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Abstract

Quality of Life (QL) is now included as an endpoint in many phase III cancer clinical trials. Numerous statistical techniques have
been presented in the literature to analyse QL data but there is still no agreement as to what is the optimal approach of analysis. In
this paper we, therefore, present and compare various techniques which have all appeared in the literature and which may be
globally described as summary measures and summary statistics. These techniques are illustrated using data from an EORTC
clinical trial in locally advanced breast cancer (EORTC trial 10921). It is also explained in this paper how and when these techni-
ques may be used in other cancer settings. For EORTC trial 10921, it is shown that by choosing different techniques different
conclusions may be drawn concerning the QL outcome. This highlights the importance of choosing an appropriate primary statis-
tical method and for describing it a priori in the protocol and analysis plan. In this paper, we show the importance of performing
sensitivity or supportive analysis to support conclusions drawn from the primary analysis. © 2000 Elsevier Science Ltd. All rights

reserved.
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1. Introduction

During the last two decades, numerous instruments
have been developed to assess patients’ quality of life
(QL). In the intervening years assessment of QL has
rapidly become an integral part of clinical research
resulting in many studies yielding vast quantities of
data. However, the question as to what is the best way
to analyse and present the results has not been suffi-
ciently addressed. Researchers have sought a practical
solution to the conflict of complexity of QL datasets
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and the desire to simplify the presentation of results.
Nevertheless, controversies surrounding quality of life
analyses have remained, mainly due to the fact that a
standard questionnaire consists of numerous categorical
scales, assessed at frequent time points during the study,
and also because patients may drop out of the study at
various times.

It is widely accepted that QL is composed of various
dimensions. However, to simplify analyses and to case
interpretation one scale may be chosen as the primary
outcome. The other scales are then considered second-
ary in nature and analysed in an exploratory fashion.
For example, when the EORTC Quality of Life Ques-
tionnaire Core 30 (QLQ-C30) is included in a clinical
trial, the global health/QL scale may be taken as the
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primary QL endpoint. If a difference is observed in this
scale between the treatment groups, then it is important
to attempt to explain why the difference occurs. This
can be done by analysing the remaining scales, such as
physical, emotional and role functioning in an explora-
tory way. Thus the primary analysis may be seen as
confirmatory where the question “Is QL different
between the two groups?” is addressed, whereas in the
exploratory data analysis the objective is to support the
initial finding and to generate research hypotheses
rather than draw definitive conclusions from the results.

Important questions are related to the repeated struc-
ture of the data over time. Summary measures have
been widely accepted as useful methods for reporting
results from longitudinal studies [1,2]. In essence a
summary measure collapses the complete set of mea-
surements of an individual into a single number. A
summary measure should be chosen to reflect some
important aspect of the repeated measurements. For
example, in oncological clinical trials, data on toxicity
are often summarised by taking the worst value recorded
for each patient during the entire treatment period.

Within clinical trials, QL is usually reported by each
patient on a self-report questionnaire at repeated time-
points before, during and after treatment. Summary
measures may be useful for simplifying the repeated
structure of the data. A few such measures that could be
considered are the mean, median and the minimum or
maximum score recorded for each individual patient.
The summary measures for all patients are then ana-
lysed using an appropriate univariate method.

Tannock and colleagues [3] in a clinical trial of pros-
tate cancer patients, used two summary measures in
analysing the QL data. Each of the patient’s scores for
each QL domain was summarised using the median and
the best score. These were subsequently converted to
median and best change scores by subtracting the
patient’s baseline score. Differences in the summary
scores between the two treatment groups were assessed
with the Wilcoxon rank-sum test.

Hollen and associates [4] used the Area Under the
Curve (AUC) method as a summary measure. The AUC
may be interpreted as a weighted average of the scores
at each assessment time point. It is frequently used in
other fields of research such as pharmacology, econom-
ics and engineering. Usually, the AUC is calculated only
for the period of time during which measurements are
available for the patient. However, Hollen and associ-
ates [4] extended this method to also take into account
patients who dropped out of the study by imputing a
score of zero for those patients after dropout.

A distinction should be made between summary
measures and summary statistics. A summary measure
reduces the measurements for one individual to one
single number, whereas a summary statistic reduces the
measurements of a group of individuals to one number.

Similarly, a summary statistic may be a summary of the
group differences in QL between two treatment strate-
gies. For example, several authors have compared
treatments with respect to QL at individual time points
(e.g. using a Student #-test or a Wilcoxon test). Seymour
and coworkers [5], in a study of colorectal cancer
patients, presented summary statistics at each time point
for each treatment group and used exact Chi-squared
tests to compare the QL scores in the two treatment
groups. Although the sample size may vary at each time
point, this method makes use of all available data.
However, there are problems with using this method,
which are described later in the paper.

Using a practical example from an EORTC clinical
trial, this paper investigates a number of methods of
analysis that have all been presented in the literature. A
number of summary measures and summary statistics
are discussed and it is shown how the choice of method
of analysis influences the study results. Examples are
provided where it may be useful to include summary
statistics and measures to reflect an important aspect of
the study. The advantages and disadvantages of each
method and the basic assumptions that are required
when using these methods are discussed.

2. Patents and methods: dataset

EORTC trial 10921 is an international, intergroup
dose-intensified study [6]. This randomised phase III
study was designed to compare six 4-weekly cycles of
CEF (cyclophosphamide, epirubicin and 5-fluorouracil
(5-FU) versus six 2-weekly cycles of dose-intensified EC
(epirubicin and cyclophosphamide) + G-CSF  (fil-
grastim) in patients with locally advanced/inflammatory
breast cancer. Thus, the expected duration of standard
treatment is 24 weeks compared with 12 weeks in the
intensified treatment arm. Between June 1993 and April
1996, 448 patients were entered in the trial with 224
patients being randomised into the CEF arm and 224
into the EC+ G-CSF arm. The main endpoint of the
trial was progression-free survival. To date, duration of
survival and progression-free survival are not sig-
nificantly different between the two treatment arms [6].

QL was considered to be a mandatory part of the
protocol. The QL assessment consisted of two generic
questionnaires, the EuroQoL [7] and the RAND MOS
[8], a cancer-specific questionnaire, the EORTC QLQ-
C30 [9] and a study-specific breast module. The global
health status/QL scale from the EORTC QLQ-C30 was
specified as the QL domain on which the main analysis
would be performed. This scale was constructed using
the scoring procedures for the EORTC Core Quality of
Life Questionnaire EORTC QLQ-C30 version 1.0 [10],
i.e. the scale score was calculated by averaging items
within the scale and transforming the average score
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linearly to a 0—100 scale, with higher scores representing
a better global health status/QL.

The planned schedule of assessment in both treatment
arms was as follows: at randomisation, every month for
the first 3 months, every 3 months for the first year, at
18 months and every 8 months thereafter until disease
progression. The current analysis concentrates on the
QL assessments during the first year. A window (time-
frame) for acceptance of questionnaires was defined for
each assessment. To allow for some delay in the sche-
dule of treatment (and hence QL assessment) more time
was allowed after than before the scheduled assessment
point (e.g. at 4 weeks questionnaires were accepted if
they were completed within one week before and up to 2
weeks after the scheduled assessment). This reduces the
possibility of patients being omitted from the analysis
because of delayed chemotherapy cycles.

3. Results

Of the 448 patients included in the trial 11 patients
were considered ineligible (8 due to disease stage, 1 due
to prior treatment for breast cancer and 2 due to pre-
vious or concurrent malignancy). For 2 patients elig-
ibility was not verifiable due to inadequate source
documentation. 17 patients from two institutions were
excluded from the QL study, as officially translated
EORTC QLQ-C30 questionnaires were not available
for these countries during the study. A further 15
patients were excluded because they were judged unfit to
complete the QL questionnaires (9 in the CEF arm and
6 in the EC+ G-CSF arm). A total of 403 patients were
eligible for the QL analysis, 199 in the CEF arm and 204
in the EC+ G-CSF arm.

The compliance with the QL assessments during the
first 12 months of the study is presented in Table 1.
Some patients completed more than one valid QL
questionnaire within a given time window. For these
patients the questionnaire which was completed first
during this period was retained. The main reason for
patients going off study was due to progression [6].

Table 1
Compliance with QL assessment by treatment arm
Months 0 1 2 3 6 9 12
CEF
Expected 199 199 199 195 179 167 155
Received 169 157 148 156 124 114 103
% 85 79 74 80 69 68 66
EC+ G-CSF
Expected 204 204 202 199 194 185 170
Received 173 169 158 141 133 127 104

% 85 83 78 71 69 69 61

Table 2 presents the patterns of completed ques-
tionnaires. 93 patients completed QL questionnaires at
all seven assessment time points. Monotone dropout
patterns (i.e. a complete series of questionnaires before
dropout) were observed in 189 cases (this includes the
latter 93 patients). Intermittent missing questionnaires
was also a problem with 119 patients having exactly 1
missing questionnaire and the remaining 90 patients
having more than 1 missing questionnaire in a series
before dropout. 5 patients did not complete any ques-
tionnaires during this period.

In 1996 the steering committee for EORTC trial
10921 drew up an analysis plan for the study. It was
decided that the primary analysis would be based on an

Table 2
Patterns of missing data
Months Months
01 23 6 9 12 Frequency 0 1 2 3 6 9 12 Frequency
* % * % % 8 EE 2
* % % %k k% % 7 * % * % % 1
* % * % % % 6 % % * 1
% 5 * * 1
* % % % * 4 * * 1
* * ok kx  k 4 * * % 1
* % % 4 * % * 1
* % % * 4 * % * * 1
* % * PEEY 3 * % % % * 1
* % PRY 3 * * 1
* % * % % 2 * * k% 1
* % % % % 2 * 1
* PEY PEEY 2 * * % % 1
* * % % % 2 EE 1
%k * 2 * ok 1
* % * 2
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AUC analysis. This was mainly due to the expectation
that the intensified treatment would initially result in a
reduced QL but patients would recover more rapidly
due to the shorter duration of treatment, whereas
patients in the standard arm would experience side-
effects of treatment over a longer period of time.
Therefore, it was assumed that the most appropriate
method of balancing the short-term side-effects of
intensified treatment (EC+ GCSF) with the extended
side-effects of the standard treatment (CEF) was to
perform an AUC analysis. In this paper we respect the
original analysis plan whilst examining other methods
of analysis which have all been presented in the
literature.

3.1. Summary measures

Several types of summary measures may be employed
in the analysis of QL data. These can be categorised as
follows: (1) simple summary measures, €.g. minimum,
maximum, median or mean QL score for a patient; (2)
time to occurrence of event where, for example, the time
to observation of the first minimum or maximum score
is taken; (3) area under the curve where both time and
QL are summarised into one single number for each
individual.

3.1.1. Simple summary measures

As mentioned, examples of simple summary mea-
sures are the minimum, maximum, median and mean
QL score for a patient. In oncological clinical trials
where a new experimental chemotherapy is being
investigated one may wish to investigate if the experi-
mental treatment is less toxic than the standard treat-
ment whilst achieving equivalent efficacy results. In
such trials where there is an interest in reducing toxi-
city and maintaining an acceptable QL, the worst
symptom score may be of particular importance as a
summary measure.

In contrast, in clinical trials involving patients with
advanced disease (e.g. symptomatic disease), the treat-
ment provided may be palliative in nature, i.e. directed
at symptom relief. In such trials, where the primary
objective may be to reduce the patient’s suffering and
thus improve the quality of their remaining life, a useful
summary statistic could be the best score with respect to
symptom relief or the best QL score.

In EORTC trial 10921, a trial designed to show
superiority, a plot of the individual patient scores (data
not shown) indicated a good deal of variation in within-
patient scores in both treatment arms. Therefore, it was
thought that the mean or median score over all sequences
would provide useful insight into the patients’ QL. The
mean score also gives an indication of the frequency of
episodes or intensity of problem over time. For exam-
ple, two treatment groups may have comparable best or

worst scores but one treatment group may have con-
sistently lower scores. Since the mean is an average of
all observed scores it would reflect this phenomenon. In
contrast, when two means are being compared it is also
important to investigate the spread of scores (i.e. var-
iance). If two treatments provide similar means but the
variance is significantly larger in one treatment group,
from a conservative point of view, one might prefer the
treatment which provides more consistent results as it
minimises worst case scenarios.

Fig. 1 presents these summary measures for patients
in trial 10921 during the first year. The Wilcoxon rank-
sum test was used to compare QL scores in the two
treatment groups. A significant group difference was
observed in terms of minimum (P<0.001), mean
(P=0.016) and median QL scores (P=0.041) during the
first year in favour of the CEF treatment arm. Note,
that the differences in mean QL score and median QL
score, although statistically significant, were relatively
small. The null hypothesis of no treatment difference
could not be rejected for the maximum summary mea-
sure. These results would suggest that there is a dip in
the QL score during the first year in the EC + G-CSF
arm.

3.1.2. Time to occurrence of a summary measure

Time to event analyses are frequently used in cancer
clinical trials. In most cases the event is death or disease
progression and the associated time periods are referred
to as duration of survival and time to disease progres-
sion, respectively. Some trials have also investigated
time to a certain increase in a tumour marker such as
prostate specific antigen (PSA) in prostate cancer. In
QL research it may also be useful to use this approach
to investigate the time at which QL is at its worst or at
its best, or when a certain decline in QL scores is
observed.

In the analysis plan of trial 10921, it was hypothesised
that QL would initially deteriorate due to treatment
toxicity, in both treatment arms, but that it would
increase thereafter due to relief of symptoms related to
the tumour. One might expect that this increase would
occur more rapidly in the intensified treatment arm due
to the shorter duration of treatment and the fact that
treatment included G-CSF. Thus, an interesting ques-
tion was to investigate at what point in time during the
first year did patients report their maximum QL score.
Towards this end, the maximum QL score during the
first year was obtained for each patient. An event was
defined as a maximum QL score greater than the
patient’s baseline QL score. If the patient’s maximum
score was not greater than that at baseline or if the
patient dropped out before observing a maximum score
greater than that at baseline the patient was censored at
the time of the last available assessment during the first
year. The time to event was defined as the time to the
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first maximum QL score. In Fig. 2, maximum QL scores
tended to be observed earlier in the CEF arm. However,
at months 6 and 9, there was a greater tendency for
maximums to be reached in the EC+ G-CSF arm. No
significant difference was observed between the two
treatment groups (P=0.507). Approximately 50% of
patients in both treatment arms observed a maximum
score greater than baseline during the first year.

CEF
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In the above approach, due to the original categorical
nature of the EORTC global health status/QL scale, a
score greater than baseline can be interpreted as an
improvement of at least 8 points on a 0-100 scale. A
similar approach would be to define a specific minimum
level of improvement in QL (e.g. a change of 20 points
or 0.5 of a standard deviation) and to define the time to
event as the time to reach such a minimal improvement.

EC+G-CSF

Minimum scores

Global health status/QoL

Global health status/QoL

100 100
< €
? 50 Mean=48.0 § Mean=39.0
[} [0}
o o
10
0
0 17 33 50 67 83 100 0 17 33 50 67 83 100
% of patients with scores in each interval % of patients with scores in each interval
Maximum scores
Global health status/QoL Global health status/QoL
100 100
§ Mean=78.7 % Mean=79.0
(] o
E 50 a3 31 n“_j 50 44 ”s
14 21 16 16
1 0 1 1
0 0 0 0
0 17 33 50 67 83 100 0 17 33 50 67 83 100
% of patients with scores in each interval % of patients with scores in each interval
Mean scores
Global health status/QoL Global health status/QoL
100 100
‘qg:‘J Mean=64.6 ‘q;:: Mean=60.5
© 50 © 50
Jo 31 [
a a 19
0 0
0 17 33 50 67 83 100 0 17 33 50 67 83 100
% of patients with scores at each interval % of patients with scores at each interval
Median scores
Global health status/QoL Global health status/QoL
100 100
g Mean=65.9 g Mean=62.1
S 50 © 50
o 35 oy
lg., 23 g'_’ 26

0 17
% of patients with scores in each interval

33 50 67 83 100

17

0 17
% of patients with scores in each interval

33 50 67 83 100

Fig. 1. Summary measures for the global health status/QL score. Note: for presentation purposes the scores have been grouped into equally spaced
intervals with midpoints 0, 17, 33, 50, 67, 83, 100. The x axis represents the percentage of patients with scores in each interval.



D. Curran et al. | European Journal of Cancer 36 (2000) 834-844 839

3.1.3. Area under the curve

The area under the curve is calculated by summing
areas under the graph between each pair of consecutive
observations. Thus, the AUC is a weighted average of
the QL scores at each individual time point weighted by
the time between observations (see Appendix A). In QL
analysis, time may be considered as discrete or con-
tinuous, i.e. the time of assessment may be taken as the
planned time of assessment (e.g. time points 0, 1, 2
months which is discrete) or as the actual observed
assessment time points (e.g. —1, 29, 61 days which is
continuous). In trial 10921 we chose to treat time as a
continuous variable. The AUC was compared between
the two treatment groups using the Wilcoxon rank sum
test. No significant difference was observed between the
two groups (P=0.882).

One of the advantages of the AUC method is that a
sensitivity analysis may easily be performed to investi-
gate the change in QL between two consecutive assess-
ments. For example, in trial 10921, QL was assessed at
months 1, 2 and 3 and then at months 6, 9 and 12. Of
particular importance was the question “Did patients
recover rapidly after treatment with EC+ G-CSF?”.
Generally, the AUC is calculated assuming a linear
change in QL scores between consecutive assessment
time points. However, the formula for calculating the
AUC may be changed to allow the rate of change
between assessments to occur non-linearly (see Appen-
dix A and Fig. 3). A sensitivity analysis may be per-
formed to investigate if allowing the rate of change
between assessments to vary results in different conclu-
sions with respect to treatment effect. An alternative
sensitivity analysis would be to investigate what is the
effect of dropout, analogous in principle, to the
approach taken by Hollen and colleagues [4] who
imputed a score of 0 on the day of death.

Note, the AUC method should give approximately
the same results as taking the mean as a summary mea-

100
80
. 60+
5 =5
3 -
& ;
40 ———
._."‘r
s Treatment
-————
20 s CEF
- —e” — — — - EC+G-CSF
7
0 T T T T 1
0 3 6 9 12

Time (months)

Fig. 2. Time to maximum QL score greater than baseline.

sure if the time between assessments is equal. When
using the mean each score is given equal weight whereas
the AUC method weights the scores according to the
time between assessments. We used the trapezium rule
to calculate the AUC and compared the resulting sum-
mary measures using the Wilcoxon rank sum test. No
significant difference was observed between the two
treatment arms. Recall that when the mean was used as
a summary measure there was a significant difference
between the two treatment groups (P=0.016). When
using the AUC, the area under the curve between base-
line and month 3, which contains four assessments, is
given the same weight as the AUC between months 6
and 9, which contains two assessments. Thus, the area
under the curve provides a more balanced estimate of
the overall QL during the first year than does the mean.

3.1.4. Limitations of summary measures

When using summary measures, as with any type of
statistical analysis, care has to be taken that bias is not
being introduced. For example, where the worst score
for a symptom is taken as a summary measure, the
results may be biased if patients with a high level of
a symptom are unable to complete a self-assessment
questionnaire and are thus not able to report their worst
level of symptoms. This would lead to a biased estimate
of the level of symptoms in each treatment arm. Simi-
larly, this may result in a biased estimate of the relative
effect of one treatment group versus the other.

The schedule of assessments should be selected to
optimise information regarding QL in the two treatment
arms. Likewise, the choice of summary measure is
closely related to the schedule of assessments and
should be chosen to reflect an important feature of the
patients” QL. In trial 10921, QL assessments at months
4 and 5 might have been warranted to obtain a clearer
picture with respect to how rapidly patients recovered
from intensive treatment.

100 4

80 1
P>0.5

60
P<0.5

40

Global health status/QL score

201

Or—T——T—T1T T T T T T T T T 1
0 1 2 3 4 5 6 7 8 9 10 11 12

Time (months)

Fig. 3. Global health status/QL score during the first year for an
individual patient.
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When using summary measures, bias may be intro-
duced into the comparison if the follow-up periods are
not similar in the two treatment arms. Additionally, the
rates of completing questionnaires should be high and
equivalent across treatment arms. In trial 10921 the
progression-free survival and QL compliance were
similar in the two treatment arms. Summary measures
may not be appropriate in studies where dropout of
patients is high as they ignore the problem of incom-
plete data.

In “time to occurrence of event’ analyses there maybe
some difficulty in defining an event and defining cen-
soring. In the above analysis, it was assumed that the
majority of patients would observe the event of interest
during the first year and thus censoring would have less
impact on the treatment comparison. However, if the
timing of censored observations is different between the
two groups there may be problems with the interpreta-
tion of results.

Generally, summary measures such as the minimum
and maximum score are very sensitive to outliers (i.e.
extreme observations). When analysing categorical data
this may not be a problem. However, for continuous
data one might consider using more robust estimators
(e.g. mean or median).

3.2. Summary statistics

Since QL measurements are typically obtained via
repeated assessments over time, it is generally assumed
that QL data should be analysed as such, taking the
repeated measurements into account. However, this is
often hampered by the structure of the data; i.e. QL
data are usually measured on ordered categorical
response scales and a proportion of questionnaires will
be missing both intermittently and due to dropout of
patients from the study. Statistical techniques for repeated,
ordered categorical, incomplete data are limited. Many
statistical analysis strategies assume that complete
balanced data matrices are available and that data are
normally distributed. This has led QL researchers to
perform separate analyses at each assessment time
point. This method of analysis is usually referred to as
cross-sectional analysis or available case analysis as it
uses all available data at each assessment time point.

3.2.1. Cross-sectional analysis

If the distribution of QL scores is approximately nor-
mally distributed, it may be appropriate to perform
simple Student r-tests within each cross-sectional analy-
sis. Often non-parametric tests, such as Wilcoxon or
Mann—Whitney tests, may be more appropriate, in that
many QL questionnaires yield skewed distributions with
notable ceiling or floor effects (i.e. the proportion of
patients with either none or severe problems). If there is
a large difference in the mean QL score between the two

treatment groups one might also expect that the vari-
ance may be quite different in both treatment groups, in
particular with skewed distributions, suggesting that if a
standard Student #-test is to be performed the variance
in each group should first be investigated.

In trial 10921, we compared the two treatments with
respect to global health status/QL score at each indivi-
dual time point using a Wilcoxon test. The results are
presented graphically in Fig. 4. The plot indicates that,
compared with the standard regimen, the intensified
regimen had a significant negative impact on QL during
the first 3 months. At month 6 the QL score returned to
pretreatment levels in the intensified arm, whilst patients
in the standard arm tended to have a poorer QL score.
No significant differences were observed between the
two groups at months 9 and 12.

The main disadvantage of this method is that different
sets of patients contribute at different time points
depending on the pattern of missing data. Thus, this
method yields problems of comparability across time
points. Additionally, it does not control for any poten-
tial biases in the treatment comparisons, which may
occur due to dropout of patients. The procedure of
examining differences between groups of patients at
each assessment time point also leads to inflated Type I
and II errors due to multiple testing. An adequate
adjustment of the significance level of each test [11,12], or
a combination of individual test statistics into a global
statistic is then essential [13]. If many statistical tests are
being performed, it is possible to use a more restrictive
significance value such as P<0.01 or 0.001, thereby
reducing the risk of Type I errors. In the next section we
will discuss the Wei—Johnson procedure which allows
the per time point test statistics to be combined into one
overall test statistic [13].

3.2.2. Wei-Johnson
Overall tests of significance are generally preferable to
comparisons per time point. Overall tests allow general

Time n Pvalue Medians and 5 to 95 percentile range
Month 1 152 P=0.001
167 *
Month 2 144 P=0.001
151 .
Month 3 155 P=0.001
138 *
Month 6 122 P=0.092
133 *
Month 9 112 P=0.281
123 —_—
Month 12 102 P=0.743
104 d
0 25 50 75 100
Poor Excellent
= CEF
¢ EC+G-CSF

Fig. 4. Cross-sectional analysis of global health status/QL score dur-
ing the first year.
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statements about effects, are statistically more powerful
and provide a safeguard against multiple comparisons.
When overall tests yield statistically significant results,
they can be followed by exploratory comparisons per
time point. Wei and Johnson proposed a test [13], which
allows cross-sectional tests to be combined in an overall
treatment comparison. They illustrated how cross-sec-
tional Wilcoxon tests, Student z-tests or tests for 2x2
tables could be combined. In trial 10921, cross-sectional
analysis to compare the QL scores between the two
treatments at each of the time points were performed
using the Mann—Whitney test. These were then com-
bined using the Wei—Johnson method as illustrated in
Appendix B. The estimate of the Wei-Johnson test
statistic, when taking equal weights for each time point
(i.e. wy=1 for all j), is W=3.404 (P <0.001). Defining
the weights relative to the time period between mea-
surements for the six assessments at 1, 2, 3, 6, 9 and 12,
respectively yields w={0.5 0.5 0.5 1.5 1.5 1.5}. Note the
average of all the weights (w,’s) should be 1 (since the
first three assessments are taken 1 month apart they
receive a weight of 0.5 and the last 3, taken 3 months
apart, receive a weight of 1.5). In this setting, the Wei—
Johnson test statistic is W=1.812 (P <0.070). Various
alternative techniques for estimating weights could be
employed including estimating weights based on the
number of patients contributing to the analysis at each
time point.

Note, the Wei—Johnson procedure has all the dis-
advantages of the cross-sectional analysis presented in
Section 3.2.1 except that it produces an overall test and
therefore reduces the number of statistical comparisons.
Although the Wei—Johnson procedure allows one to
analyse the data in a longitudinal fashion it does not tell
us anything about the correlation structure. For example,
one might expect that QL measurements taken close
together are strongly correlated whilst measurements
taken at larger intervals are less correlated. Whilst,
cross-sectional studies are useful in describing between-
patient variability, explaining within-patient variability
necessitates the study of the repeated assessments over
time [14].

3.3. Categorical data

Although all of the above methods were illustrated
using the global health status/QL scale, most of the
methods (perhaps with the exception of the AUC
method) can be applied to the other scales which have
fewer potential categories such as the single item scales
of the EORTC QLQ-C30. For single-item scales with
binary or ordered categorical response scales another
summary measure could be the frequency of events.
This could be particularly useful for scales assessing
symptoms or toxicity. For example, in the QLQ-C30
one might be interested in the number of times patients

responded that they had “Quite a bit” or ““Very much”
trouble sleeping during the treatment period.

When performing cross-sectional analyses with ordi-
nal response categories an approach that is useful is to
compare proportions of patients with a certain cate-
gory. For example, instead of comparing the distribu-
tion of insomnia scores between the two treatment
groups, one could calculate the proportion of patients in
each group who report having “Quite a bit” or “Very
much” trouble sleeping. A proportion is one summary
statistic that is easy to describe and facilitates under-
standing of results. The Wei-Johnson procedure may
also be used to combine tests of proportions at several
time points into one overall test. Additionally, two pro-
portions can easily be compared using a Chi-square test.
Cumulative proportions are of particular relevance
when dealing with ordinal data and may be analysed
using odds ratios.

4. Discussion

Statistical methodology for analysing QL data has
developed rapidly over the last few years. In fact, the
analyses may be performed in several ways based on
different assumptions. However, due to the complicated
nature of QL datasets, care should be taken when
choosing a method for analysis since there is a risk of
drawing incorrect conclusions if inappropriate statistics
are used. Studies with inappropriate statistical method-
ology, due to lack of expertise, may be scientifically
useless and hence an unethical waste of valuable
resources. Additionally, erroneous conclusions may lead
to inappropriate treatment of subsequent patients.

In this paper, we investigated a number of different
summary measures and statistics for QL data. We illus-
trated that the conclusions drawn may be different
depending on the type of analysis performed. In our
analysis plan the primary analysis was defined as the
AUC method. Using this approach, no significant
overall difference was observed between the two treat-
ment arms during the first year after randomisation. By
definition, summary measures and statistics do not use
all the data collected and as such they may be con-
sidered wasteful. For example, they do not take into
account how patients’ scores change over time. Due to
this, study conclusions should not be based solely on
one summary measure or summary statistic, but should
be supported by additional analyses in the form of a
sensitivity analysis.

The additional analyses presented in this paper were
useful in gaining insight into the data and in under-
standing the impact of treatment on the patients’ QL.
Significant differences, at the 5% level, were observed in
favour of the CEF arm when the minimum, mean and
median summary measures were used. No significant
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differences were observed when the maximum score,
time to maximum score and AUC methods were
employed. When using summary statistics based on
cross-sectional analysis significant differences were
observed at months 1, 2 and 3 in favour of the CEF
arm. However no significant differences were observed
at later time points. When the Wei—Johnson test statistic
test, with equal weights, was used to combine cross-
sectional results into one single summary measure, a
significant difference in favour of CEF was found.

In conclusion, the main differences between the two
treatment groups occurs during the first 3 months where
QL scores are significantly lower in the EC+ G-CSF
arm (illustrated by the cross-sectional analysis and
minimum scores). The scores are borderline significantly
different at 6 months in favour of EC + GCSF, which is
probably due to the fact that patients were still receiving
treatment in the CEF arm whereas patients in the
EC+ G-CSF arm had recovered from treatment toxi-
cities. At later time points, there are no significant dif-
ferences between the two groups. As the summary
measures: minimum, maximum, mean and median
attach equal weight to each assessment they ignore the
time between assessments. The Wei—Johnson method
allows one to explore how associating different weights
to the various assessments yields different conclusions.
The AUC method yields an overall score for each
patient, which is calculated as a cumulative weight of
all QL scores weighted according to the time between
assessments. Thus, the difference between methods can
be explained in part by the weighting of time, e.g. short-
term differences versus overall differences. Unfortu-
nately, the QL study design did not request QL assess-
ments at months 4 and 5 during which patients in the
CEF arm continued to receive treatment. One could
hypothesise that patients in the intensified treatment
arm recovered rapidly from treatment toxicities after
going off-treatment due to the fact that the intensified
treatment included G-CSF.

It is clear that depending on the method of analysis
different conclusions could be reached. This highlights
the importance of choosing appropriate statistical tech-
niques. Secondly, as many statistical techniques may be
employed it is important to describe the primary statis-
tical analysis a priori in the study protocol. In the
statistical analysis plan for this study, we specified that
the primary analysis would be based on the AUC
method. In retrospect, for study 10921, the authors
concur that the AUC method provides a valid overall
assessment of QL during the first year. In general, the
choice of summary measure will depend on the patient
population (e.g. lung or breast cancer), the treatment
(curative or palliative) and the design of the clinical trial
for the clinical outcome (equivalence or difference).

As was mentioned earlier, summary measures may be
useful to reflect an important aspect of the data and

they have the advantage of being quite easy to calculate.
Once the appropriate summary measure has been
obtained for each patient the values can be used in a
simple treatment comparison. Similarly, summary
statistics are easily obtained for each assessment time
point. In general, summary measures and summary
statistics assume that there is no bias in the treatment
comparisons due to intermittent missing data or due to
patients dropping out of the study. This may not be the
case if patients do not complete the questionnaire
because they are unfit to do so or if they drop out of the
study due to progressive disecase or worsening clinical
condition. In practice it is usually impossible to con-
clude definitively whether dropout causes a bias in the
treatment comparison or not, since the required infor-
mation is not available. It is therefore important to
prospectively collect the reasons for missing QL assess-
ments. Curran and associates [15] discussed how the
bias due to dropout may be investigated and how it may
affect the study results [16]. They concluded that the
main issue is whether there is differential dropout in the
two groups. This is likely to occur when the clinical
outcomes (e.g. time to progression or progression-free
survival) differ between the two treatment groups.

Recently, much attention has been given to longitudinal
(repeated measures) analyses with possibly intermittent
missing data and missing data due to dropout of indi-
viduals from a study [14,17,18]. This includes graphical
techniques to explore the longitudinal structure of the
repeated measurements followed by statistical modelling
of the longitudinal measurements using selection models
and pattern-mixture models [19]. Unlike summary mea-
sures and summary statistics these approaches make
maximum use of the available data. For example, they
allow one to examine the correlation structure between
repeated assessments during model fitting and to
describe the between-patient variability and within-
patient variability; they take into account the fact that
patients with poorer scores may be more likely to drop
out earlier and therefore they produce potentially less
biased results; they allow the dropout rate to be differ-
ent between the two treatment arms reducing the bias
caused by dropout; they do not need to assume linear
change of QL scores over time; and they can circumvent
the problems which arise when the treatment schedule,
and thus the QL assessment schedule, is not synchro-
nised for treatment arms. Thus, using these more
sophisticated techniques provides a clearer overall
picture of the impact of disease and treatment on the
QL of patients. In the field of QL research, longitudinal
analysis of both categorical and continuous measure-
ments is a rapidly developing area with many methods
currently being explored [19-24]. Although, these tech-
niques require a higher level of statistical sophistication
from the analyst the results can easily be disseminated
and interpreted by a non-statistical audience.
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Appendix A

Using the trapezium rule the area under the curve is
approximated as follows:

1n71
AUC = EZ(IJ-H - lj)()’j +yj+1) O
j=0

where y; is the scale score at time #;. In the example
provided in Fig. 3, measurements are available at one
monthly intervals for the first 3 months (thus #;, 1—#,=1)
and at 3-monthly intervals during the subsequent peri-
ods (thus #;,,—¢;=3). For an individual patient with
global health status/QL scores: 75 58 67 50 75 83 75,
respectively at the seven assessment time points the
AUC is calculated as follows:

1I1
AUC = 3 (ti+1 = 1) (07 + yj1)
j

Il
o

((75 + 58) + (58 + 67) + (67 + 50)

N =

+ 3 x ((50 + 75) + (75 + 83) + (83 + 75)))
=849

However, the formula in Eq. (1) may be changed to
incorporate a parameter p (p € (0,1)), which allows
the rate of change between assessments to occur non-
linearly (see Fig. 3).

n—1

AUC =3 (11— 1)

7=0
x (min(y;, yis1) + pabs(y; — yji1))) @

For the special case where p=1/2, equations (1) and (2)
are equivalent. A sensitivity analysis may be performed
to investigate if changing the parameter p modifies the
conclusions with respect to treatment effect. Where abs,
absolute value; min, minimum.

Appendix B
Let U; be the Mann—Whitney test statistic obtained

for each cross-sectional analysis j, then the Wei—Johnson
statistic is defined as

W= |/ v
J

where V' is a covariance matrix of U= (U,,Us......,U))
and w is a vector of weights (w;) given to each cross-
sectional analysis ;.
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