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Abstract

Abstract

The assessment of quality of life as a primary outcome in cancer clinical trials is now almost

umversal. Such data are necessarily longitudinal and multidimensional, and are often severely

unbalanced by missing values or early patient death. However, to date, their reporting in the
applied literature has generally used simple descriptive summaries that ignore many of these
complexities. Not only can these be misleading, but they generally do not allow firm
conclusions to be drawn about a major endpoint. The aim of this thesis is to assess the practical

application of recent developments in statistical methodology for the analysis of quality of life

data collected using self assessment questionnaires within cancer clinical trials. Its emphasis

1s on the use of relatively simple and flexible tools that will allow more reliable and powerful

inferences to be drawn from the data than is done at present.

The principal statistical tools considered are random coefficient and marginal models. It
is shown that these can be successfully used for the analysis of continuous, binary and ordinal
responses. In particular, they offer a simple approach to the analysis of repeated multivariate

outcomes and can be very easily extended to model the complex patterns of response that are

often seen in following cancer treatment.

In relation to the problem of censored quality of life as a result of patient death, analyses
that attempt to combine the survival and quality of life endpoints in a single variable are
contrasted with those that consider the two endpoints as a multivariate problem. It is shown

how this latter model can provide a summary of the quality of life response conditional on
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patient survival that with further work should have great application to such quality of life data.

Finally, the problem of intermittent missing data is reviewed. The implications of missing
data for some of the analyses presented in the thesis are assessed, and two models that attempt
to determine the nature of intermittent missing data are developed. It i1s concluded that the
problem of non-ignorable intermittent missing data presents a very challenging area of further

research.
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The following abbreviations are used throughout the text of the thesis.

Abbreviation
ALR

ARx

CI

cCov

CRC

CRC NSCLC study
CRC HAP trial
E-M algorithm
FM

FUDR

F2

GEE

Gy

HAD scale
HAI

K-M

log lh

MAR

MCAR

ML

MRC

MRC LUO7 study
MQL

NMAR

Definition

alternating logistic regression

auto-regressive of order x

confidence interval

covariance

Cancer Research Campaign
CRC non small cell lung cancer study

CRC Hepatic artery pump trial

estimation-maximisation algorithm

Abbreviations

multiple fraction radiotherapy (MRC LUO7 study)

fluro-deoxyuridine

two fraction radiotherapy (MRC LUOQ7 study)

generalised estimating equation
Gray (unit of radiation)
Hospital Anxiety and Depression scale

hepatic artery implant (CRC HAP trial)

Kaplan-Meier
log likelihood

missing at random

missing completely at random
maximum likelihood

Medical Research Council

MRC non small cell lung cancer study
marginal quasi-likelihood

not missing at random
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OR odds ratio
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(RYIGLS (restricted) iteratively generalised least squares
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SIP sickness impact profile
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WLS welghted least squares
UWLS unweighted least squares
var variance

22

. I I | . . . - r:llll. .
[ ! .|..;.*_, " _.:'...I""l':'. :.--"*'.. ' .‘_..l .. ! _-.|1
gt b e el o e W Y ke



Notation

Notation

The following general notation is used consistently throughout the thesis. Any additional

notation required, this is explained in more detail in the relevant section of work.

Definition

Indices
Subject

Measurement occasion (fixed for all subjects)

Measurement occasion (different across subjects)
Quality of life dimension

Ordinal response categories

Yariables

Response variable subject i at fixed occasion j

Response variable subject i at time ¢

Response vector for subject i over fixed occasions j=1,...,m
Response vector for subject i over variable occasions t=1,...,m.
Response vector for all subjects over fixed occasions

Response vector for all subjects over variable occasions

Matrix of p explanatory variables for subject i

Symbol

Dimension
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Introduction

1 Introduction

The use of quality of life assessment in clinical trials has become increasingly common and
‘quality of life’ 1s now included as a primary endpoint in the protocol of many clinical trials.

Based on a search of the literature and previous work by Fayers and Jones (1983), Schumacher
et al. (1991) reported on the steadily increasing number of articles which use the term ‘quality
of life’ in the title, or as a keyword, from 1982 through to 1989. Since 1989, this trend has

continued and is highlighted by the number of special conferences and symposia that have

recently taken place, as well as the introduction of the quarterly journal ‘Quality of Life

Research’ 1n 1992.

This increase in use illustrates a realisation that the quality, as well as the quantity, of

survival is important in the evaluation of treatment efficacy, and is particularly relevant in

cancer clinical trials because of the often very aggressive and invasive treatment regimens that
patients face. Moreover, there remain many cancers - for example, non small cell bronchial and
gastrointestinal - for which no decisive chemotherapeutic treatment has been found. Therefore,

palliation 1s the primary concern of treatment in these areas, and alongside symptomatic relief,

patient quality of life is the main outcome of interest.

The definition of the term ‘quality of life’ was up until recently vague and was applied in
many different contexts including the level of patient side-effects or toxicity, the degree of their

symptoms, as well as their overall well-being. A consensus has now been reached that the

outcome of 1nterest is health related quality of life, which should be considered as
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“I. multidimensional, comprising important elements of a patient's emotional, social

and physical well-being;

2. subjective, relying primarily on the patient's own judgements; and
3. non-static and subject to changes over a patient’s lifetime.”

(Olschewski et al., 1992). It is also suggested that, dependant on the nature of disease and
treatment regimens under research, it may be appropriate to include symptoms and side effects

of treatments - such as vomiting and pain - as well as patient satisfaction with the treatment

received within a quality of life assessment (Nayfield er al., 1992, Girling et al., 1994).

[f quality of life 1s best assessed by the patient, ideally this will be done by interview or
present state examination (PSE) (Fallowfield, 1990). However, time constraints on both
clinician and patients, as well as cost, mean that in clinical trials this is rarely feasible. The

solution has been self assessment questionnaires which can be easily completed by the patient

with or without supervision.

There exist a large number of such quality of life measuring instruments. Some of these are
classed as generic and question general aspects of quality of life, whereas others are more
disease specific and relate to particular symptoms or problems posed by the disease in question.
For example, the Hospital Anxiety and‘Depression (HAD) scale (Zigmond and Snaith, 1983)
IS a generic instrument, whereas the Rotterdam Symptom Checklist (RSCL) (de Haes et al.,

1990) is disease specific and deals primarily with items relating to issues concerned with the

treatment of cancer.

The questionnaires are comprised of a number of questions or items which address different
aspects or dimensions of patient quality of life. Responses to these items are either binary

(yes/no) or on a given ordinal scale. As an example, a typical item relating to patient anxiety
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Box 1.1
Typlical item from the HAD scale

“I get sudden feelings of panic

(3) Very often (2) Quite often (1) Not very often (0) Not at all”

T T T T T T L . L. . e L S-S TEEE1 W= " = oy~ = —

from the HAD scale is given in box 1.1.

Using factor analysis or subjective reasoning by the questionnaire designers, many of these

instruments then allow weighted or simple summations of these individual items to give
summary scores for overall, or dimension specific, quality of life. For example, the HAD scale
consists of fourteen items all measured on a four point ordinal scale. By summing the ratings
of seven of these items, a summary depression score is obtained. The remaining seven items
can be similarly aggregated to give an anxiety score. In contrast, the Sickness Impact Profile
(SIP) (Bergner et al., 1981) involves weighted summaries of binary responses for 136 items
relating to 12 dimensions of patienf quality of life. For some instruments, recommended

boundaries for a ‘normal score’ in each dimension are also available. For example, with the

anxiety and depression scores on the HAD scale, a score <7 is deemed to be normal, a score

between 8 and 10 suggests a possible case of clinical anxiety or depression, whereas a score

211 is considered to identify definite cases.

All of the instruments used in medical research have ﬁndergone assessment of validity,
reliability and responsiveness. For a particular instrument, this means that: (i) it measures what
it was designed to measure (validity); (ii) on repeated use on the same subject under identical
conditions it produces the same result (reliability); and (iii) it will be able to exhibit changes

in underlying response that do occur (responsiveness). Rather than developing new
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Instruments, 1t has been advocated that in study design, use should be made of existing

instruments where possible. This not only the saves time and resources involved in reinventing
(and validating) tools which already exist, but it should make it easier to compare quality of life

across studies (Aaronsen, 1989). As the focus of this work is on the analysis of quality of life
data, the evaluation and validation of the quality of life measurement instruments which have

been used for data collection are not considered further. Details of validation techniques have

been given by Bowling (1983), Bergner et al. (1981), Chinn and Burney (1987) and Guyatt et
al. (1991). Reviews of the practical use of available instruments have been done by Fallowfield

(1990), Bowling (1983) and, on behalf of the MRC cancer therapy committee working party

on quality of life, by Maguire and Selby (1989).

A comprehensive review of the analysis of quality of life data and associated problems was
given by Cox et al. (1992). This review and subsequent discussion, examined the important

issues which need to be addressed for analysis of quality of life data. With the focus on the

practical application of recent developments in statistical methodology, the work of this thesis

will address four particular areas of concern raised by these authors. Namely, the analysis of
repeated measurement data, multiple dimensionality, patient dropout due to death, and missing
data. Each successive chapter will tackle a distinct problem and hence the relevant literature
is reviewed therein. The objective of the thesis is to provide a detailed account of the practical
use and extension of new statistical methods for the analysis of self assessed quality of life data,
for cancer clinical trials in particular. For this aim, the work is presented in terms of examples
using quality of life data collected in three recent cancer clinical trials. Although concise
details of each trial are given in Appendix 1, a brief outline of each is included here.
Descriptions of the quality of life measuring instruments which were used in each study are

given in Appendix 2.
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The first study is the Cancer Research Campaign, Clinical Trials Centre, non-small cell lung
cancer trial (CRC NSCLC). This is a randomised trial designed to compare the results of
palliative radiotherapy in patients with previously untreated non-small cell lung cancer. In the
first randomised group (denoted split course) patients were given an initial intensive dose of
radiotherapy. They were then re-assessed at 4 weeks. If they were considered well enough,
they underwent a second randomisation which determined whether a second intensive dose was
administered. Patients in the second randomised group (denoted continuous course) received
the standard 4 week continuous radiotherapy course. Quality of life was méasurcd using the
HAD scale and the RSCL. This was done before the start of treatment and then weekly for an
eight week period. 82 patients were entered into the study, 42 to receive the continuous 4 week

course and 40 the split course. Within the examples used in this thesis, the added complication

introduced by the second randomisation in the split course group will be ignored, and the data

analysed according to the two main randomisation groups. No difference in patient survival

between these two groups was seen.

The second study (CRC HAP) also comes from the Cancer Research Campaign, Clinical
Trials Centre, in collaboration with the Charing Cross and Westminster Medical School. The

objectives of the study were to assess the survival, quality of life and tumour response in
patients with colorectal hepatic metastases who were treated by intra-hepatic arterial fluro-
deoxyuridine (FUDR) infusion (denoted HAI) compared with that in patients receiving the

conventional symptomatic treatment (denoted control). Quality of life in the study was
measured prior to randomisation, and monthly at the same time as clinical follow-up. Three
measurement instruments were used in the study: the SIP, the RSCL, and the HAD scale. Only

the data from the RSCL and the HAD scale are used in this work. 100 patients were entered and

randomised into the study, 51 to the HAI group and 49 to the control group. A survival

advantage for the HAI group with no apparent difference in quality of life was reported by the
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study investigators (Allen-Mersh et al., 1994).

The final data set comes from the MRC lung cancer working party (MRC LUQ7). Once
again it is concerned with the palliative care of patients with non-small cell lung cancer. The
aim of this study was to assess whether radiotherapy given in two fractions one week apart
(denoted F2) gave equally good palliation as a conventional multiple fraction course (denoted
FM). Self assessed quality of life in the study was measured daily using a diary card (Fayers
and Jones, 1983) from the start of treatment and for six months thereafter. 369 patients were
entered and randomised into the study, 184 to receive the shorter course (F2) and 185 to receive
the conventional treatment (FM). The results of the study (Bleehan ez al., 1991) showed no
evidence of a survival difference between the two treatment arms. Descriptive analyses of
quality of life data highlighted transient dysphagia following treatment in both groups, but no

evidence of a palliative gain of the conventional longer dose to the shorter dose was reported.

Further details of the quality of life in each of these studies is given in Chapter 2 using
descriptive analyses that are typical of those which have generally been used in the reporting
of quality of life in the literature. The use of such descriptive techniques is reviewed in the

chapter, along with a discussion of their relative merits in addressing the four issues of concern

outlined by Cox et al. (1992).

Chapters 3, 4 and 5 concentrate on the analysis of continuous, binary and ordinal repeated

measurement data respectively. In Chapter 3, the use of random coefficient (hierarchical)

models (Goldstein, 1986, Goldstein, 1995, Longford, 1995) for the analysis of unbalanced
univariate repeated continuous outcomes is demonstrated. This is then extended for the

analysis of multidimensional outcomes. These analyses use the overall summary scores from

the HAD scale and RSCL in the CRC NSCLC study. In Chapter 4 random coefficient and
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marginal models, in the form of generalised estimating equations (Liang and Zeger, 1986), are
used for the analysis of binary repeated measurement data for the univariate case. Once again,
this work is then extended to the multivariate case. Also covered in this chapter, is the analysis
of complex patterns of response which are often seen in quality of life data in cancer trials as
a result of the invasive nature of the treatment (Girling et al., 1994). The data used in the
chapter come from a dichotomisation of the ordinal responses obtained from individual items
of the RSCL in the CRC NSCLC study, and the daily diary card in the MRC LUQ7 study. In
Chapter §, this work is extended further for the analysis of repeated ordinal data (Ware et al.,

1988, Zeger, 1988). Once again this work uses the responses obtained from individual items

of the RSCL in the CRC NSCLC study.

In Chapter 6, the problem of patient dropout due to death is addressed. As a result of the
severity of patient disease in cancer clinicgl trials, patient death during the study is often
inevitable. This makes interpretation of the available quality of life data difficult, as well as
being a possible source of bias. In this chapter, statistical methods for the analysis of
longitudinal data subject to dropout (Diggle and Kenward, 1994, Little, 1995, Wu and Carroll,
1988, Schlucter, 1992) are reviewed, and their relevance in solving the problems faced in the
analysis of quality of life data are assessed. As an alternative approach to the same problem,
analyses which combine quality of life and survival to a single endpoint are also reviewed. The

appropriateness of such quality adjusted survival analyses have been a source of conflict in the

literature but have been rarely used in practice for the analysis of self assessed quality of life
data (Cox et al., 1992, Schumacher et al., 1991). The data used for this work are that of the
CRC HAP tnial. As full survival and quality of life data are now available for this study, the
problems faced as a result of patient death during follow-up are easier to combat. In order to
recreate the more realistic scenario often faced in the light of patient death - that is, individuals

for whom survival is censored - this full data set has been restricted to contain only information




Introduction

on patient survival and quality of life available on June 1st 1993. Patients still alive at this time

were considered censored and any quality of life data they provided beyond this date was
ignored. When used, this data set is referred to as the ‘restricted’ data, whereas the complete

data set 1s referred to as the ‘full’ data.

The repeated assessment of quality of life data over a long period of time, in a group of
patients who often become too ill to complete questionnaires, means that quality of life data is

often subject to large amounts of missing responses. For example, Hurny et al. (1992) reported
compliance rates varying between 37% and 58% at each measurement occasion, and reports on
behalif of the MRC lung cancer working party of studies gave daily compliance rates of about

70% (MRC lung cancer working party, 1989, 1991a, 1991b, 1992). In the work presented in
Chapters 3 to 6, it is assumed that the problem of missing data can be ignored, and the

occurrence of missing data considered only as an 1ssue which generates unbalanced data. It has

been well documented 1n the literature however, that the bias implications of missing data may

not be ignorable and will depend on the underlying reasons for data being missing (Rubin,

1976, Laird, 1988). In Chapter 7, the issues raised by the assumption of ignorable missing data

made 1n Chapters 3 to 6 are formally addressed using data from the CRC NSCLC study.

Each chapter 1s concluded with a summary of its main results and a discussion of the issues

raised. Finally, in Chapter 8, the implications of the work as a whole are considered in the

context of issues that may be useful for further research.

It should be noted that the emphasis throughout the thesis is on the practical application and
interpretation of statistical methodology for the analysis of quality of life data, rather than the
future treatment implications of the quality of life results presented in each example. These

examples should therefore be seen as a demonstration tool, as opposed to a means of drawing
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conclusions for the purpose of directing the treatment of patients. This 1s particularly important

in the case of the CRC NSCLC study for which the precise treatment schedules have not been
considered, and also for the CRC HAP trial which is presented in an incomplete state. It is also
recognised that the small sample size and extent of missing data in the CRC NSCLC study,

mean that these data do not justify the depth of analysis which are presented here.

All data analyses presented use MLn (Rasbash and Woodhouse, 1995) and S-Plus statistical

software (Becker et al., 1988). OSWALD (Smith and Diggle, 1994), an additional library of
S-Plus functions for the analysis of longitudinal data i1s also used. Any further statistical

programming that is required for data analysis i1s presented in Appendix 3.
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2 The Exploratory Data Analysis of Quality of Life Data

2.1 Introduction
Although most of the work in this thesis concentrates on more formal model based analyses

of quality of life data, the multidimensional, as well as longitudinal, nature of quality of life
data means exploratory data analysis is an important stage of the analysis process. In fact, a
large proportion of reported studies in quality of hife research have relied solely on such
analyses. Anderson ef al. (1993) plotted median quality of life scores over time. Reports on
behalf of the MRC lung cancer working party (1992, 1993b) gave summaries of the number of
patient days spent with improved quality of life compared with baseline and plotted the
proportion of patients over time recording symptoms of a particular grade or above.
Fallowfield (1986) and MRC lung cancer working party (1991b) reported quality of life data
results similarly. The primary aim of the chapter is to review these and other approaches which
have advocated for the exploratory data analysis of continuous, binary and ordinal quality of
life data. This 1s done with practical examples using data from the three studies outlined in

Chapter 1. The chapter’s secondary aim is to give a clear description of many aspects of these

data which are presented 1n the more formal statistical analyses developed in subsequent

chapters.

The chapter 1s structured to discuss exploratory data analysis for repeated continuous
outcomes in Section 2.2 and repeated categorical outcomes in Section 2.3. The presence of
missing data and patient death during follow-up are major issues for the analysis of quality of

life data. In Section 2.4, a number of approaches for the informal examination of each are
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reviewed as means to determine their implications for inference. The advantages and
disadvantages of the different types of display are discussed within the relevant sections with

a general discussion highlighting areas of particular concern given in the final section of the

chapter.

2.2 Repeated continuous data

This section of work examines different approaches for exploratory data analysis for quality
of life responses that can be considered as continuous - that is the validated summary scores
which are generally obtained by summing individual item responses on standard quality of life
measuring instruments. Although these scores may only take some integer value within a
limited range - for example, the summary HAD scores take integer values within the range 0

to 21 - assuming the scores to be continuous 1s the approach generally taken in the literature and
1s probably the most accessible solution for practical analysis. The work is divided into four

areas of exploratory data analysis: individual patient profiles, summary statistics, population

average profiles over time and associations across dimensions.

2.2.1 Individual patient profiles

Although rarely reported, an important first step in exploratory data analysis is the
examination of individual patient profiles (Diggle et al., 1994). These not only allow an
informal examination of the consistency of the response across patients, but can help highlight

errata and outlying individuals in the data, as well as patterns of missing responses during the

foliow-up period. Further, if it is feasible to display more than one dimension, an informal

examination of the relationship between dimensions is then also possible.

The obvious problem with individual profiles is that the large number of patients in a study
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Figure 2.1: Random sample of individual patient profiles of HAD anxiety and depression scores for the
CRC NSCLC trial. The scores are plotted over time from baseline (0) through the eight week follow-up:
(a) split course radiotherapy; (b) continuous course radiotherapy. Discontinuities in the connecting line

indicate missing responses. The timing of radiotherapy for each patient is shown at the top of the figure.
Anxiety responses: ——————; depression responses: -------- .

will often make it impractical to display concisely the behaviour of all patients in a single study
and random noise within individuals makes overall patterns difficult to determine. A simple
solution is to focus on a simple random sample of the individuals with these again plotted

separately or overlayed over a scatter plot of all the data. Alternatively, with moderately sized
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studies, if the scores can be sensibly categorised - for example, with the use of ‘normal’ scores -

a lexis diagram can be a useful way of displaying large amounts of data in a very concise way.

Such ideas are demonstrated in figures 2.1, 2.2 and 2.3. Figure 2.1 shows the anxiety and
depression scores over time for a random sample of subjects in the CRC NSCLC study. For
clarity, subjects who provided at least four quality of life responses over the eight week follow-
up were selected. The timing of radiotherapy treatment is marked on the figure to make it

possible to 1dentify any obvious trends in patient responses as an immediate result of treatment

as advocated by the MRC lung cancer working party (1991a).

These profiles give a good overview of the data and the typical behaviour of patient scores

during the follow-up period. They clearly highlight the differences in patient experience both

in terms of the behaviour over time and in the underlying level. In the sample shown, they also

show some possible relationship between the anxiety and depression responses over time.

Figure 2.2: HAD anxiety scores over time from baseline (0) through the eight week follow-up for
patients in the CRC NSCLC study with random profiles of a selection of patients overlaid: (a) split
course radiotherapy; (b) continuous course radiotherapy.
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However, only viewing a small sample of the subjects in the data set it is unclear whether the

patterns are consistent throughout. In particular, the sample displayed here is very selective

as it relied on patients having at least four responses.

In figure 2.2, the anxiety scores for all individuals are plotted against time with the profiles
highlighted for the same individuals shown in figure 2.1. Since the scores are not strictly
continuous and can take a limited number of values overall, there will naturally be some
repetition of the same score by different individuals. To avoid scores being superimposed when
this occurs, the responses in figure 2.2 have been ‘jittered’ - that is, a small degree of random

noise has been added to observed measurement occasion and score.

The problem with the figure is that with the exception of the patients whose observations
have been connected, it 1s impossible to see patterns of individual profiles, and even then, 1if
the connected profiles are subject to missing data, the overall profile is not clear. It does,
however, allow the extent of the variation in the data to be assessed, although it is not clear

whether this derives from variation between or within subjects.

In figure 2.3, the RSCL physical responses for all subjects in the CRC NSCLC study are
plotted in a lexis diagram. The data are reclassified into ‘normal’ and ‘abnormal’ scores
according to the RSCL guidelines (de Haes et al., 1990). Normal responses are shown as solid
lines, abnormal scores (20 units or more) by a dashed line. Discontinuities in the lines
represent missing responses. An asterix at the end of the patient response line denotes the time

of death for that patient to the nearest week of follow-up. Patients are ordered from top to

bottom by date of entry into the study and again the timing of radiotherapy is shown at the top

of the figure.
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Figure 2.3: Lexis diagrams of patient physical quality of life profiles over time (from baseline 0) in
terms of the RSCL normal score classifications: (a) split course radiotherapy; (b) continuous course
radiotherapy. Normal scores: ———; abnormal scores: -------- ; patient death: =,

In this example, the figure highlights the degree of missing baseline responses for patients
on the continuous course radiotherapy who were recruited in the middle of the study (figure
2.3(b)). Italso highlights missing data prior to death for each of three patients who died during

the course of quality of life follow-up. The prevalence of abnormal physical score seems

similar between the two treatment groups, and no particular patterns over time are revealed.

On the whole, although it is impossible to obtain clear inferences from any plots of

individual profiles over time, they can highlight consistencies (and inconsistencies) in patterns

over time in terms of the underlying level of response, the occurrence of missing data, and how

this relates to previous quality of life responses or patient death. In addition, they allow

examination of the total variability of the data and, with treatment schedules clearly shown in
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the figures, the immediate effects of treatment on patient quality of life can also be highlighted.

2.2.2 Individual patient summaries

Since longitudinal data has repeated assessments on the same subject, the total variability
of the data can be partitioned into that which is derived between subjects and that which derives
within, that is, differences in the underlying responses between subjects and the variability of
individual responses around this underlying response for a particular subject. Although
individual patient profiles allow some examination of the overall variation in the data, it is
generally difficult to determine how this variation partitions into that between and within
subjects. Such information is important however as it indicates whether subjects tend to be
consistent in their underlying responses or not, which then has substantial implications for the

generalisation of conclusions to be later drawn from an analysis. The examination of individual

patient summaries during exploratory data analysis is therefore important.

Such analyses have been advocated by Matthews et al. (1990) not only for exploratory data
analysis, but for formal statistical analysis of longitudinal data. Here they are presented only

for descriptive purposes. This is because the unbalanced nature of quality of life data

somewhat complicates their use for formal analysis (Matthews, 1993).

For continuous data, an often reasonable summary of a patients response is an overall mean,
or a fitted regression line over time. In figure 2.4, separate regression lines fitted for each

subject over time are shown for the HAD anxiety responses in weeks 1-8 from the CRC NSCLC

study. These are plotted for each treatment group separately. Also shown on the figure are the

distributions of the fitted intercepts and slopes for the two patient groups.

The figure shows an underlying fall in the level of anxiety over the period which appears
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Figure 2.4: Subject specific regression analyses for HAD anxiety scores from the CRC NSCLC study:
(a) split course radiotherapy; (b) continuous course radiotherapy. Distribution of subject specific
intercept (c) split course; (d) continuous course. Distribution of subjects specific slopes (e) split
course; (f) continuous course.

more consistent across patient in the split course than for those on the continuous course. In
contrast, fitted responses for the underlying level of response at one week seem more consistent
between subjects in the continuous course group. A number of obvious outliers are seen in the
figures. In particular, one subject in the split course showed a marked increase in their

response over time, and one on the continuous course showed a marked decrease. Examination
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Figure 2.5: Kaplan-Meier representation of the time to abnormal physical quality of life or death in
the CRC HAP tnial. HAl;:————; control: -------- , censored observations: +.

of the data for these individuals showed that they had only three and two responses

respectively.

Matthews et al. (1990) discuss alternative summary statistics for continuous data. One

which may be of scientific interest for quality of life data analysis, is the time to an event of

interest. An example which i1s shown in figure 2.5 is the time to the first occurrence of

‘abnormal’ quality of life. Here, the RSCL ‘normal’ score classification has been used to
determine the time to the first occurrence of abnormal quality of life or death for the CRC HAP
trial. Because some patients may be censored, this i1s presented using a Kaplan-Meier survival
curve. In this example, no difference between the two groups is observed. Unfortunately, this
event definition makes it is impossible to separate the quality of life and survival experience

of patients and may therefore be best restricted to situations where patient quality of life is

expected to deteriorate progressively, and in cases with a short follow-up period, so that patient
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death occurs rarely during the period of quality of life assessment.

2.2.3 Summaries over time

Having examined the variation of responses across subjects, the most obvious method of
summarizing a continuous response over time i1s to plot patient group mean scores at each
measurement occasion against time. For an indication of the precision of the mean, confidence
intervals can be displayed, calculated with either a specified confidence level at each time point
or a more conservative overall confidence level for the period as a whole using a Bonferroni
correction (Armitage and Berry, 1987). Using both of these intervals will give limits for the

range of confidence, with the pointwise intervals being too narrow and the Bonferroni intervals

being too wide as they assume that all time points are independent and therefore over adjust.

An example is shown 1n figure 2.6 where the mean HAD anxiety score at each weekly

measurement occasion 1n the CRC NSCLC study is plotted against time by treatment group.

Both pointwise and Bonferroni 95% confidence intervals are shown on the figure given by the

inner and outer horizontal bars respectively. Also shown is the number of patients contributing

to the estimated mean at each time point.

In this case the figure highlights a slight fall in the mean anxiety score over the period in
both treatment groups. The mean response for the patients on the continuous course of
radiotherapy is also shown to be consistently lower than that for those treated on the split

course although all confidence intervals throughout the period overlap.

A problem with displaying data in this way is the tendency for over interpretation of
confidence intervals which fail to recognise that the data derive from repeated assessments of

the same individuals. Further, in studies where quality of life follow-up is long relative to the
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Figure 2.6: Mean anxiety scores over time from baseline ( 0) through the eight week follow-up for
the CRC NSCLC trial with pointwise and overall 95% confidence intervals given by the inner and

outer horizontal bars respectively. Split course radiotherapy.—————; continuous course
radiotherapy: -------- :

expected patient survival, patient attrition due to death makes the figure difficult to interpret,
particularly in terms of the overall trend. This problem has been addressed by several authors

(Stephens et al., 1992, Hopwood et al., 1994) and is discussed in more detail in Section 2.4.

A further problem with the presentation of group mean quality of life scores is the lack of
an intuitive interpretation of the scores which makes it difficult to convey the meaning of
results to people with no knowledge of the measurement instrument used, and difficulties in
comparing results across studies (Fayers and Jones, 1983, Cox et al., 1992). Cox et al. (1992)
suggest that a solution 1s to present results on a transformed scale representing the “percentage
out of the maximum” for the instrument. Although such transformations may have more
intuitive appeal than the raw scores, comparisons across studies may still not be possible across

studies using different measurement instruments as the sensitivity of different instruments to

quality of life changes might vary greatly.
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A representation which may improve an analysis for easier comparison across studies is to
present results in terms of the instrument defined ‘normal’ scores which, it is hoped, would be
more consistent in their classification of responses. The use of summaries of ‘normal’ scores
over time is exemplified in figure 2.7 for the CRC NSCLC RSCL physical data previously
shown in figure 2.3. In the figure, the proportion of patients recording ‘abnormal’ scores at
each follow-up is plotted over time. Again the numbers of patients contributing data at each
time point are given. In the example presented a slight decrease in the quality of life response
over time is seen. There is however an indication of a discrepancy between the proportion of
patients with ‘abnormal’ scores in the two groups at baseline. This may be related to the excess

of missing data at baseline in the continuous course which was shown in figure 2.3, and

highlights the importance of profiles of individual patient data.

For the examples in figures 2.6 and 2.7, quality of life was measured at very short intervals

Figure 2.7: Proportion of patients in the CRC NSCLC trial giving ‘normal’ scores for the RSCL

physical dimension plotted over time from baseline (0) and throughout the eight week follow-up
where normal scores are classified as responses greater than 20. Split course radiotherapy: ———;
continuous course radiotherapy: -~------ :
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which meant that the exact timing of measurement was as planned in the study protocol. When
assessments are less frequent - for example, monthly - time constraints on a clinician or patients

being unable to attend follow-up appointments, typically the actual timing of follow-up will not

always be as planned. Summaries of mean response over time then become more difficult as
there are no longer distinct time points at which the required means can be calculated. The
most obvious solution is to group follow-up times, for example, to the nearest month., This has
been done in figure 2.8 which shows the mean RSCL physical quality of life scores over time
for the restricted data set for HAP trial. It shows very little difference between the pump and
the control groups over the first year of follow-up. Beyond the first year, although some
difference seems apparent, examination of the number of patients contributing data stresses the
problem of falling patient numbers which make these apparent differences difficult to interpret.
Missing data and patient death during follow-up can have serious implications for the

interpretation of these mean summaries. It is again therefore very important that patient

25

0 %
No. of 54 40 41 33 23 19 19 15 8 9 7 5 3 HAl
pis 50 28 20 14 13 9 8 4 2 2 2 2 3 Control
0 4 8 12 16 20 24
Follow-up 10 the closssat month

Figure 2.8: Mean RSCL physical scores over time from baseline (0) for two years follow-up for the
restricted HAP trial data. Follow-up is grouped to the nearest month. HAl: ———; control: --------
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numbers are given on a figure.

An alternative to grouping data together in fixed time points, is a kernel smoother (Hastie
and Tibsharani, 1990). The basic principle of kcrncl smoothing is to obtain a smooth
representation of the data with time by grouping data within a ‘moving window’ of a given
width. For each successive window, some summary of all the data points within the window
1s calculated. These summaries are then joined over time. The wider the width of the window,
the smoother the resulting summary over time will be. For example, a lowess kernel smoother

(Cleveland, i979) is used in figure 2.9 again for the restricted data from the CRC HAP data.
A lowess smoother is a particular kernal smoother which is insensitive to outliers. Within each
moving window, a weighted least squares regression line is fitted with weights determined by
the distance of each point from the centre of the window. The residual of each observation

from this fitted line is then calculated, outlying observations are down weighted and the line
re-fitted and the process repeated a number of times. The value of the lowess curve for each

window 1s then simply the predicted value for the line at the centre of the window. Figure 2.9
shows little difference between the HAI and control groups, although the response of the
control group is shown to lie consistently below that of the HAI group for most of the follow-up
period. Although for the control group, the line does begin an upward turn towards the end of
the follow-up period it is much less sensitive to the outlying values observed for this group at
the end of follow-up than the profile given by simply grouping data together as in figure 2.8.
As it is now impossible to give the precise number of subjects contributing data at each time
point, the raw data is shown on this figure as an indication of the amount of available data. This
clearly shows the depletion of data towards the end of follow-up. Full details of lowess and

other kernal smoothers are given in Hastie and Tibsharani (1990).

Using mean profiles over time is perhaps the most important part of exploratory analysis for
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10

Figure 2.9: RSCL physical scores for the restricted data taken from the CRC HAP trial: HAI: *;

control: +. The underlying response is highlighted using a lowess kernel smoother: HAI:
control: -------- :

»
?

longitudinal quality of life data as it generally addresses the primary questions of interest in the
data - the difference between patient groups and the behaviour of response over time. Because
of problems of missing data, irregularly spaced follow-up assessments and patient attrition due
to death, 1t 1s important that either patient numbers are given within a figure, or the overall
profiles are overlayed on the raw data. In addition, as measures of confidence and the profiles

themselves ignore the dependency of observations within the data, such profiles should not be

over interpreted for formal analysis.

2.2.4 Associations between dimensions
Although many different dimensions are measured as part of a quality of life assessment,
an aspect of the data which has generally not been reported in the literature is the correlation

(or association) between responses in the different dimensions. Since the data are longitudinal
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and the total variation can be partitioned into that between and that within subjects, the
assoclations across dimensions need also to be partitioned in the same way. That is, the

correlation between dimensions between subjects, and the correlation between dimensions

within subjects need to be evaluated separately.

When data are balanced, the most simple estimate of the association between subjects 1s
obtained by calculating the subject specific mean scores for each dimension in turn over the
follow-up period and then to examine the associations across dimensions between these subject
specific means. This investigates whether subjects who tend to have high scores on average in
one dimension tend also to have high scores in other dimensions. This is shown in a scatter plot

matrix in figure 2.10 for all four quality of life dimensions of quality of life measured in the

CRC NSCLC study. It shows a high positive association between subject specific means in the

5§ 10 15 20 25 X0

10 15

10 20

0 5 10 15 10 20 0

Figure 2.10: Scatter plot matrix of the subject specific means over time for each of the four quality
of life dimensions measured in the CRC NSCLC study for a representation of between subject,

between dimension correlations. The HAD anxiety and depression scores have values in the range
0-21, those for the RSCL physical and psychological scores are in the range 0-40.
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psychological

-10

Figure 2.11: Scatter plot matrix for the within subject between dimension correlations for the quality -
of life data for the CRC NSCLC study.

physical and psychological dimensions of the RSCL. Although positive, the associations seen

between other dimensions are generally weaker.

The within subject across dimension associations address the question whether, on a
particular occasion, subjects who have higher than expected observed responses in one

dimension also have higher than expected responses in a second dimension. For reasonable

estimation of such correlation, Bland and Altman (1995b) suggest the residuals from subject
specific regression analyses be used. For descriptive purposes, it is perhaps sufficient to simply
subtract thcl subject specific mean responses from their respective observed responses and
examining the pattern of association of these ‘residuals’ across all subjects. This is shown in
figure 2.11 for the NSCLC quality of life data. This clearly shows that although there was a
high degree of association between the two dimensions of the RSCL within subject, those

between the two dimensions of the HAD scale were very much weaker. Some positive
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association between depression and physical well being is also shown.

Each of these methods, however, depend on the data being balanced. When data are
unbalanced, although visual displays of association for descriptive purposes may still be used

with caution, estimation of correlation coefficients is not recommended without the varying

degrees of precision on each subject specific mean taken into account (Bland and Altman,

1995a, 1995b).

2.3 Repeated categorical data

Although many of the most commonly used quality of life instruments have a validated way
of summarizing individual items on the questionnaire to give a simple summary score, which
may then be treated as continuous responses, there remain some instruments - for instance, the
dai'ly diary card - for which such a summation i1s not feasible or relevant. This section focuses
on exploratory data analysis for the binary and ordinal data which are obtained from such
instruments. It also considers the analysis of individual items within questionnaires in general.
This enables individual aspects of a patient’s life to be examined and effects investigated which
may be masked by the calculation of an overall summary measure. The binary responses
presented are generally dichotomies of the ordinal responses of the individual items on the
measurement instruments such as the example item given in box 1.1 for the HAD anxiety scale.
As for the previous section, this work is separated into four subsections addressing the use of

individual summaries, summary statistics, profiles over time and across dimensional

assoclations.
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2.3.1 Individual summaries

As with a continuous response, examination of the individual patient behaviour in order to
examine the consistency of responses across subjects 1s as important as the more commonly
reported population summaries for patient groups. For ordinal, and in particular, binary data,
this is best done using a lexis diagram. Such diagrams allow large proportions of the data to
be displayed, and the small number of possible response categories can generally be quite
easily distinguished on a single figure. This ts shown in figure 2.12 in which the prevalence
of dysphagia in the MRC LUO7 study is Iplotted over time for a random sample of patients in
each treatment group. A solid line indicates that no symptoms of dysphagia were reported, the

dashed line indicates some symptoms - that is, a response in category 2 or above. Again,

Radiotherapy schedule (FM)
ttett ettt

Waeela since randomisation

Figure 2.12: Random sample of subjects and their reported symptoms of dysphagia measured daily
from the start of treatment (0) through the following eight week period in the MRC LUO7 study for
(a) multiple fraction radiotherapy (FM); (b) two fraction radiotherapy (F2). No symptoms (category

l);:————— some symptoms (category 2 or above): --euee-- . Discontinuities in the lines indicate
missing responses,
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periods of radiotherapy are shown on the figure. The figure reveals a large proportion of

patients i1n both treatment groups reporting some symptoms of dysphagia towards the end of the

radiotherapy for a few days in both treatment groups, although the exact timing of the onset and

relief of symptoms varies greatly across the patients shown.

2.3.2 Summary statistics

The use of summary statistics for the analysis of binary and ordinal responses is less
common than for continuous data. It is however just as useful in highlighting whether variation
derives primarily from differences between or within subjects. The natural summary statistic
for such data is the proportion of patient time with a response in each category, where this is
calculated for each subject as the number of responses given in each category taken as a
proportion of the total number of responses given by that subject. Two possible summaries of
the proportions are shown in figures 2.13 and 2.14 for summary statistics calculated for the
MRC LUOQ7 activity quality of life scores from the daily diary card. These scores were
measured on a five points scale ranging from 1 (normal work/housework) to 5 (confined to
bed). Further details of the item are given in box A2.3 in Appendix 2. Figure 2.13 shows the
distributions of the proportions in terms of box plots. The middle 50% of the data is shown by
the shaded block with the median give by the white bar. The tails of the box go out to the 10th
and 90th percentiles with other outlying points shown as individual lines. The figure here
shows the distributions in all but the middle category to be positively skewed with a large
proportion of patients spending none of their time in some of the categories. This is
particularly marked for categories 1 and 5 for which the 90th centile is zero. It also highlights
the large degree of variability across subjects with a large spread for the middle 50% of the data

in the middle categories. No obvious differences between the treatment groups are seen.

These data are also summarised in figure 2.14. Mean and median proportions of responses
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Figure 2.13: Distribution of the proportion of responses each patient gives in each category (1 to 5)
for the activity rating of quality of life on the daily diary card in the MRC lung cancer study during
the four week treatment period. The middle 50% of the data is shown by the shaded block with the
median given by the white bar. The tails of the box go out to the 10th and 90th percentiles with other
outlying points shown with individual lines. Multiple fraction radiotherapy (FM) and two fraction

radiotherapy (F2).
in each category are plotted with their respective 95% confidence intervals. Given the skewed

nature of the distributions, the summaries based around the median will be preferable to those

around the mean. No apparent differences between the two treatment groups are highlighted.

Although showing a clear summary of patient experience over the period as a whole, and
allowing a simple treatment comparison between the treatment groups, the problem with figures
2.13 and 2.14 is that they do not allow examination of patterns of change over time. Thus
patterns of change over time, such as that highlighted in figure 2.12 for the dysphagia data
would be missed. Assuming a linear trend in log odds, for binary data, overall trends could be
identified in a similar way to'that for continuous data, with subject specific rates of change in
the in log odds of symptoms obtained from a logistic regression analysis and plotted in the same

way as 1n figure 2.4. In such a case, the underlying subject specific model is then perhaps too

sophisticated for simple exploratory data analysis.
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M
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Category

Figure 2.14: (a) Mean and (b) median proportion of responses given in each category (1 to 5) with
95% confidence intervals for the activity scores on the daily diary card. Confidence intervals for the
mean are truncated at 0 and 1. Intervals given for the median are based on critical values of the sign
test. Multiple fraction radiotherapy (FM):————; two fraction radiotherapy (F2): -------- .

2.3.3 Summaries over time

The most commonly used way to summarize patient quality of life measured on a binary or
ordinal scale is to consider the proportion of patients falling into each category over time.
These proportions can be plotted separately for each category, cumulatively over categories by
considering the proportions in category k or below (or above) for all &, or for a simple
dichotomy of the response. Such figures summarize the data to give an impression of the level
of quality of life at each specific time in the study and can be useful in highlighting changes in
the distribution of patient responses at particular times during the study follow-up. They have

been used by many authors (MRC lung cancer working party, 1991a, 1991b, 1992, 1993b,

Fallowfield et al. 1986). Two such examples are presented here.

Figure 2.15 shows the proportion of responses in category k or below (k=0,1,2) recorded on
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Figure 2.15: Proportion of patients recording responses in category k or below over time from
baseline (0) through the eight week follow-up for the ‘shortness of breath’ item on the RSCL

questionnaire used in the CRC NSCLC trial for patients on the (a) split course radiotherapy; (b)
continuous course radiotherapy.

the RSCL shortness of breath item in the CRC NSCLC study, where a score of 0 reflects no

symptoms to a score of 3 that implies very restrictive symptoms. It shows an increase in the
proportion of patients reporting symptoms of grade one or below (and therefore grade two or

below) over time. This increase is perhaps more apparent in the continuous course

radiotherapy group.

Figure 2.16 plots the proportion of patients over time reporting some symptoms of
dysphagia (difficulty in swallowing) - a response in category 2 or above - in the MRC LUQ7
study. It clearly highlights that patients in both treatment arms experienced a transient period
of dysphagia during the immediate period following radiotherapy treatment as was suggested
from the random selection of individual profiles in figure 2.12. There was some difference in
the pattern of response between the two groups with a lower proportion of patients affected in

the F2 radiotherapy course. A similar picture was observed by the MRC lung cancer working
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Figure 2.16: Proportion of patients reporting some symptoms of dysphagia (category 2 or above) over

time from the start of treatment (0) through a subsequent eight week daily follow-up. Multiple fraction
radiotherapy (FM):- -, two fraction radiotherapy (F2): ----u---- -.

party (1991b) with the same data set although in their analysis they concentrated of symptoms
of category 3 or above. A formal statistical comparison of each these examples is presented

in Sections 4.4 for the MRC LUO7 dysphagia data and 5.3 for the CRC NSCLC shortness of

breath data.

2.3.4 Associations between dimensions

The examination of associations between dimensions for binary and ordinal repeated
measurement data is just as important as for the continuous case and 1t is again important to
distinguish between correlations between and within subjects. Methods for the analysis are,
however, more difficult and have not been discussed in the literature. As with the continuous

case, it 1s clear that to estimate associations across dimension between subjects, a subject level

summary of the data is needed, with associations between these summaries then examined. For

ordinal data with sufficient ordered categories, the simplest approach for a crude representation
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is to treat the responses as continuous and continue as in Section 2.2.4. For binary data, a
solution is less clear. An attempt 1s made in figure 2.17 using the dichotomised responses - no

symptoms (0/1) versus some symptoms (2/3) - for six items on the RSCL in the CRC NSCLC

study. For each subject, for each dimension, the proportion of positive responses was

calculated and these subject specific proportions are then plotted in a scatter plot matrix.

For the within subject correlation (figure 2.18) the subject specific proportions are treated
as an average for that subject, and the deviations from this average for subject’s individual
responses were calculated and displayed in the same way as figure 2.11. Neither of these

figures show a clear indication of any association between scores in the different dimensions
either between or within subjects. In chapter 4, a formal statistical model is used to investigate

this further and determine whether there really was little association between the different
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Figure 2.17: Scatter plot matrix of the proportion of days recorded with symptoms in six items of the

RSCL for subjects on the CRC NSCLC study showing the between subject between dimension
associations.
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Figure 2.18: Scatter plot matrix showing the within subject between dimension associations for a
binary response for individual item response from the CRC NSCLC study.

dimensions, or whether such simple representations are particularly unclear.

2.4 Missing data and patient death

A major problem for any analysis of quality of life data is incomplete data. This may be due
simply to patients failing to return a questionnaire at a specific time, or as a result of patient
death during follow-up. Whatever the source, incomplete data causes concern as to whether
the available data are representative of the study population as a whole. For example, if
subjects miss assessments because they are generally unwell and have a poor quality of life, any
analysis based solely on the available data will be subject to some bias. An examination of the
patterns of missing data in the study is therefore needed to assess the possibility of such a bias.
A similar problem is patient death during follow-up and it is important to determine whether

the quality of life experience of those who die early in follow-up is the same as those who have

62



The exploratory data analysis of quality of life data

a longer survival. Although alike in nature, the two issues raise different problems for analysis
and need to be examined separately. In this section informal examination of the patterns of

non-response is addressed. More formal analyses are discussed in Chapter 6 for patient death

and in Chapter 7 for missing data.

2.4.1 Missing data

. Missing data have been reported as a particular problem in quality of life studies. If the data

P =¥
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avai]ai:}le are to be assumed representative of the study population there should be no evidence
that a group of non-responders are systematically different from those who do respond. In
particular, if comparisons of different groups of patients in the study are to be made - such as,
treatment comparisons - the extent of missing data should be reasonably equal within these

groups over time, as well as in its relationship to patient quality of life.

The obvious starting point for examining missing data is to tabulate compliance rates over
time and by patient, that is, the proportion of responses available at each time point, and the
proportion of total responses given by each patient (Fayers and Jones, 1983). Such summaries
are presented for the CRC NSCLC study in tables 2.1 and 2.2. Table 2.1 shows the proportion
of available responses at baseline and for the eight weeks following treatment, whereas in table

2.2, a summary of the number of questionnaires completed by each patient is given. Both tables

Table 2.1:Proportion of available data at each weekly assessment for the CRC NSCLC study.

Week
baseline | 2 3 4 5 6 7 8
Continuous 48 055 057 057 050 052 057 057  0.50
course
Split |
060 045 053 055 0S5 0S50 053 055 0.53
course
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Table 2.2: Proportion of the total possible responses (maximum=9) given by each patient in CRC
NSCLC study.

Proportion of questionnaires returned

0 0.11 - 0.44 0.56 - 0.89 |
Split course 10 6 18 6
Continuous course 8 9 20 5

show the compliance rates overall and as stratified by treatment group and show no difference
between the two. Since the focus of investigation in this section is missing data due to non-

compliance and not due to death, all proportions are given out of the possible total given

patients’ survival.

To determine whether compliance is related to quality of life or underlying patient
condition, the MRC lung cancer working party (1993b) considered compliance rates (in terms
of the proportion of completed responses per subject) and their relationship with baseline
patient characteristics. They gave their re<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>