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Abstract

Aim of the Thesis

The area of health-related quality of life has received increasing attention particularly in
gerontology. As this area grows in importance, issues such as the design and analysis of
instruments that measure this multi-dimensional outcome need to be addressed. Ordinal

regression models are statistical methods that can be used to analyse ordered health-related
quality of life measures. However, their use is limited in the literature. The aims of this thesis
are (1) to compute all ordinal regression models and compare these models with other
statistical methods (such as linear regression and binary logistic regression models) and (11)

assess the use of the stereotype ordinal regression model.

Procedure

The data used to implement the regression models was from the Medical Research Council
Cognitive and Function Ageing Study (MRC CFAS). In particular, two measures were
chosen: the Townsend Disability Scale and the Health Status question.

Results

Linear regression models were found to summarise the ordinal data inadequately given both
ordinal measures. Binary logistic regression models were only adequate for analysing ordinal
quality of life scales, if one could assume that the odds ratios were the same over all the
binary groupings of the ordinal scale. However, one may still encounter other problems
related to multiple testing or different effects in ditferent models. Ordinal regression models
provide a more sensitive and comprehensive analysis. These methods are easily adapted to
different types of ordinal quality of life data. The ‘best-fit’ ordinal regression model for the
health status ordinal categories was the partially constrained adjacent category model. The

‘best-fit’ model for the Townsend Disability Scale was the fully constrained continuation

ratio model.

Conclusions

This study has provided a method (based on first principles) of implementing all ordinal
regression models. The comprehensive results from this thesis, suggest that ordinal regression
models are indeed superior compared to other methods tor analysing ordinal quality of life

data. Evidence suggested that the stereotype model was of little use.
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CHAPTER 1 - INTRODUCTION AND AIMS

1.1 Introduction

The main purpose of this thesis is to analyse health-related quality of life data measured on
clderly respondents, using Ordinal Regression Models. Comparison of the results from these
methods is made with results from other statistical methods (linear regression and logistic

regression models). This aim covers two broad areas:

(1) health-related quality of life instruments in elderly respondents (in particular two
measures);
(11) ordinal regression models.

In the literature health-related quality of life in gerontology is a relatively new area and the
application of Ordinal Regression Models is under-utilised when analysing ordered scales.

This thesis attempts to bring together these two relatively new areas of research.

1.1.1 Quality of life in elderly people

Recent years have seen a remarkable explosion of research into quality of life in health care
(often termed health-related quality of life). This has been particularly true in areas like
gerontology, where as a result of ageing populations, elderly people have become a group of
growing importance in terms of health provision and research. I1l-health and morbidity quite
often dominate the health of many elderly people, and as a result it has been increasingly
recognised that for most elderly people, health-related quality of life, after 75 or so years of
age 1s more important then length of life (Cassel, 1994). This has led to a somewhat different
set of priorities for medical research and health care for these people, compared to the rest of
the population. In the most recent publication by the Department of Health (DOH, 2001),
priorities have been outlined which aim to enhance the well being of elderly people. The
immediate research priority involves exploring issues related to the dynamics of ageing and
quality of life of older people. In many studies in gerontology that are being designed or are
already underway to assess these issues, the different stages namely - the design of the study,
choice and implementation of the quality of life instruments, the collecting, analysing and

presenting of results of the quality of life data — present some challenging and relatively new



aspects. This is primarily because little exists in terms of a pool of information or wealth of

experience that address many aspects of health-related quality of life in elderly people.

1.1.2 Measuring health-related quality of life

(a) Single/multiple items

Generally, data on health-related quality of life are often captured on instruments or

questionnaires that are either single-item or multi-item. Each question on a health-related
quality of life questionnaire is an expression of words in a form of an item. The items on an
instrument are often scaled using integers that correspond to severity. A Global or single-item

question describes the quality of life of the patient, by considering all aspects of his/her
health.

Many authors favour the use of multiple-item questionnaires as opposed to a single-item
question for describing quality of life. The items can be used to either: (a) produce an
average/total score, where all questions are considered to have equal weights; (b) produce an
average/total score, where some questions have greater weighting depending on subjects
opinion, or (¢) be subdivided into groups which correspond to the different aspects or
dimensions of quality of life. In the latter case, 1t 1s meaningless to produce an overall score,
as quality of life 1s considered as a multi-dimensional concept and each group retlects the
dimensions. In such circumstance, each dimension may be summarised using its own score.
Such summaries are of course based on the notion that there 1s an underlying factor

contributing to each measured item.

(b) Nominal/Ordinal Scales

In multi-item questionnaires, each item is often measured using a categorical scale, which is
either nominal or ordinal in nature. Examples of a nominal scale include the items found on
the Geriatric Depression Scale (Yesavage et al., 1983), where all the items 1n this instrument
are scored nominally as ‘yes’/’no’. Items on the Hospital Anxiety Depression Scale (HADS —
Zigmond et al., 1983) are scored on an ordinal scale of 1-*Not very much’, 2- *Only a little’
and 3 —*Hardly at all’. The aggregated score on a multi-item instrument or the assessment
made on a single-item instrument is usually captured on an interval or ordinal scale. For

instance, in the Hospital Anxiety and Depression Scale the seven items are scored and then



summed and the final score ranges from 0 to 21 on an interval scale. This score is then

divided into a three-category ordinal scale: ‘Normal (<7)’, ‘Borderline (8-10)’ and ‘Clinical

depression (11+)’.

The single-item question on health-status found on the SF-36 Health Survey (Ware et al.,

1998) 1s rated using an ordinal scale. This question asks ‘In general would you say your

health is:- ‘Excellent’, ‘Very good’, ’Good’, ‘Fair’ or ‘Poor’?’.

In nominal scales, the order of the list of the categories is unimportant. Ordinal scales usually
consist of a collection of naturally ordered categories and the quantitative difference between
the categories is not necessarily known. An interval scale is one that has all the characteristics

of an ordinal scale and in addition the distance or difference between any two numbers on a

scale have meaning.

In this thesis, attention is focused on ordinal scales used to assess the overall outcome (as

opposed to item-specific outcome) using a quality of life instrument. In the case, where the
ordinal outcome 1s based on a single-item, this outcome is termed as an assessed variable
(Anderson, 1984). However, given that there is a continuous score derived from several items
(such as in the multi-item scales) and this score has been grouped into ordinal categories, then

this ordered scale 1s known as a group continuous variable.

1.1.3 Statistical methods for analysing ordinal response data

The methods used to analyse ordinal quality of life scales are rarely cited in the literature.
However, in epidemiological research, the statistical methods used to analyse ordinal
response data, whether assessed or grouped continuous, are frequently inappropriate (Scott et

al., 1997). In general, the analysis of ordinal data 1s carried out by:-

a. treating the ordinal scale as categorical: In treating the ordinal response data as

categorical, the ordinal nature of the y-response categories is completely ignored,
which results in loss of information and considerable loss of statistical power
potentially leading to incorrect inference. In addition, it is not amenable to statistical
adjustment (Ananth et al., 1997; Scott et al., 1997). In testing the association of the y-
response and the covariates, the Pearson’s chi-squared test ot independence or the

Mantel-Haenzel test can be utilised. The Pearson’s chi-squared test statistic depends



on the row and the column marginal totals, but not on the order in which the rows and
columns are listed. In testing independence, the y°-test statistic refers to the most
general alternative hypothesis possible whereby cell probabilities exhibit any type of

statistical independence. The y°-test statistic is designed to detect any type of pattern

for additional parameters. In achieving this generality it sacrifices sensitivity for

detecting particular patterns. Thus, the expected frequencies and the y*-test statistic

do not change with arbitrary reordering of the columns and/or rows.

Collapsing the ordinal scale into binary categories: An ordinal outcome may be

analysed using binary logistic regression. For this the response categories are treated
as binary, either by collapsing the ordinal outcome into two response categories or by
creating several binary categories. In either case there is loss of information in terms
of the ordering of the y-response. Also, amalgamating the response categories can
mask the true outcome, especially if there is considerable ‘noise’ in the data. For
example, there may be ‘floor’ and ‘ceiling’ effects where subjects with very poor
health who obtain the minimum scores may have no scope to register any further
deterioration or improvement on the scale, and as a result, a large proportion of
subjects may occur on one of the two extremes of the scale. In amalgamating the
categories, these effects are either removed or accentuated. In either case, the decision
to dichotomise remains arbitrary and this has to be borne in mind when the results are
presented. Scott et al. (1997) showed that in the use of binary logistic regression, in
which an arbitrary cut-point is selected to dichotomise the ordinal outcome, the
results can lead to an estimate of the effect that is applicable only for that particular
cut-point: inference outside the boundaries of that cut-point may be incorrect. Thus,
binary logistic regression, according to Scott et al. (1997) does not provide an
adequate summary of the data, especially if there is statistical variability in the cut-
point-specific estimates of the odds ratios as well as a loss of information when the
multinomial nature of the data is not accounted for. A similar conclusion was drawn
by Stromberg (1996), who showed using a simulation exercise, that when changing
the outcome categories on an ordinal scale (e.g. collapsing them) the effect estimate

as well as the inference being drawn raised some concern.

Treating the scale as interval: The levels of the ordinal scale can be quantitied and

the response categories treated as coming from a continuous distribution. This,
however, can cause misinterpretation of the data, in that the difference in category 6,

say, and category 5 is assumed to be equivalent to the difference between category 2



and 1, given a 6-point ordinal scale (Stucki, 1996). If the intervals between
consecutive points on the scale can be considered equidistant, then the use of
numerical scales may be a valid analysis (Armstrong et al., 1989). For a scale such as
the Hospital Anxiety and Depression Scale (HADS), however, the values of the
categories correspond to different states of depression and anxiety and treating the
Intervals between the categories as equivalent would not be valid. Also, in many self-
rating scales the data are imbalanced, e.g. one may have ‘floor’ or ‘ceiling’ effects or
there may be large amounts of missing data in some categories and not others. In such
cases, the choice of ordinal categories is crucial, as results will vary depending on the
categories chosen (Hastie, 1989). In terms of analysing the data, statistical methods
such as linear regression models (detailed by McCullagh and Nelder, 1989) or non-
parametric methods such as the chi-squared test of trend, Mann-Whitney test or the
Kruskall-Wallis test (Seigel, 1988) can be used to assess whether there is a trend
across the levels of the response variable in relation to the covariates. Using linear
regression models or the chi-squared test for trend, the degrees of freedom are
reduced as a particular type of association is being examined. Thus, the methods that
assess particular associations have greater power than a test like the chi-squared test,
which examine a general type of association. McKelvey et al. (1975) illustrates the
problem of the use of the linear regression models in the context of ordinal data.
Essentially in applying linear regression models, given Y is continuous and x is a

covariate, the data are expected to be normally distributed about some linear equation

Y=ct+fx, with an error structure of zero mean and constant variance. When Y is
ordinal categorical, these assumptions are generally not met. When a least squares
line 1s fitted through the data, the error term and its variance vary for different values
of x and Y. To account for these data one must assume either a non-linear model or a
different error structure. Hastie (1989) states that in applying ordinary least squares
regression one may produce an unbiased parameter estimate, but the corresponding
estimate of variance will be biased and inconsistent. Also, Snell (1964) quite
appropriately stated that for ordered categorical data, where ‘floor’ and ‘ceiling’
effects are apparent, a continuous probability model may cause problems. In the case
of non-parametric methods, although non-distributional form 1s assumed about the
data, adjustment of covariates is somewhat limited. Tests such as Cochran-Mantel-
Haenszel test (Seigel, 1988) does allow for the adjustment of one covariate given

another, but does not control for several covariates.



[t 1s evident that methods used for binary or interval data cannot fully take account of the
properties of ordered outcome. Statistically powerful methods, referred to as ‘Ordinal
Regression Models’ (Ananth et al., 1997) are the most appropriate methods for analysing
ordinal data, as they take full advantage of the ordering of the y-response. Ordinal regression
models offer some interesting analytical options: (i) these methods provide a more sensitive
analysis than would be possible by arbitrarily dichotomising the outcome variable and do so
without imposing unverifiable assumptions regarding the structure of the data; (ii) by
modelling the dependence of an ordinal variable on a number of explanatory variables with an
adjusted estimate of the effect in the form of a summary odds ratio; (iii) confounding and
Interaction can be assessed for all types of independent covariates: discrete categorical and
continuous. Despite this, these methods have been under-utilised in biomedical and
epidemiological research (Scott et al., 1997; Ananth et al., 1997; Agresti, 1999; Bender et al.,
2000). As statistical software has advanced, the use of these models has also become
widespread, although it is still continuously reported in the literature that some of these
models are unable to be fitted using existing statistical software. However, there still remains
the problem of fully understanding the models and misinterpreting the results (Bender et al.,

2000). Additionally it 1s frequently unclear how some routine available software programs

can be used to perform the calculations for these models.

There are in general seven types of Ordinal Regression Models and these have been listed In

Table 1.1 together with their founders or researchers who cite the model in some depth in

their literature.



Table 1.1 Ordinal Regression Models

Ordinal Regression Models Founders/Researchers associated with
Models
Polytomous B Ananth et am997); Lu (1999) )

Proportional Odds (Cumulative Odds) McCullagh (1980)

Unconstrained Partial Proportional Odds Peterson and Harrell (1988, 1990)
Constrained Partial Proportional Odds Peterson and Harrell (1988, 1990)

Adjacent Category Agresti (1989)
Continuation Ratio Feinberg (1980)

Stereotype Anderson (1984)

1.1.4 The ideal method for analysing ordinal response data — varied opinions

(a) Ordinal Regression Models v. Logistic Regression Models

Despite the drawbacks of binary logistic regression and the linear regression models 1n

analysing ordinal responses, comparison of ordinal regression models to these other statistical
methods has often been cited in the literature. For instance, Scott et al. (1997) when
comparing the results of the proportional odds model with the results from a series of binary
logistic regressions performed at each cut-point found that the proportional odds mode]
produced a more stable estimate of the odds ratio and the increased use of information
contained in the ordinal scale resulted in an estimate with more narrow confidence limits. On
the other hand, Armstrong and Sloan (1989) carried out a simulation exercise comparing
conventional binary logistic models with the proportional odds using asymptotic relative
efficiency (ARE). The ARE is the limit, as the sample size increases, of the ratio of the
sample sizes required for the two methods in order that each achieves the same power (or
equivalently the same precision) when close to the null hypothesis. This exercise showed that
if the dichotomy for simple logistic regression is close to its optimal point (creating equal

numbers of ‘positive’ and ‘negative’ responders), then the power gain using the proportional



odds model was modest, since the relative etficiency of the simple logistic regression was
between 75% and 80% depending on the number of categories used. Manor (2000) also found

similarity in results when using the logistic regression model and ordinal regression models

(polytomous, proportional odds, continuation ratio and the adjacent category).

(b) Ordinal Regression Models v. Linear Regression Model

The study by Lu (1999) is the only study cited in the literature that compares the ordinal
regression models with the linear regression model. He found a significant difference in
results when comparing the ordered logit model (polytomous model) and the linear regression
model. He states that linear regression techniques fail to model the true relationship in the
data and are therefore likely to underestimate the relative impact of certain explanatory
variables in the response. He found that the effect of the covariates on the y-response differed
for both types of analyses. For some covariates, opposite effect was shown for the regression
analysis compared to that on the polytomous model. For other covariates using the linear
regression the effect was found to be highly unlikely whereas the effect provided by the
polytomous model seemed to be more what would be expected. Lu (1999) concluded that the
different conclusions drawn from both sets of analyses cast some doubt on regression
techniques in the context of ordinal variables. On the other hand, Walters et al. (2001) report
that given a scale has more than seven categories and the distribution of the data are well
spread over those categories (and there is no sparse data), then it is useful to assume that the
data were generated from a continuous distribution, especially if there is reason to believe that
the underlying scale 1s linear. In this case the usual parametric procedures such as multiple

linear regression or non-parametric tests such as the Mann-Whitney can be used.
From the above there are two points to emphasis:

(1) The assessment of health-related quality of life within elderly people is a
relatively new and important area of research. As a result 1t brings with 1t new
challenges in terms of design and analysis of quality of life instruments.

(11) Within epidemiological research some prefer Ordinal Regression Models when
analysing ordered categories, whereas others feel alternative statistical methods
are sufficient to serve their purpose. Ordinal regression models have been used in
biometrical applications (e.g. Greenland 1994; Laara and Matthews, 1985) and
for biomedical purposes (e.g. Armstrong and Sloan, 1989) and even in areas like
ecology (Guisan et al., 2000). However, the application of Ordinal Regression
Models in the context of health-related quality of life data collected in elderly



people is very limited. In an extensive search in Medline (from 1966 to 2003) 117
citations were displayed which related to Ordinal Regression Models and only 3
of these were relevant to the assessment of health-related quality of life in elderly
people. Similarly in the Science and Social Science Citation Indexes (from 1981
to 2002) of the 192 citations, 5 related to assessing ordinal quality of life
outcomes 1n elderly people. Of the small number of relevant citations available in
the literature, the use of ordinal regression models was either very vague, in that

It was not clear whether the assumptions of the models have been checked, or an

Inappropriate regression model had been used.

With these two main points in mind, there has risen a need to examine the use of ordinal

regression models using scales that measure health-related quality of life on elderly

respondents.

1.2 Aims

For this thesis data were obtained from the Medical Research Council Cognitive and Function
Ageing Study (MRC CFAS) and two sets of data were analysed: one with an assessed ordinal
outcome and the other with a group continuous outcome. One of these datasets have been
previously analysed using multivariate methods (MRC CFAS', 1998). The following

hypotheses were apparent. The aim of this thesis was to prove/disprove these hypotheses.

(a) Hypothesis 1: Ordinal Regression Models are the most appropriate methods for

analysing ordinal scales that measure health-related quality of life in elderly subjects.

This hypothesis has emerged as there are conflicting conclusions found in the literature
when one compares Ordinal Regression Models with other methods. In this thesis, the
comparison is made with the former methods and linear regression and binary logistic
regression models. This hypothesis has also resulted because ordinal regression models in

the area of quality of life within gerontology are not often used.



(b) Hypothesis 2: The Stereotype model is an attractive model for analysing many health-

related quality of life scales where the categories are ordered.

In the literature the use of the Stereotype model is indeed very limited — in the databases
searched only ten articles referred to the Stereotype model and of these, only four articles
actually looked at the Stereotype model in any detail and attempted to fit it to the data in
question. This model remains to be explored further. Its properties indicate that it may be

an 1deal model for analysing outcomes (Greenland, 1994) similar to those presented on

quality of life scales.

In addressing these aims, the following issues that were considered particularly relevant to

data collected on elderly subjects were also assessed:

(1) sparse data — Data on many elderly people, particularly the very frail can often
be sparse. The i1ssues that arise in this case are those of missing data and/or
imbalance data resulting in skew distributions. This issue has been brietly
addressed in the context of ordinal regression models: the analysis of data where
there are large numbers of missing observations is beyond the scope of this thesis.

(11) First order interaction term — Only one paper (DeMaris, 1991) 1n the literature
cites interaction terms in the context of ordinal regression models (1.e.
polytomous model). Pragmatically, interaction terms are expected to exist and
therefore it is important that one addresses the modelling aspects together with
the interpretation of them.

(iii)  More than one covariate — Many researchers cite results from ordinal regression
models that have been fitted using one covariate. Again, in practice, there 1s a

need to assess how ordinal regression models behave given more than one

covariate.

1.3 Format of the thesis

The thesis starts with a background on how health-related quality of life has become an
important assessment when managing the health of elderly people (Chapter 2). Chapter 3
details a review of Ordinal Regression Models. The study design is outlined together with the
quality of life scales and covariates used to fit the regression models in Chapter 4. The

following chapters (Chapter 5 and 6) give extensive coverage of the way the models were
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fitted and checked for goodness-of-fit. Chapter 7 presents the results from the regression
models fitted and gives a comparison of the results from the models. Chapter 8 details the
discussion and conclusion of this thesis, by bringing together the statistical results and
findings with emphasis on health-related quality of life instruments used in elderly people. In
the latter chapter, the hypotheses stated in section 1.2 of this chapter are proved/disproved in
the light of the results and the thesis is concluded with its contribution to the literature, its

limitations and areas of further research.
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CHAPTER 2 - BACKGROUND

2.1 Aims of this Chapter

This chapter provides the background to health-related quality of life in elderly people and

how it has grown in importance. The issues addressed include: -

(1) the growth in population of elderly people and its impact;
(11) how and why health related quality of life has become an important outcome

measure in assessing the health of elderly people.

Section 2.2 provides a summary of demographic changes that have led to an ageing
population. This has consequently resulted in an increasing numbers and proportion of
elderly people. The incidence and prevalence of morbidity and disability inevitably increases
with age, and therefore today a substantial demand placed on the National Health Service has

come from the elderly sub-population.

Section 2.3 illustrates how factors such as health related quality of life have become
important outcomes in elderly respondents, particularly in deciding the benefits of new and

existing healthcare services and interventions. This sections also details what health-related
quality of life means to elderly people. Finally a briet outline 1s given of the types of health-

related quality of life instruments available and the ones used 1n this thesis.

2.2 Demography changes and its implications

2.2.1 General population

In the twentieth century substantial variations in the structure of populations have occurred
particularly in the developed countries. Changes in the pattern of events have produced
changes in age structure, and the twentieth century era has been characterised primarily by a
decrease in the proportion of children in the population and increase in both the proportion of
elderly people and the median age of the population. This change has been largely due to
variations in number of births (fertility), increase in life expectancy and in net migration

(Grundy, 1998). With regards to the elderly population it 1s mainly the variations in fertility
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and life expectancy rates that have led to relatively large proportion of elderly people (known

as “population ageing’).

2.2.2 Elderly population

In England and Wales, the number of people aged over 64 years of age has increased by
nearly 80% during the past 45 years, and is projected to rise by another 33% over the next
twenty years. By 2021 there will be 12.5 million people in this age group that will comprise
20% of the total population (Pettinger, 1998). Over the period 1991 to 2031, while the total
population is expected to increase by 8%, the number of people aged 60-74 will rise by 43%,
those aged 75-84 by 48% and those aged 85 and over by 138% (Department of Health, 1999).

The world’s elderly population (65 years of age and over) is currently growing at a rate of
2.4% per year, considerably faster than the global total population. In the developed countries
as a whole, the present elderly population numbers 165 million, and is projected to expand to
257 million by the year 2025. Sweden, with 17.5% of its population aged 65 and over in
1997, has the highest proportion of elderly people of the major countries in the world. Other
notably high proportions (in excess of 16%) are found in Italy, Belgium, Greece and the
United Kingdom. While the proportion of elderly people in less developed countries is
currently low, 1n many cases fertility rates are now falling. This means that in the future these

countries will see increases 1n the relative size of the older population (Grundy, 1992).

The relative growth of the elderly population has become a global issue, and its implications

have been felt particularly in areas related to healthcare.

2.2.3 Morbidity and disability

The incidence and prevalence of chronic disease and disability inevitably increase with age,
and as a result has substantial impact on the health of the elderly people. For instance, Tallis
(1992) reports that the incidence of major neurological and musculo-skeletal causes of

disability such as stroke, Alzheimer’s disease, Parkinson’s disease and osteoarthritis almost

exponentially increase with age. Even epileptic seizures occur more commonly in old age.

Khaw (1999) showed the projected number of people in the United Kingdom aged over 65
(for years 1996-2066) unable\unlikely to perform the activities of daily living independently.

Based on 1976 prevalence estimates, the number of people unable to perform activities of
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daily living will rise from 1.7 million in 1996 to nearly 3.5 million in 2051. A similar pattern
was seen for dementia, with the number of cases projected to double from one million in
1996 to two million in 2051. Khaw (1999) concludes in this paper, that the number of various
chronic diseases and disabilities are projected to increase two to threefold over the next 30
years for the over sixty-fives. If the prevalence of disability in later life continues at the
present level, by the year 2031, we shall have two million more people in Great Britain with

degree of disability sufficient enough to require daily personal help (Department of Health,
1999).

2.2.4_Use of the health and the welfare services

The implications of chronic disease and disability of older age people has been most felt by
the healthcare services as elderly people are the largest users of health and social services.
For instance, Grundy (1996) in a survey concluded that the use of personal social services
was particularly high among very old people aged 85 years and over. Also, elderly people,
particularly those aged 75 years and over, have greater contact with GPs/physicians than
those in other age groups and are more likely to have been in hospital as in-patients/out-
patients. Very high proportions of elderly people take prescribed drugs, particularly in the
USA. Studies by the National Centre of Health Statistics estimate that the number of older
people residing in nursing homes will increase by 58% from 1978 to 2003 if mortality ratio
remains constant (Cohn et al., 1991). Along with the increased utilisation of nursing homes,
the characteristics of the population are expected to change, resulting in facilities with older
and more disabled residents. NHS hospital admissions have more than tripled since the war,
from 3.5 million to more than 12 million each year. A large part of the increase 1s attributed
to elderly people (Pettinger, 1998). Length of stay in hospital also increases with age and as a
consequence of both higher admission rates and longer stay. The hospital beds per person per
annum were found to be six times greater among the old people in their eighties than for
those in their fifties in both England and Wales (Grundy, 1983). According to Pettinger
(1998), 80% of people’s lifetime healthcare costs are consumed during their first six years

and last three. The burden they place on health services only occurs during their last three

years.

The Department of Health (DOH) and providers of health care and social support have
become increasingly concerned about the implications of the changes in the elderly

population and the demands placed on cost and limited healthcare resources. As a result in
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the last ten years or so, the DOH have focused much research on looking at issues of ageism.
In the DOH National Service Framework Report (2001), published on Ageing and Age-
associated disease and disability, several priorities were set and one of them included

enhancing the well-being and quality of life of older people.

2.3 Health-related quality of life

An increasing important aspect of gerontological research is the development and evaluation
of interventions designed to improve the health and social status of elderly people. An
important mechanism by which the goals of clinicians can be targeted, and their efforts
evaluated, 1s through the assessment of quality of life of a population. Since clinicians are
increasingly being asked to justify the benefit of additional services, the measurement of
quality of life 1s becoming increasingly important. Following this, as manpower and medical
resources are not infinite, it 1s important that investment in healthcare delivers not only

longer life, but also delivers an improved or maintained quality of life.

2.3.1 Why health-related quality of life is a useful measure in elderly people

Health-related quality of life is an important outcome in assessing the health of elderly

people for the following reasons:-

(i) assessment of overall health: Measuring the outcome of care is essential to providing
quality services at the lowest unit cost (Ebrahim et al., 1993) yet current models of
outcome measurement present considerable difficulties when applied to frail older
people (Lundh and Nolan, 1996). As noted in the literature, the traditional medical
outcome in which cure is the desired outcome is often inappropriate for many older
people and this has resulted in the use of the functional model of health as an
alternative framework (Wilkin and Hughes, 1986). In this approach success 1S
primarily based in achieving maximum levels of functioning within the activities of
daily living (ADL). However, as age and health are interrelated, 1t has become
increasingly recognised that chronic illnesses atfect many aspects of the lives of older
people. In addition to functional and health status, measuring other aspects such as
psychological, social and economic functioning need to receive equal importance.

These collectively encompass the multi-dimensional outcome measure of health-
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related quality of life and measuring this allows one to focus on the whole individual
as opposed to only some of the aspect of the individual’s health. Thus, coupled with
clinical and economic outcomes, research Incorporating quality of life assessments

aims to provide a complete picture as regards health.

(i) Evaluation of the efficiency/effectiveness of interventions: It is important that medical
Interventions do not simply prolong life of an elderly individual, without improving
the quality of his/her life. For this reason, quality of life assessments are often chosen
as an outcome measure in palliative studies, where a disease may not be cured, but
the length of time of no disease and symptom reliet can be prolonged. In such a case,
a comprehensive evaluation of quality of life is often as important as assessing the

relief of symptoms.

(iti) Estimating the needs of the elderly population: Measuring quality of life of an elderly
person can provide information about service needs which may require some type of
program intervention. For example, funding deficits in social activities may point to

development programs/activities that would increase social interaction.

(iv) Aiding policy-making decisions: Quality of life assessments determine utilities such

as lite expectancy, which help in deciding on trends in health care.

2.3.2 Defining healtn-related quality of life in elderly people
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