g. a VLCD). In this analysis, a wide range of rates were included to assess
variability in FFML and found no linear relationship. It was hypothesized that the rate of
weight loss would affect both FFML and weight regain, and that FFML may have provided
the physiological signal to drive weight regain, but our results were not able to support this

model.
2.2.4 5Limitations

The present study has some limitations. Firslywith all metaanalyses, the results
were limited by use of group level, rather than individual data. While this approach may
lend greater power to the observed results, it was not possible to incorporate variability
within studies in some covariates ¢ge BMI) into our models. Furthermore, it was not
possible to adjust for factors such as exercise or dietary composition (both during weight
loss and followup) which may affect the composition of weight loss and subsequent regain.
However, caution was takein excluding all exercise interventions to avoid capturing
exerciseinduced changes in body composition and by using a random effects statistical
model as considerable betweestudy heterogeneity was anticipated. Next, FFML was minor
in most studies whie resulted in limited variability to fully explore its effect on weight
regain. Future studies exploring the hypothesized functional effects of FBMIooet al.,
2017)should manipulate the magnitude of FFML. Importantly, a variety of body
composition methods were used (including DXA, water displacement, deuterium dilution,
BIA and ADP), and this may limit comparability between studies. Furthermore, weight loss
(and, mae so, the composition of the weight loss) predicted weight regain, but the data
was not available to explore a mechanism (particularly in relation to changes in body
composition). Lastly, the analysis was limited to an overweight and obese sample dhee to t
sparsity of weight loss studies in lean individuals. The inability to investigate the effects of
weight cycling on body composition in lean individuals has been discussed previously and is
a known limitation in this areéBosyWestphal and Miiller, 2014)t is hypothesised that the
observed effect of FFML on energy intake and weight gain following weight loss is stronger

in lean individualg¢Dulloo, 2017)although the data was not available to test this.
2.2.4.6Conclusion

This systematic review examined changes in body composition during clinically

significant weight loss and regain, and meg¢gression was used to examine their
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association with the amount and rate of weight lost and subsequent weight regain. The
amount of weight lost was found to be positively associated with weight regain, while the
rate of weight loss appeared only to be sigrafit when high levels of weight loss occurred.
The amount, but not the rate of weight loss affected the amount of FFML observed.
Significant effects of both the amount and rate of weight loss were observed, as well as
their interaction, on weight regainmmiportantly, loss of both FM and FFM compartments
explained greater variance in predicting subsequent weight regain than weight loss alone,
suggesting a potentially functional role of changes in body composition during weight loss.
Heterogeneity of methodbetween studies as well as restriction to an overweight and

obese cohort limited the present analysis. This review underlines the need for more studies
aimed at investigating the relationship between rates of weight loss and changes in body
composition agpotential processes underpinning weight regain. Further research on the
role of functional body composition in lean individuals would provide additional mechanistic

insight.

2.3 Associations between the proportion of fdtee mass loss during weight

loss,changes in appetite and weight regain

In the previous study, some evidence to suggest that structural changes in body
composition which occur during weight loss may have functional importance in the
aetiology of weight regain was found, additive to thapkxned by the magnitude of weight
loss alone. However, it was not possible to fully elucidate this effect in the previous study
for several reasons. The magnitude of reductions in FFM were modest (~1.9kg on average),
and this is limiting for two reason&) this value is within measurement error in some
devices and (b) it is close to the fluctuation which could be expected irenergy balance
related tissues (i.e. water, glycogen and gut wei@gBtjutaniet al., 2017b) Furthermore,
various aspects of the analysis could not be controlled for due to a limited ability to adjust
metaregression models (given the number of studies equals the sample size thus n is
limited), such as considerable heterogeneity in (i) the weight loss period (ranging from 4 to
52 weeks); (ii) the followap period (ranging from 18 to 249 weeks); (iii¢ timethod of body

composition measurement; (iv) the weight loss method or type of diet used and (v) the type
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of follow-up period (i.e. whether an active or passive folaprwas used). Together, these
limitations cloud the observations made.

Furthermore, asociations between changes in body composition and psychological
or behavioural adaptations which may help to explain weight regain were not examined.
Indeed, a common response to weight loss is increased apg&titeithranet al., 2011;

Hintzeet al,, 2017; Sayeet al,, 2018)(with some exceptiongAndriesseret al., 2018a).

Given that weight loss is comprised of coinciding reductions in FM and FFM, it is likely that

both of which may exert independent or integrated effects on appetite and thus energy
intake. One concept, arising initially from L
study(Dulloo, Jacquet and Girardier, 1926)d more recently evolving into a working

hypothesis relating to active and passive roles of fBMIooet al,, 2017; Stubbst al.,

2018) suggests that greater proportionate reductions in FFM occurring during weight loss

actively drive a hyperphagic respge, the behavioural outcome being increased ad libitum

energy intake. The suggested reason for this is that large losses in FFM may threaten the
structural integrity of vital organ@Heymsfieldet al., 2011)

To date, evidence that proportionate FFM changes are associated with hyperphagia
subsequent to weight loss comes from small, select studies during relatively extreme energy
deficits(Keyset al,, 1950; Friedét al., 2000) It is unclear if such effecare apparent in
groups with overweight or obesity engaged in therapeutic weight loss programmes. One
recent study reported that greater fractional loss of FFM (%FFML) was predictive of
subsequent weight regain in 2 groups of obese individuals undergomgderate and
severe caloric restrictiofVinket al., 2016) although the mechanisms relating changes in
body composition to weight regain were niotvestigated. Below, a study is described which
attempts to address this lack of evidence relating to the functional roles of FFM during

weight loss.
2.3.1 Objectives

The following work was a pesioc analysis of the DiOGenes study. The aims of the
invegigation were to:
1) Test the relationships of changes in body composition experienced duringvae!8

LCD in individuals losing8% body weight on weight outcomes at-2@&ek follow

up;
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2) Examine the effects of these body composition changes on appetite pernspn

response to a structured test meal conducted before and after weight loss

It was hypothesised that greater proportionate reductions in FFM would result in (1) greater
weight regain at 2@veek followup and (2) changes in sedported appetite peceptions

indicative of increased appetite in response to a fixed test meal.
2.3.2 Methods
2.3.2.1 Study Design

The present study was a pesbc analysis of the data collected as part of the DiOGenes

study qttp:/ /www.diogeneseu.org/, Clinical Trial Registry number NCT00390@3asen

et al, 2010) The DiOGenestudy was a European muttentre randomised control trial
designed primarily to test the effect of five diets (lgpnotein, lowglycemic index (LPLGI),
high-protein, lowglycemic index (HPLGI), lgpgotein highglycemic index (LPHGI), high
protein, highglycemic index (HPHGI) and a control group (CON)) on weight loss
maintenance outcomes over the 28eek weight loss intervention following at least 8%
reduction in body weight over am8eek period achieved by LCD (Modifast; Nutrition et
Sante, Revel, Fraar The DiOGenes study protocol and primary results have previously
been published elsewhergarseret al., 2010; Mooreet al, 2010) The present suistudy is
concerned with da collected at clinical investigation day (CID) 1 which occurred prior to
weight loss intervention; CID2 at the end of 8 weeks immediately following the LCD and

weight change at CID3, after 26 weeks of the weight loss maintenance intervention.
2.3.2.2 Paticipants

All participants were recruited to the DiOGenes study between November 2005 and
April 2007 from eight European centres, of which three had the necessary data available for
the present analysis and were located in Copenhagen, Denmark; Cambri¢igeotddam,
Germany. Participants had either overweight or obesity (BMI between 27 and 45 &y/m
baseline) and were between 18 and 65 years old. Further information on inclusion and
exclusion criteria can be found elsewhétarseret al,, 2010) In the present study, to test
hypothesis (1), only participants who completed thev8ek LCD with at least 8% weight loss
(set originally by the DiO#Bes study) and haDXA measurements at CID1 and CID2 and a

measurement of body weight at CID3 were included. To test hypothesis (2), those eligible
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for (1) and had additional measurements of appetitive ratings during a standardised test
meal at CID1 andlB2 were included. A participant flow diagram is givefigare 2.4
Procedures followed in the DiOGenes study were in accordance with the Declaration of
Helsinki and approved by local ethics committees in all participating countries. Written

informed corsent was obtained from all participants.

932
Attended CID1

154 Withdrew or
were excluded
during LCD

A 4

778
Attended CID2

480 Did not have
3 two DXA measures
298
Had DXA measures

84 Did not provide
»  weight at CID3

i
2 v 5 had FFML > 80%
= 209
g Attended CID3
169 Did not provide
el ‘ test meal data
(%]
g 40
a Had VAS measures
<

Figure 2.4 Participant flow diagram

2.3.2.3 Anthropometric Measurements

Body weight, waist circumference and body composition were measured as described
previously(Larseret al., 2010) Body composition was measdr using a Zompartment

model (i.e. FM and FFM) by DXA.
2.3.2.4 Standardised Test Meal and Appetite Ratings

Full details of the tesineal protocol are provided elsewhe(@ndriesseret al., 2018a)

Briefly, a homogenous pastased test meal providing 1.6 MJ of energy, of which 61% of
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carbohydrate, 26% was fat and 13% was protein was given around lunch time at CID1 and
CID2. Participants were requestedfést overnight before each test meal and could drink a
maximum of 1 dl water before the test. Participants were instructed to consume all of the
test meal and were free to drink water ad libitum. Visual analogue scale (VAS) ratings were
obtained at 15 mintes before and then at 15, 30, 60, 90, 120, 150, and 180 min after the
start of the test meal. Theisual analogue scal®¥AS for appetite measurement consisted

of a series of 100 mm horizontal lines anchored with extreme appetite perceptions on both
ends of each line (e.g. not at all hungrgry hungry). They were used to answer each of the
following 4 questions: how hungry are you? (not at all huagesy hungry), how full do you
feel? (not at all fulivery full), how strong is your desire to eat? (abtall strongvery

strong), how much food do you think you can eat? (none & &#kge amountjFlintet al,,

2000)

2.3.2.5 Statistical Analyses

Mean and SD for participant characteristics and key variables are provitksulér.6.
All variables reported were assesded normality by visual inspection of QQ plots and
histograms. Analyses were run for all participants and separately for each sex due to known
differences in body composition dynamics between sexes. Proportionate change in body
composition was representeoly the term %FFML which represents an integrated change in
both compartments and not simply a change in FFM (i.e. proportionate fat mass loss (%FML)
= 100- %FFML). Percentage FFML was calculated as the change in FFM during weight loss
divided by totalwe ght | oss (i . e.( QhAaFsFtMY/ nA weDigxhotn) *aln0d0 )OO’
Vinket al, 2016) Percentage FFML values above 80% (n=5) were removed thie being
the greatest reported %FFML which was observed under conditions ofssamation in
lean individualgHall, 2007}herefore were considered erroneous measures. Absolute
weight loss was chosen over relative weight loss as the aim was to investigate percentage
changes body composition and therefore using absolute weight improves interpretability of
body composition changeS.t u d etasts argl chisquared tests were conducted to test
baseline differences between sexes for continuous and categorical variables respectively
(table 2.6§. The associations between baseline body fat and %FFML for both sexes were also
examined inihe with previous observationgorbes, 1987; Hall, 200Which can be found

in figure 2.5
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Next, Pearson correlations were conducted between predictor, outcome and covariate
variables related to initial and changes in body composition and weight. Pearson correlation
was chosen based on visual inspection of the distribution of the variablesghroistogram
and QQ plots which were deemed to be parametfighasemand Zahediasl, 2012)Next,
univariate linear regressions were conducted to investigate crude associations between
predictor and the outcome variables. Beta coefficients were reported as unstandardized
estimates and 95% confidence intervals, represemthe estimate and confidence ofuhit
change in predictor variable per 1kg change in weight outcomes at 26 weeks. Next,
multivariate linear regression models were generated for all individuals and by gender. The
models were adjusted for dietary arm atréhl centre due to previously observed effects on
weight loss maintenanc@.arseret al,, 2010; Alleet al, 2014) Further adjustments were
made for the amount of weight lost (as strong associations between weight lost and
regained has been shown previougyuricchiet al, 2019), as well as initial body weight
and body fat, as proportionate changes in body composition are known to be influenced by
initial body siz€Forbes, 1987; Hall, 200a&hd FFM loss may be more pronounced in leaner
individuals, with potential effects exerted on energy balance regulgfanioo, Jacquet and
Girardier, 1997h)Lastly, interaction effects between sex and the primary predictor (%FFML)
were tested in these multivéate models. Collinearity and multicollinearity were tested by
examining the variance inflation factors of the model variables which are reported in
appendix 2.3(of which none were deemed to be highly covaried). Scatterplots were
produced to visualise nia effects.

To test whether differences in the composition of weight loss were associated with
changes in appetite measured over the duration of a standardized test meal, total area
under the curve (AUC) was calculated using the trapezoid mdfPassser et al., 2003)
consistent with a previous analysis of this déadriesseret al,, 2018a) Change in total
AUC for hunger, fullness, desire to @aid prospective consumption between CID1 and CID2
(i.e. CID2- CID1) were calculated. Lastly, the association between %FFML and change in
appetite perceptions was assessed using Pearson correlation following visual inspection of
QQ plots and histograms hyhich they were deemed parametric. In a final step, the effect
of appetitive changes in the available group of weight change at 26 weeks by Pearson
correlation was examined. This sabalysis is documented appendix 2.4 In addition to

examining propolibnate change in body composition, independent relative change in both
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FM and FFM compartments from baseline was calculated and used these variables to
predict both (1) weight regain at 26 weeks and (2) changes in appetite perceptions. The
specifics of thg analysis are expandedappendix 2.5.Since the present study is a pdsic
exploratory analysis, adjustment for the testing of multiple outcomes was not employed
(Althouse, 2016)All significance testing, unless otherwise stated, was performed using an

alpha level of 0.05. All statistical analyses were conducted in R versionv@balr{
project.org).

2.3.3 Results
2.3.3.1 Participant Characteristics

Baseline characteristics are reportedi@ble 2.6. A total of 209 participants were
included in the primary analysis, of which 132 were females. There was no difference in age
between sexesdMales were heavier and had greater FFM than females at baseline, and
females had greater FM than males. Males lost greater amounts of absolute (13.0 (4.0) vs
10.1 (2.7) kg, p<0.001) and relative (12 (3.3) vs 10.7 (2.4) %, p=0.002) weight than females,
of which a greater proportion was FFM (35.3 (16.3) vs 27.5 (15.8) %, p<0.001). Lastly, males
regained more weight during the 28eek follow up period than females (2.9 (4.7) vs 0.8

(4.7) kg, p=0.001).

Table 2.6 Subject Characteristics

Total (n=209) Male (n=77) Female (n=132) p-value
209 77 132

Age (years) 42.4 (5.7) 42.3 (5.8) 42.5 (5.6) 0.804

Country (%) 0.283
Denmark 95 (45.5) 38 (49.4) 57 (43.2)
UK 51 (24.2) 13 (16.9) 38 (28.8)
Germany 63 (30.1) 26 (33.8) 37 (28.0)

Diet Arm (%) 0.544
LPLGI 39 (18.7) 13 (16.9) 26 (19.7)
LPHGI 34 (16.3) 10 (13.0) 24 (18.2)

HPLGI 51 (24.4) 23 (29.9) 28 (21.2)
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42 (20.1)

43 (20.6)
99.58 (16.25)
40.07 (10.25)
59.05 (12.40)
40.26 (7.60)
59.74 (9.21)
-11.17 (3.52)
-11.19 (2.84)
30.37 (16.38)

1.57 (4.78)

17 (22.1)

14 (18.2)
108.78 (14.84)
36.12 (9.49)
72.26 (8.03)
32.84 (5.18)
67.16 (4.12)
-13.04 (3.96)
-11.99 (3.30)
35.31 (16.29)

2.94 (4.71)

25 (18.9)

29 (22.0)
94.21 (14.58)
42.37 (10.00)
51.34 (6.64)
44.59 (4.99)
55.41 (3.11)
-10.08 (2.71)
-10.72 (2.43)
27.49 (15.79)

0.77 (4.65)

<0.001

<0.001

<0.001

<0.001

<0.001

<0.001

0.002

<0.001

0.001

Table 2.6 Baseline characteristics collected at clinical investigation day 1. Mean (SD) are reported

for absolute values or percentages where stated. Weight loss was calculated as the difference before

and after thedietary intervention, and relative weight loss was this value as a percentage of baseline

weight. Percentage fafree mass loss (%0FFML) was calculated as the fraction of weight lost as FFM
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mass (FFM), fat mass (FM); higiotein, low glycemic index (HPLGI), kigbtein, highglycemic

index (HPHGI); loyrotein, lowglycemic index (LPLGI), lpwnotein highglycemic index (LPHGI);

percentage faffree mass los@oFFML).Ralues denote results of studenttests for continuous

variables and ckéquared tests for categorical variables between males and females.

2.3.3.2 Weight change at 26 weeks

Univariate regression results predicting weight change at 26 werekpravided intable
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relationship between %FFML and subsequent weight changé ateeks is shown iigure

2.6.
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Table 2.7Univariate regression analyses predicting weight regain at 26 weeks

All (n=209) Males (n=77) Females (n=132)

Predictor B Coeffici Pvalue R B Coeffici Pvalue R B Coeffici Pvalue R

(95% Cl) (95% Cl) (95% Cl)
Age (years) 0.091 ¢0.023, 0.204) 0.119 1.2% 0.043 €0.14, 0.226) 0.747 0.3% 0.126 ¢0.014, 0.266) 0.081 2.3%
Baseline weight 0.020 ¢0.020, 0.060) 0.326 0.5% 0.031 ¢0.041, 0.102) 0.263 1.6% -0.034(-0.088, 0.021) 0.224 1.1%
(ka)
Baseline FFM  0.085 (0.034, 0.136) 0.002 4.8% 0.107 ¢0.024, 0.237) 0.080 3.3% -0.003 ¢0.124, 0.117) 0.959 0%
(kg)
Baseline FM -0.075 ¢0.138,-0.012) 0.020 2.6% -0.009 ¢0.122, 0.103) 0.968 0% -0.070(-0.149, 0.009) 0.082 2.2%
(kg)
Baseline body -0.160 ¢0.243,-0.077) <0.001 6.5% -0.133 ¢0.337, 0.071) 0.205 2.1% -0.126 ¢0.285, 0.033) 0.122 1.8%
fat (%)
Weight loss 0.267 (0.086, 0.448) <0.001 3.3% 0.401 (0.148,0.654) <0.001 11.4% 0.544 (0.264, 0.824) <0.001 10.0%
during LCD (kg)
FFML (%) 0.038 ¢0.001, 0.078) 0.059 1.8% 0.070 (0.006, 0.134) 0.039 4.6% 0.002 ¢0.049, 0.052) 0.949 0.1%

Table 2. 7Univariate linear regression analyses predicting weight change at 26 months in 209 individuals following weight losstdfalzrdised beta

coefficient represents 1kg weight change at 26 weeks per unit of the predictor. For example, a beta valu@&f9).@45) kg for weight loss means that
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for every 1kg of weight regained, an average of 0.27 kg (ranging from;@QE®kg of weight was lost). For categorical variables these represent difference

from the reference group.Weight loss was calculatethadifference before and after the dietary intervention, and relative weight loss was this value as a
percentage of baseline weight. PercentagefaNBE S Y| aa f2aa &:CCa[0 gl & OFftOdA I GSR a GKS%g TNI OGA
the dietary intervention. Abbreviations; fiiee mass (FFM), fat mass (FM)fiate mass loss (FFML), LCD {tatorie die}
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%FFML
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Figure 2.5Associations between baseline body fat percentage and proportion of weight léest-fiee mass (%FFML) as measured by duayx

absorptiometry in 209 individuals (men (n=77) given in blue circles; women (n=132) given in red circles) duvirglato® calorie diet. A basic Pearson

correlation resulted in a significant associatiorrf0.18 (p=0.011). The unadjusted linear relationship is represented by the blue line.
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Figure 2.6 Scatterplot and unadjusted linear trendlines showing associations between the proportion of weight lodtessifadss (as measured dyat
energy xray absorptiometry (DXA) before and after aw&ek low calorie diet(LCD)) and subsequent weight change at 26 weeks follow up in all participants

(dashed black line), males (black circles; solid black line) and females (grey trianglegyrégttete). Abbreviations; percentage-fate mass loss (%FFML)



-68 -

2.3.3.3 Changes in appetite

Changes in subjective appetite in response to a standardised test meal before and after
weight loss are reported itable 28 which were indicatig of an overall decrease in
appetite. Associations between changes in appetite and %FFML during weight loss are
illustrated infigure 2.7 In the total group, there was evidence of a weak positive association
with %FFML and change in hunger (r=0.28, p9Gfd a weak negative association with
change in fullness (¥6.30, p=0.054). Associations between %FFML and desire to eat
(r=0.20, p=0.20) or prospective consumption (r=0.09, p=0.71) werssigmificant. In males,
there was a significant positive assdma between %FFML and change in hunger (r=0.69,
p=0.002) and desire to eat (r=0.61, p=0.009) and a weaker association with change in
prospective consumption (r=0.34, p=0.17). Lastly in males, a strong negative association
with change in fullness (¥8.55,p=0.02) was observed. In females, mgnificant
associations between %FFML and change in hunger (r=0.25, p=0.24) and fulk®e2S5, (r=
p=0.26) were observed. No significant associations between %FFML and change in desire to

eat (r=0.18, p=0.39) or prpsctive consumption (r=0.02, p=0.94) were observed in females.
2.3.4 Discussion

In the current study a positive but modest association between %FFML and
subsequent weight change at 26 weeks was observed which was more pronounced in males
than females (whalid not show a significant effect). Initial weight loss more strongly
predicted the magnitude of weight regain. Furthermore, positive associations between
%FFML and changes appetite collected during a test meal before and after weight loss were

observed, #hough these were inconsistent and more pronounced in males.
2.3.4.1 Weight Loss and Weight Regain

Consistent with the results of the metagressionTuricchiet al., 2019)
greater initial weight loss predicted subsequent weight regain, and this was the strongest
predictor variable associated with the primary outcome. In the nretgression in which
there was extremely high levels of betwestudy heterogeneity in study design factors
such as weight loss duration, follewp period, intervention type and sample characteristics,

weight loss
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Table 2.8Selfreported appetite perceptions measured by visual analogue scale in response to a fixed test meal

All (n=40) Males (n=17) Females (n=23)
CiD1 CID2 Change p-value CiD1 CiD2 Change p-value CiD1 CID2 Change p-value
Hunger 6144 4626 -1518 0.051 7926 6102 -1825 0.123 4876 3670 -1207 0.231
(3884) (3004) (3068) (3737) (2890) (2644) (3615) (2695) (3417)
Fullness 10876 12497 1620 0.048 9719 11320 1601 0.191 11651 13217 1566 0.150
(4106) (3115) (3695) (3950) (3008) (3653) (4182) (2986) (3874)
Desire 6725 4837 -1888 0.015 8435 5940 -2495 0.034 5531 4126 -1405 0.151
(3947) (2818) (3381) (3671) (2762) (2864) (3829) (2677) (3776)
Prospective 7071 4929 -2144 0.004 9044 6407 -2637 0.014 5640 3970 -1671 0.070
(3718) (2853) (3351) (3286) (2488) (2878) (3481) (2681) (3699)

Table 2.8Visual analogue scale ratings for hunger, fullness, desire to eat and prospective consumption given as mean (SD) saluaifiamitzd @rea
under the curve by trapezoid method summatinggeated measures beginning 15 minutes before and ending 180 minutes after a fixethgsedatest
meal. Pvalues denote significant differences between clinical investigation days 1 and 2 in each group as tested by-stgtiehlbteviations; clinita

investigation day 1 (CID1) (before dietary intervention); clinical investigation date 2 (CID2) (after dietary intervention)
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Figure 2.7 Scatterplots and unadjusted linear trendlines showing associations between the proportion of weightdtfiteessmass during an-&eek low
calorie diet (LCD) and changes in appetite during the 8 weeks. Results are reported for hunger (red), fullness (gedergatdsine) and prospective
consumption (purple). Figure (A) represented results in thé govaip (n=40); (B) represents the results in males (n=17) and (C) represents the results in
females (n=23). Scores were calculated as the total difference in area under of curve from 8 repeated measures arotesl méakdnd change scores

were catulated as the difference between clinical investigation day 1 and 2. Abbreviations; area under curve (AUC), percépmgeaks loss

(%FFML);.visual analogue scale (WAS
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explained ~29% of the weight subsequently regained, however in the present study this was
reduced to 11.4% and 10% in men and women respectively. It is possible that this difference
was driven by the fact that (a) the variability of weight loss responsssoonstrained by

the intervention (i.e. 8veek LCD) with a minimum of 8% weight loss for inclusion and (b)
mean weight change at 26 weeks was minimum (1.6kg (SD 4.78) %). Together, these lower
the variability in outcome and predictor which can result indest effect sizes.

Nonetheless, this evidence is again inconsistent with the suggestion that greater weight loss
during an intervention is associated with better weight loss maintengktféag and

Rossner, 2005; Waddet al, 2011) Conversely, it may be explainby the physiological
defence (set point) theory that physiological resistance develops to defends a set point or
settling point in body weightSpeakmaret al., 2011) This model riges on the assumption

that body weight is regulated, largely by leptin and additionally insulin, and that reductions

in these anorexigenic hormones which accompany reduced body fatness are key
determinants in the physiological resistance predisposing eiggain. This theory has

been challengedMdller, Geisler, Heymsfiel@t al., 2018) particularlyfor its failure to
account for the asymmetry in any regulation
weight loss but not weight gain, which has been demonstrated primarily as a function of

l eptin’s oper at(Letbad,2008) ani mal model s

2.3.4.2 Fat Free Mass Loss and Weight Regain

Important |l y, the concept of the asymmetri cal
relied on adipocentric mechanisms. The inference of an adipocentric supposition is that
when weight is lost, greater reductions in FM would be associated with greater weight
regan. The inverse hypothesis was tested, originally suggested by Dulloo and colleagues,
who provided that greater amounts of FFML during weight loss were associated with
greater subsequent regain driven by hyperphagic responses of gpbo, Jacquet and
Girardier, 1997bglthough this original observation was under extreme conditions of
starvation in initally lean individuals. A direct association between %FFML and weight
regain was present in males (explaining up to 6.5% of the variance in weight regain) but not

for females. Importantly, this was observed not under extreme conditions, but under
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therapeutic conditions in individuals initially with overweight and obesity. The gender
difference observed has two potential explanations: (1) the existence of gender differences
in the function role of changing in FM and FFM proportions during weight loss dre(23dt

that in females, there was significantly less FFML and variability in FFML, as well as less
weight regain and variability weight regain both resulting in a constrained ability to observe
associations. It is likely that the latter is a more likedplanation for gender differences in

the effect size yet may not fully explain this observation and indeed further research is
required on the role of proportionate changes in body composition on subsequent energy
balance and body weight.

Only one study &s examined the role of %FFML in weight regain, reporting a
significant direct association in 57 individuals losing a mean §\6kget al,, 2016)
thought their analysis was limited to unadjusted correlations. In the present study, the
variance explained by %FFML in addition to weight loss was considered. Additionally,
adjustments were made for initial body size, given that knowledge that (a) priopaite
changes in FM differ as a function of initial body composiffeorbes, 1987)b) functional
effects of changes in body composition (such as increased appetite) are suggested to be
more pronounced in leaner indduals(Dullooet al.,, 2015) Togeher, these provide a more
robust and comprehensive testing of the hypothesis.

In response to debate with a journal reviewer, an additional analysis was conducted
which considered the independent reduction in each compartment (FM and FFM) from their
baselhe values (described in full in appendix 2.5). This was based on the potential for a
signal to be influencing behaviour or weight regain which arose from a single compartment,
rather than the integrated proportionate change in body composition. Followiligsament
for total weight | oss, reductions in FM (AFNMN
regain, though therewasaneni gni fi cant tendency for greate
predict increased weight regain (p=0.065) in males. Althoughgligrtonsistent with the

primary analysis, these results are again weak and reveal unexplained gender differences.
2.3.4.3 Fat Free Mass Loss and Changes in Appetite

The mechanism by which %FFML may be associated with weight regain is unclear.
Greater loss of protein tissues (e.g. muscle and organs) causes greater reductions in EE, but

the effect of these changes on appetite and El are less understood. Increasedeppeti
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following weight loss is observed in m@Bloucetet al., 2000; Sumithraet al., 2011;

Polidoriet al,, 2016) but not all studieglepsenet al,, 2016; Andriesseat al., 2018b) In a
previous analysis of the test meal VAS data collected during the DiOGenes trial, post
prandial appetite in response to the test meal wasm@ased in response to weight loss
(Andriesseret al., 2018b) This is counterintuitive and possible explanations for this
response included: (a) parti@pts were still in a negative energy balance at the time of the
second measure; (b) reductions in gastrointestinal transit time following the&k LCD; (c)
psychological habituation to smaller portion sizes, resulting in greater satiety from the test
med following the LCD.

Similar to Andreissen et al., an overall decrease in appetite during weight loss in our
sub-sample was observed. Sex differences in the relationship between %FFML and appetite
were evident, with stronger correlations in males and wa#ao correlations in females,
again potentially driven by the greater %FFML observed in male participants or the smaller
overall change in appetite between visits in females. To our knowledge only one study has
considered the effect of FFML on chang&lrduring extreme weight loss in lean
individualgDulloo, Jacquet and Girardier, 1997bhe current sidy suggests that the effect
of %FFML on subsequent appetite is evident (albeit relatively weak) in individuals with
overweight and obesity undergoing therapeutic weight loss. It has been suggested that
signals released from protein tissue such as orgahskeletal muscle (referred to as
proteinstats) during weight and FFM loss may act on higher centres to produce this effect
(Dullooet al.,, 2015) In a supplementary analysis (appendix 2.4), association between
change in appetite and weight change at 26 weeks was examined. All correlagons
generally in a direction representative of increased weight change in response to greater
increases in appetite in both males and females, however, most weresignificant,

potentially due to the small sample sizes available (n=17).
2.3.4.4 Changem Body Composition

The fraction of weight lost as FFM is known to be affected by the magnitude of the
energy deficit, with diets such as VLCDs producing proportionately larger reductions in FFM
than less severe caloric restrictiofGhaston, Dixonan@’ B r i e nThe n2&hGFHML in
the present study30.4%)Wwas comparable to that reported by several other studies (31

37%) in which weight reduction was achieved by severe caloric restriction (LCD or VLCD) in
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similar populations with similar weightdseqEstonet al,, 1992; Hoie, Bruusgaard and

Thom, 1993; Janssen and Ross, 1999; BéRaréntet al., 2001) In the present study, large
variability in %FFML was observed, with many individuals losing over 50% of their weight as
FFM, and some gaining FFM during weight loss (a phenomenon also observed by Vink et al.
(2016)). Individuals with %FFML > 80% (n=5%¢wemoved due to this cubff being similar

to the greatest recorded %FFNHall, 2007pccurring during weight loss in extreme

conditions. It was assumed measurement error or substantial water flux might explain these
observations. Removing these outliers decreased apparent effects of the relationships
between %FFML and weight regain reported here but was preferred as a more @aarsibl
conservative approach. There was a negative association between %FFML and weight loss.
This can be explained by the rapid losses of FFM in the initial phase of weight loss which
slows over time, as described previou@fyotkiewski, 2001; Heymsfiedd al., 2011)

However, adjustments were made for both changes in body composition and total weight
loss this association does not confound the obsers#ect.

It is hypothesised that the functional effect of FFM on El is activated by a threat to
the structure of organ and skeletal muscle tissue (i.e. protein) by prolonged negative energy
balance. Early work by Dulloo was based on FFM measurementswarietadjusted for
hydration and relative bone magBulloo, Jacquet and Girardier, 1997Hpwever, 2
compartment models of body composition fail to differentiate between protein, water,
mineral, carbohydrate and other components of FFM. In the first few weeks of weight loss,
changes in total body water are likely to contribute disproportionately to FfHdlymsfield
et al, 2011) Therefore, it is difficult to relate changes irt@mpartment models to the
functional properties of specific components of thesmampartments. To further understand
the functional role of body composition in various states of energy balance, higher
resolution body composition models should be used to estimate the fractional contribution
of water and protein to FFML and estimate chann individual organ weights and mineral
mass(Miller, Geisler, Hubergt al., 2018) Such models, longitudinally aligned with
repeated measuremeistof appetite, EI or EE, may allow caeffect relationships between
changes in body structure and components of energy balance that resist weight loss or

promote weight regain to be determined.
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2.3.4.5 Limitations

The study population was limited to indgliluals with overweight and obesity. It is
likely that a similar percentage of weight loss in a sample with healthy weight would have
led to a greater %FFML, which may have had a more pronounced impact on appetite and
weight regain. Further, repeated VA®=ges during a fixed test meal were used to assess
appetite, however, further research usiagl libitumEIl may provide greater mechanistic
insight. Limitations in sample size for the analysis relating to appetite which was therefore
constrained to simple iariate correlations meant it was not possible to examine whether
changes in appetite perceptions mediated the relationship between %FFML and weight
change. Models may have been better informed by inclusion of physical activity
measurements during the wgit loss and maintenance phases due to interactions between
activity, weight and body composition, though no accurate and consistent measure was
available. Information on loss to folleup and withdrawal were unavailable in this specific
sub-sample and mapave affected observed outcomes. A range of unmeasured
physiological, cognitive and behavioural factors will have also affected the observed
outcomes although the data was not available to adjust for these in our models. Lastly, a 2
compartment model to asess longitudinal changes in body composition used change in
FFM as a proxy for change in skeletal muscle and organ weights which are hypothesised to
be the functional components of FFM, such that the hyperphagic response aims to preserve
these tissues. &, most of FFM change is known to be ramergy related components (e.g.
water, glycogen and gut weighi@hutaniet al., 2017b)but we were not able to

differentiate between these compartments.
2.3.4.6 Conclusion

These data suggest that the composition of weight loss may help to explain
physiological resistance to weight loss via appetitive respgrimgsunder the conditions of
this study the effect was small and variable. In the whole population as well as in males and
females separately, the amount of weight loss was a predictor of weight regain. Functional
effects of %FFML on subsequent appetitel aveight regain were evident in males, but not
in females. These data are partially consi st

%FFML elevating appetite. Relationships between functional changes in body composition
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(measured using more advancetkethods and models) and energy balance behaviours

warrant further investigation.

2.3 General Conclusions

Instability in body weight occurs at both the micro level (such as between day or
week fluctuations) and the macro level, which can represent iddals losing and gaining
weight over months and years. The latter might more formally be referred to as weight
cycling. Importantly, longitudinal and detailed data looking at acute weight instability is
generally unavailable. This is because in traditioeséarch pertaining to body weight
change, measurement of body weight occurs at remote time points (e.gradr@h follow
ups). In the present chapter, this traditional longitudinal framework was employed as a
proxy model of longeterm weight instabiliy by examining weight loss and regain (or a
single weight cycle). This allowed us to investigate the factors impacting a weight cycle by
looking at how the characteristics of weight loss (amount, rate and composition) affect
weight regain, and exploring@otential mechanism (through changes in appetite). Of
course, the underlying assumption is not that this cycle occurs in a vacuum, but instead is
one instance in a series of weight loss and relapse episodes, as is known to occur frequently
in the general ppulation(LahtiKoskiet al., 2005)

Both studies were consistent in showing that during a period of weight reduction,
the magnitude of weight loss was directly associated with the amount of weight
subsequently regained. Importantly, these results were consistent in spite of considerable
differences in the study designs which have been discussed previously. The implication is
that there is resistance to weight loss occurring in response to changes in physiology, and
that this resistance increases with as weight loss progresses. The physibtegistance
referred to functions to modify both energy intake and expenditure, and these responses
were discussed in full earlier (see section 1.3). This does not necessarily imply that the body
is regulated in reference to a set point or settling pastsuggested by some (originally
(KENNEDY, 1953jut, in combination with evidence that weight gain is not strongly
defended againstMiller, Enderle and Bosyestphal, 2016)implies that there is

asymmetry in the homostatic system which predisposes weight regain.
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Given that weight loss is a product of reductions in FM and FFM, this physiological
resistance must be a response to one or (more likely) both of these compartments. The
results of our metaregression providd that reduction in FM, but less so FFM (attenuated
after adjusted for reduction in FM) predicted greater weight regain. This initially sounds
inconsistent with the second study in which %FFML was directly associated with weight
regain. However, the wayhat change in body composition was defined differed: in the
meta-regression analysis, FFML was used as an absolute value (kg) and therefore was closely
associated with weight loss (given that ~80% of weight loss was FM) and FFML was minor
(<2kg). In the MGenes reanalysis, %FFML was considered as a proportion of weight loss,
and as such is the inverse of %FML. This means that an integrated response in body
composition is being used, rather than an absolute reduction from baseline (which is more
representatve of change in body weight). This study also benefitted from (a) use of
individuatlevel data rather than group data (as used in the matalysis) and (b)
consistency in the measurement of body composition used, which was a major limitation of
the metaanalysis. Furthermore, the metnalysis was limited by the minor amounts of
FFML observed (1.9kg), however this value was greater in the second study (4.6kg in men
and 2.7kg in women) and may have allowed for the functional effects of FFML to be
observed particularly in men who’s FFML was subs

The %FFML was shown to predict increases in appetite in response to a test meal,
evidencing one mechanism linking the physiological changes to a psychological outcome
which potentially impacts behaviour, digh ideally a measure of ad libitum energy intake
would be available. Importantly, it had originally been hypothesised that %FFML drives
appetite in initially lean individuals as they have little fat to lose and are at greater risk of
adverse structuralltanges (e.g. organ deterioratio(uloo et al., 2015) However, this

effect (though modest) was observed in an overweight and obese sample for the first time.

2.4 Progressing to Weight Variability

Together, these results function to improve the understanding of the aetiology of
weight regain, and this can be used to partially understand longer weight instability, such
that over longer periods of time, the magnitude and rate of reductions in weaghiyell as

the composition, relate to weight regain. This is important given that previous evidence has
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related instability in body weight to later weight ggicowe, Benson and Singh, 2028p
cardiometabolic diseasgodameet al., 2017) Nonetheless, the infrequent measurement

of body weight is a consisit and unavoidable issue when relating body weight dynamics to
any outcome. To illustrate this problem, siegure 2.8below shows true data collected

from 2 individuals as part of the NoHoW trial (described in chapter 4).

Weight (kg)
Weight (kg)

400

Day of trial

0 200

Day of trial

Figure 2.8 Example data from 2 individuals participating in the NoHoW trial. Data was collected

using WiFi connected smart scales (see sectibfo4 full method

If body weight measurements were made every 12 months (left), or 6 months (right),
then approximate waght stability is assumed. However, if weight is tracked frequently, the
data exposes significant variability with weight cycles in the regiorl@®% occurring which
would go unmeasured in traditional environments. Until recently, the ability to track/bo
weight frequently has been limited, as daily or weekly site visits can be burdensome to
participants and researchers, and sedported data may be prone to biases. In the past few
years, WiFtonnected smart scales which link to a user account whintbeaaccessed by a
network device, allowing data to visualise their weight dynamics over time has become
commonplace, and with it comes considerable new potential for research concerned with
body weight change. In the following this chapters, | move fodfesm investigations

relating to the traditional study of weight change (using a single weight cycle) by examining
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how variability in frequentitracked body weight (shown in the above figure) relates to

physiological and psychological health using nstraltegies and technologies.
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Chapter 3. A Review of the Literature on the Operationalisation of Body

Weight Instability and Its Health Consequences

The evidence presented in the previous chapters suggests that (a) weight loss
attempts are common in theaperal population and (b) weight regain occurs following most
weight loss attempts. As such, it is likely that individeskl instability in body weight is
common and may be represented by cycles of weight loss and regain (i.e. weight cycling),
though many other patterns are possible, such as more acute variability in body weight
occurring at lower magnitudes. This body weight instability has been related to several
negative health consequences in a literature spanning over 30 years, originating in the
animal models of Browne(Brownellet al, 1986)and medical studies of Lissnglissneket
al., 1989, 1990; Stevens and Lissner, 129@) has been a particular focus esearch
attention in the past few years as a risk factor for noncommunicable disease and mortality.
Nonetheless, substantial heterogeneity and limitations of the methods used to examine the
phenomenon may detract from the conclusions reached. A compreberssinthesis of the
health consequences of body weight instability with a focus on a critical evaluation of the
literature has not been conducted previously and forms the basis of this chapter.

In the following section, a comprehensive literature revievgctéhes and evaluates
the existing research relating to (a) the methodological approaches to quantifying body
weight instability; (b) the impact of body weight instability on risk of disease and mortality;
(c) associations between body weight instabilindachanges in health markers and (d) the
associations between body weight instability and weight changes. The review takes a
systematic approach by attempting to examine all available literature but given the width of
topics covered and numerous searcheguired, it does not adhere to a strict systematic
review protocol (such as PICOS which applies to searching, screening, data extraction etc)

such as that provided by Cochrane. A critical commentary is provided throughout.

3.1 Definitions of Weight Instaltity

In order to review the literature on body weight instability, an explanation of the
definition and use of the term is required. Within, the term body weight instability is used as

a blanket term to refer to what authors may refer to as weight cyclgly weight
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variability (BWV) or weight fluctuation amongst other terms. These terms have been, at
times, used interchangeably in research, though do reflect discrete body weight patterns
and discrete methods used to quantify them. For this reasondiffisult to disentangle
research relating to each of these. The following section will focus primarily on the
differentiation between BWV and weight cycling and how their measurement helps to

discern the two.
3.1.1 Weight cycling

Much of the early literaure on body weight instability during the 1990s focused on
weight cycling, which is a nespecific term given to the pattern of weight loss and
subsequent regain. Currently, no existing se
cycl er 'nodwreomha “ycler” or provide consistent
Indeed, this is because weight cycling has numerous dimensions giving it almost limitless
possible definitions. These dimensions include the cycle amplitude (i.e. amount of weight
lost and gained), cycle frequency (i.e. how many times did the cycle occur) and cycle
duration (i.e. over how long did the weight loss and weight regain period occur). No attempt
has previously been made to review the extent of the heterogeneity in the oreagent of
weight cycling, though it is a problem often alluded to by auti{dtackie, SamochBonet
and Tam, 2017)Accordingly, definitions were extracted from a systematic search of the
literature and exclude all measures of calculated BWV which are discussed in a later section.

The definitions of wight cycling are reported irable 3.1 Overall, 67 studies were
found which defined weight cycling in an arbitrary manner. Of these, there were
approximately 37 different definitions of weight cycling used, although this number may
vary dependent on differences in specific wording betweenniiédns which is common.
The most commonly used definitions included
the i fetime”, “number of times | ost and reg
“nNnumber of ti mes9 104% 20496009 ,r exglad (hlelds” 5der i ved
Brownell weight cycling questionnaire. Twersix studies attributed a binary value (i.e.
weight cycler or nosweight cycler), whereas 36 studies defined individuals by categorical
variable. The most commonly used categoss wer e “mi |l d wei ght <cycl e

weight cycl ers which were used 6 ti mes. Ma n

made the assumption that since individuals were overweight or obese at the point of recall,
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the weight lost was regained. A coromapproach used was to quantify the amounts of

weight lost and the number of times the weight was lost and create a cumulative total for

overall weight loss and then assume it was regained.

Table 3.1 Definitions of Weight Cycling

Study name Prospective/  Definition of weight cycling Primary outcomes
retrospective
Djoeke van Dale & Retrospective >=2 times lost and regained >=10kg in RMR, substrate
Saris, 1989 past 5 years oxidation
Kramer et al., 1989 Retrospective At least one cycle d10% body weight ~ Weight
Peggy Ham et al., 198¢ Retrospective At least one cycle of 10% body weight Coronary death
Melby et al., 1990 Retrospective >=10 cycles of 4.5kg RMR
Jeffery et al., 1992 Retrospective Number of times lost 49, 9.122,23 BP, LDL, HDL, TAG,
35, 3645 or >45kg (BWCQ) glucose, WHR
Blaire et al., 1993 Retrospective Loss and gain or gain and loss of 5%  All-cause and cause
specific mortality
Brunner et al., 1994 Retrospective Number of times lost and regained:®%  Binge eating, body
1019, 2649, 5699, >100lbs (BWCQ) image
Haus et al., 1994 Retrospective Number of 5% body weight cycles Physical activity, fat
intake
Kuehnel et al., 1994 Retrospective Number of times lost >= 4.5kg BDI, DAS, ATQ, BH¢
ED#2, TFEQ
Yanovski et al., 1994  Retrospective Number of times lost and regained Binge eating
>10kg
Carmody et al., 1995 Retrospective Number of times lost and regained®% TFEQ, NAS
10-19, 2649, 5099, >100lbs (BWCQ)
Hanson et al., 1995 Retrospective Low cycler<2kg lost and regained; T2D incidence
middle cycler: 24kg lost and regained;
high cycler: >4kg lost and regained
Ferguson et al., 1995 Retrospective At least one cycle of 4.5kg BED
Foreyt et al., 1995 Retrospective Answering "yes" to "are youyo-yo GWB, CESD, ESES,
dieter?" (BWCQ) LCE
Jeffery et al., 1996 Retrospective At least one cycle of 10% body weight All-cause and cause
specific mortality
Bartlett et al., 1996 Retrospective Number of weight cycles of >4.5kg POMS, MMPI, PSES
BESQEWP
Dalle Grave et al., 199t Retrospective Number of times lost >5kg SCH90, EDI, TFEQ
Folsom et al., 1996 Retrospective Smaller cycler: loss and regain of 5%; All-cause mortality,

large cycler: loss and regain of 10%

CVD mortality



Timmerman et al.,
1996
Venditti et al., 1996

Toray et ak., 1997

Kensinger et al., 1998

SimkinSilverman et al.,
1998

Coakley et al., 1998

Carmody et al., 1999

Field etal., 1999

Guagano et al., 2000

Olson et al., 2000

Beniniet al., 2001

Kroke et al., 2002
Ackard et al., 2002
Borges et al., 2002
Wakui et al., 2002
Wannamethee et al.,

2002
Field et al., 2004

Guisti et al., 2004

Lowe et al., 2004

Marchesini et al., 2004

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective
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Number of times lost >9.1kg (20lbs) an
regained >=50% of weight lost

Number of weight cycles of >=10kg

One cycle o15lbs

>=2 cycles of 10% body weight

Number of times lost >4.5kg

Number of times lost >4.5kg

Number of times lost and regained:%
10-19, 2649, 5099, >100lbs (BWCQ)

Mild: 1-2 cycles of 4.5kg; severe: 3 or
more cycles of 4.5kg

>=5 times lost >=4.5kg

>=3 times lost >=4.5kg

Number of previous diet episodes,
cumulative weight lost, cumulative
weight regained

One cycle of >5kg in past 2 years

Lifetimedieting frequency

>=3 times lost and regained 9kg (20lbs

Number of times lost and regained 10%
body weight

Loss and gain of >=4% or gain and los!
>=4%

Mild: 1-2 times lost >=4.5kg; severe: >=
times lost >=4.5kg

>=3 weight reductions of >=5kg and
subsequent regain of >=50% of weight
lost.

Number of times lost: -84, 5-9, 16-14,
15-19, and 20+ Ibs (totateight lost by
calculating times by weight lost)
Number of times lost <5,-50, 1620,
20-30, >30kg

(total weight lost by calculating times b
weight lost)

Binge eating

SCE0-R, EDI, BES,
BDI, PSS, Sb

EDI, SAM, WSDQ

BDI, RSES, BES,
TFEQ, ESES, WECL
SCE0-R

BDI, PSS, STAS, TA

Physical acivity,
eating behaviours,
T\twatching
behaviours

BDHI, GSI, SOD-R,
TFEQ, NAS

Hypertension

Hypertension

HDL

Leptin

Incident T2D

ED#2, DE®D, RSES,
Physical activity

BED

Range of serum
proteins andipids

All-cause mortality
and CVD mortality

BE, physical activity,
weightchange,
eating patterns
Binge eating

Restraint

BES, TFEQ, STL
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Wallner et al., 2004 Retrospectie  >=3 times lost and regained 4kg Regional fat

distribution
Hart and Warriner, Retrospective Number of weight loss programmes Weight loss
2005 attended in past 5 years

LahtiKoski et al., 2005 Retrospective Mild: 1-2 times lost and regained >=5k¢ Medical history,
Severe: >=3 times lost and regained = medication use
>=5kg in past 10 years

Schulz et al., 2005 Retrospective Loss and regain of >=5kg in past 2 yea Hypertension
Nguygen et al., 2007  Prospective One cycle of 3% body weight All-cause morality
Petroni et al., 2007 Retrospective Index of:number of dieting Psychological

attempts/year, BMI change since age 2 distress
and cumulative BMI loss providing a

score of 13
Rzehak et al., 2007 Prospective One cycle of 3% body weight All-cause mortality
Elder et al., 2008 Retrospective One cycle 53.49 BMI units EDE, LOC
Field et al., 2009 Retrospective Mild: 1-2 cycles of 4.5kg; severe: 3 or  All-cause mortality,
more cycles of 4.5kg CVD mortality
Roehrig et al., 2009 Retrospective Lifetime dieting frequency EDE, BDI, TFEQ, BS
RSES, HDOLDL
Strychar et al., 2009  Retrospective Number of times lost >=10kg RMR, body
composition, leptin,
ghrelin, PSS, SES,
BES, TFEQ
Anastasiou et al., 2010 Retrospective Number of times lost-R.5, 35, >6kg in  Body composition,
lifetime insulin,glucose,
HOMA
Arnold et al., 2010 Prospective Number of times lost and regained 5% All-cause mortality
Hooper et al., 2010 Retrospective Number of times lost between 109, Glucose, insulin,
20-49 and >50Ibs HOMA, leptin,
ghrelin, sex
hormones
Lee et al 2010 Prospective Loss and regain of >=3% over a 2 year Body composition
period
Taing et al., 2010 Retrospective Gain and loss of 5% body weight All-cause mortality
Yoo et al., 2010 Prospective Weight change >5% of initial body Body composition
weight within theprevious 2 years
Cereda et al., 2011 Retrospective >=5 times lost and regained >=5kg Regional fat
distribution
Osborn et al., 2011 Retrospective >=1 time(s) lost >= 9.1kg (20Ibs) BP, SSES, BDI, BAI,
TBQ, EB2

Stevens et al., 2012 Retrospective Number of tmes lost and regained 10lb Endometrial cancer
(4.5kg)



-85 -

Mason et al., 2013 Retrospective Mild >=3 losses of 4.5kg; Severe: >=3 Weight loss and

losses of 9.1kg metabolic
improvement
Delahanty et al., 2014 Prospective Number of times lost and regained 5lbs T2D incidence
(2.25kg)
Messier et al., 2014 Retrospective Mild: 1-3 times lost >= 10kg; Severe >= Depressive
times lost >=10kg symptoms
Murphy et al., 2014 Prospective One cycle of 5% body weight All-cause mortality
deZwaan et al., 2015 Retrospective >= 3 times lost >=10kg Reward sensitivity,

selfregulatory
abilities, depression
Aucott et al., 2016 Prospective Some WC: 2.5% lost and regained; All-cause mortality
Moderate WC: 5% lost and regained; and CVD events
Large WC: >10% lost and regained
Yokomichi et al., 2017 Prospective Loss and gain of >=4% or gain and los: T2D incidence
>=4%

Table 3.1Definitions of weight cycling identified in the literature including whether it was

prospectively oretrospectively measured in addition to the outcomes they were compared to

Existing definitions are currently not sensitive to differences in the interaction
between cycle dimensions (frequency, duration and amplitude). For example, many
definitions cannodifferentiate between an individual who has lost and regained 50kg
compared to one who has lost and regained 5kg ten times. Of course, the metabolic,
psychological and behavioural impact of these weight patterns may be differ considerably.
Moreover, theassumption that weight lost can be considered regained is unsubstantiated
and prone to error. For example, someone may have lost 5kg ten times and ended up 20kg
above their starting weight, whereas another individual may end up 20kg below their
starting waght. Furthermore, the duration of a cycle is not addressed. One individual may
lose 10kg in 2 months and regain it over 2 years, whereas another individual may lose 10kg
in 2 years and then regain it over 2 months. These differences in these cycleeguaidi
very likely to impact any outcomes of interest. Measures of weight cycling were almost
entirely collected by selfeport making the results susceptible to biases such as memory
bias (given that questionnaires often refer to the entire adult lifegpeamd social desirability
bias.

Together, these results provide evidence that the measurement of weight cycling is
extremely heterogenous and thus caution should be taking when comparing results of

studies relating to these measures.
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3.1.2 Body Weight Vaaibility

In order to overcome many of the limitations associated with measuring weight
cycling, approaches aiming to estimate the variability around an overall change in body
weight using more mathematical methods have been developed. In a research context,
these variables are more commonly referred to as BWV or weight fluctuation and are often
employed in cohort studies investigating health outcomes. Their use was introduced in a
range of studies by Lissn@rissneet al., 1989, 1990; Stevens and Lissner, 190@pnsider
the effect of BWV on outcomes such ascalise mortality, cardiovascular mortality and
coronary events. In these and similar early studies into BWV, thedfimient of variation
was typically used to estimate BWV which is defined as the standard deviation divided by
the mean and often corrected for the mean weight/BMI or weight/BMI change (in some but
not all studies).

A more commonly used method in morecent studies is the root mean square
error (RMSE) method. RMSE calculates the variability (i.e. error) around the linear
regression between weight and time, by taking the RMSE of the residuals. The method is
described in full, with illustrated examplessaction 4.2.3. Briefly, a linear regression is fit
to the participants weight data and the residuals are extracted which give an index of the
variability around the linear trend. These residuals are then summarized by taking the root
mean square error.

The RMSE method has some limitations which have been discussed previously
(Wing, 1992; Vergnauet al, 2008) A key limitation is the assumption of linearity in
individual body weight trends over time. This limitation is illustratefigure 3.1which
shows real body weight data from two participants of the NoHoW trial (for full info on data
collection, see section 4.1). The participant on the top panel shows a nonlinear weight trend
and in the bottom panel a more linear weight trergdillustrated. The nonlinear weight
trajectory produces residuals with a range of aroundfgfute 3.1B, whereas the linear
trajectory this is ~4. Resultantly, the nonlinear trend provides massively inflated RMSE
values, yet, if two linear trajectoriesere fitted to the loss and regain sections separately

these values would be massive reduced given tiehaped appearance of the trend.
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Figure 3.1Comparison of body weight data from two individuals from the NoHoW trial. The individual shown in the top chart has ar neeilihe
pattern and the bottom participant has a linear weight pattern. A linear trendline has been fitted to the body wemhsdsdtown by the dashed lirfi@n

the right is the distribution of the residuals from the linear regression
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The comparability of BWV estimates by RMSE between individuals with linear and
non-linear weight trajectories is veilymited, though this issue is not addressed in the
research at present. The method has been criticised as it is sensitive to large changes
around the linear trend in body weight of weight change rather than many small changes
which may be more realisticglindicative of weight cycling (Wing, 1992). Furthermore, the
residuals to calculate RMSE are commonly in absolute terms (i.e. kg) and given that heavier
individuals have more weight to fluctuate, RMSE estimates can become positively
associated with body ®ight, an issue which may confound further analyses. The use of
nonlinear regression techniques and calculation of relative (%) residuals may help overcome
these limitation (see section 4.2 for an expansion of these topics).

Comparability between BWV estates in different studies is further reduced by
heterogeneity in (a) the number of weight measures used to define BWV (e.g. the use of 3
(Brancati et al., 1999) to 12 (Bangalore et al., 2017) body weights); (b) the duration between
each body weight measur@ften every 6 or 12 months) which may vary both within and
between subjects within a study, as well as between studies; (c) whether weight is recorded
retrospectively or prospectively; (d) whether weight is gelforted or objectively measured
and (e) he duration of the followup period which has ranged from 2 years (Delahanty et
al., 2014) to 32 years (Lissner et al., 1999). Together, inconsistency in each of these factors
limit the ability to draw consistent conclusions on BWV.

Together these factorBighlight the importance of caution when comparing and
synthesising results in relation to weight cycling and BWV. Many authors choose to employ
the use of the terms weight cycling and weight variability or fluctuation interchangeably
although these termsare unlikely to be measuring identical constructs. One key discrepancy
is that in the definition of weight cycling the intentionality of weight loss in implicit, whereas
in epidemiological studies prospectively measuring BWV, intentionality of weight ebang
are unknown and thus may confound results given that weight loss often coincides with the
pre-mortal stage or serious cardiometabolic disease. To tackle this, some studies have used
both weight cycling and BWV measures within a single study (Folsolm #926; French et
al., 1997; Arnold et al. 2010). In some cases, these different definitions have led to

statistically different results even while assessing the same cohort and outcomes (Folsom et
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al., 1996), further highlighting the need for increasewerstanding and synchronization of

these definitions

3.2 Associations Between Weight Instability and Health Risk

There is strong evidence to suggest that BMI is closely associated with risk of
mortality (De Gonzaleet al,, 2010; Di Angelantoniet al, 2016 and comorbities such as
CVD(Khanet al., 2018)and T20(Ganzet al., 2014) Weight loss of around 5% has been
shown to produce a clinically significant reduction in risk factors for these dis@asdxetes
Prevention ProgranResearch Group, 2002; Rena R Wihgl., 2011a) These topics have
been discussed in greater detail in section 1.1.2. However, weight change (i.e. loss or gain) is
also associated with variability around the trend. This variability occurs both azgte (
within week) and longer (e.g. between years) periods.

In the literature there is now substantial evidence to suggest that this variability is an
independent risk factor for mortality and disease, even after adjustment for overall weight
change. Howesr, these results are often inconsistent and dependent on methodological
limitations and lack of consistency in their use. If it is the cases that BWV negatively impacts
health, then weight loss attempts (which probablistically result in subsequent wesghin)
should be considered carefully and potentially avoided in some indivi§Galsgneet al.,
2019)and indeed, this would be an extremely controversial statement to make.

Previous reviews have attempted to explore the effects of body weight instability on
health, cancluding that there is no effe§Mehtaet al,, 2014)or some(Mackie, Samocha
Bonet and Tam, 20179 significant(Rhee, 2017¢vidence of detrimental effects. However,
each of these reviews fail to consider the entirety of relevant literature and have resulted in
incongruent conclusions. In response, the following section provides a comprehensive
review of the evidence relating bgdveight instability to health. The term body weight
instability is used to group both BWV and weight cycling studies as the literature on both of
these metrics is overlapping. Firstly, the epidemiological evidence exploring relationships
between body weilt instability and risk of mortality or disease is reviewed, and limitations
are discussed. Second, mechanistic evidence linking body weight instability and disease

using evidence from (a) human studies and (b) animal models is reported and discussed.
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Table 3.2Longitudinal studies investigating the effect of weight instability on CVD, T2D and mortality

Study Participant Followup M/R Weight Method of determining weight OutcomegCases) Results
characteristics Duration measures variability
Arnold 2010 n= 3,278 (61% W) 7 M 7 1) CV of weight All-cause mortality (1,072) Compared to weight stability:
BMI= NA 2) WC defined as >5% lost and 1) HR for altause mortality: 1.13 (1.07, 1.20
Age= 72.845.6 gained over lifetime 2) HRfor allcause mortality: 1.20 (1.04, 1.39
Aucott 2016 n= 29,316 (45% W) 5.2 M 4 WC categories: Little (<2.5%), All-cause mortality (743) Compared to weight stability for little, some,
BMI= 33.2+6 Some (2.5 to <5%), Myocardial infarction (MI) moderate and large weight cycling categorie
Age=58.4+12 Moderate (5 to <10%) and (616) respectively:
Diabetics Large (10%+) loss and regain Congestive heart failure Mortality HR: 1, 1.14 (0.94, 1.38), p=0.182;
(CHF) (425) 1.77 (1.41, 2.23), p <0.001; 2.49 (1.68, 3.68
Peripheral Vascular diseas' <0.001.
(PVD) (300) MI HR: 1, 1.15 (0.94, 1.41), p= 0.189; 1.57
Cerebrovascular disease  (1.21, 2.03), p<0.001; 0.99 (0.54, 1.84),
(CD) (360) p=0.976.
CHF HR: 1, 1.68 (1.30, 2.15), p <0.001; 2.0(
(1.46, 2.75) <0@01; 2.23 (1.26, 3.96), p=0.00I
PVD HR: 1, 1.21 (0.90, 1.63), p=0.208; 1.55
(1.07, 2.24), p=0.021; 2.08 (1.06, 4.08),
p=0.034.
CD HR: 1, 1.23 (0.94, 1.60) p=0.131; 1.36
(0.96, 1.92), p=0.085; 1.11 (0.51, 2.42)
p=0.792
Bangalore  n=9,509 (19% W) 4.9 M 12 CV of weight (1 SD = 1.5.1.9kg) All-cause mortality (185) HR for highest vs lowest quintile of WV:
2017 BMI = NA Coronary events (884) Any coronary event 1.64 (1.41, 1.90), p<0.0t

Age=61.8
CAD patients

All cardiovascular events
(1149)

Myocardial Infarction (198)
Stroke (101)

T2D incidence (222)

Any cardiovascular event 1.85 (1.62, 2.11),
p<0.001

All-cause mortality 2.24 (1.74, 2.89), p<0.00:
Myocardial infarction 2.17 (1.59, 2.97),
p<0.001

Stroke 2.36 (1.56, 3.58), p<0.001

T2D incidence 1.78 (1.324D), p<0.001



Blair 1993

Brancati
1999

Delahanty
2014

Diaz 2005

Dyer 2000

Field 2004

n=10,529 (0% W) 3.8
BMI=27.7

Age=46.3

Upper 1015% risk

for CHD

n= 916 (0% W) 15.6
BMI= 23.2+2.4
Age= 22.7+1.8

n=1,000 (68% W) 2
BMI= 33.746.56
Age= 51+11

n= 8,479 (48.8%W) 21
BMI= 24.0+2.8
Age= 44.7+22.1

n=1,281(0% W) 25
BMI= 25.8+3.1
Age=55.3+4.3

n= 46,634 (100% W 6
BMI= 25.645.2
Age= 39.3+4.4

<

7.2
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1) CV of weight

2) WC categories:

(a) loss and gain of >5%
(b) gain and loss of >5%

All-cause Mortality (380)
CVD Mortality (228)

CV of BMI T2D Incidence (35)

WC defined as loss and regain o T2D Incidence (99)
>5lbs (2.25kg)

CV of BMI (WF defined as a sunm All-cause mortality (979)
of deviations > 5.04 BMI units)  CVD mortality

CV of BMI All-cause mortality (686)

CVD Mortality (356)

WC Categories:

(a) Mild weight cycler: losing
>4.5kg three or more times

(b) Severe weight cycler: losing
>9.1kg three or more times

T2D Incidence (418)

For allcausemortality:

1) Regression coefficient for the number of
weight cycles = 0.304, p=0.005

2a) Cycle, lose at end RR: 1.76 (1.23 to 2.5(
2b) Cycle, gain at end RR: 1.53 (1.13 to 2.0

For CVD mortality:

1) Coefficient for the number of weight
change cycles=* 0.379, p=0.006

2a) RR: 1.73 (1.08, 2.79)

2b) RR: 1.89 (1.29, 2.78)

Highest vs lowest weight stability:

RR: 2.1 (1.0, 4.6)

HR for T2D: 1.22 (1.02, 1.48), p = 0.03

Highest vs lowest weight fluctuation group:
All-cause mortality RR: 1.83 (1.25, 2.69)
CVD Mortality RR: 1.86 (1.10, 3.15)

Highest vs lowest quintile of WV:

RR for mortality: 1.11 (1.04, 1.19)

CVD mortality RR for highest vs lowest
quintile of WV:

1.20 (1.1, 1.31)

(a) Mild cycler RR: 1.11 (0.89, 1.37) vs-non
cyclers

(b) Severe cycler RR: 1.39 (0.9, 2.13) vs nor
cyclers



Field 2009 n= 44,876 (100%W) 20 R 10
BMI= 26.3
Age=57.1+6.9
Folsom n= 33,760 (100% W 5 R 5
1996 BMI= NA
Age=62.0
French 1997 n= 33,834 (100% W 6 R 5
BMI= NA
Age= 55%9
Hanson n=584 (66% W) 24 M 5
1995 BMI=31.7
Age= 38.8

Pima Indians

-92-

WC Categories:

(a) Mild weight cycler: losing
>4.5kg three or more times

(b) Severe weight cycler: losing
>9.1kg three or more times

1) RMSE of weight divided into
quartiles

2) WC categories:

(a) small weight cycler: loss and
regain of >5% bodyweight

(b) large weight cycler: loss and
regain of >10% bodyweight

1) RMSE of weight divided into
quartiles

2) WC categories:

(a) small weight cycler: loss and
regain of >5%odyweight

(b) large weight cycler: loss and
regain of >10% bodyweight

RMSE of weight divided into
three tertiles:

(a) low (<2kg cycled)

(b) middle (24kg cycled)

(c) high (>4kg cycled)

All-causemortality (2,882)
CVD mortality (424)

All-cause mortality (702)
CVD mortality (195)

Stroke (457)

Myocardial Infarction (562)

T2D Incidence (914)

T2D Incidence (162 cases)

1a) Alicause mortality RR 0.84 (0.75, 0.93)
CVD mortality RR 0.90 (0.67, 1.19)
1b) Allcause mortality RR 0.90 (0.77, 1.04)
CVD mortality RR 1.10 (0.76, 1.58)

1) Alkcause mortality RR for RBE quartiles:
Q1RR:1; Q2 RR: 1.17; Q3 RR: 1.45; Q4 RI
1.82 (p<0.001 for trend)

CVD mortality RR for RMSE quatrtiles:
Q1RR:1; Q2 RR: 1.12; Q3 RR: 1.15; Q4 RI
1.16 (p=0.2 for trend)

2a) All cause mortality RR: 1.05 (0.6, 1.8)
CVD mortality RR: 1.4 (0.5.2)

2b) All cause mortality RR: 1.32 (0.8, 2.1)
CVD mortality RR: 1.68 (0.8, 3.6)

1) Stroke RR for RMSE quatrtiles:
Q1RR:1; Q2 RR: 0.91 (0.69, 1.21); Q3 RR:
(0.79,1.37); Q4 RR: 1.14 (0.86, 1.51) 20
for trend)

MI RR for RMSE quartiles:

Q1RR:1; Q2 RR: 1.11(0.85,1.44); Q3 RR:
1.08(0.83,1.40); Q4 RR: 1.51(1.16,1.95),
(p=0.008 for trend)

T2D RR for RMSE quatrtiles:

Q1 RR: 1, Q2 RR: 0.84(0.66,1.05); Q3 RR:
1.22(0.99,1.51) Q4 RR: 1.29(1.04,1.60)
(p<0Q001 for trend)

2 data
RR of T2D Incidence in high vs low RMSE
teriles: 1.03 (0.85, 1.25)



Hanson
1996
Cohort A

Hanson
1996
Cohort B

Iribarren
1995

Kataja
Tuomola
2010

Kim 2018

n=572 (0% W)
BMI=32.0

Age= 39
Nondiabetic Pima
Indians

n= 766 (0% W)
BMI=29.8
Age= 52
Diabetic Pima
Indians

n= 6,537 (0%W)
BMI=23.9+3.0
Age= 54.0£5.5

n= 20,952 (0% W)
BMI=25.9
Age=56.9

n=6,748,773

9.1

9.1

145

5.5
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RMSE of weight seperated into
two groups:

(a) low RMSE (<3.2kg cycled)
(b) high RMSE (>3.2kgcled)

RMSE of weight seperated into
two groups:

(a) low RMSE (<2.8kg cycled)
(b) high RMSE (>2.8kg cycled)

RMSE of weight divided into
quintiles

RMSE of weight divided into
quintiles

CV of BMI (reported)

Similar results were obtained
when modelling the variability
using the(1) SD, (2) variability

independent of the mean, and (3

average real variability

All-cause mortality (75)

CVD mortality (22)

All-cause mortality (115)

CVD mortality (19)

All-cause mortality (1217)

CVD mortality (355)

T2D Incidence

All-cause mortality (54,785)

Stroke (22,498)
MI (21,452)

For high vs low RMSE:
All-cause mortality RR: 1.5 (1, 2.1)
CVD mortality RR: 1.1 (0.5, 2.3)

For high vs low RMSE of weight:
All-cause mortality RR: 1 (0.8, 1.3)
CVD mortality RR: 0.9 (0.4, 1.7)

All-cause mortality RR for quintiles of RMSE
(Q1-Q5)

1; 1.14 (0.95, 1.37); 1.07 (0.89, 1.29); 1.01
(0.84 1.21); 1.25 (1.05, 1.48), p=0.27 for
trend

CVD mortality RR for quintiles of RMSE-(Q1
Q5)

1;0.99 (0.69, 1.42); 1.08 (0.77, 1.52); 1.11
(0.79, 1.55); 1.41 (1.63.93), p=0.6 for trend

RR for T2D incidence in highest vs lowest
quintile of WV: 1.36 (1.16, 1.61)

Highest vs lowest quartile

HRforalc ause mortality:
HR for stroke: 1.14
HRforMI : 1. 14 (1.09-1.



Lissner 1990 n= 3,171 (43% W) 32

Nam 2018

Neamat
Allah 2015

Nguygen
2007

Morris 1992

BMI= 25.3
Age=42.8

n=125,391 (38%W) 7
BMI=23.6+3.1
Age=45.7+13

n=53,088 (57% W) 2.5
BMI=27.3
Age=50.0

n=1,703 (62% W) 13
BMI= 26.0+4
Age=70.0

n= 8,232 (100% W) 9
BMI= NA
Age=42.2+2.9

Py

10

3.2
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CV of BMI All-cause mortality (942)
CHD mortality (356)

1) CV of weight All-cause mortality
2) CV of BMI CVD mortality
1) FPCA T2D incidence (643)

2) WC categories

(a) Mild WC: >0.75kg cycled
between measures

(b) Strong WC: >1.5kg cycled
between measures

WC defined as 3% weight cyclec All-cause mortality (547)

RMSE of weight T2DIncidence (355)

In men: RR for atause mortality 1.65 (1.32
2.06)

RR for CHD mortality : 1.93 (1-:357)

In women: RR for atlausemortality 1.27
(1.0:1.67)

RR for CHD mortality: 1.55 (1-221) vs
weight stability

1) HR for altause mortality (weight)
Overall loss: 1.19 (1.05, 1.35)

Overall gain: 1.41 (1.24, 1.60)

HR for CVD mortality

Overall loss: 1.04 (0.78.40)

Overall gain: 1.37 (1.03, 1.83)

2) HR for altause mortality (BMI)
Overall loss: 1.26 (1.11, 1.43)

Overall gain: 1.38 (1.21, 1.57)

HRfor CVD mortality

Overall loss: 1.13 (0.85, 1.50)

Overall gain: 1.33 (0.99, 1.79)

1) HR for T2D incidence bypdori defined

patterns of weight change: 1.36 (1.09, 1.68)
2a) HR for T2D incidence: 1.20 (0.98, 1.48)
2b) HR for T2D incidence: 1.34 (1.03, 1.73)

In men, HR for attause mortality: 1.5 (1.1, 2)
In women, HR for atause mortality 1.3 (1,
1.7)

OR for T2D incidence: 1.10 (1.07, 1.14)
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n= 47,473 (0% W)
BMI= 30.645.1
Age= 63.4+7.3

n= 5,609 (0% W)
BMI=25.5
Age= NA
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WC defined as 5% weight cyclec All-cause mortality (145)

CV of weight

All-cause mortality
CHD
Mi

Average successive variability of T2D Incidence
weight (ASVW) divided into 3
tertiles of weight variability

WC defined by >3.49 BMI units  All-cause mortality (183)

cycled

RMSE of bodyfat (%)vided into  T2D Incidence (425)

quartiles

WC defined as >5%geight cycled All-cause mortality (3,192)

WC categories:
(a) lossgain of >4% weight

All-cause mortality (477)
CVDmortality (186)

(b) gainloss of >4% weight

HR for alicause mortality in men: 1.45 (1.04,
2.03)

HR for alcausemortality in women: 1.61
(1.14, 2.28)

RR for altause mortality: 1.2 (1.0, 1.4)
RR for CHD: 1.5 (1.0, 1.9)
RR for MI 1.5 (1.0, 2.2) vs weight stability

OR for T2D: 1.86; 95% CI +3.86 for highest
vs lowest category of weight variability

All-cause mortality HR: 1.86 (1.31, 2.66)

OR for T2D incidence for quartiles of RMSE
body fat (Q1Q4)

1;0.86 (0.62, 1.17); 0.74 (0.54, 1.00); 0.79
(0.58, 1.08)

HR for alicause mortality: 1.08 (0.79.48)

1a) RR for altause mortality: 1.40 (1.06,
1.85)

RR for CVD mortality: 1.45 (0.98, 2.15)
1b) RR for altause mortality: 1.31 (1.02,
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1.68)
RR for CVD mortality: 1.44 (1.02, 2.04)

Waring n=1,476 (57% W) 10 M 11 FPCA T2D Incidence (217) HR for weight cycling: 1.1 (0.8, 1.5)
2010 BMI= NA
Age=40.0
Yokomichi 20,708 (51% W) 7.4 M 4.9 WC categories: T2D incidence (413) 1a) OR for T2cidence = 0.63 (0.45 to 0.89
2017 BMI=22.3 (a) lossgain of >4% weight 1b) OR for T2D incidence = 0.51 (0.32 to 0.¢
Urban Age=48.9 (b) gainloss of >4% weight
participants
Yokomichi  n=9670 (50% W) 7 M 5 WC categories: T2D incidence (66) 1la) ORor T2D incidence = 1.58 (0.78 to 3.11
2017 BMI=22.6 (a) lossgain of >4% weight 1b) OR for T2D incidence = 0.44 (0.15t0 1.
Rural Age=52.1 (b) gainloss of >4% weight
participants
Zoppini n=565 (51% W) 10 M 7 CV of BMI All-cause mortality (438 for For highest vs lowest tertiles:
2008 BMI=27.7+4.5 both groups) HR for alicause mortality: 1.16 (0.72.86)
Age<65 Age= 56.6+7.7
Type 2
Diabetics
Zoppini n= 754 (63% W) 10 M 7 CV of BMI All-cause mortality (438 for For highest vs lowest tertiles:
2008 BMI= 27.2+3.8 both groups) HR forall-cause mortality: 1.34 (1.63.75)
Age>65 Age=72.7+5.3
Type 2
Diabetics

Table 3.2 Associations between weight instability patterns (i.e. weight variability and weight cycling) and future ristaokalimortality, cardiovascular
disease and type 2 diabetes. Results are generally reported as a risk, odds or hazard ratio when ctivapeaisigoody weight stable group to the most
body weight stable group (reference group). The definition of the measure of instability is included and showing theneétenogefinitions between
studies. Sample sizes are reported as n (% women).e/gherple characteristics are described as NA, data was not available on the group mean.
Abbreviations: M; measured, R; recorded, CV; coefficient of variation, WC; weight cycling, RMSE; root mean square eoerag/sccessive weight
variability, FRCA; functional principle components analysis, T2D; type 2 diabetes, CVD; cardiovascular disease, CAD; coronary arteHDjistskeazard

ratio, RR; risk ratio, OR; odds ratio
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3.3.1 AltCause Mortality

The associations between body wilignstability and risk of mortality and disease
incidence can be found table 3.2 We found 25 studies which assessed the impact of body
weight instability on risk of attause mortality. Of these, 19 reported a significant increase in
the risk of mortdity in the most compared to least weight variable groggsevens and
Lissner, 1990; Bla@t al., 1993a; Peterst al, 1995; Iribarreret al, 1995; Folsonet al,,
1996; Dyer, Stamler and Greenland, 2000; Wannamethee, Shaper and Walker, 2002; Diaz,
Mainous and Everett, 2005; Nguyen al, 2007; Rzeha&t al,, 2007; Arnolcet al., 2010;
Murphyet al,, 2014; Lorna S. Aucadt al,, 2016; Bangaloret al,, 2017; Nanet al., 2018;
Kimet al,, 2018; Ofet al, 2019; Yeboabt al., 2019; Colognet al,, 2019) Reported
increases in risk ranged from an 11% in 1,281 men recruited to the Chicago Western Electric
Company Stud{Dyer, Stamler and Greenlar2D00)to a 149% increased risk in 29,316
Scottish diabetic men and woméhorna S Aucott al,, 2016) Several studies showed
evidence of a doseesponse relationship between body wgéat instability and mortality
(Folsomet al,, 1996; Lorna S Aucat al., 2016; Bangaloret al., 2017; Kirret al., 2018;
Namet al, 2018; Rheet al., 2018; Colognetal,2019) Only one study from
Health Study (n=44,876) reported a significant decrease in risk by 16% in mild weight cyclers
whoselfr eported intentionally [FeldiMalgpeissadd. 5kg t hr
Willett, 2009)and in all other studies results were ngignificant or inconsister{Hansoret
al., 1996; Zoppingt al,, 2008; TaingArdern and Kuk, 2012)

3.3.2 Cardiovascular Disease

Sixteen studies investigating associations between weight instability and risk of
cardiovascular outcomes were found, including risk of CVD mortality (11 studies) and
cardiovascular events (5 studie®)f these, 7 showed increased risk of CVD mortality
(Lissneet al, 1990; Blaiet al., 1993b; Iribarreret al,, 1995; Dyer, Stamler and Greenland,
2000; Diaz, Mainous and Everett, 2005; Kiral., 2018; Nanet al., 2018)ranging from 20%
(Dyer, Stamler and Greenland, 200©89% in a group of 10,529 men from the Multiple
Risk Factor Interverdn Trial considered already at risk of Q¥Bairet al,, 1993). Again,

these risk increases reflect a comparison of the most vs least weight variable groups. In
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contrast, three studies showed no significant associatlesisomet al, 1996; Hansoet al,,

1996; Field, Malspeis and Willett, 20@8)d one studies reported inconsistent results
depending on the direction of the cycle or overall weight chafMyannamethee, Shaper

and Walker, 2002)Five studies measured the effect of weight instability on risk of
myocardial infarction, of which four showe significant increase in rifReterset al., 1995;
Frenchet al,, 1997; Bangaloret al,, 2017; Kinet al., 2018)ranging from 14%Kimet al,,

2018)to 117%(Bangaloreet al., 2017) and one showed no effe¢torna S Aucott al.,

2016) Three studies investigated the risk of stroke, of which two reported an increase in
risk(Bangaloreet al,, 2017; Kinet al,, 2018)ranging from 14%Kimet al., 2018)to 136%
(Bangaloreet al,, 2017)and one showed no effe¢Frenchet al., 1997) Both studies which
measured coronary heart disease reported an increased risk in the least weight stable
group, ranging from 50%®eterset al., 1995)to 93%(Lissneet al,, 1990) Other

cardiovascular events were occasionally investigated. Aucott and colleagues (2016)
observed an increasatkk in congestive heart failure and peripheral vascular disease but
not cerebrovascular disease in the group with the greatest BWV. Cologne and colleagues
(2019) observed increased risk of ischemic heart disease (by 149%) but not cerebrovascular
diseaseYeboah and colleagues (2018) found increased risks of congestive heart failure (by

59%) and microvascular events (by 18%).
3.3.3 Type 2 Diabetes

A total of 15 studies investigated the effect of weight instability on risk of T2D
incidence. Of these, 8 studies reported a significant increase in the risk of developing T2D in
individuals showing the greatest weight instability in comparison to the idasrris and
Rimm, 1992; Frenacét al., 1997; Brancatt al,, 1999; Katajd uomolaet al., 2010;

Delahantyet al., 2014; Bangaloret al, 2017; Rheet al,, 2018; Parlet al,, 2019)ranging

from a 10%Parket al., 2019)in almost 4 million citizens registered in toetlapanese

National Health Insurance System to 11(Bfancatiet al., 1999)in 500 middle aged men.

Only one study showed a significant decrease in risk of T2D associated with BWV in 20,708
urban Japanese residents although no association was found in 9,670 rural Japanese
residents in the same studqy okomichet al,, 2017) Five studies reported no significant
associationHansoret al, 1995; Alison E. Fiedd al., 2004; Waringet al., 2010; Saitet al.,

2017; Zhangt al,, 2017)and one study showed inconsistent associations dependent on the
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magnitude of the cycle, with only larger weiglyctes showing increased riddeamatAllah
et al,, 2015)

3.3.4 Discussion

Overall, the weight of the evidence points towards a potentially detrimental effect of
body weight instability on risk of mortality, CVD and (to a lesser extent) T2D. However,
inconsistency in reults and substantial heterogeneity in study design functions to limit
confidence in the evidence. Notably, the magnitude of the effect sizes vary greatly. In some
studies these are modest (in the region of 10% increased risk) and in others they are
substantial (in the region of 10@00% increased risk). Betwestudy variability in the
method used to quantify body weight instability may provide some explanation. Indeed, in a
recent metaanalysis examining the effect of body weight instability on T2Daigkors
reported that although they found a significantly increased risk, their analysis was limited by
heterogeneity in the methods used to define body weight instability, and as such
synthesising results is likely to be highly susceptible to misclasgifidoias(Kodameet al,,

2017) This limitation can be observed between studies, but also within a single study. For
example, in one study, when body weight instability was analysed using RMSE around the
linear trend and gintiled of severity, authors reported a dosesponse relationship

between RMSE and mortality, however, when defined by weight cycling categories of 5% or
10% loss and regain, no effect was obser{fealsomet al., 1996) In contrast, in one of the
largest investigations into BWV to date, Kim and colleagues (2018) observed a significant
increase in risk of mortality, stroke and myocardial infarction using data éahacted by

the Korean National Health Insurance System (n=6,748,773) and these associations
remained similar while using 4 independent methods of defining BWV.

The direction of the most recent weight change may also be of importance. For
example, in or study the risk of CVD mortality was increased in those who experienced a
gainl oss cycle of =>=4% b ody-gaweycleggohsimjlar roagritudea ot f or
(Wannamethee, Shaper and Walker, 2Q0R)s possible that recent weight loss is
attributable to poor health causing this effect. Another factor which remains inconsistent
between studies is the metric upon which \aility is calculated, such as weight or BMI, or,
as in one study, body fat (¥§aitoet al., 2017) In a recent study, Nam and colleagues

(2019) used the cefficient of variation to quantify variability in both BMI and in body
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weight in relation to risk of CVD mortality and-edluse mortalitfNamet al,, 2019) While

most results were similar, a significantly increased risk of CVD mortality was observed when

weight variability was used in one instance, although this wassigmificant when BMI

variability was used. Indeed, the use of BMI adjusts for variahbiliteight between

individuals and therefore may be advantageous to use in comparison to body weight.
Intentionality of weight change is difficult to assess, particularly in very large cohort

studies. The confounding effect of intentionality in relation twlly weight instability has

been discussed previously in relation to health outcorfdehtaet al., 2014; Kodamat al.,

2017; Mackie, SamocHaonet and Tam, 2017In the studies reported, only a small

minority provided information on intentioality of weight loss. Deliberate weight loss is

typically associated with decreased risk of mortality and disééschevskyet al,, 2015)

whereas unintentional weight loss may be a sign of underlying health conditions such as

malignant disease and thus may increase the risk of mort@ivgchet al., 2017)

Unintentional weight loss may also be attributable to gastrestinal disorders (e.g. gluten

intolerance), psychological disorders (e.g. depresdiamkisclet al., 2001) and

socioeconomic factoréXiaoet al., 2017) Indeed, cancer and other potentially terminal

illnesses have been reported to only account for a small fraction of casesohfntery

weight losgBaicuset al., 2014)and are less probable in the natderly(Gaddey and

Holder, 2014) Therefore, excludig all studies where intentionality has not been assessed,

as done in previous reviewdehtaet al, 2014; Mackie, Samoctgonet and Tam, 2017)

assumes that the large majority of existing evidence is confounded by underlying disease,

even though this is unlikely to libe case. In these reviews excluding a large amount of the

literature, instability in body weight was concluded to have(ktehtaet al,, 2014)or

potentially somgMackie, SamochBonet and Tam, 201 egative impact on health. By

including all evidence investigag body weight instability, our conclusions are inconsistent

with these reviews and instead show evidence of a potentially detrimental health effect of

body weight instability, which, in some studies showed large increases in health risks.

3.3. Mechanismd.inking Weight Instability to Health Risks

While there is extensive evidence relating body weight instability to disease and

mortality, few studies discuss the potential physiological mechanisms through which these
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epidemiological relationships operatew® simplified ways to explain these observations
are possible: (a) that body weight instability acts as an independent risk factor for disease or
(b) that body weight instability produces metabolic adaptations (e.g. increased blood
pressure(Zeigleret al., 2018)), which in turn increase the risk of disease. To test the latter,
longitudinal measures of body weight aligned with cardiometabolic health measurements
allow associations between body weight instability and changes in health markers to be
drawn. Howeverbody weight data which is both frequent and letegm is lacking in
research environments. Instead, much of the evidence examining the associations between
instability in body weight and health markers is reliant on retrospective questionnaires.

To overcone issues associated with measuring body weight instability in humans,
many research groups have opted to apply animal models, specifically mice models, to the
study of body weight instability. The following section reviews mechanistic evidence linking

body weight instability and health coming from (a) human studies and (b) animal models.
3.3.1 Evidence from Human Studies

The mechanisms linking body weight instability to increased risk of disease are
unclear. Several studies have made attempts to quantié/impact of body weight
instability measures (i.e. weight cycling or BWV) on physiological factors, including glucose
and insulin metabolism, blood lipids, EE and body composition among others. A discussion
of the potential physiological effects of bodeight instability is provided. The evidence
relating to each outcome is summarized brieflyable 3.3and studies are divided into

crosssectional and prospective designs.
3.3.1.1 Blood Pressure

Weight loss is known to produce reductions in blood pressara doseesponse
manner though any influence of body weight instability on blood pressure is unknown. We
found 14 studies in which the association between body weight instability and blood
pressure was examined, of which 7 showed significant, posiggeciationgGuagnancet
al.,, 1999, 2000; Kajioket al., 2002; Zhangt al., 2005; Vergnaudt al., 2008; Saitet al.,

2017; Zeigleet al., 2018)and 7 showed no effe¢iVing, Jeffery and Hellerstedt, 1995; Field
et al, 1999; Olsort al., 2000; Graocgt al., 2004; Let al,, 2007; Strychaet al,, 2009; Cereda

et al, 2011)with no studies showing an inverse association. These included a variety of
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study designs including retrospective, prospective and esestional studies. Slightly more
prospective stdies showed a positive effect than no effect (4 vs 3 respectively); whereas

slightly more crossectional studies (which relied on sedfported retrospective weight

Table 3.3Influence of Weight Instability on Markers of Health in Humans

Metabolic Effect Positive Association C/P  Negative {)/no association Cc/P

Increased blood pressure Zeigler 2018 C Strychar 2009 C
Guagano 2000 C Graci 2004 C
Guagano 1999 C Cereda 2011 C
Saito 2015 P Field 1999 P
Vergnaud 2008 P Wing 1995 P
Kajioka 2002 P Li 2007 P
Zhang 2005 C Olson 2000 C
Increased LDL Beavers 2013 P Strychar 2009 C
Graci 2004 C
Wing 1995 P
Li 2007 P
Kajioka 2002 P
Olson 2000 C
Decreased HDL Vergnaud 2008 Kajioka 2002 P
Olson 2000 C Wing 1995
Zhang 2005 C Beavers 2013
Decreased leptin Benini 2001 C Strychar 2009
Forthergill 2016 P
Increased insulin Beavers 2013 P Strychar 2009 C
Graci 2004 C
Decreased insulin sensitivity Beavers 2013 P
Increased glucose Zhang 2005 P Strychar 2009 C
Graci 2004 C
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Vergnaud 2008 P
Olson 2000
Energy expenditure
Decreased RMR (per kg FFM Strychar 2009 C BosyWestphal 2013 P
Kajioka 2002 P
Forthergill 2016 P
Body composition
Increased body fat (%) Dulloo 1996 P Wing 1995
Lee 2009 P Prentice 1992
Beavers 2011 P Fothergill 2016 P
Chmelo 2016 P
Increased WHR Wing 1995 P
Olson 2000
Increased visceral/abdominal Zeigler 2018 C BosyWestphal 2013 P
fat
Banasik 2013 P Van Der Kooy 1993 P
Decreased bone mineral Beavers 2011 P
density

Table 3.3Influence of weight instability on markers of health. Evidence is broken into positive and
negative associations with each outcome which has been previously studied. Studies are dividing into
crosssectional evidence (C) and prospective evidence (Lp$tmbeffects are split into metabolic

effects, effects on energy expenditure and effects on body composition. Abbreviations: EDL; low
density lipoproteins, HDL; higlensity lipoproteins, RMR; resting metabolic rate, FFM; fat free mass,
WHR; waisto-hip ratio

history questionnaires) showed no effect than a positive effect (4 vs 3 respectively). One
study found a positive association between body weight instability and systolic blood
pressure, and reported that this effect was mediated bgraes in visceral f§Zeigleret

al., 2018) which is consistent with the hypothesis that changes in body composition

mediate the relationship between body weight instability and cardiometabolic health
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(Montani, Schutz and Dulloo, 2015&)owever, this is the only study to examine this (or
any) pathway to date. Overall, the association between BWV and blood pressure or changes

in blood pressure is unclear based on current evidence.
3.3.1.2 Cholesterol

Several studies have examined the influence of body weight instability on low
density lipoprotein cholesterol (LBL) and highdensity lipoprotein cholesterol (HBL)
concentrations. We found 8 studies which examined associations wit€l.blL.which seven
found no associationéStrychar et al. 2009; Graci et al.G4Q Cereda et al. 2011; Wing,

Jeffery, and Hellerstedt 1995; Z. Li et al. 2007; Kajioka et al. 2002; Olson et ahrD00g
reported an increase in a study examining changes in cardiometabolic factors over a single
weight cycle in elderly womefBeavers et al. 2013gain, these were a mix of cress
sectional and prospente analyses, three of which examined cardiometabolic changes over
a single weight cycl@Beavers et al. 2013; Kajioka et al. 2002; Wing, Jeffery, and Hellerstedt
1995)and results were inconsistent. Of these, no study attempted to propose a potential
mechanistic link between body weight instability and DL studies which examined
associations between body weight instability and HDWwere identified, of which 3 showed

no effect(Kajioka et al. 2002; Wing, Jeffery, and Hellerstedt 1995; Beavers et al.a2(il3)
showed a negative associatigviergnaud et al. 2008; Olson et al. 2000; Zhang et al. 2005)
bearing in mind tht reductions in HDLC is a detrimental health effect. The three studies
which showed no effect all examined single cycles of loss and regain whereas studies
showing a significant negative associations were either esestional, or, in one case, a

longterm prospective studyVergnaucet al,, 2008)
3.3.1.3 Insulin and Gluse

Three studies reported associations between insulin and body weight instability. One
study examining changes in cardiometabolic risk in response to a single weight cycle
reported increased fasting insulin as well as decreased insulin sensitivityifajleveight
regain in 80 older women with overweight or obegiBeaverst al,, 2013) In contrast, two
crosssectimnal studies showed no association between weight cycling history and current
insulin concentrationgGraciet al, 2004; Strychaet al,, 2009) Five studies examined
associations between glucose concentrations and body weight instability, of which only 1

reported a sitive associatioiZhanget al,, 2005)in a retrospective cohort analysis of
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weight fluctuation in Japanese men. Four studies showed no gffdsbnet al., 2000; Graci
et al, 2004; Vergnauet al,, 2008; Strychaet al., 2009)of which 3 were crossectional and
guestionnairebased(Olsonet al., 2000; Gracet al., 2004; Strychaet al., 2009) No studies
showed a negative association. The weight of the current evidence suggests there is no
association between insulin gtucose and body weight instability in humans. Interestingly,
these results are somewhat inconsistent with reported metabolic responses to weight

cycling in animal models (see section 3.4.2.1 below).
3.3.1.4 Leptin

Two crosssectional studies have invegéited associations between body weight
instability and leptin concentrations, of which one reported a negative associgdioychar
et al, 2009)and the other a positive associatigBeniniet al,, 2001) The latter study
focused entirely of the contribution of weight cycling to leptin concentrations in 183
individuals with obesity-they found that the association of weight cycling and leptin was
largely confounded by the positive association between weight cycling and percentage body
fat, which is known to be correlated with leptin. One longitudinal study reported
informationonasinge (but extreme) weight cycle in
study (Fothergill, Guo, Howard, Jennifer C Keatsl., 2016) They found that following
58.3kg weight reduction and 41kg weight regain, leptin concentrations were still less than
half recorered towards baseline, potentially suggesting large weight loss and regain may
incrementally decrease leptin. However, these weight losses are extreme, and no further

evidence is available to further examine this effect under these conditions.
3.3.1.5 Enggy Expenditure

Four studies reported on the associations between weight cycling and RMR per kg of
FFM. One crossectional study showed an association between greater historical weight
cycling and decreased energy expendit(B¢rycharet al., 2009) Three studies investigated
the effects of single weight cycle, of which two showed significantly decreased RMR (per kg
of FFM) following weight regaifiKajiokaet al., 2002 Fothergill, Guo, Howard, Jennifer C
Kernset al,, 2016) Importantly, in these studies weight loss was either extréRrahergill,
Guo, Howard, Jennifer C Kerasal,, 2016) or in initially lean subject&ajiokaet al., 2002)
Such an effect is in favour of the concept of adaptive thermogenesis, which suggests that

the body become increasingly energy efficient (beyond that predicted by changes in body

14
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compostion) as weight loss proceed®liller and BosyWestphal, 2013)and that this effect

may persist following weight regain, making it harder to lose weight after multiple cycles, as
hypothesised in early weight cycling literature by BrowiiBhHownellet al, 1986; Blackburn

et al, 1989) One study reported no effect of weight loss andaiagon relative RMR.

3.3.1.6 Body Composition

While body composition itself may not be an independent risk factor for disease risk,
greater body fatneséMushengezi and Chillo, 2014yaistto-hip ratio (White, Rereira and
Garner, 1986)r visceral fat storagél. J. Leet al,, 2016)are each associated with
detrimental cardiometabolic health effects such as increased blood pressure, higher
cholesterol concentrations or lower insulin sensitivity. The role of weight cycling on body
composition has received significant attention afte D u | lamalysis ®f the Blinnesota
Starvation studyKeyset al., 1950 suggested that weight cycling functions to repartition
mass from FFM to FM due to differences in thepo (the proportion of protein to fat
added to or withdrawn from a system during weight gain or loss respectively) of weight loss
and weight regai (Dulloo, Jacquet and Girardier, 1996)

In the systematic review and nmeetinalysig Turicchiet al., 2019)detailed in section
2.2 which described changes in body composition during clinically significant (>5§) wei
loss and subsequent weight regain in 2,379 individuals from 52 weight loss intervention
groups, an average of 19.6% of the weight lost was from FFM whereas during weight regain,
21.6% was regained as FFM. This is inconsistent with the hypothesistebgrDulloo,
although two i mportant differences are notab
relation to results observed in initially lean individuals, whose FFM loss during weight loss is
known to be greater than heavier individugiorbes, 1987; Hall, 200&hd (b) weight loss
in the Minnesota study was substantial (~20% reduction), whetka mean weight
reduction in described in section 2.2 was closer to half of this. Furthermore, availability in
the body composition measurements used made it difficult to compare FFM and FM
changes. Only one other study to my knowledge has examined tw&jgling effects on
body composition in initially lean individuals, reporting that there was a greater proportion
of weight regained as body féKajiokaet al., 2002) Weight loss was even more substantial
in “The Greatest Loser” study, h o we w this |, i ndi

group, there was preferential gain of FFM rather than FM upon weight recovery, however
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the large initial BMI anéhct that individuals were involved in vigorous exercise is likely to
have limited FFM reductions during weight loss.

In addition, two studies examined relationships between weight cycling and WHR
but found no associations. Four prospective studies haaerened fat distribution. Two
studies showed that weight loss and regain led to increased visceral/abdominal fat
deposition(Banasilet al, 2013; Zeigleet al, 2018) whi ch was referred to
visceral adiposity’, wh e(vaedesKodegtab 1993, Bsgti es s ho
Westphalet al,, 2013) Given that visceral fat storage is involved in the development of T2D
(Jung, Ha and Kim, 201@&)rther research should focus on the impa¢ weight loss and
regain on proportionate changes in adipose storage locations. Lastly, one study showed that
weight loss and regain decreasBdIDin elderly individual¢Beaverst al,, 2011)
suggesting that BMD is not regained at the rate it is lost in older adults, and that care should
be taken in this gropito avoid unnecessary weight cycling. It has also been shown that
weight variability measured over 3ars predicted increased risk of hip fractures in middle

aged adultgMeyer, Tverdal and Selmer, 1998)
3.4.2 Evidence from Animal Models

Animal models offer novel advantages tetbtudy of body weight instability. Most
animal models studies examine weight cycling specifically because it is simple to accurately
manipulate body weight through periods of weight loss and gain, without any substantial
variability associated with comptdhuman behaviours. Like most human disease research,
the mouse model has been favoured in weight cycling research. The use of animal models to
investigate weight cycling was initially popular in the late 1980s to early 1990s, however, in
1993 a narrativeeview by Reed and Hill which examined 24 publications relating to the
physical effects of weight cycling in animals, concluded that no clear evidence of a
detrimental effect existed in the literaturReed and Hill, 1993However, in the past 8 or
S0 years, driven bydwances in experimental animal model technig@ésstice and Dhillon,
2016) an increase in weight cycling studies using animal models has provided new
mechanistic insights. In this section, recent aaimmodel studies of weight cycling following
the 1993 review paper are considered. In the interests of clarity, effects have been grouped
into those related to metabolic processes, inflammation, body composition, behaviour and

long-term outcomes and a sumany of the results can be found iable 3.4
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Table 3.4Influence of Weight Instability on Markers of Health in Mice Models

Metabolic effects Positive association Negative {)/no association
Increased fasting glucose Schofield et al., 2017 Palmet al., 2017+
Anderson et al., 2013 McMillen et al., 2013

Dankel et al., 2014
Caria et al., 2017

Decreased glucose tolerance Anderson et al., 2013 Fischer et al., 2018
Dankel et al., 2014
Lietal., 2018
Barbosada-Silva et al., 2012
McMillen et al., 2013
Simonds et al., 2018

Increased circulating insulin ~ Zamarron et al., 2017 McMillen et al., 2013
Barbosada-Silva et al., 2012 Dankel et al., 2014
Anderson et al., 2013 Fischer et al2017
Schoenfield et al., 2017 Simonds et al., 2018
Caria et al., 2017

Decreased insulin sensitivity Li et al., 2018

Decreased total energy Simonds et al., 2018 Palm et al., 2017
expenditure
Caria et al., 2017

Increased food efficiency Dankel et al., 2014 Barbosada-Silva et al., 2012

Inflammatory responses

Proinflammatory responses Kyung et al., 2018 Caria et al., 2017
(including Tcell accumulation)
Li et al., 2018

Zamarroret al.,2017
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Anderson et al., 2013
Barbosada-Silva et al., 2012
Fischer et al., 2018

Body composition
Increased fat mass Dankel et al., 2014 Smith et al., 2018
Schofield et al., 2017

Caria et al., 2017
Fischer et al2017

Increased internal fat Schofield et al., 2017 Chikamoto et al., 2016
deposition (in epididymal but not liver fat)
Hepatic steatosis Zamarron et al., 2017

Barbosada-Silva et al., 2012
Fischer et al., 2017

Behavioural
Increased appetite Simonds et al., 2018
Schofield et al., 2017
Longevity Smith et al., 2018
Decreased lifespan List et al., 2013}

Table 3.4Influence of weight cycling on markers of health in mice studies. Evidence is broken into
positive and negative associations with each outcome which has been previously studied. Proposed
effects are split into metabolic effects, inflammatory and immurspoases, body composition,
behaviour and longevity. Abbreviations: LDL;-temsity lipoproteins, HDL; higlensity lipoproteins,
RMR; resting metabolic rate, FFM; fat free mass, WHR; 4eafsp ratio

3.4.2.1 Insulin and Glucose Metabolism

Nine recent studies were identified that investigated the effect of weight cycling on
glucose and insulin metabolism in mice. Of these, two studies reported that weight cycling
increased fasting glucose concentratiq@dsdersoret al., 2013; Schofieldt al,, 2017) one
study found glucose levels to be improvihlmet al., 2017)and in three studies found no
effect on fasting glucose was observ@dcMillen, Minami and Leboeuf, 2013; Dankéhl.,
2014; Cariat al., 2017) Six studies found thalyrose tolerance was decreased following

weight cyclingdBarbosada-Silvaet al, 2012; Andersoet al,, 2013; McMillen, Minami and
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Leboeuf, 2013; Danketl al,, 2014; Kyungt al., 2018; Simonds, Pryor and Cowley, 2018a)
and one study found no effe¢Fischeeet al., 2018) In relation to insulin metabolism, five
studies found sigificantly increased circulating insulin levels in response to weight cycling
(BarbosadaSilvaet al,, 2012; Andersoet al,, 2013; Cari&t al., 2017;Schofieldet al., 2017;
Zamarron, 2017)whereas four studies reported no effects on ins@McMillen, Minami

and Leboeuf, 2013; Danket al., 2014; Simonds, Pryor andwey, 2018a)Lastly, in the

only study which measured insulin sensitivity, a decrease was observed following @yicling
et al, 2018) The present evidence suggests a potential link between glucose and insulin
metabolism and weight cycling mice and provides rationale for further research into this
association in humans as a potential mechanism underlying the observed association

between BWV and T2D inciden@édameet al., 2017)amongst other health effds.
3.4.2.2 Energy Expenditure

Early weight cycling research in animal models suggested that weight loss becomes
harder to achieve with each successive cyBl@wnellet al., 1986) thought to be through
metabolic adaptation to decrease energy expeuace or increase food efficiency. This again
brings forth the question of whether dieting is a proxy or a cause of future weight gain
(Lowe, 205). Only one study was found in which weight cycling reduced total energy
expenditure(Simonds, Pryor and Cowley, 2018ajl in two studies there was no effect
(Cariaet al., 2017; Palnet al., 2017) Two studies examined effects on food efficiency of
which one showed a significant increg&sankelet al., 2014) and the other showed no
effect in respmse to weight cyclingBarbosada-Silvaet al., 2012) Presently, evidence is
weighted towards no effects of body weight instability on metabolic daapns affecting

energy expenditure or food efficiency in mice.
3.4.2.3 Inflammation and Immune Responses

Associations between inflammatory and immune responses and weight cycling in
mice have been well studied. Six studies have reported increased m#sony responses
following exposure to weight cyclif@arbosada-Silvaet al., 2012; Andersoet al., 2013;
Zamarron, 2017; Fischet al., 2018; Let al,, 2018) and one study found noffect (Cariaet
al.,, 2017) The nature of the inflammatory responses rageed differed between studies.

For example, inflammation of adipocytes was most commonly observed in all studies which

found a significant effect and liver inflammation was also obse(Zedharron, 2017; Fischer
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et al, 2018) These responses can be detected by changes in molecular markers of
inflammation such as{& and TN¥ (Liet al, 2018)and immune markers such as CD4+ and
CD8+ Tcells(Andersoret al., 2013) Furthermore, changes to gene expression predisposing
increased inflammation has been observed in response tolweigcling(Kyunget al,,

2018) Three studies measured hepatic steatosis in which increases were observed in all
studies(Barbosada-Silvaet al., 2012; Zamarron, 2017; Fiscletral,, 2018) Hepatic

steatosis is associated with insulin resistance and glucose intolerance in h(Mhatissizaka
and Shimano, 2018nd accordingly this may provide another mechanism for the
epidemiological link between BWV and risk of T2D. The current evidence suggests
inflammation in adipose and liver tissue may batetl to weight cycling and may influence

future risk of disease, and further research in humans is warranted.
3.4.2.4 Body Composition

Five studies were found in which changes in body composition in response to weight
cycling was examined. Of these, twodies found a detrimental effect on body
composition (e.g. increased %body fé@dankelet al, 2014; Schofieldt al, 2017) one
study showed an improved body compositi@mithet al., 2018)and two studies found no
effect on body composition after exposurewaight cyclingCariaet al., 2017; Fischest
al., 2018) Two studies measured changes in internal fat deposition, of which one study
reported that weight cycled mice had a higher percentage of internal and subcutaneous fat
after return to baseline weigh(Schofieldet al, 2017) whereas in another study epididymal
fat deposition increased but liver fat did not after exposure to weight cy¢@igkamoo et
al., 2016) Similar to evidence in human studies, there is not convincing evidence that
weight cycling causes redistribution of fisée mass to fat mass in mice, although there may
be some evidence of internal fat deposition which is a risk fadctocardiometabolic

disease.
3.4.2.5 Appetite

In two studies, an increase in appetite in weight cycled mice was obsépabafidd
et al, 2017; Simonds, Pryor and Cowley, 208ewn by a marked increase in ad libitum
food intake following loss and regain in one stiymonds, Pryor and Cowley, 2018a)
reminiscent of the observations by Dulloo and colleagues in the Minnesota Starvation study

(Dulloo, Jacquet and Girardier, 199@)nd by increased expression of NPY neurons of the
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ARC nucleus, a neurophysiological adaptation @ased with increased appetite, following

a single weight cycle in comparison to weight stable r{fsmhofieldet al,, 2017) Indeed,
obesereversed mice have previously been shown to exhibit sustained expression of AQRP
and NPY neurons associated with increased appétite Deng and Huang, 2008chofield

and colleagues proposed that weight cycling may moderate appetite by producing a

reward deficit” which occurs during energy
3.4.2.6 Lifespan

Lastly, only two studies investigated the effect of weight cycling on longg@vsiet
al.,, 2013; Smitlet al., 2018) In both, weight cycling was found to increase the lifespan of
the mice. This is contradictory to the previously discussed research in which cardiometabolic
changes associated with increased risk of disease and mortality were observed and

highlights the eed for further research under more standardised methods.
3.4.3 Discussion
3.4.3.1 Human Studies

There was some evidence to suggest that blood pressure, but not cholesterol,
glucose or insulin metabolism was affected by instability in body weight in heniot
enough evidence existed to comment on changes in leptin or energy expenditure, though
results from “The Biggest Loser” study did s
the region of 4660kg) may substantially lower leptin and energy expemd even after
most of the weight is regaine@drotherdll, Guo, Howard, Jennifer C. Keresal.,, 2016b)

With regards to body composition, it seems that while weight cycling may potentially cause
increased proportions of FM in initially lean individuals (with this data coming from limited
studies), thigs unlikely to be the case in individuals with overweight and obesity, as
evidenced from our analysis of 52 study samples of weight loss and regain which showed a
slight preferential regain of FFM on averg@ericchiet al,, 2019)

Significant heterogeneity in study designs limited the ability for consistent
conclusions to be reached in relation to the influence of body weight instabilityngrofa
the health outcomes examined. Many studies assessed weight cycling by use of

retrospective questionnaire while others calculated BWV from retrospective or prospective

body weight measurements and some studies examined the effects of a single dpde of
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and regain. The direct comparison of such discrete studies should be taken with
considerable caution as each of these designs have independent as well as overlapping
limitations. Both the limitations and sources of heterogeneity in the measuremenbay

weight instability has been discussed extensively (see section 3.1). No systematic bias was
observed between study designs which may have suggested that the method of
measurement or study design was potentially confounding these observations.

The lak of any clear mechanisms linking body weight instability to increased risk of
disease is somewhat inconsistent with the weight of evidence suggesting that risk of disease
incidence or mortality is increased over long periods, and even following thesarélre
mechanisms for this association remain unclear. Some studies (such as those examining a
single weight loss and regain cycle) may be limited by their short duration, with the
possibility that body weight instability affects health only over longqusi(several years or
decades). Nonetheless, many studies retrospectively measured weight cycling or BWV over
the entire adult life using retrospective questionnaires. Yet, these questionnaires are limited
substantially by recall bias, and prospectivelyasiered body weight is preferable. In order
to fully elucidate any association between body weight instability and detrimental health
effects, prospectively and preferably frequent tracked body weights coinciding with

longitudinal measures of health markease required.
3.4.3.2 Animal Studies

Similar to evidence provided by human studies, there was unclear evidence on the
health effects of weight cycling in animal studies, though some more consistent evidence
was found in relation to some outcomes. The geiof the evidence was in favour of
detrimental effects on glucose and insulin metabolism which is worthy of more detailed
study in humans. Furthermore, reported changes in immunity and inflammation seemed to
show degredation of immune systems and incezhsflammation after exposure to weight
cycling in most studies. Importantly, immunity and inflammation have not been studied in
relation to any measure of body weight instability in humans, despite relatively consistent
evidence in mice, and this poteatieffect warrants further study. The hypothesis that
weight cycling reduces energy expenditure with each cf@tewnellet al, 1986)was not
supported, nor was there evidence of increased body fatness, however, similar to human

studies there was soaevidence to suggest that body weight instability may potentially
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increase internal/visceral fat deposition, though further more controlled studies are

required in humans. Surprisingly, despite some evidence of negative health effects in other
studies, tvwo studies measuring lifespan found that weight cycled mice lived longer. This is
inconsistent with the conclusion that body weight instability in humans increases risk of
mortality in humans. Again, there were inconsistencies between the study desighsasuc

the amount of weight cycled, or times cycled. For example, some studies examined a single
cycle(Andersoret al, 2013; Cariat al, 2017; Let al,, 2018)compared to multiple cycles
(BarbosadaSilvaet al,, 2012; Dankett al,, 2014; Palnet al., 2017; Simonds, Pryor and
Cowley, 2018a)

Of course, evidence provided by animal models is not directly comparable to human
studiesdue to differences in physiology. Moreover, the exposure to weight cycling in
animals is typically more severe and rapid than the weight cycling reported in human
studies (i.e. greater fractions of body weight are lost and regained in short periods 9f time
For example, one study in mice manipulated multiple consecutive body weight cycles up to
23% body weightPalmet al,, 2017)over the space of only 3 months. Similar relative weight
changes would be extreme in human examples. The duration of the lifespan whieh thes
cycles occur over also vary greatly between mice and humans. The method by which weight
loss and regain is achieved may be another confounding factor. In mice, rapid weight gain is
often achieved by a very higfat diets, and weight loss is achieved aibbw-fat diet.

Excessive fat content of a diet may predispose metabolic disturbance, such as insulin
resistancgJornayvaet al,, 2010) independent of weight change alone and therefore may
confound results relating purely to weight change in mice. Nonetheless, the mouse model
has the advantages of being able to (a) begin from any start point (i.e. initially lean) and (b)
accurately manipulate body weight. In humans studies; (a) is limited by the lack of evidence
on weight loss and regain in lean individuals (and lack of thetapeuerest in providing

weight loss in this group) and (b) is limited by the inability to experimentally manipulate
weight regain in individuals who have recently lost weight. Without these issues being

resolved, studying the effect of weight cyclinglmman health may continue to be limited.
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3.4 Associations Between Weight Instability and Weight Management

As mentioned, body weight seems to be highly stable at population level though, at
individual level, there is considerable acute variability. Oroliyesis presented by Lowe
and colleagues (initiallfLoweet al., 2015) is that instability irbody weight (specifically
they refer to measured BWYV in their research rather than weight cycling) signals an acute
dysregulation of energy balance which may predict lorigem dysregulation (and thus
weight gain). The implication is that BWV can be roeas in the short term (such as a2&
weeks) and used to predict weight change in the longer term (e3gydars). The evidence
relating to this effect comes from a small selection of studies. In the following section these
studies are briefly reviewed.

Three studies were found in which shdéerm BWV predicted increased weight over
longer periodgLoweet al,, 2015; Feig and Lowe, 2017; Bensbal, 2020) and one study
reported positive associatiorisetween BWV and weight change over the same time period
(Winteret al,, 2017) All studies came from the same research group. The first study to
report this effect(Loweet al., 2015)found that greater BWV measured over the first 6
months of an observational study in 171 women without obesity predicted increased weight
at 24 months (R=6%). BWV was estimated from 3 body weights (at baseline, 6 weeks and 6
months)using the RMSE from a linear trendline. The BWV estimates were not relative (i.e.
converted to percentage error), and the primary analysis presented was univariate, meaning
that (given heavier individuals are more likely to have greater BWV), body sjzkavea
confounded the observed effects.

Next, the group examined the influence of 6 andvi@ek BWV on weight changes at
6, 12 and 24 months in a group of 183 individuals with obesity who were enrolled in a 12
month behavioural weight loss interventigieig and Lowe, 201LBWV wasneasured
using a single weekly body weight over the exposure period. Greaiere& BWV predicted
increased weight at 12 and aonths (R=3% for both) but not 6 months and 4&ek BWV
predicted increased weight at 12 and 24 month%=(R% and 6% in unitiate models,
reducing to 4% and 3% in adjusted models, respectively). In this study they additionally
reported positive associations between baseline-sefforted eating behaviour constructs
(power of food, preoccupation with food and emotional craviagyl 6 to 12week BWV. In

the most recent study, they examined the associations betweewé&@k BWV measured
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using WiFi connected smart scales in 24,009 American users who reported currently trying
to lose weight, and weight outcomes at 48, 72 and 96 we€ks.study was entirely digital,
and no intervention or user interaction took place. They reported that greater BWV
predicted increased weight at 48, 72 and 96 weeks, with effect sizes increasing with
increased follow up duration, reaching=R.6% at 96 weks.

Together, these studies implicate a potential role of sihertn BWV to predict
subsequent weight gain. The observed effect sizes are modest, which is not discussed in any
of the papers. Nonetheless, the magnitude and direction of these observatomgin
similar for all analyses. The ability to identify earlier indicators of treatment success in a
weight loss or weight loss maintenance intervention could be of significant scientific value.
However, some questions remain unanswered. Firstly, whaei®ptimal period to
measure BWV? Ideally, shorter durations are preferable, though Feig et al 2017 found
similar effect sizes when measuring 6 anawlgek BWV. Secondly, what is the mechanism
linking BWV to increased weight gain? Some evidence suggesisans between
baseline uncontrolled eating factors and subsequent BWV which may indicate a pathway to
weight gain, though further research is required. Thirdly, how can this evidence be applied
to limit weight gain? Some data has shown that inconsisyein energy intake is associated
with (a) increased absolute energy intake and (b) increased wéRgigenbaunet al,,

2016) and as such perhaps promoting adherence to a consistent energy intake or diet may
function to reduce BWV and weight gain. Lastly, no studies have examined the influence of
BWV on weight outcomesliowing recent weight loss, or in individuals engaged in a weight

loss maintenance intervention, and further research is required in these contexts.

3.5 Overall Conclusions

A comprehensive review of existing research relating to body weight instabdgy w
conducted. Firstly, it was important to differentiate between selported weight cycling
and measured BWV, which both indicate instability in body weight but the former relies on
arbitrary definitions of the magnitudes of loss and regain requirecotttribute to a cycle,
whereas the latter calculates the variability around the trend in body weight. In a review of
the definitions of weight cycling, their use was found to be extremely heterogenous, limiting

comparison between studies. Furthermore, thegtiance on historical weight data makes
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information collected prone to recall bias. Measures of BWV were also found to be highly
heterogenous in relation to (a) the measurement period; (b) the time between
measurements; (c) whether body weights were osjpectively or prospectively collected;

(d) the metric used to calculate variability (in some cases weight, BMI and body fat
variability were used). Furthermore, the infrequent measurement of body weight (i.e. every
6-12 months) means considerable unmeasdiveight changes can occur, and the extent to
which these single points reflect true BWV is unclear. The weight of the evidence suggested
that the risk of mortality, CVD (events of mortality) and T2D was increased with greater
BWV, however, methodologicaiconsistencies in addition to the failure to account for
intentionality of weight changes mean that these associations should be interpreted with
caution. The mechanisms linking BWYV to risk of disease or mortality was uneiedence

from human studis showed inconsistent associations, with the weight of evidence only
being in favour of increased blood pressure. In animal studies there was some evidence of
dysregulation insulin and glucose metabolism, as well as decreased immune function and
increasednflammation, which may warrant further study in humans. Evidence from a
handful of select studies from a single research group suggest that BWV measured over the
short-term may weakly predict increases in weight over subsequent longer durations,
though several questions remain unanswered and replication is required in different

samples under varying conditions (such as in weight loss maintenance).

3.6 Directions for Future Research

Together, this evidence provides sufficient rationale to assume BW\patemtially
important clinical marker. However, significant advances in the measurement of BWV are
required in order to fully wunderstand the
infrequent measurement of body weight is an important limitation, whiets been
addressed by only a single stu@ensoret al., 2020)which used WiFi connected smart
scales to colledody weight data. It is likely that use of similar devices will be critical in the
future study of BWV. The statistical methods used to quantify BWV are often too simplistic,
and further research is required to develop new methods which overcome existing
limitations such as the assumption of linearity in body weight change, or the use of absolute

RMSE values which are likely to be confounded by initial body weight. Furthermore,

p h
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variability in weight should be aligned with longitudinal measurements oficaretabolic
health and body composition to assess associations between variability and health.

Little information about the determinants of BWV exists. Indeed, weight may vary
based on energy balance related factors (i.e. changes in energy intake orgblagsivty) or
non-energy balance related factors (such as fluctuations in water, glycogen and gut tissue).
It is likely that acute weight variability is attribute mostly to the lattBhutaniet al,,
2017a) Only with longitudinal, frequent and accurate measurement ofypbocomposition is
it possible to differentiate between energy and nenergy related weight changes.
Nonetheless, future research should focus on the psychological and behavioural

determinants of BWV if it is potentially a risk factor for disease and niyrtal
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Chapter 4: General Methods

4.1 The NoHoOW study

The NoHoWstudy was the context of and provided data for the subsequent
investigations into weight instability presented in the following chapters. The NoHoW study
was not apriori designed to investigate body weight variability, however, the data collected
lends tself to a unique opportunity to address relevant research questions using novel
technologies and analytical approaches. In order to understand the subsequent studies
conducted, it is critical to understand the context in which they occurred and the
intervention which made the sample unique. In the following chapter, the details of the
intervention and methods used are described in detail.

Importantly, | took no part in conceptualisation or design of the NoHoW trial as part
of this PhD (which was finalisééfore the initiation of my PhD), however | did work
extensively on data collection, management of the trial conduct at one of the trial centres,

data management, data analysis and di ssemina
4.1.1 Rationale

Many gudies examining weight management have dealt primarily with the goal of
weight loss often with insufficient durations for follow up or maintenance. It is suggested
that while weight loss is shown to be achievable by most traditional approg€naszet
al., 2007a) WLM requires continuous clinical attenti@dall and Kahan, 2018)\ccordingly,
the past decade has seen an increase in studies intervening during the WLM period
(Varkevisseet al,, 2019) in turn providing a greater understanding of the determinants of
weight management following weight loss.

A range of behaviour change strategies have been applied to the study of WLM. One
consistent observation arising from this literature is the direct association between self
regulatory processes and successful WMdrkevisseet al,, 2019) Selfregulation in a
weight management context referto the continuous monitoring of energy balance
components, specifically body weight, diet and physical activity. A review akggilatory
and motivational processes in loitigrm weight managementPedro J. Teixeira, Sihe,al,,

2012)identified a range of psychological processes and behaviours which were associated
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with successful weight management in interventions with a hvétar change component.
Authors reported that increased autonomous motivation and-eéficacy, coupled with
greater selregulatory skills (such as sefionitoring but also skills related to planning and
coping) were important mediators of success. Intjgalar, selfweighing(Zhenget al,,
2015a)and selfmonitoring of physical activity and di@Burke, Wang and Sevick, 20h1¢
central selfregulatory behaviours in successful weight management.

While selfregulation of weight and energy lznce behaviours are shown to be
important in successful WLM, these behaviours may be undermined by loss of emotional
control and negative affect. In the early stages of development of the NoHoW project, a 3
country study questioned 2000 adults from the ,lR¢rtugal and Denmark (the loci of the
project) who had recently lost weight on relationships between eating behaviour, emotional
control and selregulation(Sainsburyet al., 2019) They found that individuals who showed
greater difficulties regulating emotions regained more weight and used fewer self
regulatory strategies. Indeed, emotional control is consistently assocwitbdmproved
weight management, often mediated by uncontrolled eating behav{@riveret al,,

2019) This model of sellegulation and emotional control relates to the more commonly
cited dualprocess theory in which there is a balance of competing impulsive and reflective
systems, whereby the impulsive system initiates the overconsumpti@alatable foods

and the reflective system is involved in inhibition of reactive impulses in favour of longer
term rather than immediate rewar{Dasseret al,, 2018)

Identified as two key (and dependent) mediators of weight management, self
regulation and emotion regulation (or, contextual behavioural approaches to address
aspects of ractivity) had not previously been jointly investigated in a WLM intervention.
Given the knowledge (a) setionitoring is a highly consistent predictor of better weight
management and that (b) that difficulties controlling emotions and impulsivity may ifumct
to undermine selregulatory processes, an intervention which jointly tested both the

behaviour (monitoring) and the underlaying emotional cognitions was conceptualised.
4.1.2 Digital Behaviour Change Interventions

The NoHoW trial was delivered as amline intervention. The method of delivery of
a behaviour change intervention is identi

intervention
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Traditionally, behaviour change interventions were delivered either in persdoy or
telephone. Such approaches, while arguably preferable, are limited by costs, scalability and
intervention duration. For an intervention to be distributed on a large scale over long
periods, digitization is necessary. Briefly, a digital interventioméswehich would deliver
intervention content, be that behaviour change or some other component, via a digital
device, such as a smartphone, tablet or computer, thus reducing the need for human
contact. In the past decade, there has been an increasing nuoflafigital interventions.
Several recent reviews have addressed the effectiveness of digital interventions in weight
managemen{Mateoet al,, 2015; Beleigokt al., 2019; Ryan, Dockray and Linehan, 2019)
Overall effect sizes in relation to weight loss and maintenance are generally small and
variable. Interestingly, no difference in weight outcomes were fobetiveen digital and
offline interventions in one recent metanalysigBeleigoliet al., 2019) inconsistent with

the idea that faceao-face interventions are preferable.

A key additional berfé of a digitally delivered intervention is the ability to link
intervention components with tracking technologies. Data from activity and body weight
trackers can be plugged in to the intervention content, and feedback may even be provided
(often in realtime) in response to objectively measured data on the participant. Indeed, it is
thought that the Internet of Things (a term which refers to netwerkabled technologies
capable of sensing and actuation in addition to feedback and communication with one
another) will become a central component in the future of personalised h&&lketh,

Jaimini and Yip, 2018As such, the move towards complete digitisationndéiventions will

be a necessary step in this process, at least at scale.
4.1.2 Aims and Hypotheses

The primary aim of the NoHoWMal was to develop and evaluate a digital toolkit
delivering an evidencbased intervention to aid successful weight loss maintenance. The
primary outcome was body weight at t@onths. Secondary-priori objectivegScottet al,,
2019)included to:

1. Determine how the intervention affected health markers of disease (eg, levels of

glycated haemoglobin (HbA1c), blood lipids) and body composition;

2. Investigate the interventions effectsn physical activity, sleep, dietary intake,

depression, anxiety, stress, quality of life and vbeling;



- 122 -

3. Examine mediators of WLM, such as-setfulation (eg, planning capacity),
motivation (eg, autonomous motivation) and emotion regulatpmocesses (eg, self
compassion);

4. Investigate baseline moderators (eg, gender,IBd WLM to identify participants
who are more responsive to motivational and behavioural-segulatory or CB
emotion regulatory approaches;

5. Conduct quantitative and qu#ditive assessment of us@xperience, acceptability,
engagement and dropout;

6. Examine intervention costffectiveness;

7. To determine the efficacy of individualised feedback from data on physical activity

selftracking

With regards to the primary objectivé,was hypothesised that:

1. That participants will be more effective at maintaining weight loss in the-teng
when receiving a toolkit that combines content for sedfjulation and motivation
compared to only sefiveighing.

2. That participants will be moreffective at maintaining weight loss in the letegrm
when receiving a toolkit that combines content emoticegulation components
compared to only sefiveighing.

3. That there is an additive effect of combining selfjulation and emotion regulation

at improving maintenance of weight loss compared to only-seadfghing.

4.1.3 Study Design

The NoHoW trial was a 2x2 factorial randomised controlled trial testing the efficacy
of a digital toolkit for promoting evideneleased behaviour change for weight loss
maintenance. It was delivered in three centres located in the United Kingdom (Leeds),
Denmark (Copenhagen), and Portugal (Lisbon). Participants were randomised into 4 arms
upon entry to the trial ((1) active control, (2) se#fgulation and motivation, (3) coextual
behavioural emotion regulation and (4) sedfgulation, motivation and emotion regulation
(1. e. arms 2 and 3 combined)). The *active’
6 months, during which participants (in armglRwere provided wih weekly theoretically

informed, evidenced based behaviour change niaterventions, based on the arm they
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were in. These interventions came in the form of exercises for the participant to do, videos

to watch, selfreporting and reflection on certain fcs. After 6 months, participants

entered a followup period for the remaining 12 months. Participants attended trial centres

at 0, 6, 12 and 18 months. A summary of the study design can be obseffiguare4.1

(Scottet al,, 2019) The trial was registered at ISRCTN (registration no: 88405328). Funding

wa s

acquired

from

(grant agreement no. 643309).
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Figure 41. Design of the NoHoW trial. *CID, clinical investigation day. All measures are taken at
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are conducted at 6 months

4.1.4 Participant Recruitment

Recruitment was a rolling process occurring ovenidghths (between March 2017

and March 2018), with the aim of recruiting 1,608rficipants based on-griori power

calculations for weight and HbAlc outcomes (n=1,627 recruited in total). Recruitment

strategies were determined separately at each centre but generally involved recruitment

z
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through commercial weight loss programmes (sastSlimmingWorld and

WeightWatchers), governmentun weight management programmes, referral from
registered dieticians, leisure centres and local media coverage and advertisements. Al
potential participants were directed to a countspecific recruitmentvebsite where they

filled out a screening questionnaire to check for eligibility (detailed below). Individuals who
met the criteria were contacted via phone call by research staff at each centre. If still
deemed eligible, participants were provided withetstudy information and asked to attend

the first CID, where informed consent was collected prior to randomisation.
4.1.4.1 Inclusion and Exclusion Criteria

The following inclusion and exclusion criteria used to determine eligibility for the NoHoW
trial. Inclusion criteria were as follows:
T = 18 years ol d
1 BMlof> 2 5 %pgof toweight loss
1 Verified* weightlossot 5 % 1 n -rhontes ahdavsight hds2emained
reduced by =25%
91 Access to a smartphone, tablet or computer and an intepwgtnection

1 Ability to use standing scales (cannot weigh over 150kg due to scale limit)

Exclusion criteria were as follows:
1 Inability to provide informed consent
Weight loss was due to surgery or illness

Currently pregnant or breastfeeding

= == =1

Involved in anotlker weight management intervention (not including commercial
weight loss programs)

Unable to read in the language of their centre

Current diagnosis of an eating disorder

Any condition which may interfere with mild to moderate physical activity
Diagnosed wth type 1 diabetes

Planned travel for any more than 4 weeks

= =/ =2 =4 4

Sharing a household with a previously enrolled participant
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* Verification of prior weight loss was provided by a health professional, weight loss
counsellor/friend, a weight loss programme recomblalet, diary or smartphone app or
before/after photographs.

Participants who did not meet any of these criteria were not randomized.
4.1.4.2 Randomization

At the first visit, randomization of participants was conducted via the online
administration portd by researchers at each site. An adaptive stratified sampling method
using minimisation was usdéltman and Bland, 2005J his minimises diffences in
previous weight loss at entry, age, gender and BMI. The research team were not blinded due

to the need to train participants in arspecific toolkit versions.
4.1.5 The NoHoW toolkit

The NoHoW toolkit was designed in collaboration WthT Technad Research
Centre of Finland (VT 19 researctbased technology development partnét delivered
tasks aimed to nudge psychological and behavioural processes with respect to the trial arm
the participant was in. In addition, it synced with Fitbit teclogiés to incorporate tracking
of body weight, physical activity and sleep (further detail below). A layout of the toolkit
home screen can be observedfigure 4.2Par t i ci pants were provided

success map whi ¢ h ahedeperndent on dhichniriat armmthe nt er vent
participant was in. Details for the complete intervention logic models and behaviour change
techniques used are in press. The app also had various qualitative data entry sections. For
example, a participantcouldrateo c o mment on their mood, or toF
each day on a-Star scale. There were also sections were participants could record food

diaries, or even keep a general diary, if these approaches aided their weight management.
4.1.6 Trackingechnologies
4.1.6.1 The Fitbit Aria Scale

All participants were provided with a commercially available Fitbit Aria scale. In a previous
validation study, the Fitbit Aria has shown excellent agreement with a calibrated research
grade SECA 704s scale in@ug of individuals ranging from underweight to obdShaffer

et al, 2014)both crosssectionally and over time. Data collected from the
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Figure 4.2Visual illustration of the NoHoW web app with panels for tracking daily weitgipis,s
sleep (from Fitbit), healthy eating (sedited), mood (selfated)

device was synchronised to a personal Fitbit account which participants could access
on their electronic device and data from each personal account was regularly updated to
the NoHAV data hub. Data was collected from the scales for up to 2 years (assuming
consent was provided). This data could be viewed by participants on both the Fitbit app and
the NoHoW toolkit, though participants were encouraged to use the toolkit. The scales wil

not associate a body weight with the users account if someone of substantially different
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weight steps on the scale (the true difference in this weight has not been reported by Fitbit).
If two weight measurements are recorded in a single day, the firgtsmeement is used by
default. Given that this is the primary data collection tool in subsequent studies, chapter 5

focuses on processing of this data in detail.
4.1.6.1 The Fitbit Charge 2

The Fitbit Charge 2 is a wrisbrn activity monitor which estimatesteps, heart rate,
physical activity and sleep metrics based on data obtained from incorporated sensors via
proprietary algorithms. The device provides estimates of heart rate, steps, energy
expenditure and time spent in activity categories (i.e. lighbderate and intense activity).

The device has been reviewed as providing an acceptable estimate of steps but not energy
expenditure(Feeharet al., 2018) Our research group recently investigated the validity of

the devices in comparison to criterion measu(e® ' D ret a$, 2049) ¢oncluding that

heart rate, but not energy expenditure (which showed a mean percentage error of 44%),
were acc@table outputs of the device.

All data provided by the device were aggregated to the midatel and synced via
the Fitbit mobile application to Fitbit servers and to the NoHoW data hub through an
application programming interface. Again, the user cougdwthe data on both the Fitbit
app and the NoHoW toolkit but were encouraged to use the latter. The data collected from
the Fitbit are dense and complex and an analysis from our research group resulted in the
development of a data processing protocol athreg biasminimization( R. O’'ebDat,i scol |
2020)

4.1.7 Physical measaments

At each CID, participants had a series of physical measurements recorded. Some
were only conducted at 0 and 12 months, and others at all timepoints (these are detailed
below). Participants were instructed to come to each visit fasted and havingetot
conducted any exercise on that day. Visits were generally arranged in the morning. Many of
these measurements are used in subsequent studies. For each measurement, a standard
operating procedure was developed and remained consistent between all 3esentr
Extensive training was provided for eastndard operating procedur@ each centre to

harmonise the data collection at each centre.
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4.1.7.1 Body weight and height

Body weight was collected at all timepoin
validated esearch grade tool, the SECA 704S instrument (SECA, Germany) in participants
wearing light clothing and no shoes. Height

704S, ensuring participants stood straight and level.
4.1.7.2 Body Composition

Body composion was estimated at 0, 6, 12 and 18 months byibipedance
analysis (BIA) using the ImpediMed SFB7 multifrequeneyripedance analyser in all three
centres following the man tehesyXay absorptiometry nst r uc
(DXA) at twacentres: Portugal (Hologic Exploté, Waltham, USA) and Denmark (Norland
XR800, Swissray, USA). Estimates of body compositieelbairical impedance were
transformed using Moissl equatioisloisslet al, 2006)which was deemed ore suitable
for samples with overweight and obesity. Percent body fat was calculated by dividing fat

(kg) by body weight (kg) and multiplying by 100.
4.1.7.3 Waistto-hip

A tape measure was used to record the hip (at the maximum circumference over the
buttocks) and waist (at the thinnest section of the abdomen) circumference to the nearest
centimetre. The waistip ratio (WHR) was calculated by dividing hip and waist

circumference. Three readings were taken, and the average values were used.
4.1.7.4 Bloodoressure

Systolic and diastolic BP and resting heart rate (RHR) were recorded every 6 months
by a Microlife BP A2 blood pressure monitor after resting in a sitting position for 10 minutes.

Three readings were taken, and the average values were used.
4.1.7.5 Cholesterols and HbAlc

Blood lipids (total cholesterol, lowensity lipoprotein cholesterol (LBTL), HDIC and
triglycerides) were measured at 0 and 12 months for participants who opted in to giving a
fasting capillary blood sample using an Alere AfinionTM AS100 Analyserrlgifiaitting
blood samples for the analysis of HbAlc were taken at 0 and 12 months and analysed using

the Alere AfinionTM AS100 Analyser.
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4.1.8 Selreport measurements
4.1.8.1 Seklregulation and motivation

A range of scales were used to collect inforroaton selfregulation and motivation.
Selfregulation scales included: The Action Control Scale-@@G8uhl, 1994)and The
Action Planning and Coping Planning S¢ateehotta, Scholz and Schwarzer, 20@8gples
collecting information on motivational status included: the Basic Psychological Needs and
Frustrations Scal@Chenet al,, 2015)which assessed autonomy, relatedness and
competence and the Goal Content for Weight Loss Maintenance Scale assessed quality of
goal contents in relation to weight loss maintenancel avas adapted from the goal content
for physical activity scalsebire, Sindage and Vansteenkiste, 200B)otivations for
regulation of exercise were assessed using the Behavioural Regulation in Exercise
Questionnaire (BRE®) (Markland and Tobin, 2004ith a similar assessment for eating
behaviour regulation motivations using the Regulation of Eating Behaviour Scale (REBS)
(Kliemanret al, 2016) Lastly, he Regulations for Weight Management Scale was newly

adapted from the REBS for the purposes of the NoHoW study.
4.1.8.2 Emotional regulation

The following scales were used in the assessment of emotional regulation: Weight
Focused SefEriticism/SeHReasarance ScaléDuarteet al,, 2019)which measures
weight/shape and eatingelated selfcriticism and seffeassurance; the Weight Focused
External Shame ScgBuarteet al., 2017)which assesses the extent of which individuals
believe others judge them based on their weightdy shape and eating; the Compassion
Engagement and Actions Scal€slbertet al., 2017)which measures compassion for others,
compassion from others and seldmpassion. Body Image Acceptance and Action
Questionnairg(Sandozt al, 2013)was used to assess psychological flexibility and
acceptance in relation to offrapeterdi a.®2913)i mage.
was used to assess valued living and life fulfilment. Mindful Attention Awareness Scale was
used to measure the frequency of mindful states in-tiaygay life, using both general and
situation-specific statement¢Carlson and Brown, 2003 motional factor was measured
using the Difficulties in Emotion Regulation S¢@&eatz and Roemer, 2004)ecentring,

defined as the ability to observe one's thoughts and feelings as temporary, was measured
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using the Experiences Sca(Esesccet al., 2007) Subjective feels of stress were measured

by the Perceived Stress ScéBohen, Kamarck and Mermelstein, 1983)
4.1.8.3 Wellbeingand quality of life

Quality of life and welbeing were assessed using théevel EQ5D (EQShL)
(Herdmanet al., 2011)and the Warwickedinburgh WeiBeing Scal€Tennantet al., 2007)
respectively. Anxiety, stress and depression are measured using the Depression & Anxiety

Stress Scalgg&\ntonyet al., 1998)
4.1.8.4 Eating behaviour

Psychometric measures of eating behaviour included the Three Factor Eating
QuestionnairgStunkard and Messick, 198&hich measures dietary restraint, disinttibn
and hunger; the Controllability and Automaticity of Eating Behaviour Scale which was newly
developed for the NoHoW project and measures the extent to which certain eating
behaviours are regulated or automatic. The Eating in the Absence of Hunge(/Soale et
al., 2015)was used to measure eating in the absence of hunger, which is a form of
disinhibited eating driven largely by environmental rather than appetitive cues. The Intuitive
Eating Scal2 was used to measure the tendency to follow physical hunger anetgaties
when determining when, what, and how much to €aylka and Kroon Van Diest, 20480
the Binge Eating Scale was used to measurecbéaging symptoms indicative of an eating
disorder(Gormallyet al., 1982)

4.1.8.5 Physicadctivity

Physical activity is measured by the gelborted International Physical Activity
Questionnaire (IPAQ) which measures the duration and intensity of physical ac{@itzeg
et al, 2003)and the Ativity Choice Index (ACI) which measures preferences for different

activity types(Mullenet al., 2016)
4.1.9 Participant demographics

Information on participants such age, gender, ethnicity, country, marital status,
employment and income were collected. In addition, information on smoking, alcohol

consumption, prior pregnancies and health conditions were collected.
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4.1.10 Weight history

Information on weight history wacollected prior to the initial visit. This included
previous weight loss strategies used (e.g. dietary, physical activity); use of weight loss
programs or counselling; number of attempts at weight loss; number of times successfully

losing >5kg; highesteight in the past 12nonths and highest lifetime body weight.

4.2 Processing of body weight data

Data collected from Wikdonnected smart scales is dense and complex. Unlike
investigations into body weight instability which have typically used lab bodyhiei
collected under controlled conditions (usually infrequently such as every 6 or 12 months) to
estimate BWV, this data requires significant consideration and preprocessing to ensure that
biases are not introduced. Given that the aim of the work intiesis is to increase
scientific understanding of BWV, the first and most crucial step is to ensure appropriate,
robust and comprehensive measurement of the phenomenon. In the following section, the
steps used to appropriately process the data collectedl@vered as are the methods used

to calculate BWV.
4.2.1 Data cleaning

Data collected by smart scales is pronecircumstances which may produce erroneous
weights and therefore function to bias BWV estimates. These include (a) decalibration of
electronic sales (this can occur from movement of the scales); (b) inconsistency of weighing
conditions (e.g. clothed vs unclothed or morning vs night); (c) weighing of another person of
similar weight (which may register as a rapid weight change on the same Ettbitrat) and
(d) incorrect manual entry of body weight (given that manual entry is an option).

Unfortunately, it is not possible to identify the reasons for erroneous data without
any additional information from the user (which was not available). Howevappropriate
or excessive removal of data is not advised, and may bias réBak&er and Wieerts,

2014) Physiological plausibility was deemed to be the most appropriate approach to outlier
removal. Data was removed based on evidence detailing physiological limits of plausible

weight changes under conditions of rapid weight loss in [Sabs, 2001; Sellaheweaall,

2016)and rapid weight gain in intentional overfeeding conditign® e’ r i az, Tr e mbl

a
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Bouchard, 1993; Leahd Antonio, 2017)These boundaries can be viewedable 4.1

Weight changes outside of these limits of physiologically plausibility were considered as
outliers and appropriate to remove. However, it is important to note that this is a
conservativeapproach and that erroneous values produced by the reasons listed above may
produce errors of a magnitude below these limits, and therefore they would not be
excluded.

Table 4.1Limits of plausible weight change within a given time period

Change ibody weight Duration
+ 5% 1 week

+ 10% 4 weeks
+ 15% 8 weeks
+20% 12 weeks

Table 4.1Limits for maximum weight changes within a given a period which are marked as outliers

and removed

4.3 Calculation of body weight variability

Body weight variability has no validated method of calculation and in the literature
addressing the phenomenon, numerous different approaches have been used, in some
cases up to 4 methods of calculation within a single s{ibimet al., 2018) The methods
commaly used have been discussed previously (section 3.1). In the following section, the
statistical approaches used are covered in detail. Given that there is no agreed upon
approach, it is logical to test numerous methods and throughout the subsequent wprks
to 4 different methods are used in a single analysis. The section begins by discussing the
calculation of three previously used methods: the coefficient of variation (CV), the mean
absolute successive weight variability (MASWYV) and the root mean squarg RMSE)
method. Upon evaluation of these, a decision to produce a novel method to address some
limitations of the most commonly used method (RMSE) was conceived, which was termed
the nonlinear mean deviation (NLMD) method as is used throughout thseguent
studies in addition to others.

Briefly, it is important to note that given individuals do not sedigh every day, the
data collected is subject to considerable amounts of missing data. The question to impute

data or not (especially given thate magnitude of missingness is highly variable both
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between and within individuals) was an important consideration point and to address this
we ran a comprehensive analysis aiming to minimize bias. This is reported in full in the next
section. But for theresent section it should be noted that the decision not to impute

missing data was taken informed by this analysis to minimize bias.
4.3.1 Coefficient of Variation

The coefficient of variation (CV) is a commonly used metric in statistics to represent
the variation (or the dispersion around the mean) in a given set of data. The CV was
calculated using the following equation:

Cv -—-—rx 100

Whereao represents the standard deviation andrepresents the mean of body weight.
4.3.2 Mean Absolute Successive Weight Variability

The MASWV is calculated by adding the relative (%) absolute value of each
successive weight change and taking the mefthese. It can be represented as the mean
(relative) length of the blue line between dotsfigure 4.3which shows real data from the
NoHoW trial of two individuals losing weight though the individual representdidume
4.3Ashows much more pronounced BWV than the individudiigare 4.3Bas measured by
MASWV.
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Figure 4.3Example data from two NoHoW participants showing (A) low mean average successive

weight variability and (B) high mean average successive weight vayiabili
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4.3.3 Root Mean Square Error

Root mean square error is the most commonly used method of estimating BWV in
research relating to health or weight management outcomes. Generally, it is can be used to
assess the fit of a model for any regressbased analgis. Specific to BWV, RMSE is
calculated by fitting a linear regression through a body weight series against time (in days).
The values of the regression are then subtracted from the actual weight data, which
provides residual values. lllustrated examptas be seen ifigure 4.4for participants with
non-linear (top) and linear (bottom) weight trajectoridsigures 4.4Aand Cshow the linear
regression fitted to the weight data, arddjures 4.4Band D show the distribution of the
residuals of the regressn. As shown, when a linear regression is fit to a-losar weight

trajectory large residuals are generated.
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Figure 4.4Example data from 2 NoHopérticipants with nonlinear (top) and linear (bottom) weight
trajectories with a linear trendline fitted to the weight data. Distribution of the residuals from the

linear regression are shown on the right graphs

Importantly, these values were then conted into relative (%) residuals by dividing
the residual by the observed data and multiplying by 100. To my knowledge, there is no

reference of this step relating to any previous use of the RMSE method in the literature,
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however, it is important in bias mimization. If the residuals are left in absolute (kg) then
summarised (by mean square error), heavier individuals will naturally have a greater BWV
value. This is because large individuals have significantly more mass, in particular fat free
mass. Givenhat fat free mass is comprised of water, glycogen and gut weight which are
shown to be the most highly fluctuating compartments of body we{@tiutaniet al.,
2017a) these individuals have much more tissue prone to fluctuation. The statistical
outcome is that BWV values t@me correlated with body weight. This collinearity is likely
to then confound relationships of interest.

Once the residuals have been converted to percent residuals, a summary value is
taken by taking the mean of the residuals, followed by the squareabthe mean. The

below formula is used for the calculation of RMSE:

00O Qi 0YQQQMO QQ
&

YO YO

Where ‘observed’ refers to a measured bod

predicted by the linear regression.
4.3.4 Nonlinear Mean Deviation

One limitation of the RMSE method is that it assumes that the trajectory in body
weight is linear and calculates the error around the line. However, the limitations of this
assumption are highlighted figure 45B and4.5D which illustrates an individual with a
highly nonlinear trajectory. To address this, a nbnear regression was fit to the body
weight data (sedigure 4.5. Specifically, a LOESS (locally estimated scatterplot smoothing)
regression is fittedd each body weight series. LOESS regression is-nean, nor
parametric smoothing tool. Due to its ngparametric approach, it does not assume prior
specification about the structure of the data, thus allows for visual representation of
relationships viich do not conform to any structur@acoby, 2000L.OESS regressions were
fit using t he (RCsre Beans 2019 angploys quadraticrpolyRomial
modd s on a moving collection of data points (
(Siangphoe and Wheeler, 2019he size of the neighbourhood is uskafined and referred
to as the “span” of the LOESS model, with gr
because they use a wideollection of surrounding data points, whereas shorter spans

result in closer fitting to the data. The span fits data based on the number of available data,
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therefore when fitting the loess to data with missingness, the span but be reactive to the
numberof weight measurements available. In order to address this, we generated a linear
relationship between span and number of available data, which results in a similar BWV
estimation under varying conditions of missingness. Lastly, a polynomial order af @sed

in the model based on the ndimearity of body weight data, as suggested previously

(Jacoby, 2000)
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Figure 4.5Example data from 2 NoHoW participants with nonlinear (top) arei (bottom) weight
trajectories with a nonlinear trendline fitted to the weight data. Distribution of the residuals from the

LOESS regression are shown on the right graphs

Similar tothe RMSE method, the residuals are then calculated by subtracting the
observed data from the model predictions and then converted to relative residuals by
dividing the residual by the observed data and multiplying by 100. Lastly, a summary value is
generded for each participant, by taking the mean of each relative residual. As illustrated in
figure 4.5B this generates a substantially different set of residuals in an individual with non
linear trajectory. The result is that RMSE values are more senitiaeger fluctuations in
body weight over longer periods (i.e. weight cycling), where NLMD is more sensitive to
smaller dayto-day or weekio-week fluctuations. In the next section, greater detail is
provided on the use of and bias associated with eadhese methods of BWV in order to

fully understand its operationalization before investigating it in rather to other outcomes.
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Chapter 5. Estimating Weight Variability Using WiEonnected Smart Scales

As highlighted in the previous chapter, traditionatienates of body weight
variability (BWV) have been limited by infrequent measurement of weight. Technological
advances have recently allowed frequent tracking of body weight but coinciding with these
advances are issues relating to data processing arigststal analysis. Indeed, it is of critical
importance to minimize biasing estimates of BWV. In particular, researchers may be faced
with the questions such as how to remove outliers, whether to impute missing data and the
extent to which missing data anohputation of data bias the estimations of BWV. In the
following chapter, each of these issues are addressed and guidance is provided. This is done
using a comprehensive simulation analysis using thousands of simulated data sets.

The following section iadapted from a manuscript published in the Journal of
Medical Internet Research: mHealthand uHedltd a ke Tur i cchi , O’ Dri sco
Duarte, A L Palmeirat al,, 2020) | was solely respoiide for the conceptualisation, data
analysis and manuscript writing of this publication and adaptation for this chapter. The data
used was collected as part of the NoHoW trial (see section 4.1). All other authors on the

publication provided minor feedbadkr manuscript edits.

5.1 Introduction

The impact of weight change on health and other outcomes has been well studied,
and doseresponse relationships between BMI (or weight change) and health markers have
been establishedRichard F. Hammaat al., 2006a; Rena R Wirg al., 2011a; Williamson,

Bray and Ryan, 2015Jhis is largely because the study of weight change requires alinim

(as little as 2) body weights in order to calculate change. Variability, however, is dependent
on several longitudinal body weight measurements and as such, the impact of BWV on
health is considerably less well understood. Most studies rely on vegqunént lab
measurements (e.g. everyX® months) which, as argued previously, isnepresentative

of true body weight dynamics and therefore is potentially misleading in the study of BWV.
5.1.1 Remote Tracking

Recently, the idea of remote healthcare mimmed through a network of internet

connected devices (now ter mgSheh, Jaimeiand¥e di cal )
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2018; Wu, Wu and Yuce, 2018s become popularized. In 2020 it is thought that 40% of
loT-related technology is health related, accounting for over $110 billion in market value
(Dimitrov, 2016)With this information, precision medicine will become the future of
healthcare and frequently tracked body weight data is likely to become a valuable
prognostic tool. Already, we have seen incorporation of Wafinected smart scales into
research environmentéSteinberget al., 2013; Painteet al,, 2017; Valle, Deal and Tate,
2017)accompanied by increasing popularity and decreasing costs in the general public. In
weight managerant interventions, 80% and 60% of successful weight loss maintainers
report selfweighing weekly or daily respectivdyanwormeret al., 2008) Regular self
weighing in research environmentising tracking technologies will allow for more accurate

recognition of body weight patterns which are currently not well understood.
5.1.2 The Problem of Missing Data

The use of data collected via WiFi connected smart scales facilitates collection of
data more relevant to the calculation of BWV. However, this data is subject to erroneous
values as well as missing data. Erroneous values may arise from inconsistent weighing
conditions (e.g. clothed vs unclothed), decalibration of smart scales or otherusiagsthe
smart scales. Given that seleighing is a relatively infrequent behaviour (i.e. individuals
generally do not seliveigh every day), missing data is common. Generally, missing data is
categorized into one of three categories: missing compleéhandom (MCAR), missing at
random (MAR), or not missing at random (NM@Btaskaran and Smeeth, 201Absence
of body weight data may have identifiable mechanisms, for example breaks-inesgliing
have been shown to be indicative of weighirgéHelanderet al,, 2014) However, given
that these patterns may not be consistent between or within individuals, it is difficult to
detect consistent patterns of missing data at group level ¢ne detectable pattern of
missingness in one instance cannot be assumed for all missing data). If there are no clearly
identifiable patterns of missingness, data can be described as MAR or MCAR. The difference
between MAR and MCAR is that MCAR data hasanses of missingness and is a
completely unpredictable process, whereas MAR data is not related to the missing data but
may be partially explained by the observed data.

The question of why data is missing is relevant to data imputation. In cases of NMAR

where missing data has obvious patterns, these patterns may inform imputation (e.g. if data
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is missing during periods of weight gain, this information can be used in the imputation
process). In complex behavioural data, it is often hard to detect any redsomissingness
due to differences between and within individuals and the apparent randomness of human

behaviour. This makes data imputation less informed.
5.1.3 Data Imputation

Imputation is the process of filling missing data points with values, rgdige
informed by nearby data. It is an approach commonly used in psychological and biological
research to maximise data retention, ideally without biasing results. It is crucial to note that
both inappropriate removal and inadequate imputation of misgilaga may bias analyses.
Imputation strategies can be grouped by several categories. Firstly, approaches can be
univariate or multivariate. In multivariate imputation, relationships between can be drawn
between all variables included (e.g. by multiple resgien or clustering), and the collinearity
between variables helps to inform missing points. For example, in psychology, associations
between psychometric variables may be evident in data sets thus information. Assuming
there are clear patterns in data, rtivariate imputation is generally preferred.

Furthermore, it lends itself to more advanced statistical techniques, including machine
learning methods such asNearest Neighbours (KN[Beretta and Santaniell@016) or
random forest (RRTang and Ishwaran, 2037)

Univariate imputation is often conducted when the single variable is a time series
(that is, that each data point represents a consecutive point in time). Univariate tinesser
imputation attempts to differentiate between stochastic and deterministic processes. A
purely stochastic process can be described as entirely random, where the previous data do
not inform the subsequent data. Conversely, a deterministic process ixameich no
randomness is involved in subsequent steps and thus is always entirely predictable by
previous data. Of course, almost all time series data are a partially defined by both
stochastic and deterministic features.

Body weight data collected by st scales can be defined as a univariate time series
which is largely (but not entirely) stochastic. This makes it particularly difficult to predict
missing values or forecast future values. It is possible to consider it a multivariate series by
adding adlitional variables, such as individual characteristics (e.g. age, gender and BMI) or

other data relating to time, such as day of the week. However, this relies on these variables
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providing information relating to the prediction of missing data values. Rbcaesearch

has focused on imputation of time series data collected from physical activity trackers
(Borgheseet al., 2019;Faustet al,, 2019) In our lab, we recently developed an evidence
based protocol for defining minimum data and a data imputation strategy relating to data
collected from the Fitbit Aria 2 activity tracker, aimed at minimizing the bias introduced by
missingnesg R. O’ eDal, RORG) dowéver, no study has consideredpatation and

bias minimization relating to data collected by WiFi connected smart scales, specifically to

the application of BWV.
5.1.4 Objectives

The aims of this section were to:
1. Develop a strategy for removing erroneous data
2. Conduct performance testing on a range of imputation strategies (univariate and
multivariate) to inform future imputation of missing data from smart scales;
3. Assess the errors associated with calculation of BWV (by linear anlineain

methods) under condions of missing data and imputed data.

5.2 Methods

5.2.1 Materials and Subjects

The data was collected as part of the NoHoW trial (detailed in section 4.1). Body
weight data was collected using the Fitbit Aria scale (see section 4.1.6.1 for full d¢tail o
measurement tool). To test imputation performance, 50 NoHoW participants with the
greatest amount of body weight data in the first-fr®onths were selected. Selecting those
with the greatest fraction of available data allowed for (i) better abilitgitaulate
missingness and impute in the data and (ii) more valid estimation of BWV which can be used
to test the agreement with other estimations (in comparison to missimgulated and
complete data). Only 50 individuals were chosen to limit missingnesisserved data which

increases with sample size. The characteristics of the sample used are shabie i5.1



- 141 -

Table 1 Participant characteristics

Characteristic Mean (SD)
Number of participants 50
Gender n (%)

Male 15 (30.0)

Female 35 (70.0)
Age (years) 49.2 (9.3)
Weight (kg) 81.9 (15.4)
BMI (kg/n) 29.3 (6.8)
Weight measurements (n) 336.0 (9.1)

Table 5.1 Sample characteristics reported as means ad standard deviations
5.2.2 Analysis overview

All statistical analyses were conducted in R version 3.5.1 (wpneject.org). All
statistical code is uploaded to GitH(@buricchi, 2020a)A study flow diagram is presented in
figure 5.1.First, outliers were removed based bmits of physiological plausibility (see
section 4.2 for detail). Next, an amputation (data removal) and imputation strategy was
used outlined previouslgMoritz et al,, 2015; Ranto, Karagrigoriou and Vonta, 20hich
involved simulation of missing data by two mechanisms: (1) removal completely at random
and (2) removal informed by true patterns of missingness; both followed by imputation
using univariate and multivariate mette, and performance testing using root mean square
error (RMSE). Next, BWV was calculated in observed (i.e. complete), simulated (i.e. inserted
missingness) and imputed data sets. This was done to test the accuracy of BWV estimation
under conditions of inementally missing data, and when missing data was imputed by
several methods. Body weight variability was estimated using a linear approach (RMSE) and
a nonlinear approach (notinear mean deviation; NLMD). These methods are described in
detail in sectim 4.2. Lastly, the agreement between BWYV estimates from observed weight
was compared to those generated by simulated and imputed data sets under different

amounts of missing data to evaluate bias in BWV estimate under different data conditions.
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5.2.3 Datacleaning

Briefly, data cleaning was conducted using a physiological plausibility approach as

described in section 4.2.1. This approach is the most conservative method of data cleaning.

Test imputation
performance
Test agreement of

imputed and J Simulation

observed data for
each imputation
method

validation study

Impute missing
data

Impute missing data
using ten univariate

and multivariate
imputation methods

Simulate missing
Insert missing data data

using MCAR and RPM J

at increments of 20%,
40%, 60% and 80%

Calculate Compare with
observed BWV true BWV

ompare estimated
BWV from true data to
simulated and
imputed data

Remove outliers
informed by limits of

physiological
Data Cleaning

plausibility
Figure 5.1Study flow diagram. Outline of the study detailing the simulatialidation study aimed

Use of linear (RMSE) and
non-linear (NLMD)
approaches to calculate
BWV in all data sets (true,
missing, imputed)

to test imputation performance and calculating of linear and-tinear body weight variability under
conditions of true, missing and imputed data sets with associedatparisons. Abbreviations: NLMD

(nortlinear mean deviation); RMSE (root mean square error); BWV (body weight variability
5.2.3 Simulation of Missing Data

In order to test imputation performance, data must first be removed from
“compl et e’ iyemthat theenagmitude tofanissinG data can be drastically
different both between and within individuals, data was removed in increments of 20%
between 20% and 80%. Firstly, an examination of whether anyraatom processes could

be identified in the comiete NoHoW weight data set using the TestMCARNormality
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function from the MissMech packag@éamshidian, Jalal and Jansen, 209 conducted.
The test returned that, at group level, the missing data was deemed to be MCAR. Indeed, it
is likely that there are some mechanisms for missing data but given the inconsistency
betweenand within individuals it is not appropriate to apply these mechanisms to the
entire data set.

In the 5Q@participant sample, data was removed in increments of 20%, 40%, 60% and
80% using an MCAR method in the ImposeMissing function of the simsem package
(Terrence Jorgensen, 201&)por each participant, missing data was randomly simulated for
each increment 20 times, resulting in 4,000 simulated data (50 participants * 4 levels of
missingness * 20 random simulations) sets with varying amounts of missing data. To address
the concernthat missing body weight data may not be truly MCAR, 20 random participants
(for each increment of missingness) were selected from our entire NoHoW study sample of
1,627 individuals with approximately 20%, 40%, 60% and 80% missing data and imposed
these mssing patterns on our 5participant sample (with neacomplete data), resulting in
4,000 simulated data sets with real patterns of missing (RPM) data. This gave us equal

numbers of both random and nerandom simulated data sets.
5.2.4 Imputation

Seven nivariate and three multivariate imputation algorithms were run on all
simulated data sets. Univariate methods included: linear interpolation, cubic spline
interpolation, Stine interpolation, exponentially weighted moving average (EWMA),
structural modeling with Kalman smoothing (SMKS) and ARIMA spéee representation
and Kalman smoothing (ASSRKS) from the impoteSEriespackaggMoritz ard Bartz
Beielstein,2017and an approach wusing Fr-ceastnaladad s supe
or seasonal decomposition on seasonal data followed by interpolation (TsClean) from the
forecast packagéHyndmarnet al., 2019) Multivariate imputation techigques, namely two
machine learning techniques: anarest neighbours method from the DMwR package
(Torgo, 2013and a random forest method from the MissForest packgsiekhoven and
Buhlmann, 2012)and a regressichased technique using predictive means matching
(PMM) from the Multivariate Imputation by Chained Equations (MICE) padBageen, S.

van, 2010) All imputation methods are describedtable 5.2 To maximise the usability of
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these methods where further information on participants is not available, only day number

and day of the week were used as predictive variables for multivariate imputation.

Table 5.2Description of time serieisnputation methods used

Method Description

Linear interpolation  This method looks for a straight line that passes between two values (X
%), where the imputed values are bound betweeyaXd X%. It has been
demonstrated to be efficient when prediog values with constant rate of
changeg[44], however tends to smooth data rather than impute variability.

Spline interpolation  This method fits local polynomial functions which are connected at each er
form a spline, creating a succession of cubic splines over successive inten
the data[45]. The order of the polynomial is can be defined manually. The
approach benefits from its nelinear approach, however its ability to predict
oscillations from univariate data is limitg46]

Stine interpolation  This method as an advanced interpolationthad where interpolation occurs
based on (a) whetheralues of the ordinates of the specified points change
monotonically and (b) the slopes of the line segments joining the specified
points changemonotonically. It produces a smoothed imputation knowrb&
robust against sporadic outliers and performs better than spline interpolatic
where abrupt changes are observgty].

Exponentially This approach calculates the exponentially weighted moving average (EW

weighted moving by assigninghe value of the moving average window, which is user defined

average (EWMA) the mean thereafter is calculated from equal number of observations on ei
side of a central missing value. The weighting factors decrease exponentic
the greater distance from the misgirvalue.

Structural modelling This method aims to identify the structure (trend, seasonalitg error) in a

with Kalman time series. Unlike ARIMA staspace approaches where each component is

smoothing (SMKS) eliminated, these components are used to inform imputation of missing da
Kalman filter and smoothing works in two steps to (1) produce estimates o
current stde variables, along with their uncertainties and (2) update estima
using a moving average to give a smoothing effé8}. The Kalman smoother
is given the entire sample and is not locally weighted. The Kalman smooth
robust to disparate observatioperiods (e.g. when observations are made
weekly and monthly in one time serigdp].

ARIMA statespace  This method converts the time series to an ARIMA model by decomposing
representation and trend, seasonality and errohtough a differencing protocol, resulting in a
Kalman smoothing stationary time series where means and covariances would remain invaria
(ASSRKS) over time[31]. Next, a Kalman smoother is applied as above.
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TsCleaf40] This method first assesses evidence of seasonality. |éptea robust STL
decomposition for seasonal series is conducted followed by linear
interpolation. I f no season al[50Ltisy
applied followed by linear interpolation.

K Nearest For everyobservai on t o be i mputed, this a
Neighbours (KNN)  observations based on the Euclidean distafxdd and computes the weighted
[41] average (weighted based on distan

Random Forest (RF) This method is an extension of typical classification and regression which

[42] generates predictive models that recursively subdivide the data based on
values of the predictor variables. It does not rely on parametric assumptior
and can accommodate ndimearinteractions, though may be prone to

overfitting [51].
Predictive means For each missing entry, this method generates a small set of candidate do
matching (PMM) from all complete cases that have predicted values closest to the predictec
[43] value fa the missing entry. One donor is randomly drawn from the candida

and the observed value of the donor is taken to replace the missing value.
assumption is the distribution of the missing cell is the same as the observ
data of the candidate donors

[Table 5.2Brief description of all univariate and multivariate imputation algorithm used in the

imputation of body weight data collected from smart schles
5.2.4 Calculation of Body Weight Variability

Body weight variability wasalculated using the RMSE and NLMD methods described
in section 4.2. Importantly, BWV was calculated on the true/observed data (this data is
nearcomplete), as well as data sets with simulated missing data and imputed data. This
allowed us to examine therers associated with linear and néimear BWV estimates

under differing conditions of missingness and imputation.

5.3 Results

5.3.1 Imputation Performance

All imputation algorithms were run on every simulated data set, generating 28,000
and 12,000 impute data sets from MCAR and RPM simulations respectively (4,000 imputed

data sets per imputation method). The performance of each imputed data set in comparison
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to the observed weight data was evaluated using RMSE which is a commonly used for

performance evhluation (Moritz et al,, 2015) Results for RMSE is showrigures 5.2

Errors increased with greater amounts of missing data. SMKS, EWMA, Linear
interpolation and Stine interpolation were similar in performance and showed the lowest
error respectively. Example ohputation of 80% missing data is illustratedigures 5.3AD
respectively. Machindearning based methods (RF and KNN) generally performed worse
than univariate methods, as did the regressimaised multivariate method PMM. The
ASSRKS method showed thieajest error, followed by Stine interpolation. Imputation of

MCARsimulated data sets generally showed lower errors than RRMilated data sets.
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Figure 5.2Performance summaries of univariate and multivariate imputation. Caption: Boxplots of the errors associated with impubaiityweight

data collected by smart scales. Data was removed by an MCAR (missing completely at random) algorithm (left plets)rdoaned by real patterns of
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missingness (right plots) in increments of 20%, 40%, 60% and 80%. Imputation was done by 7
univariate methods (top plots) and 3 multivariate methods (bottom plots). Root mean square error
(RMSE) was used the performance metric. ASSRKS (ARIMAspatee representation and Kalman
smoothing); EWMA (Exponentially weighted moving average); Lin Int (linear interpolation); Spline int
(Spline interpolation); Stine int (Stine interpolation); KNIN€Krest neighours); PMM (Predictive

means matching); RF (random forest); SMKS (Structural modelling with Kalman smoothing); RMSE

(Root mean square error)

5.3.2 Errors in Body Weight Variability Estimates

Next, agreement between BWV estimations from observed dasased
simulated/imputed data sets was investigated for each participant. Data sets simulated by
MCAR and RPM were collapsed for the present purpose. For simulated data sets, the errors
were minimal, averaging 7% and 3.2% disagreement between the truesifivages and
estimates made on 80% missing data for #ioear and linear methods respectively. At
60%, 40% and 20% missing data, errors were 2.3% and 0.6%; 1.3% and 0.4% and 0.4% and
0.2% for nodinear and linear WV estimates respectively, comparedue &stimates. Full
results can be viewed table 5.3 When data was imputed, imputation introduced
substantial errors (summarisedfigure 5.4).For most methods, imputation resulted in
underestimation of BWV, apart from Stine imputation, which overeated BWYV. Biases
increased with missingness and were generally greater for NLMD than RMSE. The

magnitude of error in imputed data sets was greater than when data was left missing.
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Table 5.31Impact ofmissing data and data imputation on estimation of body weight variability

wv

NLMD
RMSE
NLMD
RMSE
NLMD
RMSE
NLMD
RMSE

Missingness

20
20
40
40
60
60
80
80

Imputation method (mean % error (se))

None

-0.4(0.1)
-0.2(0.1)

-1.3(0.1) -11.2(0.4)

-0.4 (0.1)

ASSRKS EWMA

-5.5(0.3)
-0.5(0.3)

-2.2(0.4)

-2.3(0.1) -16.6 (0.6) -

-0.6 (0.1)
-7(0.2)
-3.2(0.2)

-3.2(0.5)
-27.1 (1)
-3.5(0.7)

-7.3(0.1)
-2.3(0.1)
12.9 (0.1)
-4.3(0.1)

16.7 (0.2) -14.6 (0.2) 13.2 (0.2) -10.2 (0.2)

-5.5(0.2)

18.7 (0.3) -30.3 (0.4) 20.3 (0.4) -20.6 (0.3)

-6.3(0.2)

Linear Int Spline Int  Stine Int

41(0.1) 6.4(0.2) -2.8(0.1)
1.1(0.1) 4.8(0.2) -0.6(0.1)
-8.7(0.1) 89(0.2) -6.2(0.1)
2.8(0.1) 6.4(0.2) -1.9(0.1)

4.7(0.1) 9.1(0.2) -3.3(0.1)

-9.6 (0.3) 15.2(0.4) -6.7 (0.2)

SMKS TS Clean KNN

-9.3(0.1) -4.8(0.1) -6.9(0.1)
3(0.1) -2(0.1) -3.4(0.1)
-20.3(0.3) -9.7(0.1) -10.2(0.2)
-6.6(0.2) -3.9(0.1) -6.6(0.1)
-37.7(0.5) -16 (0.2) -8.2(0.3)
114 (0.3) -6(0.2) -10.2(0.2)
-84.9 (1.4) -34.4 (0.5) 1.9 (0.5)
-23.1(0.6) -11.6 (0.3) -16.9 (0.4)

RF

-12.3(0.2)
-6.9 (0.1)
-24.8 (0.3)
-13.7(0.2)
-39.1 (0.5)
-22.7(0.3)
-49.4 (0.8)
-38.7 (0.5)

PMM

-7.5(0.2)
-8.2 (0.1)
-14.4 (0.4)
-16.8 (0.2)
-22.1 (0.6)
-29.3(0.4)
-29.5 (0.8)
-51.7 (0.6)

Table 5.3Mean deviation (%) between true weight variability estimates from observed data and that estimated from simulated and diaauseds.

Performance is reported as root mean square error (standard errorjmpenation strategies are reported. Abbreviations: NLMD {liroear mean

deviation); RMSE (root mean square error); Int (interpolation); ASSRKS (ARIMpAatateepresentation and Kalman smoothing); EWMA (Exponentially
weighted moving average); KNN-€arest neighbours); PMM (Predictive means matching); RF (random forest); SMKS (Structural modelling with Kalman

smoothing); RMSE (Root mean square error).
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5.4 Discussion

The present investigatioaimed to assess the ability to impute body weight data and
examine the biases associated with BWV estimates under conditions of missing data
(ranging between 2@0% in increments of 20%) and following data imputation by all
methods. Overall, it was foundhat structural modelling with Kalman smoothing,
exponentially weighted moving average and linear interpolation performed imputation best.
These methods are available to researchers through many statistical packagé®si¢eig.
and BartzBeielstein, 2017) For the purposes of estimating BWV, leaving data as missing
did not introduce significant bias (only73% error with >80% data missingheveas
calculating BWV on imputed data is prone to significant underestimation and should be

avoided.
5.4.1 Imputation Performance

Seven univariate and 3 multivariate approaches to imputation were employed. Since
access to further individuadével information (e.g. participant characteristics or behavioural
patterns and psychological traits) may be unavailable in many environmerdg Vvibeight
data collected by smart scales is likely to be treated as univariate and as such, use of more
advanced approaches to multivariate imputation such as-trased models, neural
networks and KNN methods is limited. Nevertheless, use of multivangiatation
algorithms using a limited number of additional variables (day of trial and day of the week)
was conducted to test if machine learning algorithms provided additional advantages. These
were chosen as predictive variables as these can be autoafigitenllected in frediving
environments without any participant burden. Withweek (e.g. weekday vs weekend)
fluctuations in body weight have been shown previoy8gcetteet al., 2008; Orsamat al,,

2014; Helandeet al,, 2015) characterised by weekend weight gain and weekday weight
loss,and therefore day of the week may potentially have predictive value in imputation.
However, it was found that these methods, in the current circumstances, did not
outperform simple univariate methods such as SMKS or EWMA. Indeed, machine learning
methodsmay perform better when trained on large, complete data sets and then applied to

missing data but in the present analysis there was not enough complete data sets to train
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machine learning imputation models and the variables used in multivariate imputaisn
limited to improve accessibility and usability.

Overall, no imputation strategy was able to accurately predict the variability in body
weight. It was observed that imputation generally reverts towards the mean trend in a
linear fashion (seégure 5.3for an illustration). As discussed eatrlier, it is likely that weight
variability is a highly stochastic (unpredictable) process which explains why missing data
cannot be well predicted and reversion towards the mean performs best. In contrast, weight
charge or trend is more determinable (i.e. if an individual has lost weight for the past 4
weeks, the probability is that they will continue losing weight in the next week). As the
amount of missing data increases, the more a reversion towards the mean vieglitent

(infigure 5.3 80% of data was removed and imputed).
5.4.2 Validation of Body Weight Variability Estimates Under Different Conditions

The implication is that BWV values calculated from imputed data sets show
considerable underestimation. Whe39% of data was missing, underestimations in NLMD
calculation compared to true values ranged freb8.7% to-84.9% for EWMA and SMKS
imputation methods respectively, compared {8 when 80% of the data was left as
missing. For RMSE, underestimations gatext from 80% imputed data sets were reduced,
ranging from-3.5% to-51.7% for ASSRKS and PMM respectively, compar8®28» when
data was left missing. Only in the case of ASSRKS was the error similar to when data was
missing. Importantly, while 80% miisg data seems substantial, this would be typical of an
individual seHweighing 12 times per week. From this analysis, it was deduced that in the
subsequent investigations into BWV, imputation would not be conducted in data
preprocessing. Importantly, th result may inform future calculations of BWV in studies
collecting data using smart scales, which is likely to be the future route forward for these

kinds of investigations.
5.4.3 Strengths and Limitations

The present study had several strengths. Fitet,data processing methods were
developed from true, rather than simulated data, thus increasing the validity of the analysis.
Our simulatiosimputation analysis was comprehensive, including generation 8,000

simulated data sets in total with varying lds@®f missingness using both random (MCAR)
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and realmissingness (RPM) informed simulations which resulted in 80,000 imputed data
sets produced using 10 univariate and multivariate algorithms. Next, both linear and non
linear approaches to estimating BWV neealescribed and compared under different

conditions of missingness and the errors produced in the common case of missing data were
reported, which informs the magnitude of errors expected from missing data estimations in
future studies. Some limitation$euld also be addressed. First, all imputation methods

were deterministic, though body weight seems to be a relatively stochastic (i.e. randomly
determined) process. The resultant effect is that imputation may reduce the variability by
attempting to recogrse predictive patterns which are not there. As recommended,
consideration should be given as to whether imputation is necessary. In some analyses,
including instances which employ machine learning algorithms, complete data is a necessity
and therefore impitation is required. Next, there was not entirely complete data by which

to test imputation, it was deemed sufficient to use real rather than simulated data for

external validity.

5.5 Conclusions

To conclude, based on a comprehensive review of the liteeagchapter 3) it was
clear that BWV potentially represents i) a significant health risk and ii) a prognosticy/tiol
it is currently not well understood nor well measured. In the present study, the ability to
impute body weight data was assessed, codiig that the variability component is highly
stochastic and unpredictable, and the best performing imputation strategies are therefore
those which revert towards the average weight, such as structural modelling with Kalman
smoother and linear interpolatn methods. The errors associated with BWV estimates
under varying levels of missing data were reported, concluding that errors are small when
using both linear and nehinear methods even under high proportions of missingness
(80%). Calculating BWYV follmg imputation generally resulted in significant
underestimations and is strongly not recommended. Together, these results will inform the

future study of BWV using data collected from smart scales.
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Chapter 6. Weekly, Seasonal and Holiday Body WeigittEhations

In the previous chapter, the mostly stochastic nature of variability in body weight
was discussed. However, it is likely that there is also a predictable component which relates
to temporal factors, such as the day of the week or season oydlae, which are termed
“fluctuations’ . I n the following section,
within a week, a year, and in response to holiday periods, based on previous literature
suggesting that energy balance behaviours are modifieg@sponse to time and in addition
by group according to characteristics and location.

The below chapter is adapted from a publication in PLOS(&xke Turicchi, Ruairi
O Driscol |, H o 0 Llg Rameira, Darseat dl.2020) Awas solaly responsible
for conceptualisation of the present study, data analysis and primary manuscript writing. All

other authors of the publication reviewed the manuscript.

6.1 Introduction

6.1.1 Body Weight Staility Over the Long Term

Il n his 1927 pap ethereis Bostrangersphemwomenborethan theat  “
maintenance of a constant body weight under marked variation in bodily activity and food
c o n s u mDubois, 8927)More recently, this phenomenon has been well studied:
humans, energy intake and energy expenditure appears to be extraordinarily well matched
over periods of years; evidenced for example by the data from the UK Department of Health
providing that average weight gain in the UK was estimated at ~6.7kg atgimm level
over 10 years between 2000 and 2010, corresponding to an average daily caloric surplus of
+25kcal/day(Speakmaret al, 2011) These and similarly cited figures arisirari
computational models of body weight which account for the efficiency of energy
transformations and the energy expenditure of the deposited tig3esterterpet al.,,
1995; Speakman, Stubbs and Mercer, 2002; Hall, 2010; Speakragr2011)all show a
very small discrepancies in energy balance over long periods. The determinants of
regulation of body weight have been discussedlier (see section 1.1.1 for a commentary
on body weight regulation and section 1.3 for a commentary on the asymmetry of this

regulation).

bo



- 156 -

6.1.2 Body Weight Homeostasis Over the Short Term

In the short term, energy balance (thus body weight) appeatsetaonsiderably less
stable, and indeed fluctuations in region oBkg over a 2veek period have been reported
in free living adults who provided repeated measurements of body compogibataniet
al., 2017a) Two reasons contribute to this observation: firstly, of thi3kg reported, ~84%
was attributed to change in FFM compartments of no energy value (water, glycogen and gut
weight) and second, energy intake and expenditure have not been shown to be matched
shorter time period§Chow and Hall, 2014l data adapted from an exemplary participant
of the Belsville dietary intake studiimet al., 1984)over one year, Chow and Hall
demonstrate the remarkable variability in energy intake at individualllésesefigure 6.1).
Energy expenditure, as shown, tends to be less modifiable, particularly in environments
which are not free living. Other mathematical models of human energy balance also expect
large dayto-day fluctuations in energy intake which (iretbong term) may not necessarily
affect weight in the long ternfPayne and Dugdale, 1977; Horgan, 20ftigugh other
authors argue that variability in weight or intake may potentially be an early predictor of

later weight gainRosenbaunet al., 2016; Feig and Lowe, 2017; Benstal., 2020)
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Figure 6.1Variability in energy intake and energy expenditure over 1 year in an example participant

from the Bellsville dietary intake study, adapted from Chow and Hall 2014
Importantly, it is likely that these acute (i.e. within week/month) fluctuations occur
continuously over long periods. Indeed, this is possible without having a significant effect on

longterm weight change. In chapter 3, it was concluded from a comprehensive review of
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the evidence that body weight variability (BWV) appears to be a risk famtoligdease and
mortality. Therefore, understanding the deterministic processes aetiology of BWV is an

important step in understanding its role in health.
6.1.3 Temporality, Energy Balance Behaviours and Body Weight

Human behaviour is greatly influence by environmental factors, and this extends to
the temporal environment which includes the time of the day, day of the week, time of the
month and year. While many of these temporal cycles are essentially amade conept,
they have considerable impact on the way in which humans live. Considerable
epidemiological evidence exists showing withiaek pattens of energy intake characterised
by increased energy density at the weekend (often driven by increased consumption of
processed and fast foodé)n, 2016; Jahnet al., 2017; CzlapkMatyasiket al., 2018)
accompanied by substantial increases in alcohol consumgpRoomet al., 2012) The effect
of the weekly cycle on physical activity is less consistent, with sbantges showing
increasedYounget al,, 2009; Drenowatet al., 2016) or decreaseqEvensoret al.,, 2015;
Sigmundovét al,, 2016)activity at weekends. Weekly fluctuations in body weight have
been shown in small samples over short periods, including samples in H@Qrgzeneet al.,
2014; Helandeet al,, 2015)and North AmericgRacetteet al, 2008) Nonetheless, these
obsewations are often made using data collected by-seffort or labbased measured and
little evidence of body weight fluctuations using home-M/connected smart scales exists.

Seasonality has also been implicated in modification of energy balance bergavio
though the evidence is sparse. Some studies have shown increases in energy intake and
decreases in physical activity in winter and autumn moriMaet al., 2006; Cranet al.,

2019) Il n one study in 156,911 women participat
alternate healthy eating index (calculated using FFQ data) showed that healiihg was

greatest in spring, summer and autumn, though the differences were minimal. In contrast,

one study in 9,701 Dutch males and females showed diet quality (a cumulative score

assessed as an aggregate of different health and unhealthy food grolipsted by FFQ) to

be greatest in wintefvan der Toorret al., 2020) and that this increase was greater in those

of a higher soci@conomic level. Furthermore, there igle evidence on seasonality effects

on body weight, but some studies have shown greatest body weight at wiiRtetenberry,

2012; Fahey, Klesges, Kocak, Talebtdl., 2019a) a pattern that has been shown in both
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Northern and Southern hemispheres in a large sanflglehranget al., 2016a) Nonetheless,
the magnitude of weight reported to fluctuate between seasons is miniscule (usually <1%
body weight(Mehranget al,, 2016b; Fahey, Klesges, Kocak, Talebt., 2019a), and the
individuals or groups more prone to these patterns anexplored.

Another temporal cue for weight change is holiday periods (in particular the
Christmas period which will remain the focus from here on). Reported behavioural
responses to Christmas include increases in energy and fat i(iYakevsket al., 2000;
Stevensoret al., 2013)in addition to decreases in physical activity and increased sedentary
behavior(Prelanet al., 2008) Considerable evidence stemming from revigd#, 2014;
DiazZavaleet al,, 2017) of this phenomenon report weight gains in responseéite holiday
period in the magnitude of 0-2.3kg(Yanovsket al., 2000; DiaZavaleet al., 2017)
Furthermore, this acute weight gain has been implicated in the aetiology of ldagar
weight gain and obesity development, as complete compensation for weighingay never
occur(DA, 2014)lt is likely that this response varies between populations or different

groups of individuals, though this has not yet been explored.
6.1.4 Individual Characterigts and Energy Balance Behaviours

The above evidence is in favor of a behavioural response to temporal cycles.
However, the extent to which different individuals are susceptible to this temporal
environmemt is unclear. For example, factors such as gebgraljpregion may modify
responses to weekly, seasonal or holiday cues due to differences in weather/climate, culture
or tradition/region. For example, in one study, individuals in Japan showed considerably less
weight gain over the Christmas period tharole in Germany (and, less so, the United
States)Helander, Wansink and Chieh, 2016)s suggested that elderly individuals are less
prone to binging behaviours than younger grog@sierdjikoveet al,, 2012)and therefore
may be less likely to experience weekend (or holiday) weight gain which is often due to
change in eating behaviours (specifically, increased energy intake). Individuals with a greater
BMI may be more prone to greater weight gain during periods where there is risk of acute
weight gain than their lower BMI counterparts, which is consisteitt the hypothesis that
acute (i.e. holiday) weight gain is partially responsible for loigen weight gainDA,

2014) Furthermore, due to differences in eating and activity behaviours between sexes,

males and females may potentially have comparatively different behavioural responses to



- 159 -

the temporal environment. Indeed, these differences may be reflected by group diffese
in weight. Despite the fact it is simple to collect data on these characteristics, no study has
examined differences in weekly, seasonal and holiday weight fluctuation patterns between

different regions, sexes or age and BMI groups.
6.1.5 Measuremenbdbf Weight Fluctuation

Previous studies reporting on body weight fluctuations have been limited in their
ability to make frequent measurements of body weight. This often results in (a) using
infrequent weight measurements (such as before and after Chris{ivagner, Larson and
Wengreen, 2012; Stevenseh al., 2013)or infrequently across seasofiBortenberry, 2012)
or (b) use of selfeported weights which may be prone to further biases. Furthermore, most
studies fail to account forhie overall trend in body weight. For example, if an individual
shows an approximate weight gain of 10kg over 40 weeks, then body weight will (on
average) be ~0.25kg greater at the end of every week than at the start of the week. This
weight change has theotential to confound the appropriate identification of fluctuations
independent of the trend in body weight and appropriate time series approaches must be
taken to minimize this confound (discussed in section 4.2.2 and later in the methods
section). Togdter, these previous methodological limitations limit our current
understanding of body weight fluctuation patterns over different time periods. Given that
there is reasonable rationale to study instability in body weight (see chapter 3 for a

comprehensiveeview), greater understanding of these body weight patterns are required.

6.1.5 Objectives
Using data collected as part of the NoHoW project (described in section 4.1), the aims of this
section were twofold:
4. To describe temporal fluctuations in body weight viiitla week, between
seasons and over the holiday period
5. Test how these patterns varied between different groups of individuals (based on

age, gender, BMI and country)
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6.2 Methods

6.2.1 Study Design & Participants

The present study was an exploratory ad hoclgsia using data collected as part of
the NoHoW study. The design of the study in relation to the randomized control trial

structure and intervention has been described in full in section 4.1.
6.2.2 Participants

For detailed information on the inclusiomd exclusion criteria for recruitment to
the NoHoW trial, see section 4.1.4.1. Importantly, all participants were adult recent weight
|l osers who had | ost -manth%pridrtodegruitivent, rgclutedat8 t he 1
centres in UK, Denmark and Payal.
Firstly, for inclusion in all present analyses, participants must have provided at least
20 weight measurements in one year. Additionally, for inclusion in the weekly analysis, at
least one weight reading was required on each day of the week. Fasioclin the
seasonal analysis, at least 5 weights were required in each season of the year. Seasons were
defined as follows: Spring (20th Maret20th June); Summer (21st Jur@2nd September),
Autumn (23rd September 20th December) and Winter (21st Bauber— 19th March)
based on astronomical dates for solstice and equinox occurrence in year 2019. For inclusion
in the Christmas analysis, at least 4 weights were required in the 30 days prior to and after
Christmas (defined as the 25th of December). Thmesemum criteria were designed to
improve the accuracy of statistical smoothing as suggested previ(Mslyranget al.,
2016b)and also demonstrated premusly by ourgroup J ake Turi cchi, O’ Dr i
Duarte, A L Palmeirat al,, 2020) Inclusion in one sample did not affect inclusion in

another.
6.2.3 Anthropometrics Measurements

On theinitial visit, body weight and height were measured using the SECA 704s
combined stadiometer and electronic scale in a fasted state, first thing in the morning, in

l' ight clothing. From this, BMI wa4 calcul ate
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6.2.4Fitbit Aria Scale

The body weight data collected for this analysis was collected from the Fitbit Aria
scale. The device is described fully in section 4.1.6.1. The data was collected for up to 2

years (where consent was available).

6.2.5 StatisticalAnalysis

Three subsamples were generated based on meeting eligibility criteria (noted
above) for each analysis (i.e. for weekly, Christmas and seasonal analyses). Participant
characteristics are provided as mean (standard error) or relative percentagpesew
specified) irtable 6.1and scale use is described as completeness of data per day of the
week and month of the year relative the amount of data possible for the given day or month
in figure 6.2 Change in scale use per week over 2 years was illadtest mean (standard
error) number of weights per week for each week in all participants from the entire sample.
Body weight data was initially screened for outliers based on physiological plausibility of
weight change as described in section 4.2.1.

Inallanal yses, each individual ' s kseridsyandwei ght
decomposed to remove the trend element (i.e. detrended). This process is described in
detail in section 4.2.4. Briefly, detrending refers specifically to the process of negiie
overall trajectory of the time series thus centering the body weight and leaving the
variability component. Detrending of body weight data was conducted to account for the
potentially confounding effect of weight change on patterns of variabilityuagested
previously(Orsameet al, 2014; Mehrangpt al., 2016b) For weekly and Christmas analyses,
the body weight data was detrended by fitting a locally estimated scatterplot smoothing
(LOESS) regression to each participant. LOESS regression was chosen to account for the non
linearity of weight change, allowing regnition of weekly and Christmas patterns
independent of the trend.

To identify seasonal patterns, a linear trend was fitted (see section 4.2.3 for more
detail) for the entire period measured for each participant. This was deemed optimal when
examining veability over a long period (up to 2 years) as dmear trends such as a LOESS
regression are likely to capture the variability patterns of interest (i.e. across very long
periods) and therefore reduce the ability to observe seasonal fluctuations, \ahdiear

trends allow greater deviation from the trend. Next, the trends were subtracted from the
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observed weight. Following detrending, the detrended weights were converted to relative
detrended weights which reflect the relative difference in weightvoe¢n a given point and

the trend, as done previous(Mehranget al, 2016b) Thr oughout, the term
used to refer to this relative deviation frothe trend.

To identify weekly patterns, the relative detrended weights were averaged for each
day of the week, providing a value representing the mean relative deviation between the
actual body weight and the body weight trend on each day. To identi#yasel and
Christmas patterns, missing data using an exponentially weighted moving average (EWMA)
from the TS Impute packag®loritz and BartzBeielstein, 2017yhich used a moving
window of 3 days each side of the central missing value (i.evaek EWMA). Imputation
by EWMA was chosen based on the results of the simulation and validation analysis in
chapter 5. Imputation was conducted for i@&@mas and seasonal analyses but not the
within-week analysis because the smoothing effect of the moving average imputation
reduces the differences between sequential days and therefore removes some of the
variability, but this is not a concern when examg patterns over longer periods such as
several months or years. Lastly, for seasonal and Christmas analyses, multiple years of data
were combined on to a yedess time axis and averaged each day of the year for all
participants in each analysis.

To test group differences within each analysis, individuals were grouped by gender,
region, BMI and age groups to test for differences in variability patterns between baseline
characteristics. All tests were conducted following data processing (e.g. detrending
addition to imputation for holiday and seasonal analyses). For the weekly analysis,
differences were compared between each grouping variable for each day of the week. For
the Christmas analysis, weight gain was calculated by taking the day where wagght
lowest in the 1 month prior to Christmas and highest in the 1 month after Christmas and
calculating the difference to define relative weight change (after detrending) in response to
the holiday period. The difference in Christmas weight change bygraciping variable
was then tested. For the seasonal analysis, data was grouped by season and grouping
variable then the group difference in mean relative deviation was tested for each season. All
group comparisons were made using a mtatitor oneway andysis of variance (ANOVA)
with type Il sum of squares adjusted for each grouping variable (gender, country, BMI

status and age group). This method was chosen to deal with potentially unbalanced groups
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and for covariance between the independent variablesa st | vy, -hackestwdss post
applied to significant models to investigate specific differences between groups. Full
multivariate ANOVA results can be found in appendicds &Il analyses were conducted in

R version 3.5.fwww.r-project.org. The analysis code can be viewed on Git{iricchi,

2020b)

6.3 Results

Participant characteristics for each analysis are giveéakle 6.1and the collection of
body weight data is described figure 6.2 The weekly, Christmas and seasonal analyses
included 1,421, 1,062 and 1,242 participants respectively. Participants in the weekly analysis
weighed themselves on average 220 times over &&s; in the Christmas analysis on
average 262 times over 603 days and in the seasonal analysis on average 243 times over 607

days.

Table6.1. Participant characteristics

Weekly analysis (n=1,42: Holiday analysis (n=1,06: Seasonal analysis

(n=1,242)

Gender =women (% 982 (69.1) 749 (70.5) 865 (69.6)
Age group (%)

under 30 years 164 (11.5) 100 (9.4) 132 (10.6)

30 to 45 years 618 (43.5) 440 (41.4) 530 (42.7)

46 to 60 years 506 (35.6) 404 (38.0) 451 (36.3)

over 60 years 133 (9.4) 118 (11.1) 129 (10.4)
Country (%)

Denmark 474 (33.4) 386 (36.3) 412 (33.2)

Portugal 471 (33.1) 318 (29.9) 391 (31.5)

UK 476 (33.5) 358 (33.7) 439 (35.3)
BMI status (%)

Healthy weight 263 (18.5) 195 (18.4) 224 (18.0)

Overweight 616 (43.3) 456 (42.9) 545 (43.9)

Obese C1 335 (23.6) 259 (24.4) 303 (24.4)

Obese C3 207 (14.6) 152 (14.3) 170 (13.7)
Weight (kg) 84.4 (0.4) 84.2 (0.5) 84.1 (0.5)
Duration (days) 566 (4.1) 603 (3.6) 607 (2.9)
Total weight 220 (4.1) 262(4.7) 243 (4.3)
measurements

Table 6.1 Participant characteristics in those eligible for weekly, holiday and seasonal analyses.
Data provided as absolute number and relative percentage (within a given analysis) or as mean and

standard deviation
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1,627 recruited to the
NoHoW trial

k4

1530 had at least 20 total
weight measurements

Y Y Y

1421 had weight 1062 had at least 4 weight 1242 had at least 5 weight
measurements on all 7 measurements in the measurements in each
days month before and after season of the year
Christmas
Y Y
1421 were included in the 1062 were included in the 1242 were included in the
day-of-week analysis holiday analysis seasonal analysis

Figure 6.2Participant flow chart

Distribution of weight is given by day of the weégre 6.3A and month of the year
(figure 6.3B relative to total possible days. The greatest proportion of data was available on
Tuesday and Wednesday, with the least availalbl&Sanday and Saturday respectively. Per
month, data was most complete in January and September to November, whereas

December, April and March had the greatest proportion of missing data respectively.
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Figure 6.3Frequency of scale use by dayveek and month of year. Frequency of weight data
collected, given for each analysis (daily, seasonal and holiday). Fig (A) shows completeness of data
per day of the week relative to the total amount of data possible for the given day and fig (B) shows

competeness of data per month of the year relative the amount of data possible for the given year

Selfweighing was averaged in relation to week of the trial for each particiganiré
6.4), showing an initial scale use of ~4 times per week which reduce.b times per week

over the course of the trial.

week

b

o

Average scale use per

0 25 75 100

50
Week of Trial
Figure 6.4Scale use over the duration of the trial. Mean (standard error) scale use per week over 2

years for each week in all participants from the entire sample
6.3.1 WeeklyFluctuations in Body Weight

Within-week patterns were characterized by weekend weight gain and weekday
weight reduction in all groupgigure 6.5. Means and standard errors are reportedaile
6.2 with between group comparisons for each day of the week. In the whole group, body
weight was greatest on Monday, Sunday and Tuesday respectively, and decreased
throughout the week with the lowest body weight on Friday. In the whole group, weekly

body weigh fluctuations of around 0.35% were observed. Both genders displayed similar
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patterns, though weekly fluctuations were slightly greater in men than women (0.41% vs
0.29%) who had significantly greater weight on Monday and Sunday (p<0.001 for both) and
lower weight on Wednesday and Thursday (p<0.01 for bdiglie 6.5A.

The weekly pattern was similar for all countriégyre 6.5B, though greater weekly
fluctuation seemed to be present in Portugal compared to the UK and Denmark (0.41% vs
0.33% vs 0.31%gspectively). The Portugal group had a greater relative weight than both
the UK and Denmark groups on Monday (p<0.001 for both) and lower weight than Denmark
on Thursday-0.12 (1.06) % 9.1 (1.0) %, p=0.008). Lastly, Denmark had a greater weight
than UK and Portugal on Saturday (p<0.01 for both) and Sunday (p<0.01 for both).

A similar pattern was observed for BMI groufigure 6.5@Q, though the extent of
within-week fluctuation generally decreased with BMI, with the largest fluctuations
observed irthe healthy weight group followed by the individuals with overweight,
individuals with class 1 obesity and lastly individuals with cléssi2esity (0.39% vs 0.38%
vs 0.31% vs 0.26% respectively). Individuals with ck&sstigsity showed significantiyver
weight on Mondays compared to individuals with overweight, healthy weight (p<0.01 for
both) and class 1 obesity (p<0.05). Differences were also observed on Friday where
individuals with overweight had significantly lower weight than all individuals aliesity
(p<0.001 for both) and individuals with healthy weight had a lower weight than those with
class 23 obesity (p<0.001).

Differences between age groups were the most detectafigi(e 6.50 with the
greatest fluctuations coming from 36 year oldgroup, followed by under 30s, 4D years
and lastly over 60 years (0.43% vs 0.32% vs 0.31% vs 0.24% respectively). Individuals aged
30-45 years had a higher weight than all other groups on Monday (p<0.01 for all). On
Thursdays, weight was greater in thé-60 years group compared to 35b group {0.09
(1.06) % vs0.13 (1.08) %, p=0.013) and on Fridays weight was greater in those over 46
years than in those aged 31b years (p<0.05 for all). On Sunday, greater in those aged 30 to
45 years than in those ag 46 years and above (p<0.05 for both).

6.3.2 Christmas Fluctuation in Body Weight

Christmas weight gain was observed in all grodigsie 6.6. Means and errors are
reported intable 6.3 with between group comparisons. In the whole group, increases of

1.35 (1.74)% body weight were observed, with the lowest weight in the first week of
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Figure 6.5Weekly body weight fluctuations. Weekly body weight fluctuations in all individuals and by gender (A), region (B), B(@) statLiage group

(D). Body weight has been detrended and detrended weight signifies the mean relative deviation from the diutdyendion a given day of the week.

Groups are presented by colour, and groups without a letter in common for each given day were significantly differehiagted@s by muHiactor
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Table 6.2Relative weight by day of the week
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Group Day of the week (relative body weight (%) (se))

Gender Mon Tues Wed Thurs Fri Sat Sun
Men 0.256 (1.0 0.057 (1.03) -0.081 (1.0 -0.127 (1.0 -0.156 (1.01) -0.12(1.07) 0.097 (1.1
Women 0.182 (1.1 0.059 (1.09) -0.044 (1.09) -0.104 (1.1% -0.14 (1.09) -0.112(1.12) 0.07 (1.14

Country  Denmark 0.173 (1.09 0.051 (1.06) -0.052 (1.04) -0.12 (1.069) -0.14 (1.06) -0.076 (1.09) 0.094 (.09}
Portugal 0.259 (1.08) 0.066 (0.99) -0.057 (1)  -0.104 (1) -0.154 (1.01) -0.15(1.08) 0.056 (1.19
UK 0.184 (1.1 0.058 (1.16) -0.056 (1.16) -0.107 (1.16% -0.142 (1.14) -0.119 (1.1 0.083 (1.19

BMI status Healthy weight 0.233 (1.15% 0.06 (1.12) -0.064 (1.11) -0.118 (1.12) -0.156 (1.13F -0.134 (1.16) 0.098 (1.19)
Overweight 0,186 (1.04) 0.041 (1.02) -0.053 (1.02) -0.108 (1.02) -0.125 (13 -0.09 (1.04) 0.077 (1.08)
Obese C1 0.141 (1.07F 0.049 (1.08) -0.027(1.07) -0.107 (1.06) -0.106 (1.06F -0.116 (1.08) 0.074 (1.08)
Obese C3 0.223 (1.13) 0.07 (1.08) -0.061 (1.07) -0.11(1.08) -0.163 (1.08)c -0.118 (1.12) 0.072 (1.14)

Age group Under 30 years 0,165 (1.219 0.089 (1.14) -0.023 (1.12) -0.117 (1.11% -0.159 (1.11) -0.15(1.19) 0.086 (1.25)
3045years  (0.248 (1.119 0.067 (1.08) -0.058 (1.08) -0.126 (1.08) -0.182 (1.09) -0.13(1.13) 0.095 (1.15)
46-60 years ~ 0.138 (1.04) 0.014 (1.04) -0.097 (1.01) -0.104 (1.048 -0.074 (1) -0.049 (1.03) 0.109 (1.07)
Over 60 years 0,184 (1.09 0.056 (1.06) -0.047 (1.06) -0.094 (1.06% -0.121 (1.06) -0.111(1.08) 0.049 (1.1)
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Table 6.2Mean body weight relative to the ndmear trend and standard error following
RSGNBYRAY3AZ IAGSY F2NJ SI OK RIFIe 27F idestsandidhl © [ S
were adjusted for all grouping variables. Only grouping variables whichsigagriéicant in a type llI

sum of squares multivariatle ANOVA were tested for differences between groups. Letters can be read
vertically within a day and group. Groups without a letter in common were significantly different. Full

multi-factor ANOVA resul&re provided in Appendix 6.1

December and the greatest weight on the second day of January. Body weight decreased
between January and March though remained at least 0.35% greater than tHehpigtmas
weight. Christmas weight gain was similar betweemmaad women (1.30 (1.67)% and 1.37
(1.79)%)f{gure 6.6A. Between countries, greater body weight gain was observed in the UK
compared to the Portugal (1.52 (1.70)% vs 1.13 (1.60)% respectively, p=0.011), though
Denmark was similar to both groups (1.29%98)%, p>0.05 for both comparisonfyjgre

6.6B). With regards to BMI statufidure 6.6¢ and age grougigure 6.60, no significant

differences in weight gain were observed (p<0.05 for all comparisons).
6.3.3 Season Fluctuations in Body Weight

Seasonagpatterns in relative body weight are shownfigure 6.7and means and
standard errors for relative weight are reportedtable 6.4 with between group
comparisons. Following detrending, body weight fluctuated by around 0.8% per year in the
whole group, ad patterns were largely characterized by Christmas weight gain and loss
during the year. Gender differences were observed (figure 6.7A); men lost weight and
therefore had significantly lower weights during summer, compared to women who gained
weight (0.23(1.32) % vs 0.40 (1.19) %, p=0.034). Between counfigesg 6.78, no
significant differences were observed. During summer, weight was greater in both obese
groups figure 6.7@, in comparison to healthy weight individuals (p<0.05 for both). Between

agegroups, no differences were observed for all seaséigarg 6.7D.
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Figure 6.6Body weight fluctuation around Christmas. Christmas body weight fluctuations in all
individuals and by gender (A), region (B), BMI status (C) and age group (D). Body weight has been
detrended and detrended weight signifies the mean relative deviationtlierbody weight trend on
a given day. Groups are presented by colour, and groups without a letter in common for each given

day were significantly different as tested by m@itt OG 2 NJ ! b h ! ¢dzl SeQa
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Table 6.3Relative holidayveight change bgroup

Group
Men
Women
Centre
Denmark
Portugal
UK
BMI status
Healthy weight
Overweight
Obese C1
Obese C3
Age group
under 30 years
30 to 45 years
46 to 60 years
over 60 years

Christmas weight gain (%) (se)

1.30 (1.67)
1.37 (1.79)

1.29 (1.65f°
1.13 (1.60}
1.52 (1.709

1.21 (1.78)
1.32 (1.85)
1.40 (1.68)
1.33 (1.62)

1.08 (1.62)
1.39 (1.78)
1.31 (1.58)
1.40 (1.85)

Table 6.3Mean body weight relative to theon-linear trend and standard error following
RSGOUNBYRAY3 I NRdzyR GKS / KNRAGY!I &
were adjusted for all grouping variables. Only grouping variables which were significant in a type I
sum of sqares multivariate ANOVA were probed for differences between groups. Letters can be read
vertically within a grouping variable. Groups without a letter in common were significantly different.

Full multifactor ANOVA results are provided in appendix 6.2

L2

LI3SodFesRvibich[ S G S NA
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6.4 Discussion

This study aimed to identify whether body weight showed predictable responses to
temporal cues (specifically the weekly, seasonal and holiday cycles) in all, and in groups of
individuals varying by region, sex, age and BMI groups. Iprdsent study weekly
fluctuations in the region of 0.35% body weight were observed which were relatively
consistent across groups; substantial Christmas weight gain in the region of 1.3% was shown
which was not fully compensated for in following monthsla®asonal patterns varied
between groups and were largely characterized by weight gain during the Christmas and

New Year period.
6.4.1 Weekly Weight Fluctuations

Greater body weight after the weekend was observed which was greatest on
Monday and decreaskthroughout the week reaching the lowest weight on Friday, with
fluctuations being equal to around 0.35% (around 0.3kg in the present group). These
observations are in line with results from previous research which has shown around 0.17kg
fluctuation between Monday and Friday in 48 adults involved in a weight loss intervention in
which participants were randomized into either caloric restriction or exercise dRasette
et al, 2008) Similarly, Monday and Friday were identifigslthe maximum and minimum
weight days respectively in an analysis of 80 adults from 4 sar{(pfeameet al,, 2014)

The results of the present study support these observations using a large and diverse
population using WiFi connected smart scales and showcaplity in different genders,
regions, ages and BMI groups.

Human behaviour is subject to both biological and environmental rhythms. The 7
day rhythm is consistent and therefore likely associated with predictable changes in
behaviour which include (in sarsamples) weekend reductions in workplace activity and
increases in dietary energy dens{tyzlapkavatyasiket al., 2018)characterised by
increased energy, fat and alcohntake (Jahnt al., 2017)including preferences for sugar
sweetened beveragesjscretionary/processed foods and fast foqds, 2016) While it
might be expected that different groups have discrete behavioural responses to the weekly
cycle, relatively consistent ptarns of weight fluctuation were observed across all groups.

Two notable exceptions from the overall pattern were evident. Firstly, those over 60 years
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Figure 6.7Seasonal body weight fluctuations in all individuals and by gender (A), region (B), BMI status (C) and age group (phBluay vexn
detrended and detrended weight signifies the mean relative deviation from the body weight trend on a given dggaf wigch has been given as a line
for each group. Groups are presented by colour, and groups without a letter in common for each given day were sigifficantiagitested by muki

FILOG2NJ ' bh+! |yR ¢dzl SeQa Llaid K20

Table 6.4 Relative sasonal weght patterns

Spring Summer Autumn Winter
Gender Men 0.28 (1.35) 0.23 (1.32% 0.02 (1.27) 0.38 (1.14)
Women 0.21 (1.16) 0.40 (1.19y 0.13 (1.03) 0.34 (0.91)
Country Denmark 0.08 (1.42) 0.34 (1.34) 0.21 (1.25) 0.35 (1.09)
Portugal 0.27 (1.38) 0.32 (1.39) -0.08 (1.29) 0.32 (1.15)
UK 0.32 (1.41) 0.39 (1.49) 0.12 (1.22) 0.39 (1.17)
BMI Status Healthy Weight 0.18 (1.38) 0.06 (1.45% -0.02 (1.36) 0.38 (1.35)
Overweight 0.20 (1.12) 0.31 (1.31y° 0.04 (1.15) 0.32(1.01)
Obese C1 0.27 (1.6) 0.55 (1.709 0.24 (1.52) 0.39 (2.05)
Obese C3 0.39 (1.98) 0.55 (2.17¥ 0.14 (1.88) 0.37 (3.59)
Age group Under 30 years 0.43 (2.15) 0.34 (1.82) 0.14 (1.91) 0.41 (1.79)
30-45 years 0.28 (1.51) 0.46 (1.41) 0.09 (1.21) 0.34 (1.05)
46-60 years 0.11 (1.39) 0.20 (1.39) 0.09 (1.22) 0.40 (1.01)
Over 60 years 0.23 (2.00) 0.47 (2.11) 0.08 (1.71) 0.20 (1.78)

Table 6.4Mean body weight relative to the linear trend and standard error follod@ i NEY RAYy 3 d [ SG G SNB R SetcedtSwhidd a dzf (0 &
were adjusted for all grouping variables. Only grouping variables which were significant in a type Il sum of squaresteitii@VvA were probed for
differences between groups. Letseran be read vertically within a grouping variable. Groups without a letter in common were significantly different. Full

multi-factor ANOVA results are provided in table appendix 6.4.
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old tended to show a less prominent weekly fluctuatidreduld be postulated that many
individuals over the age of 60 are in retirement and therefore may not show behavioural
responses to the weekly cycle. Moreover, as appetite declines in elderly individuals,
episodes of excessive intake (which are often atbweekends) may become less frequent
(Pilgrimet al,, 2015) Secondly, individuals in Portugal tended to maintain their weekday
weight reduction from Friday to Saturday, whereas weight gain was obsérntad UK and

more so Denmark from Friday till Monday. This suggests behavioural changes occur later in
the week in Portugal compared to the two other countries and may be reflective of cultural

differences, such as less binge eating or drinking on Fridays

Variability in weight has previously been associated with weight gain and obesity
(Feig and Lowe, 2017; Bensetral,, 2020)potentially due to dysregulated (or simply
inconsistency in) energy balance behavioiResenbaunet al., 2016)and therefore
associations between BMI and weekly weight fluctuations may be expected. However, an
inverse association was observed between BMI and weekly fluctyatitim healthy weight
individuals displaying the greatest weekly fluctuation (0.4% vs 0.27% in individuals with class
2-3 obesity). A similar observation has been made previously by Orsama et al. (2014) and
may be explained by the removal of the weightrtde meaning that greater weekly
fluctuation is reflective of greater weekday compensation for weekend weight gain,
whereas lack of compensation results in an upward trend (which is presently removed). This
is demonstrated by the fact individuals with oltgdhad greater weights on Friday, but

lesser reductions through the week.

6.4.2 Holiday Weight Fluctuations

Upward fluctuations in body weight were observed in the region of 1.35% in the
whole group (around 1.10kg in the present group) beginning in early December and
continuing until the first few days of Janua
trend. These findings are in line with previous observations reporting arourtkg.2veight
gain over Christmas in the general populat{@iazZavalaet al., 2017) However, less
weight gain (or even weight loss)ay be expected to occur in individuals engaged in a

weight loss or maintenance interventigBiazZavaleaet al,, 2017; Fahey, Klesges, Kocak,
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Wang,et al,, 2019) Therefore, in the present group comparatively large Christmas weight
gains were observed. One explanation for this obagon may be that individuals joining a
weight loss maintenance intervention may potentially do so as they are more susceptible to
weight gain (i.e. susceptibility to weight gain precedes a weight control att¢bqgyteet al,,
2015), and therefore are more likely to gain weight over the Christmas period.

To quantify Christmas weight gain, previotials have often relied on a single or a
very small number of body weight measurements before and after the Christmas period
(Reid and Hacke 1999; Yanovslegt al., 2000; Phelaet al,, 2008; Wagner, Larson and
Wengreen, 2012; Stevenset al., 2013) This may result in singlaeasurement error due
to normal fluctuations related to total body water, glycogen and other factors. To overcome
this, a smoothed timeseries of body weight measures over the entire Christmas period and
following period was generated, including a minimum of 4 weight measurements in the
month before and after Christmas. Interestingly, a partial but incomplete recidti
weight following the new year until March was shown, which remained around 0.35% (or
under 0.30kg) greater than weight before Christmas. This evidence supports the hypothesis
that holiday weight gain may be a factor contributing to laegm weight gin (Roberts,

2009)

Holiday weight gain was greater in individuals from the UK than in those from
Portugal though these differences were minor. In a previous study adyoiveight gain
across countries in 2,924 adults, authors reported greater weight gain in individuals based in
Germany (0.6%) compared to the United States (0.4%) and Japan (Ad&®)der, Wansink
and Chieh, 2016pllowing detrending of the body weight data; and Christmas weight gain
as low as 0.2% has been observed in Sf@aancieet al., 2013) Together, these results infer
that cultural differences in the behavioural response to the holiday period may be evident
(though modest) and may be investigated further considering the potential role of acute
holiday weight gain in longegerm weight gain.

Consistent seasonal patterns were not observed, and any pattern was largely
defined by the holiday effect. No differences in seasonal patterns were observed between
BMI groups. This is inconsistent with previous literature suggesting that more weight is
gained by individuals with overweight and obesity in comparison to those with normal
weight(Yanovsket al., 2000; DiaZavaleet al,, 2017) as well as the hypothesis that holiday

weight gain contributes to obesifRroberts, 2009)However, relative rather than absolute
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weights were used, and this should account for differences in initial body size and may have
exaggerated weight gain in heavier individuals in previous studief (hey did not use %
weight gain). Further explanation comes from the fact that the energy cost of weight gain is
greater in heavier individuals, due to differences in proportions of fat anéréat mass

gained, and differences in the energy contenboth tissueqHall and Guo, 2017)

Furthermore, it is likely that individuals with obesity are more likely to be gaining weight at
any given period than those with normal weight and to correct for this the overall trend in
body weight over donger period was removed in order to determine the response to the
Christmas period. Lastly, weight gain was similar between all individuals irrespective of age,
though generally younger individuals seemed to gain less weight during the period.
Interestingly, all groups remained at elevated body weights up to 2 months into the new
year, suggesting that weight gained at Christmas is not fully compensated for in the
subsequent period which was examined until the end of March. Together, these results can
potentially inform potential targets for future weight control interventions, such as self
monitoring intervention around Christmas, was an approach taken in a recent intervention

(Masonet al., 2018)
6.4.3 Seasonal Weight Fluctuation

Seasonal patterns were less consistent and the most obvious pattern of weight gain
in December and January is likely to be an outcome of the Christmas effect. It is worth
noting that observed errors in group means were large, suggesting that these seasonal
patterns are heterogenous, inconsistent and not defined by the grouping variables used
presently. Previous studies have reported seasonal patterns in body weight, with one study
reporting fluctuations of around 0.5kg throughout the year with a peak irteviand trough
in summer in a sample of 593 American individila et al., 2006) another study reported
a 1.2% increase in weight between fall and winter followed by a 0.6% decrease from winter
to spring in 248 Merican individuals engaged in a weight loss intervention which promoted
daily selfweighing(Fahey, Klesges, Kocak, Talaaitial., 2019b) Again, these studies did
not adjust for overall weight trend throughout the yeahich may confound seasonal
fluctuations (e.g. if an individual gains weight over a calendar year, winter will naturally
register as a heavier season). Similar to the present results, a comprehensive analysis which

used yearly detrending and aggregatiordata from 10,000 randomly selected digital smart
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scale users from 7 countries around the wqifidehranget al., 2016b)eported seasonal
fluctuations in tle region of 0.3% body weight which were inconsistent between region
though every country displayed a clear holiday effect (similar to the present results).
Gender differences were observed in summer, characterized by a reduction in body
weight during theseason in men and an increase in women. It is possible that this is due to
gender differences in physical activity, whereby men are more predisposed to partake in
physical activitfDeaneret al., 2012)or show physical activity increases in sumr{@rang
and Yen, 2015)Together, these may influencenagative energy balance in men but not
women during summer, however the large seasonal errors observed means this difference
should be taken with caution. Further differences were observed between BMI groups in
summer; healthy weight individuals had lowefative weight than those in obese groups.
This could be explained by changes in physical activity during the summer period, as those
lower in BMI generally have greater levels of physical ac{i@tyeeet al., 2016) No
differences between countries were observed, thougdividuals in the UK showed a
reduction in weight going from spring to summer, whereas individuals in Denmark (and less
so Portugal) gained weight during this period. Further research on examining seasonal
fluctuations in energy balance behaviors may hedpunderstand some of these differences

better.
6.4.4 Strengths and Limitations

The present study has several strengths. First, frequent measurements of body weight
collected for up to two years allowed for the employment of time series modelling (e.qg.
detrending) which would be inappropriate where weight data was collected infrequently.
Further, the sample sizes were large, ranging between 1,062 participants (for Christmas
patterns) to 1,421 (for weekly patterns). This allowed exploration of group difta®in
fluctuation patterns, which have not previously been examined. Next, individuals weighed
themselves on average around 2.5 times per week over@ihbdays, and restrictions were
put in place to exclude participants with excessive missing datan®ia¢ the amount of
days of data being used was great (up to ~320,000 total days dependent on the analysis),
more confidence can be had that the patterns observed were not random.

There were also limitations of the current analysis. Firstly, not ahe@measured

variability in body weight is likely to be related to energy balance behaviours. Indeed, much
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of the variability may be attributable to neenergy balance components of fake mass

(e.g. water, glycogen and gut weiglBhutaniet al., 2017a), for a full discasion of this
limitation see section 10.3. Furthermore, it was not possible to tell whether individuals
adhered to the selveighing guidance provided (i.e. first thing in the morning in light or no
clothing and an empty bladder). However, it is unlikélgttiack of adherence to this
guidance would produce the body weight fluctuations observed. All individuals were
engaged in a weight loss maintenance intervention and therefore our observations may not
be representative of the general population. Adherebaeselfmonitoring has previously
been associated with reduced weight fluctuatifvartin, Tate and Valle, 2018hd

therefore patterns may be more pronoged in individuals not regularly selkeighing.
Contrastingly, individuals in the present group are more likely to struggle with regulating
body weight and therefore may show more pronounced patterns of fluctuation.
Recruitment to the intervention was flalg, therefore initiation of selmonitoring began at
different stages of the year in different individuals and this may have influenced self
weighing or energy balance behaviours. Next, individuals were grouped by baseline
variables on which data is eaycollect, but it may be that these characteristics are not
necessarily related to weight fluctuation and as such, further exploration determinants of
fluctuations is advised. Next, although there was relatively high adherence tovesglhing,
missing @ta was present and imputation using an EWMA was conducted (informed by a
results of chapter 5) in the case of Christmas and seasonal analyses, which is second to using
true (complete) data. Lastly, there was less than three years of data between 202D4a8d
and therefore seasonal patterns had limited replicability, and therefore it was not possible

to investigate yeato-year differences in seasonal patterns across many years.
6.4.5 Conclusions

Weight instability occurs at different magnitudes and across different timescales. In
chapter 2, the phenomenon of intentional (and clinically significant) weight loss and weight
regain was investigated. This can, under the current terminology, be terheetténd in
body weight. When the trend is removed thus centering body weight around zero, the
variability component remains. The variability in body weight is largely stochastic
(unpredictable), to which there are many possible explanations for thisdimgua) the

unpredictability and inconsistency of human behaviours (for an illustrated example see the
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variability in measured human energy intakdigure 6.1); (b) unpredictable fluctuations in
non-energy balance related compartments and (c) noise gatee from inconsistent

weighing conditions discussed above (and in full in section 4.2.1). Nonetheless, some of this
variability was shown to be predictable and determined by temporal cues. These are
presently referred to as fluctuations given their repige nature. In the present analysis,

body weight fluctuations weekly and holiday fluctuations were evident, though seasonal
were not. This evidence was consistent with skerim studies on weekly fluctuations in
smaller groupgRacetteet al., 2008; Orsamat al,, 2014)as well as studies of holiday weight
gain in which infrequent measures (i.e. gyest Christmas) are often used, though the

much greater density of body weight measurements provide a more detailed report of these
patterns.

The present study highlights the influence of the temporal environment on body
weight (and thus energy balance behaviors), and how these may interact with individual
characteristics and cultural differences. Importantly, minor gains in body weight (such as
those seen at group level within a week in the magnitude of ~0.35%) may potentially be an
indicator of weight gain if not subsequently compensated for. More so, it is hypothesized
that holiday weight gain may potentially contribute to weight gain at popotalevel. These
results may inform future interventions aimed at reducing periods of overconsumption and
weight gain, particularly in specific groups. Future research employing smart scales should

consider the impact of body weight fluctuations on weighitcomes.
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Chapter 7. Associations between body weight variability, health

markers and body composition

In the comprehensive literature review conducted in chapter 3, the existing evidence
provided by longerm observational studies showed relatively cistant links between
BWV and risk of disease (e.g. CVD or T2D) and mortality. However, this literature often fails
to provide a plausible mechanism for these epidemiological associations, and other research
does not consistently relate BWV or weight cyglin any changes in health markers, though
there are some exceptions. Indeed, the most common pathway to disease incidence is
through detrimental adaptations in traditional health markers, and body composition may
form an additional component related toskase incidence. In the following chapter,
associations between BWV and changes in traditional health markers and body composition
were investigated.

The chapter is adapted from a publication in the International Journal of Cardiology
(Jake Turicchi, Ruairi O Dri scebdl,20200Fher gan, D
data used was collected as part of the NoHt1Al. | was solely responsible for the
conceptualisation, data analysis and primary manuscript writing of this study. All other

authors were responsible for providing suggested edits.

7.1 Introduction

7.1.1 Body Weight and Cardiometabolic Health

Body weght is a primary indicator in the development of cardiometabolic disease
(such as CVD and T2D) and dessponse relationships operating along exponential curves
have been rigorously developed to describe the risk increase associated with moving from
normal weight to obese class (Kivimakiet al., 2017) Increasing obesity prevalence
worldwide has coincided with quadrigd type 2 diabetes diagnoses in the past 30 years,
which is expected to rise to oveforodhDapd of t he
Wareham, 2019)The pathways to decreased risk are largely viatijfle changes, surgery or
pharmacological interventions, the latter two requiring involvement of healthcare services
and associated costs. The most effective lifestyle changes for decreased risk(8fidrzid

F. Hammaret al,, 2006b)-and second most effective for addressing CVD following smoking
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cessationKetoet al, 2016)-is weight lossAs little as 5% weight loss can significantly
decrease the risk of obesiglated comorbidity risk through reductions in blood pressure
(BP) and improved blood lipid ldgeand glucoregulatioRena R Wingt al,, 2011a) The
beneficial influence of weight loss on health has been reviewed extensively else(fheere
et al, 2017b)

7.1.2 Body Weight Maability and Health Outcomes

As discussed in previous chapters, body weight shows both a trend (or change) and a
variability around that trend which can be measured over long (e.g. years) or short (e.g. days
or weeks) periods. While lower weight (and waidpss) is consistently associated with
reduced risk of obesityelated diseases, the effects of BWV are less well understood. The
available evidence has been reviewed extensively in sectieB.3.25ome epidemiological
studies have suggested large inases in the risk of a health event, such as a 53% increased
risk of mortality in the highest quartile for BWV in a large and diverse population of almost 7
million Korean individuals from a national health regigteimet al., 2018) Another study
showed up to double theisk of myocardial infarction or death in the most weight variable
guantile of individuals with prexisting coronary diseagBangaloreet al.,, 2017)

Additionally, several recent med@nalyses in the past few years have concluded that
BWV is associated with increased risk of T2D incid@fogameet al,, 2017) CVD(Zouet
al., 2019a)and mortality(Zhanget al,, 2019; Zotet al, 2019a) though one study provided
t hat “serious biases, such as diagnostic sus
t o assess t(Kodamasha, 2@l <€) impdrtantyniri these analyses they there is
not a selection of populations with prexisting disease, meaning that both healthy and-non
healthy study samples are included. The available epidemiological evidence (which typically
spans several years or decades) is in favour of detrimental health riskg twBWYV which
must be further explored.

Despite this observational evidence, no study has experimentally manipulated
variability in body weight in a controlled manner and tested its more acute impact on
health. Furthermore, large epidemiological studé#®wing increased risk tend not to
attribute their results to a plausible physiological mechanism. Some evidence suggests that
unstable weight may negatively impact health markers though these associations are

inconsistent (see section 3.3 for a more cawigensive review). For example,tuo
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studies, greater retrospectively measured BWV was associated with greater blood pressure
(Zeigleret al,, 2018)and greater prospectively measured BWV was associated with greater
HbAlcOhet al,, 2019) though the change indalth markers were not longitudinally
measured. Crossectional studies reliant in weight cycling history questionnaires have
shown associations between greater weight cycling and reducedd{Dlsonet al., 2000)

or decreased leptin or resting metabolic rg&trycharet al., 2009) Furthermore, a rebound

in cardiometabolic health markers (meaning values ineedaeyond original status despite
incomplete weight regain) following weight regain has been repo(teweger, Hoddy and
Varady, 2014)Lastly, detrimental effects of weight cycling on body composition have been
reported (Beaverst al,, 2011; Dullocet al., 2015) which may function as a pathway to
metabolic diseaséDulloo and Montani, 2015)

Nevertheless, the effct of BWV on changes in health markers is inconsistent, not
well studied and very often relies on sedfported weight history to define retrospectively
weight instability (be that cycling or variability). Most often, studies use cross sectional
designs geetable 3.3for summary) and rarely measure health outcomes longitudinally.
Those which do measure weight prospectively, rely on infrequent measurements of body
weight and do not account for the (potentially) unmeasured variability (a limitation
discussd frequently throughout this thesis). Accordingly, is not clear whether BWV is
independently associated with concurrent changes in health markers, in particular after
adjustment for weight change. Increased frequency in the measurement of body weight can
facilitate more valid estimation of BWV (as discussed in chapter 5). When aligned with
repeated measured of cardiometabolic health these estimates can enable more appropriate
investigation of the relationship between BWV and health. However, until recendly

data has not been available in research environments.
7.1.3 Objectives

As part of a secondary investigation using data collected during the NoHoW trial (see
section 4.1), the aims of the following study were to:
1. Investigate the association between-hinth BWV and concurrent changes in
health markers (specifically, blood pressure, blood lipids, HbAlc and body

composition), following adjustment for overall weight change
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2. Investigate the association between-h#nth weight change and concurrent

changes imealth markers, following adjustment for BWV

It was hypothesised that greater BWV would be associated with detrimental changes in
health markers and body composition, and weight loss would improve markers of health

and body composition.

7.2 Methods

7.2.1Study Design

The current study used data collected as part of the NoHoW trial which is described in full in

section 4.1.
7.2.2 Participants

The inclusion and exclusion criteria for recruitment to the NoHoW trial can be found
in section 4.1.4.1. Additionaiclusion criteria were required for inclusion in the present
analysis. Participants had to have =220 body
generate estimates of weight variability, as determined as reasonable in the previous work
on estimating BWV [@apter 5). Furthermore, physiological measurements (referred to
below) were required to be complete at 0 and 12 months. No imputation of physiological
measurements was conducted therefore participants were excluded if this criterion was not
met. A subsampe was generated who had available longitudinal ekraérgy Xray
absorptiometry (DXA) measurements. This provide 955 and 439 individuals meeting
sufficient data requirements for inclusion in the primary analysis and DXArgilipsis
respectively (n=439A total of 955 individuals had available data for all outcome variables,
minimum physical activity (PA) data and covariates. A participant flow diagram is shown in

figure 7.1
7.2.3 Physiological Measurements

Information on all measurements used is prowdda full in chapter 4.1. Frequent body
weight data was collected from the Fitbit Aria smart scale as descritssttion 4.1.6.1
Physiological measurements were made at 0, 6 and 12 months. Measurement of diastolic

blood pressure (DBP) and systolic blpodssure (SBP), resting heart rate (RHR),



-185 -

Recruited to the NoHoW trial
(n=1,627)

Missing >1 outcome
measurement
(n=545)

Available outcome data at 0
and 12 months (n=1,082)

< 20 valid weight
measurements (n=49)

> 20 valid weight
measurements in 1 year
(n=1,033)

Did not physical
activity data
requirements (n=57)

Meet minimum physical
activity data criteria (n=976)

Had outliers in
outcome data (n=21)

Removal of physiological
outliers (n=955) included in
the primary analysis

Did not have two DXA
measurements
(n=516)

Had DXA data available at 0
and 12 months (n=439) (DXA
sub-sample)

Figure 7.1Participant flow diagram

blood lipids (total cholesterol, lowlensity lipoprotein cholesterol (LBTL), HDIC and
triglycerides) and HbAlc are describedattion 4.1.7

7.2.4 Physical Activity

Data on physical activity was collected over the period of the study by the Fitbit
Charge 2 device described fullysiection 4.1.6.1Step count was used as the primary
measure of PA due to greater reliability than other measures such as energy expenditur
(Feeharetal, 2 0 1 8 ; et@l, 2018)Irstial and thange in physical activity were used
ascovariates in later statistical model§he first four weeks of physical activity data were
removed as the novelty of participants receiving a new-sglhitoring device (and initial
problems with set up) is likely to produce sporadic increases in physitaty. Steps were

aggregated to tweweek daily averages. Participants were required to have valid data for at
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least the first 9 months, during which at least 12 valid weeks (6viwek blocks) were
required. This was deemed enough data to estimateahénd change in PA. Initial and
change in PA were estimated by generating a linear regression between time and average
daily steps per veek block, whereby the intercept acted as initial PA, and the beta

coefficient as the change in PA. An illustratedmple can be seen figure 7.2
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Figure 7.2Scatterplots from 2 example participants showing changes in physical activige{
average step count) over 1 year; (A) shows an initially high physical activity which reduces over time;

(B) shows a modeta physical activity which increases over time

7.2.4 Body Weight Variability

Previous studies examining associations between BWV and health have used
differing calculation methods. Indeed, often multiple metrics of BWV are used, and up to 4
methods have been used in a single study recegimet al,, 2020) This is because the
relationship between BWV and health is not understood and therefore a more expigrato
approach is preferable. In the current study, 4 measurements of BWV were used. Each of
these have been described fully with illustrated exampleseiction 4.2ut include the
coefficient of variation (C\&ection 4.2.}, the mean absolute successiveiadility (MASV,;
section 4.2.2 root mean square error (RMS3ection 4.2.83and nonlinear mean deviation
(NLMD;section 4.2.% The first 3 methods have been used previously, whereas NLMD was

designed as part of this and related work upon critical evi#dneof available methods.
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7.2.5 Statistical Analysis

Outliers were removed from body weight data collected by the Fitbit Aria scale in
accordance with the physiological plausibility approach detailesgation 4.2.1All key
variables were assessed fasrmality via visual inspection of QQ plots and histograms and
any variable deemed neparametric were log transformed. Characteristics of the
population at baseline were described by mean and standard deviation in the whole group
and by sex due to knownftiérences in physiological variables (particularly body
composition) between sexetaple 7.1). Scale use was described over the course of the trial,
by day of the week and by month of the yeafigure 7.3ACrespectively. Differences
between sexes were tested using studestésts (for continuous variables) and &guared
tests (for categoricalariables). To test the main hypothesésa¢ greater BWV would be
associated with adverse concurrent changes to health and body compostig@ng¢post
approach was used employing a multiple linear regression with thegmmse as the
outcome and presore as a covariate, a method which is generally preferred to regression
against the changscore(Vickers and Altman, 20Q1All continuous variables were
standardised by taking the mean and standard deviation of all variables, subtracting the
mean and dividing by the standard deviation. Weight change (%) was calculated as the

difference between weight at baseline and-frfnths.
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Figure7.3.(A)Scale use over the duration of the trial. Mean (standard error) scale use per week over
the course of the trial for each week in all participants from the entire samplerd&lency of scale

use by day of week and (C) month of year. Frequency of weitghtdllected, given for each analysis
(daily, seasonal and holiday). Fig (B) shows completeness of data per day of the week relative to the
total amount of data possible for the given day and fig (C) shows completeness of data per month of

the year relatve the amount of data possible for the given year

Three regression models were generated to test the primary hypotheses. Firstly,
model 1 which included only the baseline outcome (i.e. health marker) value, weight change
(%) and BWV. Secondly, model duded the same variables as model 1 and with additional
adjustment for basic characteristics: age, sex and BMI. Lastly model 3 included the same
variables as model 2 plus adjustment for initial and change in PA (steps). This was done due
to the known confainding effect of PA on the relationship between weight, health and body
composition. Each model was run for each health outcome and for all four methods of
estimating BWV. The models were run in a separatessubple for those with data
available for bodgomposition measured by DXA (n=439). Full details of the DXA sub
analysis are provided gppendix 7.1Interactions between weight change and BWV
estimates were examined but found no significant associations therefore left these out of all
models.All pvalues within models were adjusted for multiple comparisons using the
BonferroniHolt method. Model results are giventables 7.27.3which summarise the
associations of weight change and -BWV on out
coefficients standard errors andalues. In order to compare the effect size of BWV
estimates and weight change on outcomes, the change in the adjustealu® of the
model when the variable of interest (BWV estimate or weight change) was added to the
model (which vas complete except this variable) was used. As a sensitivity analysis, the data
was separated into a-onth BWV period and a followp period (where change in
cardiometabolic markers was measuredill details can be viewed @ppendix 7.2.
Associationsvere deemed significant at p<0.05. All analyses were conducted in R (version
3.5.1).
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7.3 Results

7.3.1 Primary Analysis

Baseline characteristics are presentedahle 7.1.A total of 955 (653 women) met
the criteria for inclusion. The group had a meangin loss of 11.8 (x5.1) % in the-12
months prior to recruitment. On average, participants were aged 45.3 (£11.5) years,
overweight (BMI=29.4 (+5.0) kgAnand achieved above number of recommended steps per
day(TudorLockeet al, 2011)(mean steps = 10,833 (£3,469)) around baseline. Average
values for all health measures were within normal range (i.e. noettgpsive,
hyperglycaemic or hyperlipidaem(kloustonet al,, 2005). Over 12 months, weight change
was on average +0.56 (6.6) % (ranging fr8th8 % to +36.3 %); SBP and DBP decreased by
1.7 (106) and 0.3 (6.8) mmHg respectively and RHR increased by 1.3 (8.5) bpm. Total
cholesterol increased by 0.19 (0.66) mmol/L; Ddecreased by a 0.05 (0.66) mmol/L; HDL
C increased by 0.15 (0.30) mmol/L; triglycerides increased by 0.21 (0.81) mmol/L drd HbA
increased by 0.09 (0.20) %. Body fat measured by BIA decreased by 0.50 (5.0) %. Waist and
hip circumferences were 93.9 (13.7) and 109.1 (10.8) cm respectively, resulting in an
average WHR of 0.86 (0.09). Over 12 months, participants weighed themselagsrage
159 (89) times, the frequency of which decreased over thenbath period (sedigure 7.3A
for change in selfveighing over the trial).

Tables 7.27.3 provide summary results (for BWV and weight change) from a total of
144 linear models (12 hahloutcomes, 4 methods of estimating BWV and 3 levels of model
adjustment). Associations between BWV and health markers varied by the outcome variable
and method used but were generally ngignificant and inconsistent. No significant
associations were olesved between any measure of BWV and DBP, RHRCHDpercent
body fat. A significant inverse association
-3.4 (1.5), p=0.026) but for no other methods or model adjustments. Significant, direct
associationsvere observed for LBC between some methods of BWV and in some models,
though results were generally inconsistent. Similarly, some models showed direct significant

associations for triglycerides and HbAlc, though results varied between methods
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Table 7.1 Participant Characteristics

Variable All (n=955)  Male (n=302) Female (n=653) F-value
Centre (%) <0.001

Denmark 354 (37.1) 63 (20.9) 291 (44.6)

Portugal 310 (32.5) 175 (57.9) 135 (20.7)

UK 291 (30.5) 64 (21.2) 227 (34.8)
Age (years) 45.29 (11.5) 43.54 (10.81)  46.10 (11.81) 0.001
BMI (kg/n?) 29.43 (5.08) 29.10 (4.44) 29.57 (5.35)  0.184
Previous weight loss (% 11.8 (5.5) 11.2 (5.1) 12.1 (5.6) <0.001
Weight (kg) 84.2 (16.5) 91.27 (15.7) 80.88 (15.8)  <0.001
Initial steps 10816 (3493.7) 11584 (3842.0) 10461 (3262.8) <0.001
Number of body weight
measurements 158 (89) 160 (90) 157 (89) <0.001
SBP (mmHg) 122.17 (14.76) 127.39 (13.64) 119.75 (14.64) <0.001
DBP (mmHg) 76.54 (8.86) 80.08 (8.61) 74.91 (8.50)  <0.001
HR (bpm) 65.43 (10.30)  62.28 (10.20)  66.88 (10.03) <0.001
Cholesterol (mmol/L) 4.90 (1.01) 4.78 (0.91) 4.96 (1.06) 0.01
LDEC (mmol/L) 2.77 (0.85) 2.80 (0.75) 2.75 (0.90) 0.416
HDLC (mmol/L) 1.58 (0.41) 1.42 (0.33) 1.65 (0.41) <0.001
Triglycerides (mmol/L)  1.21 (0.68) 1.22 (0.71) 1.21 (0.67) 0.806
HbAlc (%) 5.17 (0.34) 5.20 (0.31) 5.15 (0.35) 0.039
Fat free mass (kg) 51.8 (9.6) 61.83 (7.80) 47.11 (6.22)  <0.001
Fat mass (kg) 51.77 (9.62) 29.44 (10.94) 33.76 (12.04) <0.001
Body fat (%) 37.79 (8.62) 31.45 (7.28) 40.73 (7.55)  <0.001
Hip (cm) 109.13 (10.76) 106.09 (8.21)  110.53 (11.49) <0.001
Waist (cm) 93.91 (13.71)  99.22 (13.07)  91.45(13.30) <0.001
WHR 0.86 (0.09) 0.93 (0.08) 0.83 (0.07) <0.001

Table 7.1Baseline characteristics reported as mean and standard deviation unless stated otherwise.
P-values denote results of studentests for continuous variables and -cgjuared tests for
categorical variables betweesexes. Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood

pressure; HR, heart rate; L0l lowdensity lipoprotein cholesterol; HEL, highdensity lipoprotein
cholesterol.
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and adjustments and in direction and magnitude. A significant sstsmc was observed
between BWV (by NLMD) and WHR, though this association was not present for any other
methods of BWV. The greatest variance was explained in the direct significant relationship
between RMSE and change in #dD{1%), with all other relanships explaining <0.9% of

the variance in outcomes and most explaining 0% of the change.

With regards to weight change, in all models and after adjustment for BWV by all
methods, 12month percent weight change was consistently associated with changes
indicative of improved health, with direct associations observed between weight change
and changes in SBP (p<0.001 for all), DBP (p<0.001 for all), RHR (p<0.001 for all), total
cholesterol (p<0.05 for all); LEX (p<0.001 for all); triglycerides (p<0.0014t}y, HbAlc
(p<0.001 for all) and an inverse association with changes irGH[Pk0.05 for all). Weight
loss was also associated with reduced percent body fat by BIA (p<0.001 for all) and reduced
WHR (p<0.001 for all). The variance explainéaiignge) by addition of weight change to
multivariate models was greatest for changes in percent body fat {10.41%) followed by
changes in DBP (427%), SBP {8%), RHR {2.4%), triglycerides (1-8.4%), HbAlc (1.4
1.6%), WHR (1-6.9%), HDIC (0.30.4%), total cholesterol (0-2.3%), and lastly LBL (0.1
0.2%).

7.3.2 DXA sufanalysis

Baseline characteristics of the DXA salnple and associated model results are
provided inappendix7.1. A summary of the results can be viewedahle 7.3 The 439
individuals in this sub sample gained on average 0.9 (6.2) % body weight, accompamied by
0.06 (4.7) % increase in body fat. Weight change was directly associated with change in body
fat (p<0.001 for all analyses) which explained betwedri% of the variance. Significant,
inverse associations between BWV (by CV and RMSE) and body fat JhydbxXébserved
in all models (p<0.05 for all), though these explained <0.5% of the change in body fat. No

associations were observed for other measures of BWV.

7.4 Discussion

This was the first study to examine associations of -pigitision BWV estimase(i.e.

using frequently tracked body weights) and weight change with concurrent changes in
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Table7.2. Association between weight variability measures, weight change and changes in cardiometabolic health

Outcomes
SBP DBP Heart rate Cholesterol LDEC HDLC Triglycerides HbAlc

Model Predictor B (SE P B (SE P B (SE P B (SE P B (SE. P B (SEP B (SE. P B (SEP

1 NLMD -3.14 (1.44) 0.04 -1.96 (0.95) 0.051 0.83(1.19) 0.484 0(0.11) 0.999 0.08 (0.04) 0.067 -0.02 (0.1) 0.827 -0.22(0.11) 0.042 0.02 (0.03) 0.541
Weight change  0.37 (0.05) <0.001 0.28 (0.03) <0.001 0.24(0.04) <0.001 0.01(0) 0.065 -0.01 (0) <0.001 0.01(0) 0.022 0.02 (0) <0.001 0.01(0) <0.001
cv 0.13(0.24) 0.603 0.13(0.16) 0.423 0.16(0.2) 0.409 0.02(0.02) 0.22 0.02(0.01) 0.017 0.01(0.02) 0.553 -0.02(0.02) 0.384 0.01(0.01) 0.014
Weight change  0.38 (0.05) <0.001 0.29 (0.03) <0.001 0.25(0.04) <0.001 0.01(0) 0.027 -0.01 (0) <0.001 0.01 (0) 0.019 0.01 (0) <0.001 0.01(0) <0.001
RMSE -0.35(0.47) 0.616 0(0.31) 0.997 -0.14(0.39) 0.735 0.07 (0.04) 0.062 0.07(0.01) <0.001 0.02(0.03) 0.432 -0.07(0.04) 0.063 0.01(0.01) 0.154
Weight change  0.36 (0.05) <0.001 0.28 (0.03) <0.001 0.24 (0.04) <0.001 0.01 (0) 0.022 -0.01 (0) <0.001 0.01 (0) 0.017 0.01(0) <0.001 0.01 (0) <0.001
MASWV -1.7(0.98) 0.109 -1.24(0.64) 0.071 0.44(0.81) 0.589 -0.04 (0.07) 0.553 -0.03(0.03) 0.252 0.05(0.07) 0.42 -0.17(0.07) 0.016 0.02(0.02) 0.335
Weight change  0.37 (0.05) <0.001 0.28 (0.03) <0.001 0.24(0.04) <0.001 0.01(0) 0.045 -0.01 (0) <0.001 0.01(0) 0.025 0.02 (0) <0.001 0.01(0) <0.001

2 NLMD -1.02 (1.41) 0.547 -1.01 (0.95) 0.334 1.17 (1.2) 0.334 0.06 (0.11) 0.661 0.04 (0.04) 0.404 0.06 (0.1) 0.556 -0.13(0.11) 0.253 0.02 (0.03) 0.51
Weight change  0.42 (0.04) <0.001 0.31(0.03) <0.001 0.25(0.04) <0.001 0.01(0) 0.02  -0.01(0) <0.001 0.01(0) 0.006 0.02 (0) <0.001 0.01(0) <0.001
cv -0.03 (0.24) 0.901 0.04 (0.16) 0.82 0.01 (0.2) 0.971 0.03(0.02) 0.166 0.02(0.01) 0.015 0.02 (0.02) 0.307 -0.03(0.02) 0.171 0.01 (0.01) 0.026
Weight change  0.42 (0.05) <0.001 0.31(0.03) <0.001 0.25(0.04) <0.001 0.01(0) 0.006 -0.01 (0) <0.001 0.01(0) 0.002 0.02 (0) <0.001 0.01(0) <0.001
RMSE -0.12 (0.46) 0.789 0.07 (0.31) 0.809 -0.26 (0.39) 0.597 0.09 (0.04) 0.017 0.06(0.01) <0.001 0.05(0.03) 0.146 -0.06(0.03) 0.117 0.01 (0.01) 0.259
Weight change  0.42 (0.05) <0.001 0.31(0.03) <0.001 0.25(0.04) <0.001 0.01(0) 0.004 -0.01 (0) <0.001 0.01(0) 0.002 0.02 (0) <0.001 0.01(0) <0.001
MASWV -0.77 (0.95) 0.491 -0.84 (0.64) 0.216 0.82(0.81) 0.314 -0.02 (0.07) 0.865 -0.04(0.03) 0.155 0.06 (0.07) 0.327 -0.11(0.07) 0.132 0.02 (0.02) 0.431
Weight change  0.43 (0.04) <0.001 0.31(0.03) <0.001 0.25(0.04) <0.001 0.01(0) 0.014 -0.01 (0) <0.001 0.01(0) 0.006 0.02 (0) <0.001 0.01(0) <0.001

3 NLMD -1.17 (1.41) 0.46 -1.04 (0.95) 0.412 1.29 (1.2) 0.282 0.07 (0.11) 0.588 0.03(0.04) 0.499 0.07 (0.1) 0.549 -0.14(0.11) 0.316 0.02 (0.03) 0.646
Weight change  0.44 (0.04) <0.001 0.31(0.03) <0.001 0.23(0.04) <0.001 0.01(0) 0.057 -0.01 (0) <0.001 0.01(0) 0.026 0.02 (0) <0.001 0.01(0) <0.001
cv -0.04 (0.24) 0.867 0.03(0.16) 0.905 0.02(0.2) 0.926 0.03(0.02) 0.14 0.02(0.01) 0.021 0.02(0.02) 0.277 -0.03(0.02) 0.214 0.01(0.01) 0.025
Weight change  0.44 (0.05) <0.001 0.31(0.03) <0.001 0.23(0.04) <0.001 0.01(0) 0.021 -0.01(0) <0.001 0.01(0) 0.011 0.02 (0) <0.001 0.01(0) <0.001
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RMSE -0.16 (0.46) 0.732  0.06 (0.31) 0.907 -0.24 (0.39) 0.61 0.09 (0.04) 0.019
Weight change  0.44 (0.05) <0.001 0.31(0.03) <0.001 0.23(0.04) <0.001 0.01(0) 0.016

MASWV -0.81(0.95) 0.442 -0.85(0.64) 0.274 0.85(0.81) 0.292 -0.02(0.07) 0.771
Weight change  0.44 (0.04) <0.001 0.31(0.03) <0.001 0.23(0.04) <0.001 0.01(0) 0.043

0.06 (0.01)
-0.01 (0)

-0.04 (0.03)
-0.01 (0)

<0.001
<0.001

0.195
<0.001

0.05 (0.03) 0.115
0.01(0)  0.009

0.07 (0.07) 0.342
0.01(0)  0.026

-0.06 (0.04) 0.127

0.02 (0)

<0.001

-0.11 (0.07) 0.17

0.02 (0)

<0.001

0.01 (0.01)
0.01 (0)

0.02 (0.02)
0.01 (0)

0.223
<0.001

0.441
<0.001

Table 7.2Summary results from 3 multiple linear regression models predicting changes in health outcomes. Results are given as&tanidard

gl t dzS a

associated standal errors and significance values for the two predictors of interest. Model 1 was adjusted for baseline values of the weigbine

change and weight variability (separate models for each method of estimating weight variability). Model 2 was adjustatefane plus baseline BMI,

age and sex. Model 3 was adjusted for model 2 plus initial and change in physical activity estimated from Fitbit derevésidkizh SBP, systolic blood

pressure; DBP, diastolic blood pressure:CPbwdensity lipoprotén cholesterol; HDC, highdensity lipoprotein cholesterol; NLMD, Aamear mean

deviation; CV, cefficient of variation; RMSE, reotean squaresrror; MASWV, mean average successive weight variability.
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Outcome

Model

Predictor

NLMD
Weight
change

CcVv
Weight
change

RMSE
Weight
change

MASWV
Weight
change

NLMD
Weight
change

Ccv
Weight
change

RMSE

Fat mass (kg)

Fatfree mass (kg)

Body fat (%)

Waisthip ratio

Body fat (DXA) (n=439)

B (SE)
-0.77 (0.54)

0.73 (0.02)

-0.1 (0.09)

0.73 (0.02)

0.25 (0.18)

0.74 (0.02)

-0.54 (0.37)

0.73(0.02)

-0.73 (0.53)

0.74 (0.02)

-0.14 (0.09)

0.73 (0.02)

0.25 (0.17)

=)

0.206

<0.001

0.266

<0.001

0.156

<0.001

0.195

<0.001

0.202

<0.001

0.125

<0.001

0.152

B (SE)
-0.62 (0.5)

0.13 (0.02)

-0.04 (0.08)

0.13 (0.02)

-0.36 (0.16)

0.13 (0.02)

0.08 (0.34)

0.13 (0.02)

-0.41 (0.49)

0.15 (0.02)

-0.03 (0.08)

0.15 (0.02)

-0.33 (0.16)

=]

0.283

<0.001

0.655

<0.001

0.036

<0.001

0.824

<0.001

0.468

<0.001

0.754

<0.001

0.045

B (SE)
-0.18 (0.61)

0.45 (0.02)

-0.05 (0.1)

0.45 (0.02)

0.28 (0.2)

0.45 (0.02)

-0.72 (0.42)

0.45 (0.02)

-0.17 (0.59)

0.45(0.02)

-0.13(0.1)

0.44 (0.02)

0.25 (0.19)

=]

0.773

<0.001

0.624

<0.001

0.16

<0.001

0.112

<0.001

0.78

<0.001

0.184

<0.001

0.201

B (SE)
-0.014 (0.006)

0.002 (0)

-0.002 (0.001)

0.002 (0)

-0.003 (0.002)

0.002 (0)

-0.005 (0.004)

0.002 (0)

-0.009 (0.006)

0.002 (0)

-0.001 (0.001)

0.002 (0)

-0.001 (0.002)

0.024

<0.001

0.08

<0.001

0.135

<0.001

0.199

<0.001

0.12

<0.001

0.288

<0.001

0.478

B (SE)
-1.53 (0.78)

0.47 (0.03)

-0.48 (0.14)

0.46 (0.03)

-0.73 (0.27)

0.46 (0.03)

-0.51 (0.69)

0.48 (0.03)

-1.54 (0.81)

0.48 (0.03)

-0.46 (0.14)

0.46(0.03)

-0.71 (0.28)

p

0.066

<0.001

0.001

<0.001

0.011

<0.001

0.614

<0.001

0.136

<0.001

0.003

<0.001

0.027



Weight
change

MASWV
Weight
change

3 NLMD
Weight
change

CcVv
Weight
change

RMSE
Weight
change

MASWV
Weight
change

0.74 (0.02)

-0.62 (0.36)

0.74 (0.02)

-0.7 (0.53)

0.73 (0.02)

-0.13 (0.09)

0.72 (0.02)

0.25 (0.17)

0.74 (0.02)

-0.61 (0.36)

0.73 (0.02)

<0.001

0.097

<0.001

0.24

<0.001

0.145

<0.001

0.173

<0.001

0.112

<0.001

0.14 (0.02)

-0.11 (0.33)

0.15 (0.02)

-0.41 (0.49)

0.15 (0.02)

-0.02 (0.08)

0.15 (0.02)

-0.32 (0.16)

0.15(0.02)

-0.12 (0.33)

0.15 (0.02)

<0.001

0.853

<0.001

0.511

<0.001

0.854

<0.001

0.061

<0.001

0.919

<0.001
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0.46 (0.02)

-0.61 (0.4)

0.45 (0.02)

-0.13 (0.59)

0.44 (0.02)

-0.13(0.1)

0.44 (0.02)

0.25 (0.19)

0.45 (0.02)

-0.6 (0.4)

0.44 (0.02)

<0.001

0.149

<0.001

0.822

<0.001

0.196

<0.001

0.196

<0.001

0.173

<0.001

0.002 (0)

-0.005 (0.004)

0.002 (0)

-0.01 (0.006)

0.002 (0)

-0.001 (0.001)

0.002 (0)

-0.001 (0.002)

0.002 (0)

-0.005 (0.004)

0.002(0)

<0.001

0.182

<0.001

0.142

<0.001

0.361

<0.001

0.508

<0.001

0.227

<0.001

0.46 (0.03)

-0.54 (0.69)

0.48 (0.03)

-1.53 (0.81)

0.47 (0.03)

-0.44 (0.14)

0.46 (0.03)

-0.7 (0.28)

0.45 (0.03)

-0.57 (0.69)

0.47 (0.03)

<0.001

0.536

<0.001

0.135

<0.001

0.005

<0.001

0.037

<0.001

0.619

<0.001

Table 7.3Summary results from 3 multiple linear regression models predicting changes in body composition. Results are giverRas stadar |
associated standard errors and significance values for the two predictors of interest. Model 1 was adjlstedlifte values of the outcome, weight

change and weight variability (separate models for each method of estimating weight variability). Model 2 was adjustetbfammplus baseline BMI,

dl t dzS a

age and sex. Model 3 was adjusted for model 2 plus initial badge in physical activity estimated from Fitbit devices. Abbreviations: SBP, systolic blood

pressure; DBP, diastolic blood pressure:CPbwdensity lipoprotein cholesterol; HIQL, highdensity lipoprotein cholesterol; NLMD, Aamear mean

deviation;CV, ceefficient of variation; RMSE, reotean squareerror; MASWYV, mean average successive weight variability.
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markers of cardiometabolic disease and body composition. It was found that weight loss
across 12 months was consistently assclavith improvements in all indices of health and
reduced percent body fat (as measured by both BIA and DXA). Associations between 12
month BWYV and changes in cardiometabolic health markers were weak and inconsistent
between models. Direct associationstiwveen BWV (by RMSE and CV) and change in
percent body fat (by DXA) were observed which were significant in all models but explained
no more than 0.5% of the observed effect. In the sensitivity analysisa(ggendix 7.3

which employed a longitudinal strtire by temporal separation of exposure and outcome,
the results of the primary analysis were supported such that there was no consistent effect

of BWV.

7.4.1 Associations Between BWV and Change in Health Markers and Body

Composition

The associations betve& BWV and health outcomes were inconsistent between
models and generally explained around 0% of the variance in health marker responses. This
is inconsistent with some previous evidence (largely in relation to weight cycling rather than
BWV, as researcmdBWYV and health markers is sparstr example, a previous study
showed significant associations between greater-sgborted history of weight cycling
history and lower HDLC in 485 women, however observed no associations on blood
pressure, glucose another blood lipidgOlsonet al.,, 2000) In a similar study, seteported
weight cycling history in 121 women was associated with increased waist circumference,
resting metabolic rate (per kg) and adiponectin, however no impact on the metabolic risk
factors measured in the present stu@$trycharet al., 2009) In another study, selfeported
weight cycling increased the risk of hypertension after 2 yéactulzt al., 2005) with
similar results reported by a recent study which suggested this effect was mediated by
increased \gceral adipose tissugeigleret al., 2018) No associations between any measure
of BWV and body composition or WHR were found, as hypothesised previBasliet al.,

1994; Montani, Schutz and Dulloo, 2015agsults from an analysis of 3,632 Frammingham
health study participants showed an increased risk afdmeing metabolically unhealthy
(67%); getting type 2 diabetes (58%) and getting hypertension (74%) in those defined as
having high BWV compared to stable body wei@ponholtzt al., 2019) However,
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individuals with high BW were also 163% more likely to have obesity. Conversely, some
studies have shown no associations between measures of weight instability (be that weight
cycling or BWV) and health markers (slgle 3.3for a detailed review).

Further physiological evidence in favour of a detrimental effect comes from a string
of recent animal studies exposing mice to weight cycling (see section 3.4.2 for a full review)
which have shown detrimental effects on glucgSehofielcet al., 2017)and insulin
(Simonds, Pryor and Cowley, 2018&wels, inflammatory marker@.iet al., 2018)and
hepatic steatosi¢Barbosada-Silvaet al., 2012) though again some studies show no effect
(seetable 3.4for a synthesis of available evidence). Notably, these animal model studies
havethe advantage of being able to accurately manipulate body weight, though
physiological effects cannot necessarily be extrapolated to humans. However, the relative
magnitude of weight manipulation in animal models is often of considerably greater
magnitudethan measured here.

Some evidence has suggested that weight instability (specifically in this instance,
weight cycling) has detrimental effects of body composition due to the repartitioning of
weight from FFM to FM. This is suggested to occur becauseatiwoh of FFM lost during
weight loss is greater than that regained upon weight recoyBryloo, MilesChan and
Schutz, 2018)Xhough is hypothesised to operate specifically in lean individizaliooet
al., 2015)primarily because individuals with overweight and obesity have greater FM stores
to protect against greater amounts of FFM loss during weight(lesses, 1987; Hall, 2007)

In the present study, no consistent associations between BWV and body composition
changes by bioelectrical impedance were etved. However, in the subsample of

individuals with available DXA measurements, greater BWV (as calculated by RMSE and CV)
was consistently (in all model adjustments) associated with decreased body fatness (after
adjustment for overall weight change), thgh these explained no more than 0.5% of the
variance in body fat change. This could be considered inconsistent with the above
hypothesis, however three important caveats to this result are notable: (a) these effects are
miniscule and probably of no subst#al value when considering body composition changes
over 12months; (b) the present sample had overweight or obesity, and the effect was
hypothesised by Dulloo et al. to operate in originally lean individuals and (c) the magnitude
of measured weight vaability is not analogous to large weight cycles of >20% body weight

from which the original hypothesis was generated. Further research examining the
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associations of weight instability and changes in body composition are required over longer
periods using mlti-compartment models of body composition to account for changes in the
composition of FFM, which are more likely related to water fluctuati@isitaniet al.,

2017b)
7.4.2 Associations Between Weight Change and Change in Health Markers

As expected, thassociations between weight loss and improvements in health
markers are welsupported by results from observational studigerna S Aucott al.,
2016; Sabakat al., 2017) clinical trial{Richard F Hammeaet al., 2006; Rena R Wirgj al.,,
2011a)and metaanalysegMaet al., 2017b) By standardising regression coefficients, direct
comparisons between the maduade of each relationship could be made (in addition to
variance explained or?R Following adjustment, the strongest associations withridhth
weight change were seen for changes in SBP and percent body fat, followed by DBP and
heart rate. Associationwith changes in blood lipids and HbAlc were minor, consistent with
previous research showing that body weight is more closely related to blood pressure than
lipids(Wadden, Anderson and Foster, 1999; Rena R tiag, 2011a) potentially because
blood lipids are more strongly influenced by diet or exer¢@k&ton, 2019) To adjust for the
potentially confounding effect of PA, initial and change in steps recorded from the Fitbit

Charge 2 was added to model 3, though tha mbt significantly affect models.
7.4.3 Strength and Limitations

This study has several strengths. BWV was estimated using frequent measures of
body weight (~3 times per week) over 12 months which attenuates the potential error
associated with infrequent measurements used to estimate BWV in previous studies.
Multiple methods of calculating BWV were employed due to heterogeneity in the statistical
approaches used in previous studies. A new method of calculating BWV was applied based
on critical evaluation of present methods (ssection 3.}, termed NLMD, which aimed to
overcome the assumption of linearity associated with previous methods. Weight data was
collected using Wiriconnected smart scales, overcoming the biases associated with self
reported data.

There are also limitations to consider. First, the compositiowaifht changes

which contribute to the BWV estimates is unknown and could be related to fluctuations in
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total body water (see section 10.3 for a detailed discussion of this limitation). The sample
were recent weight losers (mean of 11.8% weight loss irpts¢ 12months) and had

therefore experienced recent health improvements which may limit subsequent responses.
This is supported by the observation that the sample were, on average, obese at baseline
(BMI=29.4 kg/r®) yet all mean baseline health measuwesre within healthyrange. It has

been hypothesised that BWV is a risk factor for disease in populations wHxseng
diseasgZoppiniet al,, 2008; Lorna S Aucagt al., 2016 Bangaloreest al,, 2017)and

therefore effects may be limited in this (on average) metabolically healthy sample. The BWV
observed in the current sample who were aiming to maintain reeegight loss may not be
representative of the generglopulation as discussed previousde¢tion 6.4.% Next, the
sample was comprised mostly of individuals with overweight and obesity, though it is
hypothesised that BWV has greater effect on health and body composition in lean
individuals(Montani, Schutz and Dulloo, 20153@8he exposure (to BWV) and outcomes
(changes in health markers) were measured concurrently over the same time period and
therefore causalitycannot be inferred. To address this, a sensitivity analysis was conducted
with a longitudinal structure (investigating the effect e6dnonth BWV and weight change

on subsequent changes in outcome variables), though results did not differ (see appendix
7.2 for full details). Lastly, cardiometabolic measurements were only made over 12 months,
though many longitudinal studies showing detrimental effects of BWV occur over several

years or decades.

7.5 Conclusions

In chapter 3, the impact of retrospective aptbspectively measured BWV on
cardiometabolic health was comprehensively reviewed and it was concluded that over the
longterm there is reasonable evidence to believe that BWV is potentially a risk factor for
disease and mortality, but also concluded tltare is no clear physiological mechanism
identified in the aetiology of this association. The most likely pathway for this association
(via detrimental effects to traditional risk factors) was considered by examining associations
between BWV and changesthe primary risk factors for cardiometabolic disease. This was
done for a limited period of 2Enonths.There was little evidence to support the hypothesis

that BWV has any substantial association with changes in risk factors for cardiometabolic
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disease or body composition over a-fitbnth measurement period in a sample who had
recently lost ~11% body weight, though weight loss was consistently associated with health

benefits as expected.

7.6 Future Study of Body Weight Variability and Health

Thisleaves the question of why might BWV act as a risk factor for disease? In a series
of medical literature, the concept vigib-visit (V2V) variability (i.e. variability in a given
health marker, independent of the mean value) has been proposed to behavpgtto
disease incidence and mortality. A recent matzalysis concluded that V2V blood pressure
was an independent risk factor for both CVD and mortdlityazet al., 2014) with similar
reports provided by studies on V2V cholesterol concentratiteget al,, 2018; Get al.,
2019)and V2V HbAlg.iet al., 2020) Given the knowledge that each of these health
markers generally track changes in body weight (e.g. a reduction in weightscause
reduction in blood pressure, as shown above), it could be plausible that the variability in
body weight is a cause of V2V variability. In this regard, BWV would not need to affect the
mean value, but instead the variability. Further research shouldt@imvestigate the
associations between BWV and V2V health marker variability in the aetiology of disease
incidence using longitudinally collected markers of health.

Another possibility is that physiological variability is a proxy for underlying disease,
or disease status/progression (such as in samples where disease incidence is an eligibility
criterion). This disease status (diagnosed or undiagnosed) may disturb physiological
homeostasis in a manner which exaggerates weight and/or health variabilitglliéw-up,
such individuals are then more likely to have encountered a health event or death. Indeed,
studies aiming to examine BWV in healthy population do generally screen for health
conditions, however, these may be undiagnosed or in the early stagdsnay function to
confound results made based on several years (or decades) of fofjow

Nonetheless, in order to progress the study of the relationship between BWV and
health, appropriately designed study which collect frequent measurements of bodytveig
tracked longitudinally over several years, coinciding with both longitudinal measurement of
health markers and ideally followp periods in which hard outcomes can be quantified are

required.
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Chapter 8. Associations Between Shdréerm Body Weight Variabty and
LongerTerm Weight Outcomes

The NoHoWrial was designed to tackle the problem of weight regain following
weight loss. Weight regain is a complex phenomenon which has been reviewed extensively
from physiological, biopsychological and behavioural perspectives, as discussed in section
1.3. Ideriifying key predictors of weight regain is an important task, and more so, being able
to identify these early on in an intervention would be highly useful. One novel risk factor
which has recently been identified for weight gain or less successful wegght |
maintenance is BWV. In the following section, a comprehensive analysis is conducted which
investigates the associations of initial body weight variability and later weight outcomes in
the NoHoW trial.

The chapter is adapted from a publication in theemational Journal of Obesi{y.
Turicchiet al,, 2020) The data used was collected as part of the NoHIG&l | was solely
responsible for the conceptualisation, data analysis and primary manuscript writing of this

study. All other authors were responsible for providing suggested edits.

8.1 Introduction
8.1.1 Identification of Weight Outcome Predictors

In various weight loss and maintenance interventions, individual success is difficult
to predict and considerable interindividual variability is often observed in body weight
responses to a given interventigVilliamson, Atkinson and Batterham, 201B) predictive
(baseline) models, predictors often explain up te3W®b6 of the variance in weight loss
maintenance (or wight regain) and in many models these predictors are the sum of other
predictors (i.e. show multicollinearity between predictors), with constituent predictors
accounting for much smaller sums of the variaf@®bbset al., 2011) In some cases,
including the large European DiOGenes {fiddConnoret al., 2012)and the NoHoW trial
(personal communication, RJ Stubbs and G Horgan), most of the variance in weight
outcomes remains unexplained after modelling characteristic, physiological and self
reported psyghological and behavioural factors together. For example, iranedysis of the

DiOGenes data, a statistical model for the theory of planned behaviour using a substantial
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amount of relevant variables explained a maximum of 11% of the variance in weggnr
(McConnoret al,, 2012)

Evidence from metanalyses and si@matic reviews has identified some consistent
predictive factors from medium to longéerm weight loss and maintenance studies. These
include seHregulatory factorgTeixeiraet al., 2015a; Varkevisset al., 2019) particularly
selfweighing(Madiganet al., 2015b; Zhengt al,, 2015b) mativation and sel
determination(Pedro J Teixeirat al, 2012)and behavioural factors such as greater physical
activity (Hall and Kahan, 2018nd consistent eating pattern®Ving and Phelan, 2009
addition, participant adherence as well as greater and more prolonged trial engagement
(Gillet al., 2012)have be@ associated with success, while attrition is generally believed to
be an indicator of weight relapse. Some evidence suggests weight history variables,
including previous dieting prevalenfeoweet al., 2006) weight cyclingHart and Warriner,
2005)and weight suppressiofSticeet al, 2011)may predict increased future weight,
though whether these factors are a proxy or a cause of increased weight is uficiea,
2015) Nonetheless, each of these factors are likely to explain only minor fractions of the
variance in weight chages, as with most preeatment predictors. Indeed, standardization
of predictive constructs using established frameworks and objectively tracked data may
improve the resolution by which weight outcomes can be predicted. Recently, the use of
Wi-Fi connectd physical activity and body weight tracking devices has allowed fotineal
collection of data which can be assessed in real time and may potentially be used for

prediction.
8.1.2 Early Predictors of Weight Outcomes

Identifying early predictors of weig loss or maintenance success improves the
ability to personalise intervention features and identify those individuals who require
further intervention. Furthermore, evidence suggests that collecting data on early predictors
(e.g. within the first 4 weeksf a trial) may provide substantially greater predictive value
than baseline predictor@HandjievaDarlenskaet al., 2010b) The most common early
predictor of weight loss success is initial weight [@&¢hag and Rossner, 2005; Nackers,
Ross and Perri, 2010; Casagtizal, 2015; Miller, Nagaja and Weinhold, 2015Dther
early-treatment predictors shown to be associated with longerm outcomes include first

month increases in dietary restraint and healthy lifestyle ratings, shown in 186 women with
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overweight and obesity undergoing a-tr#onth weight loss interventiofamest al., 2018)
as well as initial adherence and engagem@mndanet al,, 2016)

In the DiOGenes trial, which used a toalorie diet (~80kcal) to reduce body
weight by >= 8% over 8 weeks, initial weight loss at 1 and 3 weeks were strongly associated
with weight loss at week 8, together explaining 68% of the variance in weight change.
Authors showed that a-tveek weight loss of >= 2.6kg ddyredict a weight loss of >= 10kg
at 8 weeks with around 70% sensitivity and specifigitgindjievaDarlenskaet al., 2010b)
Weight change in the initial 1 and 2 months of a lifestyle intervention was shoyrethct
weight change as far asy@ars in the future in 2,290 participants of the LOOK AHEAD trial,
with substantial effect sizes reportdtnicket al., 2015) Indeed, initial weight loss is likely
to be indicative of engagement with behaviour change and actual changes in energy
balance, and therefore is an objective measure. Collecting objective data during
interventions may have considerable predictive value, however only a few early predictors
have been identified. Body weight variability is another objective marker which may

potentially be used to predict intervention success.
8.1.3 Shoriterm Body Weight Variability

As discussed previously, as a time series variable, body weight has both a trend (e.g.
loss or gain) and an associated variability around that trend, which is teBWéV. While
the associations between short and longerm weight change seem well established,
whether shortterm BWYV influences longeéerm weight changes is unclear and only a
handful of studies have prospectively examined this relationshipyo ealier studies,
Lowe and colleagues found direct associations between B\asured at the start of a
weight loss intervention (i.e. over 6 or 12 wedkgig and Lowe, 2010)79r, in the initial 26
weeks of an observational studlyoweet al., 2015) and longeiterm weight outcomes at
12-24 months.In one study, only 3 body weights were used to estimate BWV over 26 weeks
(Loweet al.,, 2015)which limits the resolution of BWV estimates. The second study used
weekly labbased body weighté~eig and Lowe, 201, h)owever, reliance on weekly lab
based measurements increases both participant and researatelbusubstantially and thus
reduces the scalability of such investigations.

One solution to this problem is to collect body weight data using-V¢onnected

smart scales which can be used in large groups at home with little burden. In a recent study,
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which was a retrospective analysis of data collected from 24,009 smart scale users who
declared that they were engaged in a weight loss attempt, positive associations between
initial 122week BWV and weight changes at 48, 72 and 96 weeks were observed. However,
these models were not sufficiently adjusted for confounding factors and effects were
statistically attenuated following adjustment for age. Furthermore, the influence of (a) the
method of BWV and (b) the measurement duration of BWV on the observed efiastaot
investigated. Lastly, none of the aforementioned studies were conducted in individuals

engaged in a weight loss maintenance intervention.
8.1.4 Objectives

As part of a secondary investigation using data collected during the NoHoW trial (see
sectin 4.1), the aim of the following study was to:
1. Investigate the associations of shaerm (6, 9 and 12 week) BWV and longer
term (6, 12 and 18 month) weight change
weight loss
2. Investigate the influence of measuremeniration and followup duration on

the observed associations

It was hypothesised that greater BWYV in the skerm would be associated with increased
weight in the longer term; and that both longer BWV measurement durations and foifpow

durations would shw increased effect sizes.

8.2 Methods
8.2.1 Study Design

The present study was an ad hoc analysis of data collected as part of the NoHoW

trial which is detailed extensively in section 4.1.
8.2.2 Participants

Full eligibility criteria for the NoHoW tried provided in section 4.1.4.1. A participant
flow diagram is provided ifigure 8.1. For inclusion in the present analysis, the following
criteria must have been met: (1) =210 weight

(n=1, 335) ; (2) =215 weight measurements over
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weight measurements over the first1 0 we e k s—a(otakFofll,026&tjcipants met
these requirements. This allowed sha#erm BWYV to be calculated over three durations (6,

9 and 12 weeks). Also, body weights at outcome periods of 6 months (n=1369), 12 months
(n=1256) and 18 month®=1072) were all required, defined as the closest weight to 182,
365 and 547 days, within aeek window either side of this day. A total of 980 participants
met these criteria. A-ionth range around the specified time point was allowed to increase
the inclusion of more participants who fell within this time window without limiting the
temporal separation between outcome periods (if a larger time range was used). This
duration was later used as a numeric covariate to account for individual differentes in
duration of the followup period. If a weight was not available within 2 weeks either side,

the participant was excluded from the analysis. This left a final sample size of n=715.

Assessed for eligibility
(n=2590)

» Excluded for not meeting
eligibility criteria (n= 963)

Randomized
(n=1627)

Withdrew from trial (n=214)
Not using scales at 18-
months (n=451)

Using scales at 18-
months (n=962)

Not enough data to calculate
body weight variability
(n=247)

v

Had enough data to
calculate body weight
variability at 6, 9 and 12
months (n=715)

Figure 8.1Participant flow diagram
8.2.3 Prior Weight Loss

Participants were asked to provide verified evidence (by a health professional,
weight loss counsellor/friend, weight loss programme record booklet, diary or smartphone
app or before/after photographs) of their highest weight and lowest body weights id2he

months prior to recruitment. Twelvenonth weight loss was calculated as the difference
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between the highest and lowest weight, and converted to relative (%) weight loss, which

was used as a covariate in model 2.
8.2.4 Body Weight

Body weight data was #ected via the Fitbit Aria scale, the measurement tool is
described in detail in section 4.1.6.1. Scale use was described as average use per week over
the 18month period, and percentage use per day and month respectifigiyr¢ 8.2). Body
weight data wa not imputed, as informed by previous simulatieaidation research by
this group which showed that imputation serves to bias (underestimate) variability, which is
largely a stochastic proceés)J ake Turi cchi, O Driscoll, Finl e

et al, 2020)

()]
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Day of week Month

Average scale use (%)
Average scale use (%)

Figure 8.2Description of the frequency of participant smart scale use throughout the teégible
participants (n=715). (A) Mean scale use and error per week ovapfiths of the trial; (B) scale use
on each day of the week as a percentage of total available days for that day; (C) scale use on each

month of the year as a percentage of totaiadlable days for that month
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8.2.5 Body Weight Variability

Body weight variability was calculated by linear (root mean square error; RMSE) and
non-linear (nonlinear mean deviation; NLMD) methods. These methods are described in
section 4.2.2. All BWV valsieutside of 4 standard deviations from the mean were removed
to filter outliers, as done previous(Bensoret al., 2020) Each of these metrics were
calculated for the first 6, 9 and 12 weeks of the trial, in participants with sufficient data. The
correlations (Pearson) between standardized estimates of BWV and weight change during
the initial 6, 9 and 1&veek BW\periods were calculatedppendix 8.3 These durations

were chosen after consulting previous reseaEbg and Lowe, 2017; Bensehal., 2020)
8.2.6 Statistical Analysis

The current analysis was not originally powered to test the primary hypothesis of
this study and therefore should be considered exploratory. Body weight data from scales
was screened fiooutliers based on limits of physiological plausibility of weight change (see
section 4.2.1 for information on data cleaning). All key variables were assessed for normality
via visual inspection of QQ plots and histograms. Characteristics of the ansfyapte at
baseline were described by mean and standard deviation or percentage for categorical
variables irtable 8.1 and compared to the entire NoHo¥ample at baseline. To describe
weight changes over the trial, mean weight change ovemb®iths was plottedfigure
8.3A), as was the association between baseline and change in wéigne(8.3B. To test
our primary hypotheses, the difference betwetite final weight in the BWV period (e.g. at
6, 9 or 12 weeks), and the follewp weight (e.g. at 6, 12 and 18 months) was calculated,
and this changecore was converted to relative (%) change by dividing by the final weight in
the BWV period (and multigd by 100). These values were treated as the outcomes,
generating 9 exposureutcome combinations. Scatterplots with linear trendlines were
generated for each combinatiofigure 8.4. BWV metrics were standardised teszores
before visualisation and angis to improve comparability.

Next, 2 multivariate linear regression model designs were produced. Models were
generated for (a) each exposuoeitcome combination and (b) each method of calculating
BWV, creating a total of 18 combinations for each modsigh (36 total models). First,
crude models were generated including the weight chasgere as the outcome, and BWV

as the predictor (adjusted for weight at the end of the BWV period and duration of the
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follow-up period). Second, model 2 was additionaltjusted for number of weight
measurements used to calculate BWV, age, sex, previous weight loss and trial arm.
Sex*BWV interactions were examined but found no significant effects so did not include
these in models. Results are summarisethivle 8.2. Additionally, an illustrated summary

of the primary results is shown figures 8.58.6. Note that delta adjustedRefers to the
change in Rupon addition of the BWV variable to the model. Full model results for all
covariates can be found in appendix 845 an a¢hoc test, the difference between

percentage weight change at-#{ SD of BWV was examined in our strongest model to
explore the clinical value of the regression results. This was done by subtracting (low BWV)
and adding (high BWV) one SD frore thean of the BWV measure and then taking the

mean of the weight change in each group. All analyses were done in R statistics version 3.4.
The statistical code can be found in R and Python on Gi{Ruticchi, 2020b)In all

statistical tests, a{value <0.05 was accepted as a marker of statistical significance allowing
hypothesis testing to be conducted in an exploratory manner. The alpha level was not

adjusted due to the explotary nature of the analysifAlthouse, 2016; Rubin, 2017)

8.3 Results

Baseline characteristics and numhErweight measurements used to calculate BWV
are presented irtable 8.1 and compared to the complete sample at baseline. Both the
eligible and total sample were similar at baseline but over time, the eligible sample regained
less weight than the total sapte at 18months (0.9% vs 1.9%, p<0.01). Scale use over the
18-month period is presentedi@ure 8.2A, alongside scale use per day of the wdajufe
8.2B and month of the yearfigure 8.2F. Mean scale use was initially ~4.5 times per week
in weeks 34 and reduced to ~3 times per week by 18 months. Change in body weight
(figure 83A) was aroundl1.1% at 6months, +0.2% at 12 months and +1.2% -amd@ths,
however there was considerable variability around these meansfigere 8.3B. Baseline
body weight was weakly inversely associated with weight change-atdiths figure 8.3B

r=-0.1, p=0.016).
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CS

Variable

Centre n (%)

Sex n (%)

Study arm (%)

BMI (kg/n?)

Age (years)
Baseline weight (kg)

Previous 1Zmonth weight loss (kg)
(%)

Weight change during the trial

6 months
12 months
18 months

Baseline Characteristics

Number of weight measurements available (n)

6 weeks
9 weeks
12 weeks

Weight change during variability per
6 weeks

9 weeks
12 weeks

Eligible
(n=715)
Denmark 259 (36.2)
Portugal 237 (33.1)
UK 219 (30.6)
Men 233 (32.6)
Women 482 (67.4)
1 172 (24.1)
2 183 (25.6)
3 177 (24.8)
4 183 (25.6)
29.2 (5.0)
45.8 (11.5)
84.3 (16.5)
11.4 (6.3)
11.9 (5.4)
Longitudinal Data
Kg %
-1.2 (5.0) -1.4 (5.6)
-0.3 (6.3) -0.2 (7.0)
0.6 (7.0) 0.9 (7.9)
28 (9)
41 (13)
53 (18)
iod
kg %
-1.1 (2.5) -1.3 (3.0)
-1.2 (2.9) -1.4 (3.5)
-1.3(3.2) -1.5(3.9)

Full sample (n=1,627)

536 (32.9)
536 (32.9)
555 (34.1)

510 (31.3)
1117 (68.7)

400 (24.6)
403 (24.8)
416 (25.6)
408 (25.1)

29.6 (5.4)

44.1 (11.9)
84.8 (17.3)

11.7 (6.5)
12.1 (5.6)

% n

0.2 (5.2) 1379
0.7 (6.9) 1263
1.9 (7.7) 1180

Kg

-0.3(4.7)
0.4 (6.1)
1.5 (6.8)

Table 8.1 Participant characteristics of the eligible sample reported as ni8Bx) or percentage

where denoted
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Figure 8.3Changes in body weight over the trial in in eligible participants (n=715). (A) Mean
percentage change in body weight and error each week from baseline owsorit8s; (B)

scatterplot with lineatrendline showing association between baseline body weight and change in
body weight at the end of the trail (¥&onths)

Associations for each exposuoetcome combination are illustrated in figure 8.4. The
strength of these associations generally inceshgvith both increasing BWV measurement

duration and followup duration.

Results from multivariate linear regressions are summariséahbie 8.2. In crude
models, greater @veek BWV by NLMD predicted greater weight change at 6, 12 and 18
months (p<0.00%or all), and greater 6veek RMSE predicted greater-ti®nth weight
change (p=0.019). Greatern@ek NLMD predicted higher weight at all timepoints (p<0.003
for all), and greater RMSE predicted increased weight at 12 (p=0.009) and 18 months
(p<0.001). Ldly, greater 12week NLMD predicted greater weight at each time point
(p<0.004 for all), and }®&eek RMSE also predicted increased weight at each timepoint
(p<0.049 for all). The greatest effect size was observed favelk RMSE (adj&4.7%) and
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Figue 8.4 Association matrix between shddrm body weight variability (BWV) and longerm

weight change shown using scatterplot with linear trendlines. Combinations of three BWV durations

(6, 9 and 12 weeks, horizontal) and three weight chagreyéods (6, 12 and 18 months, vertical) are

illustrated. BWV estimates have been generated using two methods: root mean square error (red,

RMSE) and nelinear mean deviation (blue, NLMD)

NLMD (adjR=3.4%) predicting Xéhonth weight change. The mean weigihange at 18
months for low {1 SD from mean) }®&eek RMSE waf.4 (SD 7.2) % and for high (+1 SD
from mean) 12veek RMSE was +4.6 (SD 7.3) %, resulting in ~5% difference in body weight

change at 18nonths between high and low deek RMSE groups.

Folowing adjustment in model 2,-&#eek BWV by all methods was no longer a

predictor of weight change at any period. Greatew8ek NLMD predicted increased weight

at 12 and 18 months (p<0.015 for both) but not at 6 months (p=0.05). Greatee® RMSE

predided increased weight at X6onths (p=0.018). Greater Aeek NLMD predicted

greater weight at 12 and 18 months (p<0.007 for both) but not-atdhths (p=0.082); and

greater 12week RMSE predicted increased weight at 12 and 18 months (p<0.002 for all).
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Model 1 (crude)

Model 2 (adjusted)

Weight Variability Weight change WV duration B ( SE) P-value AdjR B (SE) Pvalue AA®j R
measure period (months) (weeks)

NLMD 6 6 0.745 (0.258) 0.008 0.012 0.569 (0.263) 0.138 0.006
RMSE 6 6 0.175 (0.153) 0.253 0.003 0.13 (0.155) 0.605 0.001
NLMD 6 9 0.744 (0.229) 0.002 0.014 0.594 (0.233) 0.05 0.009
RMSE 6 9 0.193 (0.137) 0.159 0.003 0.148(0.139) 0.642 0.002
NLMD 6 12 0.631 (0.199) 0.003 0.016 0.482 (0.204) 0.082 0.007
RMSE 6 12 0.267 (0.118) 0.049 0.009 0.256 (0.119) 0.096 0.006
NLMD 12 6 1.156 (0.374) 0.004 0.011 0.857 (0.384) 0.092 0.007
RMSE 12 6 0.446 (0.221) 0.088 0.003 0.278 (0.227) 0.501 0.002
NLMD 12 9 1.439 (0.358) <0.001 0.02 1.101 (0.371) 0.014 0.012
RMSE 12 9 0.611 (0.214) 0.009 0.009 0.432 (0.22) 0.151 0.005
NLMD 12 12 1.501 (0.334) <0.001 0.026 1.116 (0.348) 0.006 0.014
RMSE 12 12 0.938 (0.198) <0.001 0.029 0.803 (0.203) 0.001 0.021
NLMD 18 6 1.344 (0.453) 0.006  0.009 1.081 (0.466) 0.093 0.007
RMSE 18 6 0.694 (0.267) 0.019 0.007 0.494 (0.276) 0.331 0.004
NLMD 18 9 1.773 (0.44) <0.001 0.02 1.429 (0.456) 0.008 0.013
RMSE 18 9 0.988(0.261) <0.001 0.017 0.779 (0.27) 0.018 0.011
NLMD 18 12 2.151 (0.414) <0.001 0.034 1.739 (0.433) 0.001 0.022
RMSE 18 12 1.487 (0.243) <0.001 0.047 1.306 (0.251) <0.001 0.036
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Table 8.2Linear regression results showiagsociations between short term body weight variability
measured by two methods (root mean square error; RMSE antingam mean deviation (NLMD)

over 6, 9 and 12 weeks and londerm weight outcomes over 6, 12 and 18 months in 715
individuals engaged ia weight loss maintenance intervention. Model 1 is a crude model. Model 2 is
adjusted for the difference between the exact date (e.gmbths = 365 days) and the actual day of
the final body weight in that period (e.g. 370 days = +5, 360 d&b)s bod/ weight at the end of the
BWV period, gender, age, number of body weights collected during variability period, study arm,
change in weight during the variability period, weight loss imitihths prior to recruitment. In
Y2RSt H3X pwH NB AMSIE RZ Al rawkn8ltivadiaté rggieSsioriresults for all

covariates in the models can be viewed in Appendix 8.2

The greatest effect sizes were observed fomd2 e k R M S2E3.600\aAINLNRD
( A A%3.2Ro) predicting H&honth weight change.

8.4 Discussion

8.4.1 Associations between Body Weight Variability and Lor@erm Weight

Outcomes

This study examined the association between sterm body weight variability and
subsequent longeterm weight outcomes in a large group of European individuals engaged
in a weight loss maintenance intervention. Greater BWV as assessed by NLMD cdwsistent
predicted greater weight change across almost all models, and RMSE predicted greater
weight change across most models, even following adjustment for several covariates.
However, effect sizes were modes? §R<5%) though in a similar direction and magghe to
previous similar investigatior(toweet al,, 2015; Feig and Lowe, 2017; Bensoal. 2020)
Despite modest effect sizes, the highhdi2ek RMSE group (i.e.+1 SD) showed a mean of 5%
greater weigh change at 18nonths than the low 12veek RMSE group (i.&. SD),
suggesting that measured BWV may potentially have clinical significance in weight
management settings. Nevertheless, it is important to view the observed effect sizes in
relation to thoseassociated with short term weight change (rather than variability) which
have explained up to 68% of the variance in later weight chafigasdjievaDarlenskaet

al., 2010b)in the DiIOGenes trial. Indeed, frometke results it is possible that adding initial
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BWV to early weight change may provide further predictive capacity for leteger weight
outcomes.

As the effect of BWV on weight management is a not well studied, a comprehensive
exploratory approach was k&n by examining effects across 3 exposure and fellpw
periods, using 2 estimates of BWV and using both crude and adjusted linear models. Three
exposure periods allowed examination of the effect of BWV measurement duration on the
predictive value of BWW&n longerterm weight change. Measured over 6 weeks, BWV
explained little variation in longeterm weight outcomes (up to AdfR 1.2%), though this
increased at Qveeks (up to AdjR= 2%) and again at 22eeks (up to AdjR= 4.7%) in
univariate models. Tik is consistent with previous reports; one study showed that BWV
over 12weeks had greater predictive value than aivéeks in predicting longeerm
weight (Feig and Lowe, 20177his is likely because the data collected during the BWV
period consists of both signal (e.g. real fluctuation related to energy balance behaviours)
and noise (e.g. inconsistent scale useich as fed vs unfed, clothed vs unclotheahd
changes in water and gut storage volumes), and the longer measurement pesialtsrie
an improved ability to detect the signal. Based on these results, measurement periods of
BWV over 12veeks are recommended for potential value in partially predicting successful
weight loss maintenance. Indeed, it is important to keep the measerdrperiod as short
as possible given that the aim is to assess early predictors, therefore using upwards of 12
weeks may defeat this purpose.

Greater effect sizes were observed as the follgovduration increased, consistent
with previous reportgFeig and Lowe, 2017; Bensetral,, 2020) This may be since the
duration between the end of the BWV perioddathe end of weight change period is limited
(i.e. in the case of 6 months) meaning there is less variance in weight change occurring over
this period to predict (se&égure 8.4for an illustration). It could also be that the
dysregulation in energy balaadnferred from BWYV takes a longer time to translate into
weight gain. Benson et al. reported that the positive association betweenekk BWV and
weight change increased in effect size with longer follgpwdurations, however at 72 and
96 weeks associans were attenuated following adjustment for aggensoret al,, 2020)
In the present study, the associationsserved remained significant after adjustment for
age, sex, prior weight loss and number of scale measurements, with some reductions in the

observed effect sizes. Sex and BMI interactions with BWV were investigated informed by
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previous reports by Feidreig and Lowe, 201@hd Bensor{Bensoret al., 2020)but no
significant effects were found.

Multiple methods of calculating BWV were included as done previaushe study
of disease riskkimet al,, 2018) This was done because (a) the mechanism linking BWV to
longerterm weight outcomes is unclear and (b) the relationships observed may be a
confounded by the method of estimating BWV. Similar results were observed between both
methods, which are two similar statistical approaches but involve linear (RMSE) and non
linear (NLMD) trendlines being fitted to the body weight data over time. The implication of
the polynomial function applied in NLMD means that it is more sensitigen@ller dayto-
day fluctuations, but less sensitive to larger fluctuations over longer periods, often referred
to as weight cycling. In some cases, including the strongest associations, the regression
coefficients were greater by NLMD, but the variancelaixged (R) was greater by RMSE.
The former is likely caused by the lower range of units for NLMD compared to RMSE (since
non-linear regression naturally fits closer to the data, the residuals are smaller, therefore
summary NLMD values are smaller). Thergy balanceelated mechanisms linked BWV
and weight increases are not clear and require further investigation. It was possibile that
BWV estimates may be correlated with the number of available weights and, since self
weighing is a consistent predictof weight management succeéghenget al., 2015a; Shieh
et al, 2016) may confound the observed results. However, BWV were onlyweakly
(r<0.1) correlated with the number of weight measurements, and the models were adjusted

to rule out any confounding effect.
8.4.2 Potential Causes of Body Weight Variability

Two questions pertaining to the observed results remain unclear: (a) areahe
causes of BWV? (b) why is greater BWYV linked to leteger increases in weight? Firstly,
BWYV may reflect intentional and/or unintentional fluctuation in energy balance behaviours,
in addition to fluctuations in water and food storage unrelateceteergy balance
behaviourgBhutaniet al., 2017b) and these causes may differ across time witmn
individual, as well as between individuals. Bhutani et al., 2017 showed that when measuring
free-living fluctuations in body composition, around 84% of the weight changes were
attributable to fluctuations in FFM (with substantial changes in total bodiewaccounting

for most of this), and thus most of the BWV measured presently is probably not related to
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changes in energy balance behaviours. This is consistent with eomplary work by
Heymsfield et al conducted using data from the CALERIE triallvolned that the early
stages of weight change are composed largely of FFM, and this is mostly(Meyensfield

et al, 2011) Frequent measurements of bodpmposition using multicompartment models
may improve our understanding of BWV.

Intentional and norntentional BWV may have discrete mechanisms relating to
weight management. For instance, intentional weight loss is often followed by weight
regain, toge¢her termed weight cycling which is often positively associated with future
weight gain(Krokeet al,, 2002; A. E. Fiekt al,, 2004) as is selfeported dieting(Pietilainen
et al, 2012) It is suggested that high dietary restraint associated with dieting aisistéh
high disinhibition (in some individualg¢yVestenhoefer, 1991; Johnson, Pratt and Wardle,
2012)and that these eating behaviour traits in combination are associated with
uncontrolled eatingBryantet al, 2010) and weight gain in the longer term. Greater BWV
has been associated with in@sed neural food reward respons@¥interet al,, 2017)
again sugg#ting it may be related to binge eating or hedonic hunger.

Unintentional weight fluctuation may also occur, perhaps as a function of binge
restriction cycles, which have been shown to occur on weekends vs weegkdagsaet
al., 2014; Jake Turicchi, Ruairi O" Dretalcol | , H
2020)or in response to environmental cues such as the Christmas period. This may be due
to variance in energy intake which has been associated with (a) greater absolute energy
intake and (b) poorer weight outcomes in a behavioural weight loss(R@denbaunet al.,

2016) though it may simply be a proxy marker of poor-setfulation of energy balance
behaviours. Energy balance and behavioural mathematical models have shown associations
between intermittent compliance with a prescribed energy intake and body weight loss
plateau(Thomaset al,, 2014) again supporting our observations. It is also possible that
genetic factors predisposing susceptibility to weight gain are expressed as BWV in the short
term. Interventions aiming to promote dietary adherence and consistency in eating
behaviour may function to partially reduce BWV and that this may have downstream effects
on longerterm weight management, although based on the findings of this study these
effects would be mild. Whether BWYV is a cause or proxy (i.e. just a marker of inconsistent

energy balance behaviours which are the actual cause) of modest weight gain effects is
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unclear and further research is required to examine interactions between acgg

balance variability, BWV and longerm weight outcomes.
8.4.3 Strengths and Limitations

Our study has several strengths. This was the first study to examine the effect of
BWV on longeterm weight outcomes in a large group of individuals activelgaged in a
weight loss maintenance intervention and found results consistent with previous studies in
other groups, though observed effect sizes were minor. A combination of different exposure
and followup durations, BWV calculation methods and statadtadjustments were used,
resulting in 36 total models. Data was collected using~¥¢bnnected smart scales, and this
may help overcome the participant/researcher burden of site visits and the biases-of self
report. Furthermore, it means that these intggmtions can be made remotely in large
populations. However, the device is not a reseagcade tool and may have error
associated with it, and consistency in weighing conditions cannot be ensured. Twelve weeks
of BWV measurement was found to be optima éffect size, and longer followp
durations for weight changes (e.g. at-18 months) showed greater effect sizes than
shorter ones (e.g.-honths). Frequent body weight data was collected, averaging around 4
weights per week during the BWV period. Taliswed our estimates of BWV to measure
within-week variability, whereas previous studies have measured betwesak variability
(Feig and Lowe, 2017; Bensatral,, 2020) In chapter 6, clear withiweek body weight
fluctuations were shown (characterised by weekend weight gain and weekday weight loss),
and thus our measures of BWV will have included tresaller fluctuations, which may be
important for weight management.

There are also some limitations. The variability measured included noise from
uncalibrated scales and inconsistent weighing conditions (clothed vs unclothed, night vs day,
hydrated vs dehgrated), and it was not possible to differentiate these factors from true
weight change (see section 10.3 for a full discussion of this limitation). The present results
are specific to individuals with previous weight loss ¢22%) who had overweight or
obesity and were engaged in a weight loss maintenance intervention. However, similar
associations were found in ~24,000 individuals who had, on average, normal weight and

were not taking part in an interventiofBensoret al,, 2020)
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8.5 Conclusions

In conclusion, greater early BWV was associated with poorer subsequent weight
management in the longer term in a largeoup of European individuals engaged in an
evidencebased weight loss maintenance intervention, but effect sizes were minor and
explained no greater than 5% of weight outcomes. Though research examining these
associations is limited to only a few studiesir observations were similar in direction and
magnitude, and persisted across different models and adjustments, in favour of a robust
though modest effect which requires further investigation. Future studies should consider
the causes of BWV and the pswlogical and behavioural mechanisms linking BWV to
increased body weight. Furthermore, weight management interventions may potentially
aim to minimize BWV by promoting consistency in energy balance behaviours (such as daily
adherence to diet) and may iaporate smart scales in research and clinical environments

to assess risk of poor weight management.
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Chapter 9. An Exploratory Investigation of the Relationships Between

Psychology, Behaviour and Body Weight Variability

In the previous chapter, the faing that prior body weight variability (BWV) has a
modest impact on subsequent longrm weight regulation raises several questions
surrounding the aetiology of BWV and the mechanisms by which it relates to weight
regulation. Furthermore, evidence froomapter 3 provided reasonable grounds to suggest
that BWV is potentially a risk factor for disease and mortality, and as such, its causes are of
clinical interest. Yet, little is understood about the aetiology of BWV and much of the
evidence comes from elr weight cycling studies which, as discussed, are limited in their
comparability to the objective measurement of BWV. The NoHoW study provided an
opportunity to conduct a comprehensive, exploratory analysis designed to examine both
baseline predictorsfoBWV and bdirectionality in these relationships using the data made
available by the original design of the trial.

The following study is currently under review at Digital Health (SAGE), the following
title and author list pertain to the submitted driaf: “ An e x prhirong analysisof dat a
the psychological and behavioural predictors of body weight variability in individuals
engaged in a weight | oss maintenance trial?”
GS Finlayson, AL Palmeira, J Etachm | Santos, SC Larsen, BL Heitmann, RJ Stubbs

9.1 Introduction

Body weight change occurs as a function of both prolonged energy balance and non
energy balance related fluctuations (e.g. changes in total body water). Measured BWV
therefore is a combinabn of both, and the contribution of either cannot be discerned
without regular multicompartment models of body composition (see section 10.2 for a full
discussion). Assuming then, that BWYV is partly related to acute fluctuations and-tenger
changes irenergy balance behaviours (e.g. energy intake [El] and physical activity [PA]), it is
possible to investigate associations between BWV and psychometric tools which attempt to
measure these energy balance behaviours (i.e:re@brted questionnaires). Ftirermore,
behaviours can typically be related to psychological factors. For example, weight shame and

body image concerns (which are psychological constructs but not behavioural measures by
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definition) have been shown to be associated with increased beagi@g severityDuarte,
Pinto-Gouveia and Ferreira, 201 8imilarly, low motivational factors habeen related to
reduced amounts of PA conducté@@dedro J. Teixeira, Carraghal., 2012) Thus, measuring
both selfreported behaviours in addition to psychological factors may contribute to a better
mechanistic understanding of the aetiology of BWV (or, at least, the energy balance related
component of BWV).

Few studies haveelated objectively measured BWV to psychological and
behavioural factors. However, many more studies have drawn @@stsonal comparisons
between seHlreported historical weight cycling and psychological and behavioural factors
(see section 9.1.1 belowWhile seHreported weight cycling is discrete from BWV, the

literature can be used to provide a wider background for the present analysis.

9.1.1 Associations Between and Psychological and Behavioural Factors and Self

Reported Weight Cycling

A relatively broad spectrum of psychological and behavioural factors have been
related to weight cycling history. Most commonly, measures of uncontrolled eating have
been a focus and this is likely related to the idea that relapses in the reductionesjiiied
to achieve weight loss is a primary cause of weight re@atl and Kahan, 20183inge
eating, which refers to a loss of controlereating resulting in episodes of excess energy
consumption (i.e. binges) has been positively associated with weight cycling history in a
range of studie¢de Zwaaret al., 1994; Bartlett, Wadden and Vogt, 1996; Vendittal.,

1996; Wombleet al,, 2001; Borgest al, 2002a; Marchesiret al., 2004; Petroni, Villanova,
Avagnina, Fusco, Fatati, Compare and Marchesini, 2007; Re¢htig2009; de Zwaan,
Engeli and Muller, 2015aJ hese include associations in large pls such as in 1889 Italian
individuals with obesity or a clinical sample of 217 Brazilian women witexisting eating
disorder diagnose@Borgeset al,, 2002a) Dietary disinhibition, as typically measured by the
Three Factor Eating Questionna{&unkard and Messick, 198%s also beenanmonly
associated with a history of weight cyclif@armody, Brunner and St Jeor, 1995; Bartlett,
Wadden and Vogt, 199&raveet al., 1996; Marchesiret al,, 2004; Strychaet al.,, 2009)
Other factors such as emotional eatifi¢dler and Siegrist, 201%)nd food reward
sensitivity(de Zwaan, Engeli and Miller, 2015a)e been crossectionally related to

weight cycling history. There is therefore evidence that a spectrum of uncontrolled eating
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(described previously by Vainik et al may be related to BWahiket al., 2015).
Importantly, often in these studies (e.@Bartlett, Wadden and Vogt, 1996)ed “ T h e
Consequences of Weight Cycling”) it is argue
retrospectively and thus precedes the eating behaviour measurement in the present, that
observed associations are a consequence of weight cycling (e.g. that westihtycy
increases binge eating). However, these associations are not evidence of a negative effect of
weight cycling on psychological or behavioural factors given their-seggnal nature.
Indeed, BMI and weight cycling are often positively relg@drgeset al., 2002a; Marchesini
et al,, 2004) as are BMI and uncontrolled eating factors such as binge gangwaan,
2001) and therefore the association between uncontrolled eating and weight cycling may
simply be due to the fact that weight cyclers are commonly heavier.

Adwerse psychological factors including depresgidasleret al,, 2005; Petroni,
Villanova, Avagnina, Fusco, Fatati, Compare and Marchesini, 2007; de Zwaan, Engeli and
Muller, 2015a) stresgBarnes and Tantlefdunn, 2010jand helplessnesarmody,
Brunner and St Jeor, 1995; Foreytal., 1995)have been related to weight cycling, again
with authors at times stipulating that these are effects of weight cycling rather than
associations. Depression is thought to have bidireclaelationships with
overeating/undereating and obesity.uppinoet al., 2010; Paret al., 2012)and therefore
may be indicative of individuals who fluctuate in El ovarsbr long periods and this may
contribution towards associations with weight cycling. Furthermore, stress has been related
to uncontroll ed e a(Yauand Pofenza, 2018hichspartialyexgdine at i ng”
the association with weight cycling from a behavioural perspective. Additionally, two related
constructs which have been associated with weight cycling in the literature are poor body
image perceptior{Graveet al, 1996; Casebeer, 1997; Toray and Cooley, 1997; Friedman,
Schwartz and Brownell, 1998; Osbetral., 2011; Fazzinet al,, 2017)and weight
dissatisfactioToray and Cooley, 199 Body image and weiglebncerns often coincide
with binge eating issug®uarte, PinteGouveia and Ferreira, 201dHd again this may
provide a behavioural pathway through which these psychological factay influence

body weight.
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9.1.2 Associations Between Psychological and Behavioural Factors and Body

Weight Variability

Only a few studies have examined the associations between prospectively measured
BWV, energy balaneelated behaviours and associatpdychological constructs. Feig and
Lowe (2017) reported inverse associations betweenrsgbrted emotional eating and
power of food (" hedon-ierm (6handrizgveek)BYWV, asovallag s an d
positive associations with adverse psycholodiaefors such as perceived societal pressure
(Feig and Lowe, 20173imilarly, results from 4,774 participants in the LOOK AHEAD study
which estimated BWV over 8 years using yearly weight measurements reported that greater
baseline binge eatmand depression, and lower mental health ratings were associated with
greater subsequent-8ear BW\{Pacanowslket al., 2018) Elevated activation of brain
regions associated with reward and emotioegulation (medial prefrontal cortex, cingulate
cortex, and insula) and lower activation in sedferential processing regions (euneus) in
response to palatable food presentation (but not cues) was related to subsequesdr3
BWV(Winteret al,, 2017) The reliance on yearly body weights in the latter two studies limit
the resolution with which BWV can be estimated, though recent technological advances
have allowed for regular tracking of body gkt using WAFi connected smatrt scales,
allowing more higHidelity measures of BWV. The question of whether BWV is associated
with or partially accounts for changes in psychological and behavioural factors remains
unclear. Indeed, no previous study hased a prospective design to test the temporal
precedence of potentially causal factors of BWV by examining associations between BWV
and change in psychological dispositions.

No study has examined the associations between weight history and prospectively
measured BWV. Weight history variables, such as dieting, weight cycling and weight
suppression (WS) may be indicative of short or losigemn tendencies to fluctuate in body
weight, or gain body weight.oweet al., 2019) and this could potentially be related to
eating disorders since WS was recently shown to be a risk factor for multiple eating
disorders(Siceet al,, 2020) However, the associations between baseline weight history

and prospectively measured BWV has not yet been examined.
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9.1.3 Exploratory Research Approaches

In the NoHoW study which forms the context for the subsequent analysis, the
number of selfreported psychological and behavioural variables was great (92 variables
from 27 scales were collected). These variables relate to a range of overarching theories and
themes within the duaprocess theory of reflective and reactive procesdgasseret al.,,
2018) including seHegulation, emotion regulation, affectivity,elibeing and their
potential impact on energy balance behaviours (see section 4.1.8 for further detail).
Importantly, the associations between the vast majority of these variables and BWV has
never been investigated and their role in the aetiology of themomenon is unclear.
Traditional research methods using hypothesi
independent variables to consider is fixed and small and a priori hypotheses are known
(Heinze, Wallisch and Dunkler, 2018pwever, in instances where potentially predictive
variables are numerous and the dysis is exploratory, more unstructured and
unsupervised analyses may be preferafpgdamet al., 2018; Alashwadt al., 2019) These
approaches allow numerous variable relationships to be examined without testing a pre
specified hypothesis. For example, in a backwards stepwise regression, a large number of
predictive variables can be entst into a regression model and the final model returns a
small number of variables which explain the greatest variance in the outcome variable. Such
an approach, under the current circumstances, was deemed optimal to allow investigation
of new variables rating to BWV and build a model which best explains BWV outside of the

restrictions of traditional hypothesitesting designs.
9.1.4 Objectives

Using the data collected during the NoHoW trial, the aims of the current exploratory
analysis were threefold:
1. To develop a datdriven baseline model of prospectively measured BWV;
2. To use unsupervised clustering methods to examine how clusters of baseline
variables psychological, behavioural and weight history variables relate to BWV

3. To examine bdirectionalityin these relationships over time.
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9.2 Methods
9.2.1 Study Design

The present study was an ad hoc analysis of data collected as part of the NoHoW

trial which is detailed in section 4.1.
9.2.2 Participants

Full eligibility criteria for the NoHoW trial isqvided in section 4.1.4.1. A participant
flow diagram is provided ifigure 9.1 The present analysis used both a baseline sample and
longitudinal sample based on availability of data. Individuals in the baseline sample
(n=1049) were required to have nossing selreport data at baseline and sufficient body
weight data to calculate BWV (detailed below); and in the longitudinal sample (n= 822)
participants were required to have no missing selport data at baseline, 6 and ¥8onths
in addition to suffieent body weight data to estimate BWV over-anths (see criteria

below for detail).

Assessed for eligibility

(n=2,590)
» Excluded for not meeting
eligibility criteria (n= 963)
Randomized
(n=1,627)

Mot using scales at 18-
months (n=451)

Enough data to calculate
WV over 12 months
(n=1,3186)

Incomplete self-report
data at baseline (n=225)

¥

Complete self-report data at
baseline (eligible for
baseline analysis) (n=1,091)

Incomplete self-report
data at baseline (n=269)

¥

Y

Complete self-report data at
6 and 12 months (eligible for
longitudinal analysis)
(n=822)

Figure 9.1Participant flow diagram
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9.2.3 Body Weight Variability

For inclusion, participants were requi
months to obtain an appropriate estimate of ‘i2onthBWM Jake Turicchi, O’ D
Finlayson, Duarte, A L Palmeieaal,, 2020) Weight variability was calculated using the
root mean square error (RMSE) method as used previously as described in section 4.2.3.
Only one measurement of BWV was used in this analysis due to the fact there are a
substantial number of explanatomariables thus using multiple measures of BWV would
result in an exponential number of models being generated. RMSE was chosen as it is more
sensitive to larger fluctuations in body weight, which are more likely to be related to energy
balance behavioursather than fluctuations in the composition of FFM which may occur

between days.
9.2.3 Psychological and behavioural measurements

Selection of variables

The scales included were based on the original design of the NoHoW trial which
aimed to test a selfegulation and emotion regulation intervention. Given that there were
27 scales providing data on 92 factors (seetion 4.1.8or information on all scal®, a
selection of variables most statistically relevant to the outcome variable (BWV) was
conducted. For inclusion in further models, a bivariate Pearson correlatior@frer r>0.1
with BWV was arbitrarily selected as a-ofit (all correlations are\ailable inappendix 9.1)
If a factor in a scale was related to BWV, the whole scale was included. The variables listed
below therefore reflect those which met the criteria for inclusion in the later stages of the
data driven analyses. These data weodlected at 0, 6 and 12 months.
Eating behaviour

Eating behaviour was assessed using the 51 item Three Factor Eating Inventory
(TFEQ(Stunkard and Messick, 198bhich assessed dietary disinhibition, restraint and
hunger. The scale is commonly used to assess dietary behaviour and has beertch
have acceptable reliability and validity in both overweight and obese sar(iptdser,
Forbush and Hunt, 2015Binge eating was assessed using the Binge Eating Scale (BES)
(Gormallyet al., 1982)which is shown to have very good reliability and valifidyarte,
Pinto-Gouveia and Ferreira, 201f)women.

Bodyimage and weight satisfaction
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Body image was assessed using the Body Image Acceptance And Action
Questionnaire (BIAAQpandozt al., 2013)which is a 12tem selfreport scale designed to
measure body imageelated psychological flexibility, namely the extent to which an
individual openly and fully accepts the ongoinggaptions, thoughts, beliefs, and feelings
about his or her body. It is shown to have high consistency, reliability and vékeineira,
Pinto-Gouveia and Duarte, 2011ext, the Weight Focused S€lfiticism/SeHReassuring
Scale (WFSCRBuarteet al,, 2019)a22i t em scal e was used which
thoughts and feelings about themselves related to weight, body shape and eating. Two
subscales (based on their factor loading onto onedafgctor) were collapsed: the hated
and the inadequate self, providing an overall score for wefghtised selcriticism (WFSC).
The scale has been reported to have high internal reliability, construct, and discriminant
validity (Duarteet al., 2019)

Depression and mental wellbeing

Mental wellbeing was assessed using the Warwick And Edinburgh Well Being Scale
(WEWBS|Tennantet al,, 2007) a 14item, positively worded scale assessing one factor
which has been shown to have very high reliability and val{d@#nnantet al,, 2007;
StewartBrownet al,, 2009) The 21item Depression, Anxiety and Stress ScaleS)

(Lovibond and Lovibond, 199%as used, which is commonly employed to assess mental
health and shows excellent psychometric prajes (Antonyet al.,, 1998)
Emotion regulation

The Engaged Ling Scale (EL8jrompetteret al., 2013)was used which is a liem
scale with 2 subscales, valued living and iifélinent and 1 general underlying factor. The
overall score was used in the present analysis. The scale is a pspeesic measure to
assess an engaged response style as conceptualized in acceptance and commitment therapy
and relates well to psycholagal weltbeing, anxiety/depression, acceptance, mindfulness,
and pain interference in daily lif@rompetteret al,, 2013). Selfcompassion was assessed
using The Compassion Attributes And Actions Scales (Q@ik®)tet al., 2017)which
assesses sensitivity to suffering, sympathy,uatgemental, empathy, distress tolerance
and care for wellbeing. Lastly, the Difficulties in Emotion Regulatide §2BRSGratz and
Roemer, 2004yvas employed, a widely used scale which shows high consistency and

validity (Hallionet al., 2018)which assesses nescceptance of emotional responses,

c
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difficulties engamng in goal directed behaviour, impulse control difficulties, limited access

to emotion regulation strategies and lack of emotional clarity.
9.2.4 Weight History Measurements

The following data relating to weight history was collected: (1) previousngjet
attempts: ‘how many times have you attempts
“how many times have you | o-monthd(ksgd2ocalculatd ) hi g
12 month WS by subtracting baseline weight) and (4) highest weidjf¢time (used to
calculate lifetime WS by subtracting baseline weight). Where weight history data was

incomplete (in < 5% of the sample), mean or mode imputation was used.
9.2.5 Statistical analysis

Data and Sample Description

Baseline characteristics are providedaile 9.1 for both study samples. QQlots
and histograms were generated to test key (randlinal) variables for normality. Measures
of RMSE violated the assumptions of normality and therefore log transformation was
performed. All analyses were conducted in R version 3.7 and all analysis code can be found
at on Github(Turicchi, 2020b)In all statistical tests, ayalue <0.05 was acceptes a
marker of statistical significance. Where multiple testing is conducted, the alpha level was
not adjusted due to the exploratory nature of the analy@thouse, 2016; Rubin, 2017)
General Linear Regression

In our baseline analysis, the association between baseline psychometric score and
12-month BWV was tested in univariate (model 1) and adjusted @hdimodels which are
reported intable 9.2. Model 2 was adjusted for baseline sex, age, BMI, trial centre and trial
arm. In a recent study, BWV was shown to be moderated partly by age, gender, BMI and
regon( Jake Turicchi, Ruairi O' Dri scoletla,, Hor gan
2020) In model 2, additional testing for gender and BMI (BMI was categorised into <25, 25
30, 3635 and >35 kg/r) interactions were conducted with each psyohetric variable,
based on the evidence that BWV may interact with gender or Beihsoret al., 2020)
StepwiseRegression

Next, backwards stepwise regressiotable 3) were conducted on baseline
psychological variables (model 1) and psychological plus weight history variables (model 2),

with 12-month BWV as the outcome. A backward stepwise regression startalvfbssible
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explanatory variables and then discards the least statistically significant variables. The
discarding stops when each variable remaining is considered the best subset of variables in
maximising the model effect R Stepwise regressions wecenducted using the StepAIC
function from the MASS package ir{fpley, 2020)he use of which in stepwise regression
was reviewed recentlyZhang, 2016 Statistically, this means that the noise generated by
non-significant predictors is reduced and a parsimonious model is cré@&eddenough,
Hart and Stafford, 2012yhich was in line with our airto produce the best baseline model
for prediction of BWV. Stepwise regression has been shown to perform similarly at selecting
true predictors compared to other appropriate methods in the study of variable selection
(Genellet al,, 2010)
Unsupervised Clustering

A limitation of stepwise regression is that it attempts to optimize a model to explain
the greatest variance in the outome (i.e. BWV), and in doing so, removes all other variables
which do not fit the final model. Given that it was already identified that each variable
remaining is (to some extent) related to BWV, this approach was chosen to extend this
analysis by using amsupervised clustering approach, based on the knowledge that human
psychological processes and behaviours often tend to cl&enryet al., 2011; Nudelman
and Shiloh, 2016)rhe two most common clustering techniques are hierarchicateiung
and partitioning relocation methods (e.g-rkeans). Both methods are based on minimizing
the distance (in this and most cases, the Euclidean distérede and Richtsmeier, 199%)
used) between data points (participants) within a cluster and maximising the distance
between different clusters. To avoid reliance on a single clustering method, two methods of
clustering participants at baseline were conducted and later comparedin§avas
conducted before clustering to generatesZores for each included baseline psychometric

variable.

To generatethetheans cl usters, the k means func:
package in R. Thereans is an iterative process built on an esjation-maximization

algorithm(Jung, Kang and Heo, 20iM)ich aims to group similar data points (participants)

together and discover underlying patterns. An optimainier of clusters was determined

from a majority vote of 24 di f f(Gharradhtial, met hods

2014).
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Next, an agglomerative clustering approach was used wharksnin a bottorup
manner, initially considering each participant as a single element (leaf). At each step of the
algorithm, the two clusters that are the most similar are combined into a new bigger cluster
(nodes). This procedure is iterated until aliqts are members of just one single big cluster
(root). Specifically, Ward’s method of hiera
function of the ‘(RCoeefleaam, 2Qlabidh & guggestedforb as e R
exploratory chta analysis as it minimizes the witksluster variance compared to other
hierarchical method¢$Konopkeet al.,, 2018) The result is a tree which can be plotted as a
dendrogram Based on the height of the roots, there was deemed to be 4 discernible
clusters by hierarchical method.

Differences between these baseline clusters were tested for each psychometric
variable as well as 1onth BWV using a type 3 sum of squares ANOV Asigmificant
model s wer e t est-bottest@dleB.d). Thiswasdpre $or bpto s t
clustering methods. Additionally, rBonth weight changes were compared across each
cluster to investigate if these clusters relate to longem weight outcoms.

Bidirectional relationship testing

Lastly, an investigation of whether (a) initial (6 month) BWV predicted subsequent
change in psychometric variables (i.e. change between 6 and 12 months) and (b) initial
change in psychometric variables predicted subsequent BWV was conducted. For (a) BWV
was calculated over the first 6 months and used in a general linear model to predict
subsequent change in each variable, adjusting for the variable value at 6 months (e.g. the
pre-change score). For (b) change in psychometric variables were calculatecebetwe
baseline and 6months and used to predict BWV calculated between 6 and 12 months,
adjusted for initial (6nonth) BWV and baseline psychometric score. The results can be

viewed intable 9.5.

9.3 Results

Of the 1627 participants recruited, 1091 and 82@wduals had sufficient data for
inclusion in the baseline and longitudinal analyses respectively of which ~70% were female

with a mean age of 45.3 years and mean BMI of 29.5 kgAge, gender (%) and BMI did
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not differ between included and excluded piaipants. Sample characteristics are provided

in table 9.1 and baseline psychometric scores are listedppendix 2
9.3.1 Baseline Regressions

Univariate regression resultsaple 9.2) showed significant baseline associations
between all variables (apgirom TFEQ hunger) and -t2onth BWV, with effect sizes for
psychometric and weight history variables reaching 4.5% (binge eating) and 5.5% (lifetime
WS) respectively, reducing to 2.4% and 5% following adjustment. Adjustment in general

linear model 2 (fosex, age, BMI, trial centre and trial arm) reduced all effect sizes but did

Table 9.1 Sample characteristics in baseline andmM@nth samples

Characteristic Baseline (n=1091 Longitudinal (n=822
Gender n (%) Male 331 (30.3) 248 (30.2)
Female 760 (69.7) 574 (69.8)
Study arm n (%) 1 274(25.1) 209 (25.4)
2 276 (25.3) 210 (25.5)
3 267 (24.5) 199 (24.2)
4 274 (25.1) 204 (24.8)
Centre n (%) Denmark 356 (32.6) 254 (30.9)
Portugal 342 (31.3) 254 (30.9)
UK 393 (36.0) 314 (38.2)
Age (years) 44.8 (11.7) 45.7 (11.6)
BMI (kg/n¥) 29.6 (5.3) 29.4 (5.05)
Weight loss attempts n (% 1-2 times 190 (17.4) 143 (17.4)
3-5 times 358 (32.8) 268 (32.6)
6-10 times 220 (20.2) 172 (20.9)
more than 10 times 323 (29.6) 239 (29.1)
Times lost 5kg (n) 2.7 (1.0) 2.7 (1.0)
12-month weight suppression (%) 10.4 (6.2) 10.50 (6.5)
Lifetime weightsuppression (%) 11.1 (5.6) 11.29 (5.7)

Table 9.1 Sample characteristics for baseline andm@nth longitudinal samples. Values are

provided as mean (standard deviation) for continuous and n (%) for categorical variables

not attenuate any significant effects. When testing for gender interactions in general linear
model 2, an interaction with stress (p=0.023) was observed, such that stress had a greater

positive association with BWV in females. No other gender interacti@ns found. Only



BMI interactions with WS (lifetime and -ti@onth) were observed, such that prior WS was

more strongly associated with subsequent BWYV in all groups above normal weight (<25

km/m?) (p<0.038 for all groups).

9.3.2 Stepwise Regressions

Backward stepwise regression results are showtaiple 9.3. In model one (only

psychometric variables), the final modef£R.3%, p<0.001) consisted of five variables and
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greater 12month BWV was associated with greater bingeeath (SE) =0. 011 (0. 00 2

p<0.001) |

ower

h 0.018(@.004),(pEkq.08Z& and lowszlfc o mp as si en

0.002(0.001), p=0.042) at baseline. Nzignificant results were observed for weight

Table 9.2 Associations between baseline psychometric aribt historyvariablesand

subsequent 1Znmonth weight variability

Univariate

Adjusted*

Psychometric variable (3

Anxiety

Binge Eating
BIAAQ
Depression
DERS

Enriched Living
SelfCompassion
Stress
Disinhibition
Hunger
Restraint

Mental wellbeing

WEFSC

Weight history variables

12m weight suppression

Lifetime weight suppression

Weight loss attempts

Times lost 5kg

( SE AdjR p-value

B ( SE AA] p-value

0.016 (0.005)
0.011 (0.002)
-0.004 (0.001)
0.015 (0.003)
0.004 (0.001)
-0.006 (0.001)
-0.005 (0.001)
0.009 (0.003)
0.016 (0.003)
0.006(0.003)

0.008 (0.003)
-0.006 (0.001)
0.006 (0.001)

0.013 (0.002)
0.014 (0.002)
0.035 (0.011)
0.057 (0.012)

1.1%
4.5%
3.3%
2.0%
1.8%
2.0%
1.8%
1.1%
2.1%
0.3%
0.5%
1.9%
3.2%

4.3%
5.5%
1.0%
2.2%

<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
<0.001
0.001

<0.001
0.087

0.016

<0.001
<0.001

<0.001
<0.001
0.001

<0.001

0.012 (0.005)
0.009 (0.002)
-0.004 (0.001)
0.011 (0.003)
0.003 (0.001)
-0.005 (0.001)
-0.004 (0.001)
0.006 (0.003)
0.011 (0.004)
0.002 (0.003)
0.008 (0.003)
-0.005 (0.001)
0.005 (0.001)

0.012 (0.002)
0.013 (0.002)
0.041(0.012)
0.074 (0.012)

0.5%
2.4%
1.7%
1.1%
0.8%
1.4%
0.9%
0.3%
0.7%
0.0%
0.4%
0.8%
1.8%

3.9%
5.0%
1.0%
3.0%

0.011
<0.001
<0.001
<0.001
0.001
<0.001
0.001
0.024
0.002
0.615
0.014
0.001
<0.001

<0.001
<0.001
<0.001
<0.001

(B(CS

Table 9.2 Associations between baseline psychometric and weight history variables and objectively

measured 1Znonth BWV in 1091 participants of the NoHoW trial. Results are provided as
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standardized regression coefficients and associated standard errors, and adf@stedlies, or, in

model 2, the change in adjustedupon addition of the variable to the model. Abbreviations: BIAAQ
(Body Image Acceptance and Action Questionnaire), DERS (Difficulties Regulating Emotions Scale),
WFSC (Weight Focused Self Criticism)

focused selcriticism ¢0.002 (0.001)p=0.09) and restraint(005 (0.003)p=0.1). In model
two (R=11.1%, p<0.001), five variables were significantly associated with greateorith

BWV: greater binge eatin@ ( SOE})(6.002), p<0.001); greater depress

(B ( SOEDYP7£40.003), p=0.03); lower hung@ ( S-B.p09(0), p=0.018); greater times lost
5kg @ ( SOED28€0.012), p=0.016) and greater lifetime B ( SOED13€0.002), p<0.001).

Table 9.3 Stepwise regression results

SW Model 1 (AdfR6.3%) SW Model 2 (AdfR11.1%)
Variable B ( SE)t-value p-value Variable [ ( SE t- p-value
value

Binge eating 0.011 (0.002) 4.86 <0.001 Binge eating 0.01 (0.002) 5.00 <0.001

WFSC -0.002 (0.001) -1.69 0.092 Depression  0.007 (0.003) 2.17 0.03

Hunger -0.013 (0.004) -3.17 0.002 Hunger -0.009 (0) -2.37 0.018
Time lost

Restraint 0.005 (0.003) 1.58 0.114 5kg 0.028 (0.012) 2.42 0.016

SelfCompassion -0.002 (0.001) -2.03 0.042 All time WS  0.013 (0.002) 7.68 <0.001

Table 9.3Results from two baseline stepwise regression analyses predictimgith body weight
variability. StepwiseModel 1 includes baseline psychological variables only; SW Model 2 includes
both baseline psychological and additionally weight history variaBlesults are provided as
standardized regression coefficients and associated standard errors and adjusted R2 values.

Abbreviations: SW (stepwise), WFSC (Weight Focused Self Criticism), WS (weight suppression)
9.3.3 Clustering Analyses

Unsupervised clustemalyses revealed an optimal cluster number of 3 and 4 for k
means and hierarchical clustering, respectively. Differences between each variable are
provided intable 9.4. For the Kmeans analysis, cluster 3 showed significantly greater BWV
than cluster 1 (41% greater) and cluster 2 (30% greater). All groups were significantly

different for all comparisons except for restraint in which cluster 2 and 3 were similar.
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Notably, cluster 3 was defined by significantly greater uncontrolled eating (greater binge
eating, disinhibition, hunger); greater negative affect (lower mental wellbeing, body image
flexibility; greater depression, stress, anxiety, wetfgitused sekcriticism)and lower
emotional control (greater difficulties regulating emotions, lower ®eifnpassion and
enriched living) than both other clusters. Body weight change and@ths was modestly
but significantly higher in cluster 3 (+0.38%) vs cluster 1 (+0.144) &0.31%) respectively.
In the hierarchical clustering, 4 discernible clusters emerged. Cluster 4 showkt/36
greater BWV than all three other clusters. Similar to thaéans cluster analysis, group 4
showed significantly greater scores on binge mgtinegative affectivity (depression,
anxiety, stress, weigHbcused shame) and emotional control, lower mental wellbeing,
enriched living, body image flexibility and setimpassion. Cluster 4 also showed
significantly greater 1-nonth weight change (+1%) than clusters 1 (+0.14%)-@.08%)
and 3 (+0.57%).

Table 9.4Differences between baseline clusters

K-means clusters Hierarchical clusters

Factor* Clusterl Cluster2 Cluster3| Clusterl Cluster2 Cluster3 Cluster4

(n=461) (n=481) (n=149) | (n=432) (n=370) (n=174) (n=115)
Weight variability 0.32 0.38 0.54
(RMSE) 0.37 0.32 0.36 0.57
Wellbeing 56.7 50.27 4049 |48.95 56.60a 55.57a 39.89
Binge eating 6.61 14.30 21.07 14.81 6.01 11.84 20.78
Stress 9.61 12.42 18.07 12.93 9.29 10.93 18.90
Depression 8.02 9.69 16.75 10.28 7.95a 8.41a 17.45
Anxiety 7.93 8.85 12.24 9.00 7.83 8.40 12.99
WESC 10.06 2091  33.84 | 2227 954 1457  35.21
Enriched Living 64.41 56.03 49.31 54.39 64.09a 63.30a 50.16
Hunger 3.91 6.76 8.54 6.71a  3.22 7.22a  8.53
Restraint 10.66 1149a 11.48a | 1096a 10.69a 11.95b 12.02b
Disinhibition 6.49 10.17 11.72 10.25 6.04 9.37 11.67
BIAAQ 68.57 51.04 3882 4984 69.68 5946  37.33
Selfcompassion 64.06 55.45 48.58 53.89 62.53 65.04 49.64
DERS 2365 33.79 5277 3518 2341 2778 5501
12m weight change (%) 0.10 0.31 0.38 0.14 -0.08 0.57 1.12

Table 9.4Differences in psychological variables between clusters. Results are provided for two
clustering analyses {eans and Hierarchical clustering).*Where differences were not significant
(p<0.05), norsignificant differences were between groups denoted byjlaitetters determined by

type Il sum of squares ANOVA with Tukey-post All other group comparisons were significantly
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different. Comparisons were made within clustering methods (i.e. not compared betwesamk
and hierarchical clusters. Abbreviats: RMSE (Root Mean Square Error), WFSC (Weight Focused Self
Criticism), BIAAQ (Body Image Acceptance and Action Questionnaire), DERS (Difficulties Regulating

Emotions Scale)
9.3.4Bi-directional Relationships

Table9.5 reports the effect of @nonth BWV on subsequentionth change in
psychometric variables. Greater initial BWV resulted in significant increases in binge eating
(2.193(0.494), p<0.001) and disinhibition (0.57(0.219), p=0.009) were observed in addition
to decreases in body image flexibilit2 835(1.002), p=0.005) and mental wellbeing (
1.642(0.707), p=0.02). In the other direction (initiahénth change in psychometric
variables predicting BWV from! months), there were no significant associations
between change in any psychological variable and BWV (after adjustment for initial BWV
and baseline psychological variable value)

Table9.5. Reciprocal relationship testing between body weight variability and change
psychological variables
Associations oinitial BWV on Associations of initial change

subsequent change in in psychological variables on

psychological variables subsequent BWV
Psychometric p- p-
Variable B (SE) MR value B ( SE) AAdR value
Anxiety 0.112 (0.27) 0.0% 0.679 | -0.008(0.005) 0.3%  0.099
Binge eating 2.193 (0.494)  2.2% <0.001 |0.002 (0.002) 0% 0.484
BIAAQ -2.835(1.002)  0.9% 0.005 |-0.001(0.001) 0.1%  0.257
Depression 0.292 (0.335)  0.1% 0.383 |-0.003(0.004) 0.1%  0.33
DERS 1.667 (0.868)  0.4% 0.055 | 0(0.001) 0% 0.734
Disinhibition 0.57 (0.219) 0.8% 0.009 | 0.003(0.005) 0% 0.485
Enriched Living -1.084 (0.721) 0.2% 0.133 0.001 (0.001) 0.1% 0.404
Hunger 0.281 (0.238)  0.2% 0.238 | 0.006 (0.004) 0.2%  0.196
Restraint 0.036 (0.263)  0.0% 0.891 |-0.003(0.004) 0.1%  0.431
SeltCompassion -1.848 (0.999)  0.3% 0.065 | 0(0.001) 0% 0.95
Stress 0.342 (0.364)  0.1% 0.348 | 0(0.003) 0% 0.951
Wellbeing -1.642 (0.707)  0.6% 0.02 0 (0.002) 0% 0.808
WFSC 0.731(0.699) 0.1% 0.296 | -0.001 (0.002) 0% 0.511

Table 9.50n the left shows longitudinal associations between initiah{®th) body weight

variability and subsequent change in psychological and behavioural variables from 6 to 12 months.
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On the right shows longitudinal associations between initiah{th) chang in psychological
variables and subsequent body weight variability from 6 to 12 months. Models are adjusted for
baseline psychological value and results are provided as standardized regression coefficients and

associated standard errors and change adjddR2 values. Abbreviations: BIAAQ (Body Image

Acceptance and Action Questionnaire), DERS (Difficulties Regulating Emotions Scale), WFSC (Weight

Focused Self Criticism)

9.4 Discussion

This exploratory analysis examined psychological and behavioural prsdidtb2
month BWV over 1 year in a large group of individuals engaged in the NoHoW weight loss
maintenance interventior§Scottet al, 2019) Direct associations between baseline
uncontrolled eating factors (binging, disinhibition) were found and coincided with greater
restrained eating. Further, greater weigfidcused sekcriticism and lower body image
flexibility were associated with 1&onth BWV, as was lower mental health and greater
depression, stress, anxiety, emotional regulation and-sathpassion. The regression
results were supported by both ourrkeans and hierarchical clustering analyses which
showed that each of these variablegre associated with greater BWV generally clustered

together in a smaller group of individuals who showed significantly greater BWV (up to 45%

hi gher BWV in the most variaBWY’ clclautsersks.

showed significantly gater body weight change over 48onths than those in other

clusters, consistent with the results of chapter 8 which showed that greater $dort BWV
predicted increased body weight at -8 months. Weight history variables, particularly WS
but also weifyt loss attempts and successful weight losses, were directly associated with 12
month BWV. Lastly, our analysis of change scores in psychometric variables provided novel
evidence of reciprocal relationships among the variables studied, with {owr@h BWV

being associated with higher scores of gelborted binge eating and disinhibition, as well

as lower scores of body image flexibility and mental wellbeing.

Our results are consistent with previous objective and-sgibrted studies into the
determinarts of weight cycling. Indeed, a common finding of studies relying on self
reported measures of weight cycling history is an association with binge eating. These
studies often focus on clinical disordered eating samfdesZwaaret al,, 1994; Roehrigt

al., 2009)though similar trends have been found in conmtial weight loss programs

af



- 236 -

(Borge<et al., 2002a; Petroni, Villanova, Avagnina, Fusco, Fatati, Compare, Marclgsini,
al., 2007)and nonclinical sample¢Vendittiet al,, 1996; de Zwaan, Engeli and Mller,

2015a) Similarly, loss of contr@Elderet al,, 2008)and disinhibited eatingStrycharet al.,
2009)have been implicated in body weight cycling. Two other factors; (a) low weight/body
image satisfactiofCasebeer, 1997; Osboetal., 2011)and (b) negative affedde Zwaan,
Engeli and Muller, 2015aye often associated with seléported weight cycling.

Interestingly, the association of BWV with stress was marginally more prominent in women
than men, perhaps explained by evidencegegting that women are more susceptible to
emotional/stress eating than mefBeydoun, 2014)importantly, the effect sizes observed
were minor (in the region of-4% for psychometric variables and up to 5.5% for WS) and

were reduced (but not statistaily attenuated) by adjustments for key characteristics.
9.4.1 Stepwise Regressions

Next, in stepwise regression model 1 (psychometric variables only), there was a
coinciding stepwise inclusion of higher binge eating, hunger, weghted shame and
lower seltcompassion. The coinciding associations of both elevated uncontrolled (binge)
and controlled (restrained) eating with BWV is logical given that most energy balance
related weight change occurs as a function of energy infdledlet al, 2012)and temporal
variability in eating behavior may therefore present as variability in body weight. The
inclusion of (lower) selfompassion and (higher) weigfdcused shame indicates the role of
negative affectivity in this tension between cognitive control and loss of control of eating
behaviour.In model 2, the introduction of weight history variables resulted in stepwise
inclusion of I|ifetime WS and previous succes
addition to depression, explaining >11% of the variance in BWV. This is therfeshtt
the relationship between BWV and weight loss history has been examined. Interestingly, WS
was more strongly associated with BWV in individuals with overweight and obesity than
those with normal weight. Given that WS was calculated as percent wehginige, this
effect cannot be related to absolute body size. This association may be explained by
evidence suggesting that WS has been shown to be associated with disordered and binge
eating(Loweet al., 2007; Javarast al,, 2008; Sticet al,, 2020) It is likely that successful

weight losses (>5kg) are a proxy measure for historical weight cycling and as such simply
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reflect a continuation of priobehaviours but do indicate that assessing weight history can

be useful in predicting likelihood of subsequent BWV.
9.4.2 Clustering Analyses

Motivated by the knowledge that psychological processes and associated behaviours
cluster(Conryet al,, 2011; Nudelman and Shiloh, 20,1&hd that singldactor relationships
alone are unrepresentative, multiple unsupervised clustering algorithms were applied to
psychometric variables at baseline in order to examine how identified phenotypes (i.e.
clusters) of individuals relate to subsespt BWYV. Despite differences in the optimal cluster
number (n=3 for Kneans and n=4 for hierarchical clustering), both approaches produced
one cluster which showed ~3%56% higher BWYV than the other clusters, and this cluster
showed greater average scorestncontrolled eating, negative affectivity, body and weight
concerns and difficulties regulating emotions (consistent with the regression results).
Importantly, a comparison of overall ¥8onth weight change between these clusters
revealed that the clustewhich demonstrated high BWV also had significantly increased
weight compared to the other clusters, though these differences were modest (ranging
from +0.1 to +1.1%). This is consistent with evidence that BWV is weakly related to weight
gain or less wely loss(Feig and Lowe, 2017; Bensetral., 2020)also shown in chapter 8,

and thus strategies may bmplemented to address this.
9.4.3 Longitudinal Analysis

To our knowledge, no previous study has examined relationships relating
psychological and behavioural factors to BWkerefore it has not been clear whether
psychological processes are simply assed with prospectively measured BWV, or
whether BWV influences these processes. Greater inittald6th) BWV predicted slight
increases in binge eating and disinhibition scores; and significant decreases in body image
flexibility and mental wellbeingceres. This is in part consistent with an early review
concluding that weight cycling may have some detrimental psychological effects relating to
eating behaviour and negative affectivitiyoster, 1997)though this was extended to
include several unexplored psychological and behavioural factors. Similar to baseline
prediction, the observed effect sizes relating to the variance imghaxplain were small

(up to 2.2%). Nevertheless, the implication is that variability in body weight may potentially



- 238 -

be related to both eating control and negative affectivity which requires further

investigation, ideally over longer durations thanmdnths.
9.4.4 Strengths and Limitations

This study has several strengths. First, frequent (~3x per week) measures of body
weight were used to estimate BWV over a period of 1 year. Similar analyses have used
yearly body weights [15], a small amount (3) of badyights [22] or collected data for only
12-weeks(Feig and Lowe, 2017Mpata on 92 psychometric variablesrfr@7 scales was
collectedand used an exploratory and datliven approach to identify a model best
explaining BWYV, initially by remaimg unrelated variables and then using unsupervised
techniques. A datariven approach was preferred as (a) very little prior evidence exists on
which to generate goriori hypotheses and (b) due to the original structure of the trial there
was a substandl number of potentially predictive variables. BWV was measured objectively
and longitudinally and BWV and change in psychometric variables were separated in time in
order to implicate novel causative associations using a change score analysis. Association
between weight history and BWV were revealed, providing further novel evidence
implicating the role of WS in the aetiology of WV.

There are also limitations to consider. The modest effect sizes highlight multiple key
points of interpretation. First, BWIg not only related to energy behaviours but also to
fluctuations in FFM compartments (e.g. water, glycogen and gut contents) which are not
strongly related to behaviour and thus cannot relate to psychometric scales. In a recent
study measuring the compi®n and energy density of-@eek weight fluctuations using
regular DXA measurements, it was found that 84% of steonh weight fluctuations were
due to changes in FFM (with highly significant changes in total body water), and the energy
content of the doserved weight fluctuations was modest. Not only this, but issues
associated with selveighing at home including inconsistent weighing conditions (time of
day, gut fullness and variance in clothing clothing) or decalibration of smart scales may add
additional noise to the measurement of BWV. Indeed, in a recent review on (Buvxe,
Benson ad Singh,2020) t here i s a discussion of the
signifies energy balance components of measured BWYV (i.e. fluctuation of weight which has
an attributable energy component), and the noise represents everything Elgs.is one

important caveat to consider in the interpretation of these modest results, specifically that

S
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significant effects are present but small and any potential phenomenon under scrutiny may
be affected by (a) measurement error in the estimate of BAY (b) the ability of
psychometric scales to validly and reliability reflect true human energy balance behaviours
consistently, both between and within individuals.

Next, all psychometric and weight history variables arersglbrt and therefore
subjed to certain biasegRosenman, Tennekoon and Hill, 20I0He extent to which
guestionnairesneasure actual psychological processes and behaviours is unclear, as
highlighted recently in relation to seteport measures of dietary intak@©hurandharet al.,
2015) However, while there is error associated with mosthese measurements,
significant effects were still observed consistent with previous literature. Next, the sample
was engaged in a weight loss maintenance intervention and therefore generalizability of
results to other samples may be limited, thoughther research is required to confirm this.
This may be particularly relevant when considering the role of WS, which is the most
prominent finding in this sample. Further, only examined 6 andnblth associations were

examined, though these relationshipsagnoperate over longer periods.

9.5 Conclusions

To conclude, a datdriven exploratory analysis of BWV was conducted which
showed that objectively measured BWV in a weight loss maintenance environment is
modestly related to uncontrolled eating factors andgative affective factors (specifically to
low body image acceptance, and to feelings of depression and low mental wellbeing).
Higher restrained eating coincided with higher uncontrolled eating, implicating the potential
role of inconsistency of eatingehaviour in BWV aetiology though associations were
modest. Further, WS and lifetime weight losses were both directly associated with BWV and
may indicate a predictive factor in development of the psychological risk for BWV. Each
baseline factor associatedi t h BWV was observed to cluster

negative affect cluster in two discrete cl
psychological phenotype prone to increased BWV. TheseBWgW clusters were shown to

have modestly in@ased weight at 12nonths compared to other clusters, providing some
mechanistic evidence of the associations observed in chapter 8. Additionally, it was shown

that initial 6month BWV was associated with higher uncontrolled eating and negative
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affective fctors, though again effect sizes were minor under the current conditions. Given
the cyclical nature of BWV, identification of such causative relationships may potentially
provide novel insights into the relationships between prospectively measured BWV and
psychological health, though the present analysis was exploratory, and confirmation is
required. Future studies of BWV aligned with accurate measurement of body composition
and objectively tracked energy balanced behaviours may help isolate eredeggd

fluctuations which are of greater scientific relevance to psychological and behaviour factors

studied.
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Chapter 10. Final Discussion

This PhD aimed to apply novel methods and unique data to advance the scientific
understanding of body weight variabili{BWV). The specific aims were to (a) consider
factors associated with weight loss which affect weight regain (i.e. looking specifically at a
single cycle); (b) improve and understand the errors associated with calculations of BWV; (c)
study whether BWV hapredictable temporal patterns; (d) investigate whether BWV over
12-18 months impacts traditional markers of health and body composition; (e) examine
whether shortterm BWV measured overB® weeks influences longéerm weight
management and lastly (fxplore the psychological and behavioural causes and
consequences of BWV.

Indeed, most energy balance research deals with the impact of weight loss and gain
over prolonged periods on outcomes of interest (i.e. physiological, psychological or
behavioural fators). However, as with most time series data (i.e. any data which can be
plotted as a function of time), there is an associated variability component coinciding with
the trend (change) in weight. Previous literature has either (a) ignored this variability
component or (b) dealt inappropriately with it through poor definition and measurement.
Ignoring the variability component would be to say that (for example) a given amount of
weight loss affects health similarly regardless of the path taken to get {lherevhether
there was a linear or cyclical weight pattern). This is typical of studies investigating
associations between weight loss and health. Studies which do examine the influence of
BWV on health most often measure body weight infrequently (eve2y &honths) and the
limitations of this approach have been discussed extensively throughout the thesis (e.g. see
section 3.1).

Nonetheless, results from the epidemiological literature have generally suggested
that body weight variability (BWV) is a risktiar for allcause mortality, type 2 diabetes
(T2D) and cardiovascular disease (CVD), as evidenced by the literature review conducted in
chapter 3 in addition to numerous recent mesaalyses relating greater BWYV to risk of
mortality (Zhanget al., 2019) CVI0Zouet al., 2019b)and T2D incidenc@Kodameet al.,,

2017) The increased risk reported by some studies was not minor. For example, in 29,316
Scottish men and women with diabetes 149% increase in the risk of@luse mortality

was reported in those in the highest quartile of BWV defined by the coefficient of variation
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and measured over 2 years (Aucott et2016). Another study, published recently in the

New England Journal of Medicine, showed a 136% increase in the risk of stroke for those in
the highest quintile of BWV, in 9509 patients with coronary artery dis@@argaloreet al.,,

2017) Many studies also reported significant effects in the absence okpisgting disease
criteria, suggesting it is not an effect specific to unhealthy individuals. For example, in the
two largest studies to date which used data from national health registhestisk of T2D
incidence was shown to increase by 10% in around 4 million Japanese adults in the highest
BWV grougParket al., 2019)and the risk of altause mortality and myocardial infarction
increased by 53% and 14% respectively in the highest quantile in a safhghheost 7

million Korean adult¢Kimet al., 2018)

Accordingly, this intriguing set of results from recent literature set the context for an
investigation of BWV as the primary research issue of this PhD based on (a) a significant
literature suggesting itsroleindeteror at i on of health combined w
measurement limitations; (c) a lack of physiological understanding of its effects and (d) little
understanding of its psychological and behavioural correlates. The NoHoW trial weight loss
maintenance triaprovided a unique opportunity to advance the understanding of BWV as
frequent measurement (~3 time per week) of body weight using WiFi connected smart
scales was conducted in up to 1,627 individuals femt®iths. However, this type of data
does not lendtself easily to simple BWV calculations, and there is potential for differences
in data availability or erroneous data to substantially bias BWV estimates thus analyses.
Indeed, it was a crucial first step to have confidence in BWV estimates for @agerin |

studies.

10.1 Summary of PhD Findings

The initial segment of the PhD (chapter 2) aimed to take a wider look at factors
affecting weight cycling by using a single cycle of loss and regain as a model foitéonger
weight cycling (given the absencelohgterm objective weight cycling data). In two
complementary studies, one of which a systematic review and sreggeession of 52 groups
experiencing weight loss and weight reg@iuricchiet al., 2019)and the second, a re
analysis of the Diet, Obesity and Genes (DiOGenesjtdah k e Tur i cchi , O’ Dr i

Duarte, Hopkinsgt al,, 2020) These studies looked at 3 factors of weight loss: the amount,
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rate and composition of weight loss, and how these affected subsequent weight outcomes
following weight loss. The imptaof the composition of weight loss on appetitive factors

was also assessed as a potential pathway linking functional changes in body composition
and psychology.

Both studies showed that greater amounts of weight loss predicted greater
magnitudes of regai. Indeed, this favours the concept of a physiological adaptation to
weight loss which increases with weight loss, and is inconsistent with the hypothesis that
greater weight loss may lead to better weight outcomes due to adoption and honing of skills
andbehaviours associated with better weight managemgtithag and Rossner, 2008)
was also found that greater rates of weight legsre associated with greater subsequent
weight regain, and this effect was largely driven by greater weight regain following rapid
weight loss by verow calorie diet. Greater rates were not, however, found to be
associated with larger reductions in faeé mass (FFM), as found by oth@&haston, Dixon
and O’ Br.iUsngindivid@aleveldata, it was shown that greater fractions of FFM
loss during weight loss predicted greater weight regain in men (but not women), in addition
to being associad with an increased appetite (again, in men but not women).

In chapter 3, a literature review which examined the evidence relating instability in
body weight (be that weight cycling of BWV) to health and weight outcomes was conducted.
Firstly, the meastement of weight cycling and BWV were examined, concluding that (a) the
definitions of weight cycling are extremely heterogenous and little consensus exists on the
operationalisation of the term and (b) the calculation of BWYV is limited by infrequent body
weight measurements and assumptions of linearity in fergn weight change. Second, the
majority of results from longerm epidemiological studies were in favour of a detrimental
effect of BWV on risk of atlause mortality, cardiovascular disease (deatimcidence) and
type 2 diabetes incidence, though the methods used, and data collected varied significantly
between studies. Next, it was shown that in studies examining the influence of BWV or
weight cycling on traditional metabolic risk factors foradise, there was no consistent
evidence relating instability in body weight to the worsening of metabolic effects. However,
in a separate literature concerned with weight cycling in animal studies, some evidence did
suggest weight cycling may lead to deteation in control of glucose/insulin metabolism as
well as reduced immune system function and increased inflammation, effects which have

not been sufficiently studied in humans. Lastly, evidence from a small select sample of
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available studies suggestedathgreater BWV measured over the shitgtm (i.e. 626
weeks) predicted increased weight (or less weight loss) in the |eteger (i.e. 13 years).

In chapter 5, a simulation and validationstydge Tur i cchi , O’ Dri sco
Duarte, A L Palmeirat al,, 2020)was conducted which aimed to (a) develop a conservative
data cleaning method; (b) test how well body weight data can be imputed and (c) test
whether data should be imputed or left asissing in order to most accurately calculate
BWV. Data cleaning is important in the calculation of BWV because outliers and erroneous
data are registered as a substantial variation from the mean, functioning to inflate BWV
estimates. Nevertheless, themoval of true data should always be avoided where possible.
As such, a conservative approach was taken informed by literature on extreme weight losses
and gains under conditions of starvation and massive overfeeding, and weights were
removed where the rat®f change was deemed physiologically implausible.

Imputation was tested by taking participants with (near) complete data, and
randomly or norrandomly removing increments of data at rates of 20% ranging from 20%
to 80%. Imputation of body weight was diffilt and imputation strategies typically either (a)
reverted towards a moving average (smoothed) body weight or (b) attempted to impute
daily variability in body weight, but not accurately when compared to the observed
variability. Notably, time series tlaare often defined by their stochastic or deterministic
properties. A completely stochastic time series is one which is entirely unpredictable based
on previous observations, whereas a deterministic time series is partially or entirely
predictable. It apears that the variability component of body weight is highly stochastic
which is why, even when using 10 different imputation strategies including multivariate
machine learning approaches, the variability was not well imputed. This is likely due to (a)
the complexity of frediving human behaviour and (b) the unpredictability of fluctuating
compartments of FFM, namely water, glycogen and gut weight, together with the
uncertainties associated with participants se#ighing at home (e.g. variability in dhing
worn, bladder empty or not). Importantly, this imputation performance testing does not
necessarily need to apply to the study of BWV, but instead can inform future studies using
frequently collected body weight data. Indeed, in the past, several atudave examined
how to minimize bias in data collected by activity trackg&atellieret al., 2005; Borgheset
a, 2019, [Rtal, 2020jandiths sty drovided the first similar information in

relation to body weight tracking.
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Lastly, it was shown that leaving data as missinghdidsubstantially bias BWV
estimates (with underestimations of only 8% being associated with ~80% missing data),
whereas BWV calculation following imputation generally resulted in substantial
underestimation of values. This is in contrast to physical ia¢ctiv accelerometery data,
where ignoring missing data functions to bias activity estimétés. O’ eDat, 202G o | |
However, the difference is that in relation to BWV it is the variability that is of interest, and
in activity it is the sum, and imputation of approximate mean data is much simpler than
imputing variability particularly when the data is highly stochastic. Indeed, imputation has
previously been performed when estimating B\Bénsoret al,, 2020) and this study
provides a validated recommendation against such approaches.

Next, the question of whether BWV could be defined by predictable temporal
patterns was investigated, and this study formed the first ever descriptive account of body
weight fluctuations across weeks, seasons and the holiday period in groups varying in age
BMI, geographical regionandgendedd ake Turi cchi , Ruairi O Dri s
Antonio L. Palmeira, Larsest,al., 2020) It was shown that body weight fluctuated within a
week, characterised by weekend weight gain and weight loss during the week, with
fluctuations averaging ~0.35% per week at group level though errors were substantial
suggesting significant individual vatility. This effect was shown even following detrending
(removal of the overall trend in body weight). The trend in body weight may function to
confound fluctuation analysis if not appropriately dealt witfor example in an individual
gaining on averaggkg per month, weight would always be ~0.25kg greater at the end of
the week. Detrending centres the body weight around 0 allowing fluctuations to be
independently investigated. The weekday result is consistent with epidemiological evidence
surrounding eting behaviours on weekends, which generally show an increased intake of
fatty foods and alcohol on weeken@an, 2016; Jahret al., 2017) Small group differences
relating to gender, region, age and BMI were observed but these were very mocesilo
and generally all groups followed a similar pattern.

Over Christmas, upward fluctuations in the region of 1.4% body weight at group level
were observed after adjustment for linear weight change over the wider period, which
reduced following Christas but was not completely compensated for by March. This lack of
compensation for acute weight gain over Christmas is supportive of the hypothesis that

weight gain at population level may be partially attributable to holiday weight gains which
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are never Ist (Roberts, 2009)Consistent fluctuation patterns across the seasons of the
year were not observed, inconsistent with previous evidence which has shown increased
body weidnt during winter and decreases in sumni{dtehranget al., 2016a) However, this
observation may largely relate to the Christmas effect.

Overall, this studguggested that some degree of the BWV measured is not
completely stochastic but does have some predictable properties in response to temporal
variables (e.g. day of the week). Nonetheless, when day of the week was used as an
additional predictive variablan multivariate imputation methods (in chapter 5), it did not
improve imputation performance.

Following validation of the methods of estimating BWV and description of temporal
body weight patterns, an examination into the associations between BWV andhealt
weight and psychological outcomes were conducted in chapters 7, 8 and 9 respectively.
These investigations were conceptualised in response to existing literature on BWV and
weight cycling which suggested that BWV is (a) a health risk; (b) a riskuiag fugight gain
and (c) detrimental to psychological health.

In chapter 7, a comprehensive analysis of the associations between concurrent 12
month BWYV and changes in cardiometabolic health markers and body composition was
conductedd Jake Turicchi, Ruairi O'Driscebdl,l, Horg
2020) The design of the study was conceptualised to test the hypothesis that BWV
increases risk of CVD, T2D anetalisemortality through detrimental changes to
traditional risk factors. Given that lipids and blood pressure are strongly associated with risk
of CVD, and HbAlc for T2D, it is plausible that BWV negatively impacts these markers of
health and thus risk of diseasFurthermore, some evidence has suggested that instability in
body weight (specifically weight cycling) can negatively impact body composition by causing
repartitioning of mass from FFM to FM due to differences in the rate of protein turnover
during weidnt gain and los¢Dullooet al., 2015)though this effect is hypothesised to be
specific to lean individuals. Furthermore, there is evidence provided by animal model
studies that experimentally weight cycled mice showed dysregulated metabolism (see
section 3.4.2 for a full review of the amal literature).

Four methods of calculating BWV were used, which was an approach taken recently
by another study examining the influence of BWV on he@iimet al., 2018)in order to

conduct a robust analysis which was not confounded by the method of BWV calculakion. Al
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analyses were adjusted for weight change (and objectively measured physical activity) given
the known associations between weight loss and health. Altogether 144 models examining
BW\thealth associations were generated, however, no consistent associdteingen

BWV and changes in health markers were observed, whereas weight loss consistently
improved all markers of health. An entire sensitivity analysis was conducted (appeBdix

in which initial Bmonth BWV was used to predict change in health markezs- to 12-

month period, however, these results confirmed the original null association.

Several reasons for this null effect are possible. Firstly, the duration of the study was
limited to 12months however many of the studies examining associatiomsden BWV
and risk of disease measure BWV for several years and often decades, with similaufollow
durations. Indeed, it may be that (a) BWV must be measured for longer durations or (b) a
delayed effect requires a followp period to be registered. Next has been hypothesised
that instability in body weight (specifically weight cycling) is a pathway to metabolic disease
in lean individual¢Dulloo andViontani, 2015; Montani, Schutz and Dulloo, 201%ugh
the present sample examined had overweight and obesity. Dulloo and Montani also use
examples of substantial weight cycles (e.g. losses and regains of >20% body weight in the
Minessota StarvatioStudy(Keyset al., 1950) when hypothesising about the detrimental
effects of weight cycling. However, it is likely that the BWV measured presently is not as
extreme as in the Minnesota Study. Furthermore, it is not possible to be certain what the
measured BWYV represents as both fluctuations in fat mass and fat free massitorapts
(specifically, gut weight, glycogen and associated water) as well as measurement error are
all likely to contribute to the measured BWYV (this is discussed in greater detail in the
limitations section below).

This study failed to elucidate a poteait mechanism linking BWV to risk of disease.
Indeed, it could be that BWV is in fact not a risk factor and the reported associations are
confounded by the presence of underlying disease and unintentional weight loss which may
go unreported (see chapterf8r a full discussion of the limitations of this epidemiological
literature). Another possibility relates to literature which suggests that variability in health
markers (for example blood pressure variability) is a risk factor for disease independent of
the absolute blood pressure value as shown in a recent raptdysigStevenst al,, 2016)
Similar results have been shown for variability thew cardiometabolic health markers

including glucose and cholestef&limet al., 2018) As such, it could be that BWV functions
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to increase health marker variability without directly influencing the mean value and this
potential mechanism requires further study.

In chaper 8, the potential role of using sheterm BWV as an indicator of longer
term weight loss maintenance was examin@dTuricchet al, 2020) Recent research in the
past five years from Lowe and colleagesweet al., 2015; Feig and Lowe, 2017; Bensbn
al., 2020)has purported that greater BWV measured ovez®weeks may predict weight
gans at 13 years. This evidence comes from a select few studies from a single research
group and further investigation and replication was required. Furthermore, methodological
limitations of these studies (discussed fully in section 3.5) may potentetitgat from the
conclusions reached. Also, this result was yet to be replicated in a large group of individuals
who recently lost weight and engaged in a weight loss maintenance intervention.

The results supported the previous works of Lowe and colleagotsin direction
and magnitude, suggesting that greater BWV measured over 9 and 12 weeks predicted
increased weight at 12 and 18 months. Shorter exposure (to BWV) duratievee{&) and
follow-up durations (émonths) were associated with reduced effet#es, reaching
statistical significance in some but not all models. The effect sizes reached were modest and
did not explain >5% of weight outcomes over the period. This was not surprising given that
early or baseline prediction of weight loss and mainteceoutcomes in interventions
typically results in small proportions of the variance explai(®tdbbset al., 2011) This is
likely owing to 2 main reasons: (1) weight loss and/or mainteeas a highly complex and
multifactorial process and therefore single or even groups of predictors are unlikely to
explain much variance and (2) the predictors used are ofterrgptirted traits and states
(e.g. eating behaviours, negative affect, perality, selfregulatory factors etc) and the
extent to which these relate consistently to actual human behaviour is unclear. The present
study overcomes limitation (2) by using an objective measurement of physiology and
therefore does not succumb to limiians of selreport.

Despite modest effect sizes, an additional analysis was conducted in order to
attribute an interpretable value to the reported model effect sizes. In the strongest model
(the model in which 12veek RMSE was used to predict weight omes at 18months) 1
standard deviation was added and subtracted from the mean RMSE value, and the
difference in the mean weight change of the groups at both extremes was calculated. A 5%

difference in weight changes between groups atm8nths was shownyhich is a clinically
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significant effect. Notably, it is possible that the modest effect sizes of the regression
models are partially attributable to the fact that mean weight change in the NoHoW trial
was around half a kilogram over-b&nths yet rangedrbm -30% to +35%. This might
explain why a relatively small effect siz8<B%0) relates to a big difference in weight change
at 18months.

It was hypothesised by Lowe et al that BWV predicts weight gain as BWV is a
reflection of unstructured or disordereglating behaviours and that it is these behaviours
that, over time, translate to weight gain. In one study, it was shown that short term BWV
was weakly correlated (r<0.2, p<0.05) with eating behaviour variables such as preoccupation
with food and power ofdod scalegFeig and Lowe, 201 Mlonetheless, the extent to which
BWV is a measurement of actual fluctuations in energy balance is debatable (see limitations
bel ow for full discussion). | nstnecaed ,siignals’
much greater amount of noise, an idea presented in a recent narrative re\iewe,
Benson and Singh, 202a0d this fact limits the ability to discover strong associations
between BWV and weight outcomes. Further study of BWV alongside (a) frequent
measurements of mukcompartment models of body composition and (b) olbjee
tracking of energy balance components (EE and EI) will facilitate a much greater ability to
study associations between BWV and weight management (see recommendations for future
study below).

In relation to above, the causes of BWV are unclear dué)ta fistorically poor
ability to measure instability in body weight (be that via retrospective questionnaires or
prospective infrequent weight measurements) and (2) a lack of potentially explanatory
variables aligned with BWV. The NoHoW study presentauigue opportunity to address
this gap in the evidence. The original design of the study facilitated the inclusion of a
substantial number of selfeported psychological, behavioural and weight history variables
from both established and novel scales aradadwas collected longitudinally allowing
change scores to be generated. This presented an opportunity to explore the causes and
consequences of BWV but coincided with a problem in that there were too many predictive
variables for traditional hypothesisséing, and also a lack of previous literature or theory
upon which to generate a priori hypotheses. Accordingly, an exploratory approach was
taken aiming to best understand (a) baseline prediction of BWV and (b) the longitudinal

consequences of BWV on sedported psychological and behavioural factors. Indeed,
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undefined and unsupervised statistical approaches are often preferred in these
circumstanceglslamet al., 2018; Alashwadt al., 2019) though rarely applied in obesity
research. This was done using numerous statistical approaches, including unsupervised
approaches such as stepwissgression and multiple clustering techniques (hierarchical
clustering and Kneans clustering) to take baseline variable associations wimd®2th

BWV. Bdirectional relationship testing was also conducted to examine whether initial BWV
impacts subsequerthange in psychological or behavioural factors, and whether initial
change in psychological or behavioural factors impacts subsequent BWV.

Some common themes emerged from the analyses conducted. Generally, baseline
binge eating (and, less so, disinhihitjavas greater in those with greater -t@onth BWV,
and this coincided with greater restrained eating (stepwise model 1). This is supportive of
the model suggested by Lowe and colleagues that variability in eating behaviours (i.e.
individuals switching fromestrained eating to disinhibited eating) partially contributes to
BWV. It also agrees with the earlier result than body weight is gained during weekends (and
over the holiday period) and is then lost during the weekcyclical pattern which is likely
owed to fluctuations in eating behaviour. This pattern of overindulgence and restriction is
likely to only explain very modest amounts of the variance in BWV, with no eating behaviour
variable surpassing?®4.5%. The result is also consistent with earlieight cycling research
showing crossectional associations between se#fported weight cycling and binge eating
(Vendittiet al., 1996; Borgest al., 2002b; Petroni, Villanova, Avagnina, Fusco, Fatati,
Compare and Marchesini, 2007; de Zwaan, Engeli and Mdller, 20Q8tr commonly
associated variables includéalv body image acceptance and high weight shame. Indeed, it
has been shown that binge eating often coincides with low perceived body image and
greater weight shaméDuarte, PinteGouveia and Ferreira, 201&0)d these may impact the
aetiology of BWV in some individuals.

Weight suppression and previous weight losses were two of the strongest predictors
of 12-month BWV (though effect sizes were still modest &t&6). The association of
previous weight losses and subsequent BWV suggests a continuation of prior behaviours, in
that those who historically diet repetitively and regain weight continue to dmgbe trial.
Weight suppression has often been associated with binge eating in both clinical eating
disorder samples and neclinical groupgLoweet al., 2007, 2020; Sticet al., 2020)

Furthermore, those with greater weight suppression have been reported to experience
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greater body image concerns in a nolnical sampléGoodmaret al., 2018) Together,

these results imply that weight ppression may impact psychological factors and eating
behaviour in a manner associated with greater BWV. However, further research is required
to fully elucidate these mechanisms.

The study was the first to provide evidence of a negative effect of BW¥lbn s
reported behaviour and psychological wellbeing. Greater BWV in the first 6 months
predicted increases in binge eating and disinhibition and decreases in mental wellbeing and
body image acceptance, however, the variance in change explained did notdex@8é and
further research is required which aims specifically to investigate the impact of BWV on
psychological health. The modest effect sizes observed are likely to be due not only to the
fact that the measurement of BWV is not a direct measuremeffiuctuations of energy
balance (discussed below in limitations), but also the extent to whichreyadfrted
guestionnaires actually relate to behaviours. Indeed, the extent to which questionnaires
measure actual psychological processes and behaviourglisarnas highlighted recently in
nutrition research(Dhurandhatet al,, 2015) Recommendations as to how future studies

might partially address such limitations are given later in this chapter.

10.2 Strengths of thé’hD

Each study has separate strengths and limitations which are discussed as part of
each chapter, however there are some overarching themes which should be outlined here.
Firstly, the thesis is effectively split into two parts which aimed to (a) takesa ¢bok at the
predictors of a single weight cycle (i.e. what characteristics of weight loss predict
subsequent weight gain) and (b) take a wider look at how instability in body weight actually
portrays itself, with specific examination of both its cauaed consequences. This joint
approach helps to improve the understanding of weight instability at both the macro and
micro level.

Many of the PhD strengths are owed to the novelty of the methods used. Most
importantly, WiFi connected smart scales weredishroughout to measure body weight
and therefore estimate BWV. The use of these devices provides 2 advantages: (1) data can
be collected frequently, meaning that true body weight patterns can be discerned, and

actual BWV can be estimated and (2) the databjectively measured and dagtamped,
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whereas in previous research, body weight data used to estimate BWV is often collected by
retrospective or prospective seléport which is subject to recall and social desirability

biases. From the studies conded, it is clear that smart scale devices have the potential to
greatly enhance scientific understanding of BWV.

Next, a new method of estimating BWV was devised to overcome the limitations of
the most commonly used method, root mean square error (RMSEgnWsing RMSE,
individuals with cyclical (e.g-8haped) weight patterns have inflated BWV values because a
linear regression does not fit closely tesiaped data. The new method, termed nlmear
mean deviation (NLMD), fits a polynomial LOESS regretsstbe body weight data,
meaning that in individuals with cyclical weight patterns, the regression fits more closely to
the body weight data. The result is that BWV estimates are more comparable between
individuals with linear and V or {ghaped weight ptierns. As such, NLMD is more sensitive
to smaller fluctuations in body weight such as those between days and weeks, whereas
RMSE is more sensitive to larger weight cycles.

Given that BWV research is in its infancy it is unclear which patterns of bodkitwei
might relate to outcomes of interest. Therefore, in some studies including those relating to
cardiometabolic health outcomes (chapter 7) and body weight outcomes (chapter 8),
multiple methods of estimating BWV were used (4 and 2 respectively). Thsnwas
explorative approach which allowed the identification of whether any observed effects were
confounded by a single measurement of BWV and was deemed preferable to using a single
method alone. The studies conducted sampled from participants in the NaiHaMThis
allowed us to examine the role of BWV in a specific group (i.e. weight loss maintainers who
recently lost, on average ~11% body weight) and how it relates to health, weight and
psychological outcomes, which has never been examined before.

Numerous physiological measurements were collected which aligned with body
weight measurements, including systolic and diastolic blood pressure, lipids @nigjhow
density lipoprotein cholesterols and triglycerides) and haemoglobin Alc in addition to body
composition measurements made by 2 methods (bioelectrical impedance and dual energy
xray absorptiometry in a subsample). Together this allowed a comprehensive examination
of the influence of BWV on human physiology. Similarly, a comprehensive array of self
reported variables relating to psychological status, behaviour and weight history were

collected. This allowed associations to be assessed between prospectively measured BWV
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and many variables which it has yet to be related to. Together, this meant thaga
number of novel physiological and psychological relationships were investigated within this

PhD in order to improve scientific understanding of BWV.

10.3 Limitations of the PhD

Aside from the specific limitations addressed in each chapter, thishBaBome
notable overarching limitations. Most importantly, it is impossible to be certain (under
current conditions) what exactly the estimates of BWV are measuring (an issue which has
been discussed throughout this thesis). There are two primary redsotisis, which
include a lack of information on: (1) the properties of the fluctuating mass and (2) errors
relating to the use of smart scales at home. Body weight variability values are generated as
a summary of weight changes which are composed of battmass (FM) and fat free mass
(FFM). As discussed previously, the composition of FFM is heterogeneous as it contains both
energy dense tissues (e.g. skeletal muscle) and low or no energy compartments (e.g. gut
weight and total body water [TBW]). Bhutagtial assessed the composition ek
weight fluctuations in 46 adults with overweight and obesity using repeated stable isotope
dilution and dual energy-s)ay absorptiometryBhutaniet al., 2017b) reporting that the
changes in body weight were composed of 84% FFM, and that significant changes in TBW
were observed with each weight change. Als® &mergy content per kg of sheterm
weight change was ~2380kcal. Together, these results suggest that most of the BWV
measured in this study is not related to changes is energy balance, but instead to
fluctuations in TBW (and potentially gut weight). Auglfurther noise, problems with home
collection of body weight data using smart scales may arise from factors such as variability
in clothing; the time of day; last toilet trip; last meal or the surface on which the scales are
placed. Movement of the saad may, if not addressed, decalibrate the scales, adding
additional noise. Indeed, participants were advised to maintain consistent weighing
conditions but the extent to which this was adhered to cannot be ascertained. Together,
these factors add furtheraise to the estimates of BWV yet cannot be adjusted for. It is
primarily the fluctuations in energy balance compartments that are of scientific interest, yet
it is likely that this represents only a small signal in highly noisy data. Potential solutions to

these problems are discussed below in section 10.5.
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Next, the duration of the studies conducted on BWV were limited to 12 or 18
months (i.e. some physiological markers were only collected at 0 and 12 months) due to the
pre-defined design of the NoHoW &ili As discussed in chapter 3, epidemiological evidence
relating BWV to risk of cardiometabolic diseases and mortality typically span for several
years or decades. Indeed, it could be that BWV takes a much greater time to affect health,
however it was nopossible to examine this presently as data were not available.

Each of the studies conducted used a sample of individuals with overweight and
obesity who recently lost >5% body weight (on average ~11% dependent on the sample
used) and engaged in a weigdhss maintenance intervention. This differentiates them
physiologically from the general population because they are likely to have recently
benefitted from health improvements which may confound the subsequent associations
between BWV and health. Furtheaore, it has been hypothesised that instability in body
weight has detrimental effects on body composition and cardiometabolic health specifically
in lean individualgDullooet al., 2015; Montani, Schutz and Dulloo, 2016b) we were not
able to examine this relationship due to our sample characteristics. The sample
characteristics may also confound associations with weight outcomes (asreecin
chapter 8) as they were actively engaged in an intervention and are also likely to have
developed weight management skills from recently reducing body weight. This also makes
them a psychologically and behaviourally distinct group, thus limitieggeneralisability of

observations made when relating BWYV to these factors.

10.4 Implications of the PhD

While this PhD did not generate sufficient evidence for clinical recommendations to
be made, there are several implications of the research findings which may impact the
future study of BWV. In chapter 2, the first evidence of a potential functional fole o
proportionate reductions in FFM in relation to increased-sefforted appetite was
reported and may further contribute to the scientific understanding of the aetiology of
weight regain (though this association was inconsistent between genders andegquir
further study). Moreover, this relationship was hypothesised to operate in lean individuals
under extreme conditions (e.g. starvatiofpulloo, Jacquet and Girardier, 199%e}

evidence of an association in men with overweight and obesity undergoing therapeutic
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weight loss was observed, suggesting extreme conditions may not be required for this effect
to operate.

No study to date has considered pgpeocessing of data collected by electronic smart
scales, as has been done with activity tracking de\ice®t al., 2016; Borgheset al,
2019)including work by our research grogpR . O’ eDat., R02@Q) Wavdl guidance on
how to conservatively remove outliers and validation of the errors and uncertainties
associated with univariate and multivariate data imputation was publigdale Turicchi,

O Driscol I, Fi nl a yesah 2020)abdicanrbé appliedAn ahy stedg | me i r a
using similar devices. Importantly, this information is not specific to the study of BWV. This

study also provided an estiate of the errors associated with BWV calculations under

different degrees of missing data (and imputed data) and functions to inform future BWV

studies using smart scales. It was shown that imputation of body weight data serves to
significantly underestate BWV and recommendations to use raw data were provided.

The hypothesis that early BWV can be used to predict lotegen increased weight
suggested by Lowe and colleagues was confirmed for the first time outside of a single
research group, in a larggample of individuals engaged in a weight loss maintenance
intervention. Furthermore, while the models did not explain >5% of the variance in weight
change, when weight change at 18 months was compared between high and ‘oeek?

BWV groups (by RMSE), sieowith a high BWV gained an additional 5%, suggesting a
potential clinical importance of sheterm BWV for weight management.

Lastly, while the associations between weight loss and psychological status has been
well studied and include improvements tagjity of life, body image and sedfficacy
(Lasikiewicet al,, 2014) whether BWYV influetes psychological and behavioural factors had
not been investigated. In chapter 9, it was shown that BWV may contribute to a worsening
of (a) psychological factors (shown by decreased mental wellbeing and body image
acceptance) and (b) control of eatindp¢svn by increased binge eating and disinhibition).

This is the first time this effect has ever been observed, thought the effect sizes were
modest (< 3% variance explained), nonetheless, further investigation of the psychological

impact of BWV is merited.
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10.5 New Research Pathways and Future Recommendations

Several potential new directions and recommendations for the future study of BWV
can be ascertained from the work conducted in this thesis. In chapter 3, the literature in
animal models revealed evidemthat weight cycling has a significant impact on immune
and inflammatory responses, as well as causing disturbance to glucose and insulin
regulation and potentially causing increased visceral fat deposition. These outcomes have
not been explored sufficigty in relation to BWV and future studies should investigate if
these mechanisms operate in humans as this might potentially offer a pathway linking BWV
to risk of disease and mortality.

Next, the use of Wi connected smart scales to collect body wegiia is central
to the increased understanding of BWV. Indeed, only one recent study had previously used
these devicegBensoret al, 2020)however smart scales are becoming increasingly used in
research settings and the data collected by these facilitates appropriate estimations of BWV.
Importantly, to overcome a limitation of the present work related to the short
measurement period of 228 months, longeterm data collection is important and may
facilitate more relevant comparison to the epidemiological literature on BWV and health. It
i s indeed possible to retrospectacoleetédpy acqui r
smart scales over the previous years (as done in Benson et al.), and large companies such as

Fitbit store millions of user’s data over ma
the study of BWV if access is granted.

From an energpalance and weight management perspective, it is primarily the
variability in body weight associated with an energy content (i.e. not water) which are of
interest (see limitations above for a full discussion). The only way to determine the
composition oBWV is through regular mutiompartment body composition
measurements including at least a measure of total body water. With this, a greater idea of
the energy content of the variability could be ascertained. This would allow much greater
resolution in the ability to measure energy balance variability and relate it to energy balance
determinants such as eating behaviour and physical activity. However, the possibility of
regular highquality measurements of body composition (such as by DXA) is low due to th

associated costs and burden on researchers and participants.
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Tracking of energy balance behaviours may help improve the understanding of
determinants of BWV. Indeed, weight changes occur in responses to change in EE and/or EI.
The extent to which BWV &tributable to either component of energy balance is unclear,
however it is likely that El is more variable than(ERow and Hall, 2014nd thereforemay
contribute to a greater proportion of BWV. Using remote tracking devices and machine
learning methods we have recently evidenced the ability to accurately track EE using
machine learning algorithms applied to raw d@gt&Ru a i r i et@, 2020) sc ol |
Furthermore, using mathematical models, El can be estimated if both body weight and EE
are continuously tracketly assuming an energy content for the cost of weight chahizdi,

2014; Sanghwat al., 2015) This energy value of weight change is dependent on the
composition of the change, which is largely reliant on the body composition of the individual
(Hall, 2007)In our lab, we have been working on developing these models and validating
them against a doubly labelled water (DLW) criterion measure. However, due to the Covid
19, the DLW data wasethyed by a significant amount of time and thus these models were
unable to be validated and used in the present thesis. Future research could use
mathematical models to estimate energy balance components and their contribution to
BWV, thus increasing saigic understanding of the mechanisms through which BWV

occurs.

10.6 Final Conclusions

This thesis used novel data collection techniques and statistical approaches to add
unique insights which advance the current scientific understanding of the phenomenon of
BWV. Characteristics of weight loss predictive of subsequent weight regain wetiiéden
which implicated a potentially functional role of proportionate changes of body composition
contributing to appetitive changes and future weight outcomes. The thesis then progressed
towards looking at true weight trajectories, first by improving thederstanding of BWV
calculation, and next by describing temporal patterns and comparing BWV to health, weight
and psychological outcomes. Combining continuous tracking of energy balance alongside
longitudinally collected biomarkers of health and selported measures of psychological

factors is critical for advancing understanding in future studies of energy balance and health,
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and is likely, in future, to form the basis of personalised behavioural medicine and form the

basis upon which interventions cée tailored and baseline and in real time.
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Appendices
Appendix 2.1 Search Strategy
Appendix 2.1 Search Strategy
Terms
1. Weight adj (cycl* or regain or maintenance or loss maintenance)
2. AND Body composition or body composition/ or fiiee mass/ or faffree mass

or fat mass or fat mass/ or ffm or lean body mass or lbm or body fat
3. NOT Bariatric OR surgery OR sleeve OR laparoscopic

4. Human studies in English language

Appendix 2.1 Seach strategy used to perform a systematic search of the literature on
MEDLINE, EMBASE and PubMed databases. A combination of the three searches was used
as a final sear ch. “r i ndicates use of Me S H
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Appendix 2.2BiasTestingfor Systematic Review and MetAnalysis
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Appendix 2.2 Risk of bias using a modified Downs and Black tool (Deeks et al., 2003). High, medium and low risk of bias were asiessedahf(>7 reporting;
>1 external validity; >5 internal validity); medium (>3 reporting; >1 external validity; >3 intedidity) and low (<3 reporting; <1 external validity; <3 internal validit
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Appendix 2.3Test ofCollinearity for Model 3Variables

Variables Tolerance VIF
All

1 Weight loss 0.631 1.59
2 factordiet.group)2 0.620 1.61
3 factor(diet.group)3 0.566 1.77
4 factor(diet.group)4  0.588 1.70
5 factor(diet.group)s 0.582 1.72
6 factor(centre)l 0.462 2.16
7 factor(centre)2 0.547 1.83
8 factor(centre)3 0.879 1.14
9 Baseline weight 0.580 1.73
10 Baseline body fat 0.817 1.22
11 %FFML 0.700 1.43
Males

Variables Tolerance VIF
1 weight loss 0.759 1.32

2 factor(diet.group)2 0.576 1.74
3 factor(diet.group)3 0.436 2.29
4 factor(diet.group)4  0.528 1.90
5 factor(diet.group)5 0.511 1.96
6 factor(centre)l 0.329 3.04
7 factor(centre)2 0.437 2.29
8 factor(centre)3 0.854 1.17
9 Baseline weight 0.495 2.02
10 Baseline body fat 0.528 1.89
11 %FFML 0.681 1.47
Females

Variables Tolerance VIF
1 Weight loss 0.600 1.67
2 factor(diet.group)2 0.599 1.67
3 factor(diet.group)3 0.578 1.73
4 factor(diet.group)4 0.595 1.68
5 factor(diet.group)s  0.575 1.74
6 factor(centre)l 0.444 2.25
7 factor(centre)2 0.566 1.77
8 factor(centre)3 0.818 1.22
9 Baseline weight 0.482 2.08
10 Baseline body fat 0.492 2.03
11 %FFML 0.738 1.35
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Supplementary table Showing variance inflation factors (VIF) and tolerance as a test of
multi-collinearity for variables included in model 3 for all, male and female groups.
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Appendix 2.4: Supplementarmpnalysisl - Associations between appetite perception
responses and subsequent weight regain.

In order to fully explore a model in which percentage fat free mass loss (%FFML) is
predictive of weight regain by producing incredssppetite, we examined the effect of
changes in appetite of weight regain at 26 weeks, though mediation analysis was not

possible due to the low sample size.

Methods

A sample of 40 individuals (males = 17, females = 23) used previously in the secgaid anal
of the main study was used. In short, these individuals attended both clinical investigation
day (CID) 1 in which appetite was measured by visual analogue scale in response to a fixed
pastabased test meal providing 1.6MJ of energy. Next, they weogiged with an 8veek

low calorie diet (LCD) and those who achieved at least 8% body weight loss attended CID2
where appetite measurements were taken again. Therefore, these individuals had data on
both (1) change in appetite and (2) weight change at 26kgeWe tested the association
between these two variables using Pearson correlation. We were limited to basic correlation

analyses and were unable to produce multivariate models due to the low sample sizes.

Results and discussion

The results can be founbelow in supplementary table 4. Weak correlation values were
observed for all but one association which was significant (prospective consumption in
men). All associations were generally in a direction representative of increased appetite (i.e.

generallythose with greater overall increases in appetite during the-t@horie diet
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regained more weight at 26 weeks) though due to a low sample size most of these did not
reach significance. The present relationships examined require further study in trials
despned to test associations between functional changes in body composition, appetite and

weight outcomes.

Supplementary table Correlations between changes in appetite markers during LCD

weight regain at 26 weeks

Change in appetite Weight regain

measure All (n=40) Males (n=17) Females (n=23)
R p-value R p-value R p-value

Fullness -0.22 0.171 -0.32 0.211 -0.17 0.453

Hunger 0.18 0.253 0.32 0.204 0.18 0.412

Desire to eat 0.18 0.267 0.36 0.153 0.19 0.389

Prospective consumptiol 0.19 0.241  0.52 0.031 0.07 0.744

Supplementary table. Correlation and associatedhfues for Pearson correlation betweehange in
appetite perceptions (collected by visual analogue scale in response to a test meal before and after

an 8week low calorie diet) and weight change at&éek followup period in 40 individuals
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Appendix 2.5: Supplementamnalysis 2- Associations of reduction in fafree mass (FFM)
and fat mass (FM) from baseline on weight change and appetite.

Introduction
Weight loss produces proportionate changes in fat mass FM and FFM compartments which
change dependent on one another and are therefore an integrated response. For this

reason, we examined the effect of proportionate change in both compartments using:

%FFML = (AFFM/ Aweight)*100

In which case we can assume that:

%FML = 100%FFML

Or:

WML = (AFM/ Aweight)*100

However, it may be the case that a signal influencing appetite and/or weight regain arises
independently from a change in one single compartment, rather than a proportional
change. To examine this further, we define changes v &f#d FM from baseline during the

8-week LCD and their effects on subsequent weight at felipvand appetite changes.
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Methods
We termed the reduction in FFM and FM from b
by dFFM) and “i ndepedrFile(thdughdé& dvd alvargtitbscermre hoe d by

physiologically independent). These were calculated as follows:

dFFML = (AFFM/ baseline FFM)*100

dFML = (AFM/ baseline FM)*100

Both dFFM and dFM were entered into our final adjusted models (from the primaryssaly
of the current paper) predicting weight change at 26 weeks in place of the original in place
of our main predictor variable (integrated %FFML). The results are presented in

supplementary table 5.

Next, we examined the effect of dFFM and dFM on chanigappetite markers before and

after the lowcalorie diet (LCD). We plotted these in figures 1 and 2 respectively, and these

plots show independent %FFML adjusted for independent %FML and vice versa.

Results & discussion

We observed no clear associations between either % change in FFM nor FM from baseline.
We did observe a tendency for independent reduction in FFM to increase weight regain at
26 weeks i n -Of¥® B.06) 3=0.665) thou@hlthis(was not seen invthele

group or in females. Similar to the primary results, baseline factors (e.g. initial weight and
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body fat) were generally predictive of weight regain, and to a lesser extent weight loss

(again, in males and less so females).

With regards to change iappetite perceptions, the associations between independent
change in FFM and FM (adjusted for one another) can be seen in figw@d$dtAFM and

2A-C for FM for all individuals (A), males (B) and females (C). For independent reduction in
FFM, the resu#t generally suggested that increase loss of FFM from baseline was associated
with an increase in appetite perceptions. Again, this result was more prominent in males
than females. In contrast, there was no associations between reductions in FM in

comparism to baseline and appetitive changes.

Similar to the main analyses, the present results are both inconsistent (i.e. presence of
gender differences) and weak. However, they are consistent with the main results that there
is potentially a signal generated lbeduction in FFM compartments which influence

appetite in a manner which promotes weight regain. Further study is required to investigate

these effects using high resolution body composition models.
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Supplementary table Multivariatelinear regression models predicting weight regain at 26 weeks

All (n=209)

Males (n=77)

Females (n=132)

Predictor B Coef fi cPvalue AdjustedR B Coef fi

(95% ClI)
Multivariate model* <0.001 21.3%
Baseline weight (kg) 0.09 (0.01, 0.18) 0.032
Baseline body fat (% -0.22 ¢0.35,-0.08) 0.002
Weight loss (kg) 0.65 ¢0.08, 1.38)  0.083
dFFM (%) 0.17 ¢€0.31, 0.64) 0.496

dFM (%) -0.003 ¢0.29, 0.28) 0.986

(95% Cl)

<0.001 32.4%

0.23 (0.08, 0.38) 0.004
-0.28 ¢£0.63, 0.06) 0.111
1.54 (0.24, 2.85) 0.024
1.01 €0.05, 2.06) 0.065

0.23 ¢0.24,0.71) 0.337

(95% Cl)
0.010
0.10 (0.06, 0.25) 0.219
0.02 ¢0.27, 0.31) 0.873
1.12 ¢0.33, 2.56) 0.132
0.30 ¢0.48, 1.08) 0.448

0.23 ¢€0.35, 0.81) 0.436

Pvalue AdjustedR B Coef f i Pvalue AdjustedR

10.8%

Supplementary table. Multivariate linear regression model predicting weight change at 26 weeks. *Model adjusted for chetang #rial
centre. Abbreviations; Independent change in fat free mass (dFfRllependent change in fat mass (dFEach unstandardised beta
coefficient represents 1kg weight change at 26 weeks per unit of the predictor variable. For example, a beta value(08,8538) kg for

weight loss means that for every 1kg of weigbgained, an average of 0. 65 kg (ranging fror@8— 1.38kg of weight was lost).
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Supplementary figureAssociations between reductions in FFM from baseline and change in appetite perceptions

A B C Hunger
=o= Fullness
10000 ) ) 10000 )
=e= Desire

Prospective

5000
5000 5000
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Change in appetite during LCD
\
|
|
/
/
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-5000( - B

-10000 -10000

-10000

4 8 10 -4 0
change in %FFML adjusted for %FML

6 8 4 8
change in %FFML adjusted for %FML change in %FFML adjusted for %FML

Supplementary figure: Scatterplots and linear trendlinesveing associations between loss of-feée mass relative to baseline (adjusted for
reductions in fat mass from baseline) during aw&ek LCD and changes in appetite during the 8 weeks. Results are reported for hunger (red),
fullness (green), desire taae(blue) and prospective consumption (purple). Scores were calculated as the total difference in area under of
curve from 8 repeated measures around a fixed test meal, and change scores were calculated as the difference betweenedinizdion

dayl and 2. Abbreviations; visual analogue scale (VAS), area under curve (AUC), perceftegeniass loss (%FFML) percentage fat mass

loss (%FML).
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Supplementary figureAssociations between reductions in FM from baseline and change in appetite perceptions
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Supplementary figure: Scatterplots and linear trendlines showing associations between loss of fat mass relative to adisstiee for

reductions in fatfree mas from baseline) during anBeek LCD and changes in appetite during the 8 weeks in all individuals (A, n=40); males
(B; n=17) and C. Results are reported for hunger (red), fullness (green), desire to eat (blue) and prospective consunpieiors(oresvere
calculated as the total difference in area under of curve from 8 repeated measures around a fixed test meal, and chasmgeseore

calculated as the difference between clinical investigation day 1 and 2. Abbreviations; visual analogue scale@ileracurve (AUC),
percentage famass loss (%FML), percentage fat free mass loss (%FFML).
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Appendix 6.1 Tukey Post Hoc Results for Day of Week Comparisons

Day of Week Comparison Coefficient Error T-Value P-value
Gender
Mon Female- Male -0.074 0.011 -6.666 <0.001
Tues Female Male 0.003 0.011 0.253 0.801
Wed Female- Male 0.037 0.011 3.559 <0.001
Thurs Female Male 0.024 0.011 2.212 0.027
Fri Female- Male 0.016 0.011 1.493 0.135
Sat Female Male 0.009 0.012 0.7112 0.477
Sun Female- Male -0.027 0.013 -2.048 0.041
Centre
Mon Portugal- Denmark 0.086 0.012 6.936 <0.001
Mon UK- Denmark 0.011 0.012 0.841 0.678
Mon UK- Portugal -0.076 0.012 -5.940 <0.001
Tues Portugal- Denmark 0.015 0.012 1.238 0.431
Tues UK- Denmark 0.007 0.012 0.575 0.833
Tues UK- Portugal -0.008 0.012 -0.646 0.795
Wed Portugal- Denmark -0.005 0.012 -0.421  0.907
Wed UK- Denmark -0.004 0.012 -0.334 0.94
Wed UK- Portugal 0.001 0.012 0.079 0.997
Thurs Portugal- Denmark 0.016 0.012 1.366 0.359
Thurs UK- Denmark 0.014 0.012 1.130 0.496
Thurs UK- Portugal -0.003 0.012 -0.210 0.976
Fri Portugal- Denmark -0.015 0.012 -1.214  0.445
Fri UK- Denmark -0.002 0.012 -0.180 0.982
Fri UK- Portugal 0.012 0.012 1.000 0.577
Sat Portugal- Denmark -0.074 0.014 -5.439 <0.001
Sat UK- Denmark -0.042 0.014 -3.139 0.005
Sat UK- Portugal 0.032 0.014 2.297 0.056
Sun Portugal- Denmark -0.038 0.014 -2.634 0.023
Sun UK- Denmark -0.011 0.014 -0.732 0.745
Sun UK- Portugal 0.027 0.014 1.844 0.155
BMI Status
Mon Obese C1Healthy weight -0.048 0.016 -2.997 0.014
Mon Obese C3 - Healthy weight -0.093 0.016 -5.048 <0.0010
Mon Overweight- Healthy weight -0.010 0.016 -0.692  0.898
Mon Obese C3B - Obese C1 -0.045 0.016 -2.590 0.046
Mon Overweight- Obese C1 0.038 0.016 2.922 0.018
Mon Overweight- Obese C3 0.083 0.016 5.226 <0.001
Tues Obese C1Healthy weight -0.019 0.015 -1.259 0.584
Tues Obese C3 - Healthy weight -0.011 0.015 -0.612 0.927
Tues Overweight- Healthy weight 0.011 0.015 0.773 0.864
Tues Obese C3B - Obese C1 0.008 0.015 0.504 0.957
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Tues Overweight- Obese C1 0.030 0.015 2.385 0.078
Tues Overweight- Obese C3 0.021 0.015 1.398 0.496
Wed Obese C1Healthy weight 0.011 0.015 0.725 0.885
Wed Obese C3 - Healthy weight 0.038 0.015 2.176 0.127
Wed Overweight- Healthy weight 0.003 0.015 0.222 0.996
Wed Obese C3 - Obese C1 0.027 0.015 1.610 0.368
Wed Overweight- Obese C1 -0.008 0.015 -0.639 0.918
Wed Overweight- Obese C3 -0.035 0.015 -2.296 0.097
Thurs Obese C1Healthy weight 0.009 0.015 0.621 0.924
Thurs Obese C3 - Healthy weight 0.011 0.015 0.603 0.93
Thurs Overweight- Healthy weight 0.007 0.015 0.541 0.948
Thurs Obese C3 - Obese C1 0.001 0.015 0.075 1
Thurs Overweight- Obese C1 -0.002 0.015 -0.167 0.998
Thurs Overweight- Obese C3 -0.003 0.015 -0.217 0.996
Fri Obese C1Healthy weight 0.031 0.015 1.999 0.184
Fri Obese C3 - Healthy weight 0.050 0.015 2.796 0.026
Fri Overweight- Healthy weight -0.007 0.015 -0.548 0.946
Fri Obese C3 - Obese C1 0.019 0.015 1.116 0.675
Fri Overweight- Obese C1 -0.038 0.015 -3.025 0.013
Fri Overweight- Obese C3 -0.057 0.015 -3.697 0.001
Sat Obese C1Healthy weight 0.044 0.017 2525 0.055
Sat Obese C3 - Healthy weight 0.018 0.017 0.894 0.805
Sat Overweight- Healthy weight 0.016 0.017 1.024 0.731
Sat Obese C3B - Obese C1 -0.026 0.017 -1.367 0.515
Sat Overweight- Obese C1 -0.028 0.017 -1.963 0.198
Sat Overweight- Obese C3 -0.002 0.017 -0.114  0.999
Sun Obese C1Healthy weight -0.021 0.019 -1.114 0.677
Sun Obese C3 - Healthy weight -0.023 0.019 -1.104 0.683
Sun Overweight- Healthy weight -0.026 0.019 -1.568 0.392
Sun Obese C3 - Obese C1 -0.003 0.019 -0.132  0.999
Sun Overweight- Obese C1 -0.005 0.019 -0.327 0.988
Sun Overweight- Obese C3 -0.002 0.019 -0.127  0.999
Age Group
Mon 30 to 45- under 30 0.083 0.019 4.273 <0.001
Mon 46 to 60- under 30 0.019 0.019 0.990 0.746
Mon over 60- under 30 -0.027 0.019 -1.157 0.643
Mon 46 to 60- 30 to 45 -0.063 0.019 -5.536 <0.001
Mon over 60- 30 to 45 -0.110 0.019 -6.374 <0.001
Mon over 60- 46 to 60 -0.046 0.019 -2.661  0.037
Tues 30 to 45- under 30 -0.022 0.019 -1.168 0.635
Tues 46 to 60- under 30 -0.033 0.019 -1.748 0.286
Tues over 60- under 30 -0.075 0.019 -3.323 0.004
Tues 46 to 60- 30 to 45 -0.011 0.019 -1.026 0.724
Tues over 60- 30 to 45 -0.053 0.019 -3.236 0.006
Tues over 60- 46 to 60 -0.042 0.019 -2.533 0.051
Wed 30 to 45- under 30 -0.036 0.018 -1.931 0.205
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-0.025
-0.074
0.011
-0.039
-0.050
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0.022
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0.037
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0.062
0.009
-0.037
0.023
-0.047
0.014
0.060

0.018
0.018
0.018
0.018
0.018
0.019
0.019
0.019
0.019
0.019
0.019
0.019
0.019
0.019
0.019
0.019
0.019
0.022
0.022
0.022
0.022
0.022
0.022
0.023
0.023
0.023
0.023
0.023
0.023

-1.323
-3.333
1.020
-2.362
-3.001
-0.486
1.191
0.550
2.889
1.304
-0.604
-1.253
1.949
3.712
5.518
6.496
2.815
0.942
1.823
3.953
1.547
4.392
3.349
0.406
-1.627
0.848
-3.505
0.700
3.081

0.535
0.004
0.728
0.08
0.013
0.96
0.62
0.944
0.019
0.547
0.927
0.58
0.198
0.001
<0.001
<0.001
0.023
0.773
0.251
<0.001
0.396
<0.001
0.004
0.976
0.351
0.824
0.002
0.892
0.01
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Appendix 6.2 Tukey Post Hoc Results for Christmas Comparisons

Group Comparison Coefficients Error T-stat P-Value
Gender Female- Male 0.066 0.120 0.552 0.581
Centre Portugal- Denmark -0.164 0.128 -1.283 0.405
UK- Denmark 0.228 0.122 1.864 0.150
UK- Portugal 0.392 0.129 3.036 0.007
BMI group Healthy weight Obese C3 -0.118 0.192 -0.614 0.926
Overweight- Obese C3 -0.004 0.166 -0.024 1.000
Obese C1Obese C3 0.074 0.182 0.404 0.977
Overweight- Healthyweight 0.114 0.152 0.750 0.875
Obese C1Healthy weight 0.191 0.169 1.130 0.667
Obese C1Overweight 0.078 0.139 0.557 0.944
Age group 46 to 60- 30 to 45 -0.080 0.118 -0.675 0.902
over 60- 30 to 45 0.006 0.177 0.036 1.000
under 30- 30 to 45 -0.312 0.190 -1.641 0.344
over 60- 46 to 60 0.086 0.178 0.484 0.961
under 30- 46 to 60 -0.232 0.191 -1.215 0.606
under 30- over 60 -0.318 0.232 -1.372 0.505
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Appendix 6.3 Tukey Post Hoc Results for Betw&sason Comparisons

Season Comparison Coefficients Error T-Value P-Value
Gender
Winter to Spring Female- Male -0.096 0.042 -2.306 0.021
Spring to Summer Female- Male 0.054 0.041 1.306 0.192
Summer to Autumn Female- Male 0.039 0.050 0.791 0.429
Autumn to Winter Female- Male 0.004 0.031 0.123 0.902
Centre
Winter to Spring Portugal- Denmark 0.106 0.048 2.206 0.07
Winter to Spring UK- Denmark -0.071 0.046 -1.547 0.269
Winter to Spring UK- Portugal -0.177 0.047 -3.775 0
Spring toSummer  Portugal- Denmark -0.106 0.048 -2.220 0.068
Spring to Summer UK- Denmark -0.180 0.046 -3.958 0
Spring to Summer UK- Portugal -0.074 0.046 -1.609 0.242
Summer to Autumn Portugal- Denmark -0.038 0.057 -0.672 0.78
Summer to Autumn UK- Denmark 0.155 0.054 2872 0.011
Summer to Autumn UK- Portugal 0.194 0.056 3.454 0.002
Autumn to Winter  Portugal- Denmark 0.009 0.035 0.246 0.967
Autumn to Winter UK- Denmark 0.045 0.034 1.321 0.383
Autumn to Winter  UK- Portugal 0.036 0.034 1.043 0.549
BMI Status
Winter to Spring Obese C1Healthy weight -0.175 0.060 -2.946 0.017
Winter to Spring Obese C3 - Healthy weight -0.131 0.069 -1.896 0.226
Winter to Spring Overweight- Healthy weight -0.034 0.054 -0.626 0.922
Winter to Spring Obese C3B-Obese C1 0.044 0.065 0.673 0.905
Winter to Spring Overweight- Obese C1 0.142 0.048 2.934 0.017
Winter to Spring Overweight- Obese C3 0.098 0.060 1.632 0.356
Spring to Summer Obese C1Healthy weight 0.007 0.059 0.115 0.999
Spring to Summer Obese C3 - Healthy weight -0.068 0.068 -1.005 0.742
Spring to Summer Overweight- Healthy weight -0.037 0.053 -0.702 0.894
Spring to Summer Obese C3B- Obese C1 -0.075 0.064 -1.169 0.642
Spring to Summer Overweight- Obese C1 -0.044 0.048 -0.915 0.793
Spring to Summer Overweight- Obese C3 0.031 0.059 0.532 0.95
Summer to Autumn Obese C1Healthy weight 0.034 0.071 0.473 0.964
Summer to Autumn Obese C3 - Healthy weight 0.182 0.081 2.233 0.112
Summer to Autumn Overweight- Healthy weight 0.008 0.064 0.123 0.999
Summer to Autumn Obese C3 - Obese C1 0.148 0.076 1.938 0.209
Summer to Autumn Overweight- Obese C1 -0.026 0.057 -0.448 0.969
Summer to Autumn Overweight- Obese C3 -0.174 0.070 -2.486 0.061
Autumn to Winter Obese C1Healthy weight 0.107 0.044 2.446 0.067
Autumn to Winter Obese C3 - Healthy weight 0.033 0.050 0.662 0.91
Autumn to Winter  Overweight- Healthy weight 0.061 0.039 1.556 0.399
Autumn to Winter Obese C3- Obese C1 -0.074 0.047 -1.563 0.395
Autumn to Winter  Overweight- Obese C1 -0.046 0.035 -1.293 0.563
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Autumn to Winter  Overweight- Obese C3 0.028 0.043 0.647 0.915
Age Group
Winter to Spring 46 to 60- 30 to 45 -0.045 0.043 -1.032 0.722
Winter to Spring over 60- 30 to 45 -0.165 0.066 -2.494 0.058
Winter to Spring under 30- 30 to 45 0.114 0.067 1.687 0.32
Winter to Spring over 60-46 to 60 -0.120 0.067 -1.791 0.268
Winter to Spring under 30- 46 to 60 0.158 0.069 2.310 0.091
Winter to Spring under 30- over 60 0.279 0.085 3.283 0.005
Spring to Summer 46 to 60- 30 to 45 -0.027 0.043 -0.630 0.919
Spring to Summer over 60- 30 to 45 -0.045 0.065 -0.688 0.898
Spring to Summer under 30- 30 to 45 -0.071 0.067 -1.057 0.706
Spring toSummer  over 60- 46 to 60 -0.018 0.066 -0.271 0.993
Spring to Summer under 30- 46 to 60 -0.044 0.068 -0.647 0.913
Spring to Summer under 30- over 60 -0.026 0.084 -0.311 0.989
Summer to Autumn 46 to 60- 30 to 45 0.101 0.051 1.973 0.19
Summer tcAutumn over 60- 30 to 45 0.202 0.078 2.606 0.043
Summer to Autumn under 30- 30 to 45 0.000 0.078 0.004 1
Summer to Autumn over 60-46 to 60 0.101 0.079 1.278 0.566
Summer to Autumn under 30- 46 to 60 -0.101 0.079 -1.275 0.568
Summer to Autumn under 30- over 60 -0.202 0.098 -2.053 0.162
Autumn to Winter 46 to 60- 30 to 45 -0.002 0.032 -0.068 1
Autumn to Winter  over 60- 30 to 45 0.017 0.048 0.347 0.985
Autumn to Winter  under 30- 30 to 45 -0.019 0.049 -0.386 0.98
Autumn to Winter  over 60- 46 to 60 0.019 0.049 0.385 0.98
Autumn to Winter  under 30- 46 to 60 -0.017 0.049 -0.336 0.986
Autumn to Winter  under 30- over 60 -0.035 0.061 -0.579 0.936
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Appendix 7.1¢ DXASub-analysis

Supplementary Analyis. Analysis of body composition outcomes in sample

In addition to bioelectrical impedance analysis (BIA), we measured body composition
by duatenergy Xray absorptiometry (DXA) at two centres: Portugal (Hologic ExpWier
Waltham, USA) and Denmark (IhNord XR800, Swissray, USA). This generated assubple
of participants eligible for this analysis (n=439). The relevant characteristics for this sample
are given in supplementary table Bhese individuals gained 0.9 (6.2) kg, accompanied by a
0.06 (4.7%6 increase in body fat.

Supplementary table 1Characteristics of subamples with available DXA measuremer

All (n=439) Male (n=122) Female (n=317) P value

Country (%)

Denmark 329 (74.9) 59 (48.4) 270 (85.2) <0.001

Portugal 110 (25.1) 63 (51.6) 47 (14.8)
Age (years) 46.2 (11.5) 45.8 (12.0) 46.4 (11.3) 0.595
BMI (kg/m2) 29.7 (5.0) 29.4 (4.6) 29.9 (5.2) 0.35
Initial steps 10693.8 (3481.5 11273.6 (3915.4 10470.6 (3278.8 0.03
Weight (kg) 85.7 (16.7) 93.0 (17.3) 82.9 (15.6) <0.001
Initial body fat (%) 28.4 (8.4) 21.5 (7.7) 31.1(7.0) <0.001

We modelled response in bodyfat using three multivariate linear regression models
similar to the full sample, using a pp®st approach in which the post value was the
dependent variable and the prealue was included as a covariate. Model 1 included weigh
change, weight variability (with separate models for each of the 4 measures used) and
baseline value; model 2 included model 1 and additionally adjusted for baseline BMI, age
and gender; model 3 included model 2 and additionally adjusted for initiachadge in

physical activity over 12 months.

The results from each of the models are given in supplementary table 4. Weight
change was directly associated with change in body fat (p<0.001 for all analyses) which

explained between 941% of the variance. Sificant, negative associations between BWV
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(by CV and RMSE) were observed in all models (p<0.05 for all), though these explained

<0.5% of the change in body fat. No associations were observed for other measures of BWV.

Supplementary table 2Multivariate linear regression results predicting change in body
fat (%) measured by DXA

Bodyfat (DXA)

Model Predictor B H) S P-value AR?2

1 NLMD -1.58 (0.77) 0.055 0.002
Weight change 0.47 (0.03) <0.001 0.111
CVv -0.5 (0.14) <0.001 0.005
Weight change 0.45 (0.03) <0.001 0.1
RMSE -0.77 (0.27) 0.007 0.003
Weight change 0.45 (0.03) <0.001 0.097
MASWV -0.57 (0.69) 0.537 0
Weight change 0.47 (0.03) <0.001 0.11

2 NLMD -1.6 (0.81) 0.112 0.001
Weight change 0.47 (0.03) <0.001 0.111
Cv -0.48(0.14) 0.001 0.004
Weight change 0.46 (0.03) <0.001 0.1
RMSE -0.76 (0.28) 0.016 0.003
Weight change 0.45 (0.03) <0.001 0.096
MASWV -0.6 (0.69) 0.543 0
Weight change 0.48 (0.03) <0.001 0.111

3 NLMD -1.58 (0.81) 0.127 0.001
Weight change 0.47 (0.03) <0.001 0.105
CVv -0.47 (0.14) 0.003 0.004
Weight change 0.45 (0.03) <0.001 0.096
RMSE -0.73 (0.28) 0.027 0.003
Weight change 0.45 (0.03) <0.001 0.092
MASWV -0.6 (0.69) 0.501 0
Weight change 0.47 (0.03) <0.001 0.105

Supplementary table 2Multivariate linear regression results from three models predicting

body fat measured by DXA after-b#nths of weight maintenance intervention. Bef3) (
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coefficients are standardised with associated standard erd®.2 descr i bes
outcome variance explained when the predictor is added to the full model. Model 1 is
adjusted for baseline values; model 2 is adjusted for model 1 and baseline BMI, age and
gender; model 3 is adjusted for model 3 and initiadl @mmange in physical activity.
Abbreviations; NLMD, nelinear mean deviation; CV, @fficient of variation; RMSE, root

mean squareerror; MASWYV, mean average successive weight variability.

t

he
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Appendix 7.2¢ LongitudinalSensitivity Analyses

Rationale for sensitivity analysis
In the primary analysis we are limited by the lack of temporal separation between the
primary exposure of interest (body weight variability (BWV)) and the outcome. Retylta
the analysis is subject to similar limitations of a cresstional design, in that we cannot
infer causality in the associations examined. In order to address this limitation, we opted to
design a sensitivity analysis with a true longitudinal suet in which weight change and
BWV in the first six months of the trial is used to predict change in outcomes from months 6
to 12.
Methods
Participants
A sample of the total NoHoW group who had available data for outcome and covariate
measures at 0, 6 antk-months were analysed (n=1028). Sufficient data must have been
available for outcome measures, scales data and physical activity data. By excluding some
cardiometabolic outcomes due to availability of data anénths (details below), the
sample size icreased from the primary analysis.
Measures

Since blood lipids, (cholesterols and triglycerides), HbAlc and body composition
measured by dual-rkay absorptiometry were only available at visits 0 and 12, we were not
able to include these in this current s&tivity analysis. Therefore, the outcome measures in
this analysis were: systolic blood pressure (SBP), diastolic blood pressure (DBP), heart rate
(HR), percentage body fat (by bioelectrical impedance analysis (BIA)) and waist to hip ratio
(WHR). Systoliand diastolic BP and resting heart rate (RHR) were recorded every 6 months
by a Microlife BP A2 blood pressure monitor after resting in a sitting position for 10 minutes.
Three readings were taken, and the average values were used. Body composition was
edimated at baseline, 6 and 12 months by {mopedance analysis (BIA) using the
ImpediMed SFB7 multifrequency bimpedance analyser in all three centres following the
manufacturer’ s | nesergy ¥ay absaophiosnetry (DHA) at ywo ckntrad:
Portugal (Hologic Explor&¥, Waltham, USA) and Denmark (Norland8RR, Swissray,
USA). Estimates of body composition bglectrical impedance were transformed using

Moissl equationgMoisslet al., 2006) Percent body fat was calculated by dividing fat (kg) by
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body weight (kg) and multiplying by 100. A tape measure was used to record the hip and
waist circumference to the nearest centimetre. The wdigp ratio (WHR) was calculated by
dividing hip and wait circumference.

Weight variability

Body weight variability (BWV) was measured using the same four methods as in the primary
analysis (methods detailed in supplementary material 2). However, BWV was measured
over the first Bmonths, and participantsweree qui red t o have = 15 wei
during this period.

Physical activity

Physical activity (PA) was measured using the same method as in the primary analysis
(method detailed in supplementary material 1). However, PA metrics were produced for
months6-12 in order to adjust for the confounding effect of PA on health and body
composition during the outcome period. We required a minimum of 16 weeks of data over
the last 26 weeks of the measurement period.

Statistical analysis

Implausiblephysiological data were treated as outliers and removed. Body weight data from
scales was screened for outliers based on limits of physiologically plausibility of weight
change. All key variables were assessed for normality via visual inspection of @@nplot
histograms. Characteristics of the population at baseline were described by mean and
standard deviation in the whole group and by gender due to known differences in
physiological variables (particularly body composition) between genders. Differences
between genders were tested using studesests (for continuous variables) and €hi

squared tests (for categorical variables).

Similar to the primary analysis, three statistical models were generated to test the effect of
body weight predictor variableshooutcomes. First, a crude model including weight
variability and relative weight change ove60nonths (using different models for each
method), and outcome value at 6 months was used to predict outcome at 12 months. Next,
model 2 adjusted for model 1 drbaseline factors (age, gender, BMI) and lastly model 3,
adjusted for model 2 and initial and change in physical activity (steps) (due to the known
confounding effect on physical activity on the relationship between weight, health and body
composition). V& have not reported the influence of weight change froré fhhonths on

change in health markers, as our hypotheses are related to BW\fvallies within models
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were adjusted for multiple comparisons using the Bonferidnlt method. Model results

are given in table 2 which summarise the effects of BWV on outcome variables using

st an d a rcakeffidents] stghdard errors-yalues. In order to compare the effect size of
BWV estimates and weight change on outcomes, we calculated the change itvtiladRd

the model when the variable of interest (BWV estimate or weight change) was added to the
model (which was complete except this variable); these values are summarized in figures 1
2. Significant effects were observed at p<0.05.

Results

The characteristicsf the sample are presented in tableA total of 1028 (719
females) met the criteria for inclusion. On average, participants were aged 45.5 (£11.7)
years, overweight (BMI=29.4%.0) kg/n?) and achieving above recommended steps per
day(TudorLockeet al, 2011)(mean steps = 10616 (£5425)) at baseline. Average values for
all health measures weneithin normal range (not hypertensive, hyperglycaemic or
hyperlipidaemic). Between 6 and 12 months of the trial, participants on average gained an
average of 1 (4.2) % (ranging fre8.2% to +25.8%); SBP and DBP decreased by 1.4 (10.0)
and 0.6 (6.3) mmHgespectively and heart rate increased by 0.6 (8.2) bpm. Body fat
measured by BIA increased by 0.15 (4.7) %. Hip and waist circumferences increased by 0.73
(4.2) and 0.22 (4.6) cm respectively, resulting 18.804 (0.04) change in WHR. Durintj%
monthsof the trial, participants weighed on average 89 (45) times.

Associations between BWV and health markers varied by the method used (figure 1).
Generally, results were inconsistent and rsignificant. Greater BWV as measured by RMSE
and NLMD was positivedssociated with increased FM in all models, though these effect
sizes did not exceed?R 0.2%. Further, greater RMSE predicted increased percentage body
fat in all models, but this was not significant for any other method of WV. Greater MASWV
predicted educed DBP in model 1, but then effect was attenuated following adjustment in
models 2 and 3. No significant effects were observed in any models for SBP, heart rate, FFM
or WHR (p>0.05 for all).

Discussion

In the present sensitivity analysis, we confirntbd results of our primary analysis
which provided that, regardless of the method used for calculation or the statistical
adjustments made, BWV measured over-aénth period appears not to be associated

with changes in blood pressure or body compositib8-anonth follow up, in a large group
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of recent weight losers. Again, as, expected, weight loss was consistently associated with
improvements in blood pressure and body composition in all models.

For the present sensitivity analysis, we opted to analyxedata using a true
longitudinal structure by allowing a temporal separation between BWV and changes in
health markers. This approach is often used in studies examining the associations between
BWV and hard outcomes such as cardiovascular digéasea S Aucott al.,, 2016;

Bangaloreet al., 2017; Kinret al., 2018) type 2 diabetes incidend&aitoet al., 2017,

Yokomichet al,, 2017; Rheet al,, 2018)and mortality(Kimet al., 2018; Narret al., 2018)

In these studies, body weight is measured infrequently @vgry year) over an exposure

period of several years, and the BWV calculated during this period is used to predict the risk
of a given outcome over the proceeding follkayp period. Typically, there will additionally

be adjustment for weight change (simil@ the statistical structure of our present models).

This statistical approach has also been used when the outcome variables are health
markers and not necessarily disease incidence. For example, Saito and colleagues (2017)
examined body fat (%) variaityl over three periods (2005, 2007 and 2009) and used the
RMSE of body fat (%) to predict hypertension during the felipweriod (between 2009
and 2014)Saitoet al., 2017) Such an analysis holds similarities to the present one in that
BWV and change in markers are separated in time. However, limitations associated with (a)
significant temporal distance betwaebody measures; (b) a limited number of body
measures and (c) an assumption of linearity in body measures are common in such studies
and not in the present, though we are limited by a short duration.

It is important to consider the physiological plausiiibf the relationship between
weight change (be that weight loss/gain or weight variability) and changes in health markers
or body composition when implementing an analysis structure. Indeed, when the
relationship between (specifically) weight loss andoomes are examined, they are done
so over the same time, and causation is naturally inferred. However, studies examining the
effect of BWV on changes in health or risk of disease have always separated these into
exposure and followp period. Physiologadly, it is likely that changes in health occur in
time with changes in weight, and therefore it is more plausible to expect these associations
to be present over the same time. Therefore, for our primary analysis, we considered BWV
and change in health nnlkeers over the same period, while accepting the limitation that

reverse causality cannot be excluded.
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Supplementary Table Participant Characteristics

Overall (n=1028) Male (n=309) Female (n=719) P-value

Centre (%) <0.001

CPH 372 (36.2) 65 (21.0) 307 (42.7)

LIS 323 (31.4) 177 (57.3) 146 (20.3)

uL 333 (32.4) 67 (21.7) 266 (37.0)
Age (years) 455 (11.7) 43.7 (10.7) 46.2 (12.0)  0.002
BMI (kg/m2) 29.4 (5.0) 29.3 (4.4) 29.5 (5.3) 0.521
Weight (kg) 83.9(16.4) 91.9 (15.7) 80.5 (15.5)  <0.001
Initial steps* 10616.1 (5425.2 11041.1 (5931.6 10433.4 (5186.1 0.1
Body weight
Measurements® 89 (45) 93 (46) 87 (44) <0.001
Weight change (%) 1.0 (4.2) 0.6 (4.0) 1.3(4.3) 0.014
SBP (mmHg) 122.2 (14.8) 128.0 (13.6) 119.6 (14.6)  <0.001
DBP (mmHg) 76.5 (8.9) 80.4 (8.6) 74.9 (8.5) <0.001
HR (BPM) 65.6 (10.5) 62.5 (10.5) 66.9 (10.3)  <0.001
Fat free mass (kg) 56.6 (10.9) 66.8 (9.9) 52.2 (8.0) <0.001
Fat mass (kg) 27.2 (9.9 24.9 (9.1) 28.3 (10.0) <0.001
Body fat (%) 32.0 (7.6) 26.5 (6.7) 34.4 (6.7)  <0.001
Hip (cm) 109.1 (10.7) 106.3 (8.3) 110.3 (11.4) <0.001
Waist (cm) 93.9 (13.7) 99.7 (13.0) 91.4 (13.3)  <0.001
WHR 0.86 (0.09) 0.94 (0.08) 0.83 (0.07) <0.001

Supplementary Table Baseline characteristics reported as mean and standard deviation unless stated otherwise. P
values denote results of studentésts for continuous variables and edquared tests for categorical variables between
genders. Abbreviabins: SBP, systolic blood pressure; DBP, diastolic blood pressure; HR, heart r&tetovilensity

lipoprotein cholesterol; HDC, highdensity lipoprotein cholesterol. * denotes data from 6 to 12 months.
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Supplementary Table 2Association between weiglvariability measures, weight chang

and changes in blood pressure and body composition

Outcomes
Mo  Weight SBP (mmHg; DBP Heart rate Fat mass Fatfree Body fat (%)  Waisthip
del variabilit (mmHg) (bpm) (kg) mass (kg) ratio
y
B (¢P B (<P BGSE)P B (P B (P B (P B (SP
1 NLMD 08 07 031 07 146 02 -1.19 00 204 00 1.63 00 -0007 0.2
(1.49) 56 (0.96) 46 (1.2) 54 (0.62) 73 (0.71) 06 (0.73) 5 (0.006) 52
1 cv 005 08 -006 07 019 06 002 09 029 00 023 01 -0001 05
(0.33) 84 (021) 9 (0.27) 39 (0.14) 79 (0.15) 76 (0.16) 88 (0.001) 08
1 RMSE 006 09 -004 09 08 01 006 08 107 00 074 00 0001 0.8
(0.65) 29 (0.42) 22 (0.52) 57 (0.27) 7 (0.3) 01 (0.31) 35 (0.003) 2
1 MASWV -12 03 -145 00 015 09 -075 00 057 02 025 07 -0001 0.8
(1.05) 39 (0.67) 41 (0.84) 49 (0.44) 88 (05 62 (0.52) 86 (0.004) 12
2 NLMD 099 05 046 06 168 01 -077 02 17 00 131 00 -0.003 06
(148) 03 (0.96) 3 (1.22) 76 (0.6) 3 (0.68) 15 (0.69) 57 (0.006) 26
2 cv 02 05 0 09 008 08 006 06 017 02 007 06 O 0.9
(032) 3 (0.21) 89 (0.27) 55 (0.13) 46 (0.15) 95 (0.15) 2 (0.001) 24
2 RMSE 054 04 02 06 078 01 018 04 097 00 063 00 0002 03
(0.64) (0.41) 31 (052) 57 (0.26) 88 (0.29) 01 (0.29) 33 (0.003) 72
2 MASWV -042 08 -117 00 026 07 -074 00 029 05 013 07 0001 0.8
(1.03) 02 (0.67) 88 (0.85) 84 (0.42) 92 (0.48) 64 (0.48) 8 (0.004) 53
3 NLMD 091 06 048 06 173 01 -084 02 167 00 133 00 -0.004 05
(149) 9 (096) 2 (1.22) 87 (0.6) 45 (0.68) 16 (0.69) 52 (0.006) 73
3 cv 02 06 001 09 009 08 006 07 017 02 008 05 0 0.9
(032) 73 (021) 7 (0.27) 35 (0.13) 48 (0.15) 69 (0.15) 97 (0.001) 45
3 RMSE 051 05 02 06 079 01 016 06 09 00 064 00 0002 0.4
(0.64) 52 (0.41) 32 (0.52) 72 (0.26) 18 (0.29) 01 (0.29) 3 (0.003) 59
3 MASWV -049 08 -117 00 034 07 -079 00 028 06 016 07 0 0.9
(1.04) 22 (0.67) 98 (0.85) 69 (0.42) 91 (0.48) 27 (0.48) 38 (0.004) 22
Supplementary Table ZSummary results from 3 multiple linear regression models. Results
are given as standardised  values and assoc

the two predictors of interest. Model 1 was adjusted for baseline values of the outcome,

weightchange and weight variability (separate models for each method of estimating

weight variability). Model 2 was adjusted for model one plus baseline BMI, age and gender.

Model 3 was adjusted for model 2 plus initial and change in physical activity estifated

Fitbit devices. Abbreviations: SBP, systolic blood pressure; DBP, diastolic blood pressure;

NLMD, noHinear mean deviation; CV, @dficient of variation; RMSE, rocotean square

error; MASWV, mean average successive weight variability.
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Supplementary Figure Multivariate regression results showing the association betwe&m@onth weight variability (by numerous
methods) and concurrent change in cardiometabolic health outcomes. The right panels refer to the model number. Modeéd ordiuthe
baseline outome value, weight change (%) and weight variability as covariates; Model 2 included the same variables as model 1 and in
addition age, gender, BMI and model 3 included the same variables as model 2 plus initial and change in PA (stepse Pesidttdzas
standardised beta coefficients (and standard errors) and, in addition, the changepoiRaddition of weight change to the model.
Abbreviations; SBP, systolic blood pressure; DBP, diastolic blood pressure; HR, heart rate; bpm, beats per miatiteas$/ FFM, fdtee
mass; CV, cefficient of variation; MASWV, mean average successive weight variability; NLMIne&mmean deviation; RMSE, root mean
square error
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Appendix 8.1. Supplementarpnalysis- Associations between body weight varidhy and
concurrent weight change

body weight variability (BWV) was estimated by root mean square error (RMSE) and non
linear mean deviation (NLMD) methods over the first 6, 9 and 12 weeks of the trial (for full
details, see supplementary material 1).&sadditional analysis, the correlation between

BWV estimates were considered and weight change over each of these periods. The results

are presented below:

Association between body weight variability and change during the initial period

Duration of period RMSE NLMD

6 -0.003 0.068
9 0.009 0.065
12 -0.029 0.058

Overall, there was no evidence of association between BWV and weight change over the
same, initial and short duration, suggesting weight loss during the BWV periodhdbes
confound the association between BWV and longem weight change, as observed in the

primary analysis.
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Appendix 8.2. Model RegressionResults

Weight change WYV duration Covariate B ( SE) P-value Model R
Period (months)
6 BodyweightEndofWwV -0.023 (0.01) 0.1 0.054

Gender(Female) -0.044 (0.353) 0.901 0.054

Age -0.013 (0.014) 0.629 0.054
NumberScaleWeight: 0.006 (0.017) 0.871 0.054
StudyArm -0.042 (0.139) 0.871 0.054

PriorWeightChange 0.292(0.052) <0.001 0.054
WeightSuppression -0.025 (0.029) 0.629 0.054
DurationFrom.cidé6  0.123 (0.073) 0.28 0.054

BodyweightEndofWv -0.018 (0.01)  0.235 0.060
Gender(Female) 0.04 (0.355) 0.91 0.060

Age -0.011 (0.014) 0.637 0.060
NumberScaleWeight: 0.007 (0.017) 0.859 0.060
StudyArm -0.03 (0.139) 0.91 0.060

PriorWeightChange 0.283 (0.052) <0.001 0.060
WeightSuppression -0.03 (0.029) 0.558 0.060
NLMD_scaled 0.569 (0.263) 0.138 0.060
DurationFrom.cidé  0.119 (0.073) 0.235 0.060

BodyweightEndofwVv -0.022 (0.01) 0.169 0.055

Gender(Female) -0.034 (0.354) 0.923 0.055
Age -0.012 (0.014) 0.605  0.055
NumberScaleWeight: 0.007 (0.017) 0.86 0.055
StudyArm -0.039(0.139) 0.877 0.055

PriorWeightChange 0.292 (0.052) <0.001 0.055
WeightSuppression -0.028 (0.029) 0.605 0.055
RMSE_scaled 0.13 (0.155) 0.605 0.055
DurationFrom.cid6  0.123 (0.073) 0.284 0.055

O O O O O O O O O O O O O O O O O O O O O O O o o O

[EnY
N

BodyweightEndofWV -0.019 (0.008) 0.052  0.076
Gender(Female) -0.069 (0.27)  0.798 0.076
Age -0.009 (0.01) 0.594 0.076
NumberScaleWeight: -0.007 (0.007) 0.585 0.076
StudyArm -0.078 (0.106) 0.618  0.076

o O 0O O O O O O O O O 0O O O O O 0O 0O 0O O O o0 O o o O O O O O
e
N NN

[EnY
N
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BodyweightEndofWV -0.018 (0.009) 0.181 0.068
Gender(Female) -0.085 (0.307) 0.987 0.068
Age -0.004 (0.012) 0.987 0.068
NumberScaleWeight: 0.001 (0.01) 0.987 0.068
StudyArm -0.002 (0.121) 0.987  0.068
PriorWeightChange 0.267 (0.039) <0.001 0.068
WeightSuppression -0.003 (0.025) 0.987 0.068

DurationFrom.cidé6  0.078 (0.064) 0.593 0.068

© © O © Yl © © © O O © ©o o©

BodyweightEndofWwV -0.013 (0.009) 0.423  0.077
Gender(Female) -0.032 (0.306) 0.921 0.077
Age -0.002 (0.012) 0.921  0.077
NumberScaleWeight: 0.004 (0.01) 0.921 0.077

0.012 (0.12) 0.921 0.077

6 12 PriorWeightChange 0.21 (0.031) <0.001 0.076
6 12 WeightSuppression -0.012 (0.022) 0.689 0.076
6 12 DurationFrom.cidé  0.104 (0.056) 0.193 0.076
6 12 BodyweightEndofWVv -0.016 (0.008) 0.125 0.084
6 12 Gender(Female) -0.038 (0.269) 0.888 0.084
6 12 Age -0.007 (0.01) 0.586 0.084
6 12 NumberScaleWeight: -0.006 (0.007) 0.586 0.084
6 12 StudyArm -0.073 (0.106) 0.586 0.084
6 12 PriorWeightChange 0.204 (0.031) <0.001 0.084
6 12 WeightSuppression -0.022 (0.023) 0.586 0.084
6 12 NLMD_scaled 0.482 (0.204) 0.082 0.084
6 12 DurationFrom.cidé  0.103 (0.056) 0.15 0.084
6 12 BodyweightEndofwV -0.018 (0.008) 0.096  0.082
6 12 Gender(Female) -0.042 (0.269) 0.875 0.082
6 12 Age -0.007 (0.01) 0.576 0.082
6 12 NumberScaleWeight: -0.006 (0.007) 0.576 0.082
6 12 StudyArm -0.079 (0.106) 0.576 0.082
6 12 PriorWeightChange 0.211 (0.031) <0.001  0.082
6 12 WeightSuppression -0.02 (0.023) 0.576 0.082
6 12 RMSE_scaled 0.256 (0.119) 0.096 0.082
6 12 DurationFrom.cidé  0.109 (0.056) 0.115 0.082
6
6
6
6
6
6
6
6
6
6
6
6
6

StudyArm
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6 9 PriorWeightChange 0.258 (0.039) <0.001 0.077
6 9 WeightSuppression -0.012 (0.025) 0.921 0.077
6 9 NLMD_scaled 0.594 (0.233) 0.05 0.077
6 9 DurationFrom.cidé  0.078 (0.064) 0.491 0.077
6 9 BodyweightEndofWV -0.016 (0.009) 0.3 0.070
6 9 Gender(Female) -0.077 (0.307) 0.909 0.070
6 9 Age -0.003 (0.012) 0.909 0.070
6 9 NumberScaleWeight: 0.003 (0.01) 0.909 0.070
6 9 StudyArm 0(0.121) 0.998 0.070
6 9 PriorWeightChange 0.266 (0.039) <0.001 0.070
6 9 WeightSuppression -0.008 (0.026) 0.909 0.070
6 9 RMSE_scaled 0.148 (0.139) 0.642 0.070
6 9 DurationFrom.cidé  0.082 (0.064) 0.596 0.070
12 6 BodyweightEndofWV -0.035(0.015) 0.055 0.033
12 6 Gender(Female) 0.233(0.517) 0.857  0.033
12 6 Age -0.006 (0.02) 0.857 0.033
12 6 NumberScaleWeight: -0.005 (0.025) 0.857 0.033
12 6 StudyArm -0.041 (0.203) 0.857 0.033
12 6 PriorWeightChange 0.253 (0.076) 0.008 0.033
12 6 WeightSuppression 0.099 (0.043) 0.055 0.033
12 6 DurationFrom.cid12 0.075 (0.087) 0.698 0.033
12 6 BodyweightEndofWV -0.027 (0.015) 0.161 0.040
12 6 Gender(Female) 0.358 (0.519) 0.735  0.040
12 6 Age -0.003 (0.02)  0.945 0.040
12 6 NumberScaleWeight: -0.002 (0.025) 0.945 0.040
12 6 StudyArm -0.022 (0.203) 0.945 0.040
12 6 PriorWeightChange 0.239 (0.076) 0.017 0.040
12 6 WeightSuppression 0.092 (0.043) 0.092 0.040
12 6 NLMD_scaled 0.857 (0.384) 0.092 0.040
12 6 DurationFrom.cid12 0.071 (0.086) 0.735 0.040
12 6 BodyweightEndofWwV -0.032 (0.015) 0.11  0.035
12 6 Gender(Female) 0.254 (0.517) 0.935 0.035
12 6 Age -0.004 (0.02) 0.978 0.035
12 6 NumberScaleWeight: -0.001 (0.026) 0.984 0.035



- 328 -

12 6 StudyArm -0.033 (0.203) 0.978 0.035
12 6 PriorWeightChange 0.252 (0.076) 0.009 0.035
12 6 WeightSuppression 0.093 (0.043) 0.11 0.035
12 6 RMSE_scaled 0.278 (0.227) 0.501 0.035
12 6 DurationFrom.cid12 0.072 (0.087) 0.733 0.035
12 12 BodyweightEndofWV -0.031 (0.013) 0.054 0.044
12 12 Gender(Female) 0.204 (0.463) 0.797 0.044
12 12 Age -0.002 (0.018) 0.894 0.044
12 12 NumberScaleWeight: -0.018 (0.012) 0.236 0.044
12 12 StudyArm -0.071 (0.182) 0.797 0.044
12 12 PriorWeightChange 0.187 (0.053) 0.004  0.044
12 12 WeightSuppression 0.113(0.038) 0.013 0.044
12 12 DurationFrom.cid12 0.102 (0.078) 0.342 0.044
12 12 BodyweightEndofWV -0.023 (0.013) 0.185 0.058
12 12 Gender(Female) 0.276 (0.461) 0.707  0.058
12 12 Age 0.004 (0.018) 0.837 0.058
12 12 NumberScaleWeight: -0.015 (0.012) 0.315 0.058
12 12 StudyArm -0.061 (0.181) 0.829 0.058
12 12 PriorWeightChange 0.172(0.053) 0.006  0.058
12 12 WeightSuppression 0.09 (0.039) 0.06 0.058
12 12 NLMD_scaled 1.116(0.348)  0.006 0.058
12 12 DurationFrom.cid12 0.097 (0.077) 0.315 0.058
12 12 BodyweightEndofwVv -0.025 (0.013) 0.132  0.065
12 12 Gender(Female) 0.295 (0.459) 0.669 0.065
12 12 Age 0.006 (0.018) 0.754 0.065
12 12 NumberScaleWeight: -0.014 (0.012) 0.357 0.065
12 12 StudyArm -0.071 (0.18) 0.754 0.065
12 12 PriorWeightChange 0.19 (0.053) 0.001 0.065
12 12 WeightSuppression 0.085 (0.038) 0.079 0.065
12 12 RMSE_scaled 0.803 (0.203) 0.001 0.065
12 12 DurationFrom.cid12 0.107 (0.077) 0.297 0.065
12 9 BodyweightEndofWV -0.03 (0.014) 0.09 0.039
12 9 Gender(Female) 0.17 (0.488) 0.97 0.039
12 9 Age 0.002 (0.019) 0.99 0.039
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12 9 NumberScaleWeight: -0.008 (0.016) 0.97 0.039
12 9 StudyArm -0.002 (0.192)  0.99 0.039
12 9 PriorWeightChange 0.229 (0.062) 0.002 0.039
12 9 WeightSuppression 0.12 (0.04) 0.011 0.039
12 9 DurationFrom.cid12 0.069 (0.082) 0.716 0.039
12 9 BodyweightEndofWVv -0.022 (0.014) 0.294 0.051
12 9 Gender(Female) 0.268 (0.487) 0.873 0.051
12 9 Age 0.006 (0.019) 0.903 0.051
12 9 NumberScaleWeight: -0.003 (0.016) 0.903 0.051
12 9 StudyArm 0.023 (0.191) 0.903 0.051
12 9 PriorWeightChange 0.213 (0.062) 0.006 0.051
12 9 WeightSuppression 0.105 (0.04) 0.029 0.051
12 9 NLMD_scaled 1.101 (0.371) 0.014 0.051
12 9 DurationFrom.cid12 0.063 (0.081) 0.788 0.051
12 9 BodyweightEndofWv -0.026 (0.014) 0.153  0.044
12 9 Gender(Female) 0.197 (0.488) 0.952  0.044
12 9 Age 0.006 (0.019) 0.952 0.044
12 9 NumberScaleWeight: -0.003 (0.016) 0.952 0.044
12 9 StudyArm 0.005 (0.192) 0.977 0.044
12 9 PriorWeightChange 0.227 (0.062) 0.003 0.044
12 9 WeightSuppression 0.108 (0.041) 0.035 0.044
12 9 RMSE_scaled 0.432 (0.22) 0.151 0.044
12 9 DurationFrom.cid12 0.068 (0.082) 0.727 0.044
18 6 BodyweightEndofwV -0.029 (0.018) 0.455 0.028
18 6 Gender(Female) 0.405 (0.627) 0.992 0.028
18 6 Age -0.011 (0.024) 0.992 0.028
18 6 NumberScaleWeight: 0 (0.031) 0.992 0.028
18 6 StudyArm 0.052 (0.247) 0.992  0.028
18 6 PriorWeightChange 0.093 (0.093) 0.835 0.028
18 6 WeightSuppression 0.184 (0.052) 0.003 0.028
18 6 DurationFrom.cid18 0.012 (0.08) 0.878 0.028
18 6 BodyweightEndofWV -0.02 (0.018) 0.745 0.035
18 6 Gender(Female) 0.564 (0.629) 0.745 0.035
18 6 Age -0.008 (0.024) 0.924 0.035
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18 6 NumberScaleWeight: 0.004 (0.031) 0.924 0.035
18 6 StudyArm 0.076 (0.246) 0.924 0.035
18 6 PriorWeightChange 0.076 (0.093) 0.745 0.035
18 6 WeightSuppression 0.175 (0.052) 0.007 0.035
18 6 NLMD_scaled 1.081(0.466)  0.093 0.035
18 6 DurationFrom.cid18 0.008 (0.08) 0.924 0.035
18 6 BodyweightEndofwV -0.023 (0.018) 0.608 0.032
18 6 Gender(Female) 0.443 (0.626) 0.863 0.032
18 6 Age -0.007 (0.024) 0.908 0.032
18 6 NumberScaleWeight: 0.008 (0.031) 0.908 0.032
18 6 StudyArm 0.066 (0.246) 0.908 0.032
18 6 PriorWeightChange 0.093 (0.092) 0.71 0.032
18 6 WeightSuppression 0.173 (0.052) 0.008 0.032
18 6 RMSE_scaled 0.494 (0.276) 0.331 0.032
18 6 DurationFrom.cid18 0.007 (0.08) 0.934 0.032
18 12 BodyweightEndofwVv -0.024 (0.017) 0.413  0.037
18 12 Gender(Female) 0.419 (0.577) 0.749 0.037
18 12 Age -0.007 (0.022) 0.883 0.037
18 12 NumberScaleWeight: -0.011 (0.014) 0.749 0.037
18 12  StudyArm 0.019 (0.227) 0.934  0.037
18 12 PriorWeightChange 0.106 (0.066) 0.413 0.037
18 12 WeightSuppression 0.201 (0.048) <0.001 0.037
18 12 DurationFrom.cid18 0.024 (0.073) 0.884 0.037
18 12 BodyweightEndofWV -0.012 (0.017) 0.86 0.059
18 12 Gender(Female) 0.532 (0.572) 0.794 0.059
18 12 Age 0.002 (0.022) 0.914 0.059
18 12 NumberScaleWeight: -0.006 (0.014) 0.914 0.059
18 12 StudyArm 0.035(0.225) 0.914 0.059
18 12 PriorWeightChange 0.083 (0.066) 0.629 0.059
18 12 WeightSuppression 0.165 (0.048) 0.003 0.059
18 12 NLMD_scaled 1.739(0.433) 0.001 0.059
18 12 DurationFrom.cid18 0.018 (0.073) 0.914 0.059
18 12 BodyweightEndofWV -0.014 (0.016) 0.698 0.073
18 12 Gender(Female) 0.565 (0.567) 0.698  0.073
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18 12 Age 0.006 (0.022) 0.934 0.073
18 12 NumberScaleWeight: -0.004 (0.014) 0.934 0.073
18 12 StudyArm 0.018 (0.223) 0.934 0.073
18 12 PriorWeightChange 0.11 (0.065) 0.273 0.073
18 12 WeightSuppression 0.156 (0.047) 0.005 0.073
18 12 RMSE_scaled 1.306 (0.251) <0.001 0.073
18 12 DurationFrom.cid18 0.013 (0.072) 0.934 0.073
18 9 BodyweightEndofWv -0.023 (0.017) 0.48 0.034
18 9 Gender(Female) 0.378 (0.601) 0.937 0.034
18 9 Age -0.003 (0.023) 0.937 0.034
18 9 NumberScaleWeight: -0.002 (0.02)  0.937 0.034
18 9 StudyArm 0.084 (0.237) 0.937 0.034
18 9 PriorWeightChange 0.121 (0.077) 0.464 0.034
18 9 WeightSuppression 0.206 (0.05) <0.001 0.034
18 9 DurationFrom.cid18 0.026 (0.077) 0.836 0.034
18 9 BodyweightEndofwv -0.012 (0.018) 0.861  0.048
18 9 Gender(Female) 0.506 (0.598) 0.861 0.048
18 9 Age 0.003 (0.023) 0.911 0.048
18 9 NumberScaleWeight: 0.004 (0.02) 0.911 0.048
18 9 StudyArm 0.118 (0.235) 0.911 0.048
18 9 PriorWeightChange 0.1 (0.077) 0.574 0.048
18 9 WeightSuppression 0.185 (0.05) 0.002 0.048
18 9 NLMD_scaled 1.429 (0.456) 0.008 0.048
18 9 DurationFrom.cid18 0.021 (0.076) 0.911 0.048
18 9 BodyweightEndofWV -0.016 (0.017) 0.798 0.046
18 9 Gender(Female) 0.426 (0.598) 0.857  0.046
18 9 Age 0.004 (0.023) 0.866 0.046
18 9 NumberScaleWeight: 0.007 (0.02) 0.866 0.046
18 9 StudyArm 0.099 (0.235) 0.866 0.046
18 9 PriorWeightChange 0.117 (0.076) 0.382 0.046
18 9 WeightSuppression 0.184 (0.05) 0.002 0.046
18 9 RMSE_scaled 0.779 (0.27) 0.018 0.046
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Appendix 9.1 Correlations Between Psychometric Variables and B&@ight Variability

Variable Correlation with BWV (RMSE_12_log
BWV (RMSE_12_log) 1.00
Wellbeing -0.17
Quality of Life 0.06
Regulation of Weight Maintenance Scale

Controlled Motivation 0.01
Automated Motivation 0.02
External Motivation -0.04
Introjected Motivation 0.07
Identified Motivation 0.03
Integrated Motivation -0.01
Intrinsic Motivation 0.03
SelfEfficacy for Weight Loss

Maintenance -0.04
Regulation of Eating Behaviour Scale

Relative Automaticity Index 0.03
ControlledMotivation 0.02
Autonomous Motivation 0.03
Amotivation -0.04
External motivation -0.04
Introjected Motivation 0.08
Identified Motivation 0.06
Integrated Motivation -0.01
Intrinsic Motivation 0.04
Behavioural Regulation of Exercise Scale

Relative Automaticity Index -0.07
Controlled Motivation 0.03
Autonomous Motivation -0.08
Intrinsic Regulation -0.09
Integrated Regulation -0.09
Identified Regulation -0.02
Introjected Regulation 0.03
External Motivation 0.01
Amotivation -0.05
Goal Content for Weight Loss Maintenance

Challenge -0.02
Social 0.09
Image 0.09
Health -0.02

Basic Personality and Needs Scal
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Global -0.09
Relatedness -0.09
Social Support -0.08
Competence -0.09
Autonomy -0.03
Action Control Scale

Effort 0.09
SelfMonitoring 0.07
Awareness 0.10
Total Action Control 0.09
Coping Plannng -0.04
Action Planning -0.03
EQ Decentring -0.09
Mindful Attention and Awareness -0.07
Difficulties Regulated Emotions Scale

Clarity 0.11
Strategies 0.12
Impulse 0.13
Goals 0.11
Non-Acceptance 0.10
Total 0.13
Enriched Living Scale

Life Fulfilment -0.13
Valued Living -0.11
Total Enriched Living Score -0.13
Body Image Acceptance & Action -0.18
Compassionate Actions and Attributes Scale

Compassion for Others Actions -0.05
Compassion for Others Engageme -0.05
Compassion for Others Total -0.05
SeltCompassion Engagement -0.12
SeltfCompassion Actions -0.05
SelfCompassion Total -0.10
Weight Focused External Shame 0.12
2 SAAKINMC20dza S RACGANME AYB{! SIfiF O A Y
Reassured Self -0.12
Hated Self 0.17
Inadequate Self 0.15
Depression, Anxiety and Stress Scale

Stress 0.09
Anxiety 0.10

Depression 0.15
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Perceived Stress 0.14
BingeEating Scale 0.21
Intuitive Eating Scale

Reliance on Internal Hunger and

Satiety Cues -0.10
Eating for Physical rather than

Emotional Reasons 0.07
Unconditional Permission to Eat -0.06
Eating in The Absence of Hunger Scale

Beginning to Eafotal 0.09
Beginning to Eat Physical 0.09
Beginning to Eat Environmental 0.02
Beginning to Eat Emotional 0.10
Control of Eating Total 0.06
Control of Eating Physical 0.06
Control of Eating Environmental 0.02
Control of Eating Emotional 0.06

Controllability and Automaticity Scale
Eating In Absence of Hunget.oss

of Control 0.07
Grazing Loss of Control 0.01
Grazing Severity 0.07
Binge Eating-Loss of Control 0.06
Binge Eating Severity 0.12
Threefactor EatingQuestionnaire

Hunger 0.07
Disinhibition 0.14
Restraint 0.08

List of variables measured in the NoHoWdl at baseline and their Pearson correlation (r)
with body weight variability measured as root mean square error (RMS&g section 4.2
for information on the calculation. Lines represent variables belonging to a new scale.
Italtics are scale names
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