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ABSTRACT
All too often in clinical trials the assessment of quality of life is seen as a bolt-on
study. Consequently insuﬃcient consideration is often given to its design,
collection, analysis and presentation, and its impact on the trial results and on
clinical practice is minimal. In many trials quality of life is a key endpoint, and
it is vital that quality of life expertise is involved as soon as possible in the design.
Setting a priori quality of life hypotheses will focus the decisions regarding which
questionnaire to use, when to administer it, the sample size required, and the
primary analyses. Nevertheless quality of life data are complex, and require much
skill in determining how to deal with multi-dimensional and longitudinal data,
much of which is often missing. There are no agreed standard ways of analysing
and presenting quality of life data, but there are guidelines, which if followed, will
add transparency to the way results have been calculated. Understanding the
impact of treatments on their quality of life is vital to patients, and it is up to
us, as statisticians and trialists, to present the data as clearly as we can.
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INTRODUCTION
Historically, the assessment of quality of life (QOL) has often been seen as an
additional substudy to a clinical trial where the primary outcome is usually survival.
This has often led to statisticians being presented with a large quantity of QOL data
at the end of a trial and being asked to analyze and interpret the results. This
can present numerous problems as there are no universally recognized methods of
analysis for biomedical data, and with the multitude of potential comparisons, can
lead to trawling through the data to ﬁnd an interesting result, which of course
may be completely spurious.
To avoid this dangerous scenario, QOL experts and statisticians need to be
involved from the very conception of the trial to ensure that QOL assessment is
appropriately included and that a priori hypotheses are formulated. Of course, this
might result in the assessment of QOL not being included in some trials, which
might save enormous amounts of time and eﬀort. However, similarly, making a
decision that the assessment of QOL is appropriate and setting hypotheses is also
likely to make this a cost-eﬀective exercise as it should ensure that a suitable QOL
sample size is deﬁned, that the correct questionnaires are used at the correct
timepoints, and that the appropriate analyses are stated to answer the QOL
question set.

QUALITY OF LIFE HYPOTHESES
When a priori hypotheses have been generated, analysis and interpretation can
potentially become straightforward as everything is set down in the protocol, compliance can be monitored, and interim analyses (for the purposes of independent
data monitoring committees) tested throughout the trial.
Problems occur of course when a priori hypotheses have not been set and when
compliance has not been monitored and chased, resulting in a dataset with much
missing data. Even in this situation there is an option to generate some retrospective
hypotheses, by surveying clinicians, nurses (Groenvold and Fayers, 1998), and=or
patients to clarify the important QOL domains, the key timepoints, and the degree
of diﬀerence that would need to be seen to make a signiﬁcant change in clinical
practice.
For those not familiar with QL hypotheses, it is worth presenting a couple of
examples.
In a United Kingdom Medical Research Council (MRC) trial comparing oral
chemotherapy with standard intravenous chemotherapy for patients with small cell
lung cancer (Medical Research Council Lung Cancer Working Party, 1996a), no
diﬀerence was expected in overall survival, but it was hoped that oral chemotherapy
would achieve equivalent palliation of key symptoms. The primary end point of
the trial was therefore formulated as ‘‘oral chemotherapy should achieve at least
equivalent palliation of major symptoms (a reduction in the sum of severity scores
for cough, pain, anorexia, and shortness of breath from baseline to three months).’’
A more complex algorithm was designed for a trial of two chemotherapy drugs
for patients with pancreatic cancer (Burris and Storniolo, 1997). In order to divide
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patients into those who ‘‘responded’’ to the therapies and those who did not, a number
of aspects were assessed and combined, as shown in Fig. 1. This is a very novel
approach and it is perhaps surprising that it has not been taken up in other trials.
Perhaps it is considered to be too complex, but putting eﬀort into designing
such a hypothesis at the start of a trial will probably save much more time and eﬀort
at the end.
Finally, in the Big Lung Trial (Stephens et al., 2002), which compared chemotherapy and no chemotherapy for all patients with non-small cell lung cancer,
no a priori hypotheses were set up. However, before the end of the trial, clinicians
on the Trial Management Group were asked to consider what changes in which
QOL domains and items would be suﬃcient to make them consider changing their
practice. Although not an ideal solution, it was felt that this would focus the
analysis. The result of this survey was that the comparison of global QOL at 12
weeks from randomization was considered the primary end point, and secondary
end points were identiﬁed as the levels of pain, dyspnoea, fatigue, and emotional
and physical functioning at 12 weeks.

Figure 1. Deﬁnition of a QOL responder in a trial of two chemotherapy drugs for patients
with pancreatic cancer (adapted from Burris and Storniolo, Eur. J. Cancer 1997, 33, suppl 1,
S18–S22).
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Sample Size
Setting clear QOL hypotheses will allow a sample size to be calculated. However,
one cannot assume of course that the sample size set for, say, survival will be
suﬃcient for QOL comparison. This would be especially true if a new treatment
was expected to result in improved survival but equivalent QOL. In addition, one
needs to take into account the likely level of missing data (forms not completed by
patients at the right time) and attrition (patient dropout, due usually in cancer
trials to death).

GUIDELINES FOR ANALYSIS
Before we consider the analysis options for QOL data, it is worth reiterating
two key messages. First, that the primary analysis should always be an intentionto-treat analysis and, second, that subgroup analysis should always be treated with
scepticism.

Intention-to-Treat
The aim of most randomized trials is to compare the treatment of patients with
policy A vs. policy B. If, for instance, policy A is a complex treatment and only half
the patients actually receive it, that is a key message from the trial, and removing
these patients from any analysis will give a false impression of the eﬃcacy of that
treatment. Future groups of patients will all be subject to the same rates of success
and failure.
Patients are often removed from analyses for a variety of reasons, but all of these
seemingly valid reasons can induce bias:
 Patients may not receive any of their allocated treatment, perhaps because
they change their mind or their condition deteriorates. This is likely to be
highly related to the treatment given, for example, if one of the arms is no
treatment, then no patients could be removed from this arm.
 Patients may receive some, but not all, of their treatment. Again this may
relate to the treatment, for example, many patients may not complete long
courses of chemotherapy.
 Patients may not be assessed. Before an assessment point for, say response,
is reached, patients may die or be lost to follow-up. Removing them from
the analysis will bias the result, as it will only be based on the compliant
surviving patients. To get round this, ‘‘deaths’’ can be treated as ‘‘failures’’
or alternative analyses found that take into account censored data.
 Further tests after randomization may indicate patients are ineligible. This
may only occur in one arm of the trial, as patients, for example, may need
extra investigations prior to surgery. Removing such patients would clearly
bias the analysis.
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 Independent review may decide patients are ineligible. Although it seems
extremely logical to exclude such patients, trials usually are trying to assess
how eﬀective a treatment will be in routine practice. It is unlikely then that
expert independent review will be undertaken routinely.
The one exception to the rule of intention-to-treat is equivalence or noninferiority
trials, in which using intention-to-treat may tend to dilute any eﬀect between the
treatments, making them appear more similar than they actually are.

Baseline
The baseline for all patients should always be the date of randomization. This is
the one common timepoint from which everything can be measured and compared.
Using start (or end) of therapy as baseline can potentially introduce many of the
problems listed above.

Subgroup Analysis
Unless prespeciﬁed, all subgroup analyses should be considered as exploratory.
As there will be an almost indeﬁnite number of possible subgroups, the chance of
ﬁnding a signiﬁcant result increases as the number of comparisons increases. Trials
are rarely powered for detecting such diﬀerences. Diﬀerences in diﬀerent subgroups
are more likely if there is an overall diﬀerence, as we are looking for quantitative
diﬀerences between subgroups. If there is a diﬀerence in subgroups, it is important
to consider whether this is plausible (e.g., is there a trend with increasing age or is
there external evidence showing the same thing).

ANALYSIS OF QOL DATA
When there are no a priori hypotheses, or even when there are and additional
exploratory analyses need to be conducted, the very nature of QOL data means that
there are a number of aspects that have to be considered and decisions taken:
 There will inevitably be missing data—can it be imputed or analyses used
which account for it?
 The data is multidimensional—can individual items be analyzed and
presented or, to simplify the data, can items be combined into domains
and subscales?
 The data is longitudinal, i.e., collected over time—can this be presented as
such or are methods of summarizing the data required?
Any of the above three aspects is diﬃcult to deal with, combined they make the
analysis of QOL data formidable.
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In this paper we will consider each of these three concerns individually and then
look at possible options for combining them in an attempt to assess palliation.

Missing Data
It is extremely diﬃcult to attain good QOL compliance, especially in multicenter
trials with patients who are often rapidly deteriorating. Compliance, the number of
forms completed at the correct timepoint as a proportion of the number expected,
has been reported to range from 23% to 96% in various trials (Hurny et al., 1992).
Sadura et al. (1992) showed that compliance of over 95% was possible given
adequate resources, running pretrial workshops for local QOL coordinators to
emphasize the need for QOL in the trial, and constantly monitoring and feeding
back information on compliance to individual centers. It is clear in most trials that
the problem with compliance is not the patient but the lack of commitment in the
local center.
The best answer to the missing data question is not to have any! Missing data
may severely restrict the analyses that can be done, and any conclusions based on
subgroups of patients with full data may not be generalizable even to the rest of
the patients in the trial, let alone future patients.
Compliance
It is important to present information on patients’ levels of compliance in
completing the questionnaires. This should take into account that questionnaires
have been completed at the speciﬁed timepoints and of course to check that any
ﬁndings are consistent across all arms of the trial.
It is unlikely that patients who complete all QOL forms will be truly
representative of the whole group of patients, for example, they have to be survivors.
This need not aﬀect the between-treatment comparison, as it is likely that the reasons
for noncompliance will be the same across all arms.
Hopwood et al. (1994) deﬁned compliance as the number of forms completed as
a proportion of those expected, expected being the number of patients alive at the
speciﬁed timepoint. They also suggested the use of acceptable time windows around
the speciﬁed timepoints to allow for some variation in patient treatment and followup. These might be narrow around key timepoints, wider for later timepoints, symmetrical, or asymmetrical (to allow for drift in follow-up assessment). Table 1 shows
compliance in the completion of the hospital anxiety and depression scale (HADS)
(Zigmond and Snaith, 1983) from an MRC trial of four drugs vs. two drugs for small
cell lung cancer (Medical Research Council Lung Cancer Working Party, 1996b).
It is inevitable that some data will be missing, and most often it will be missing
from the most ill patients, the very patients on whom it is most important to collect
QOL data. Data can be classed as missing completely at random (MCAR) when it is
not connected to any factor, missing at random (MAR) when it is unconnected with
patient characteristics but related perhaps to, say, a particular center, or not missing
at random (NMAR) when it is missing for a reason connected to a patient’s
condition, usually poor performance status. The fact that QOL data is nearly
always NMAR makes it extremely diﬃcult to impute, as the standard method for
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Table 1. Compliance in the completion of HADS forms in an MRC trial of chemotherapy
for small cell lung cancer.
Patients
Assessment
1
2
3
4
5

Time due (day)

Time window
(days)

Baseline (day 0)
Second cycle (day 21)
Third cycle (day 42)
Month 3 (day 91)
Month 4 (day 122)

7 to þ1
±14
±14
±28
±28

Dead
0
58
73
116
140

Alive
(forms expected)
310
252
237
194
170

Forms
received
237
166
138
82
64

(76%)
(66%)
(58%)
(42%)
(38%)

imputing missing data, extrapolating in some way from within (or outwith) the data
set, cannot be used. It would be illogical to impute data for patients who are unwell
and unable to complete forms from those who are relatively ﬁt and well and have
completed forms.
As opposed to missing forms, very few papers report the extent of missing items.
Although on average patients fail to complete, or choose not to complete, only a tiny
proportion of questions (Fairclough and Cella, 1996), this can still add up when
patients are expected to complete long forms at numerous timepoints.
Most standard questionnaire manuals suggest methods of dealing with missing
items (Cella, 1997; De Haes et al., 1996; Fayers et al., 1995). For example, if a patient
has answered three of four questions relating to anxiety in a positive way, it is
reasonable to assume that they would have answered the fourth in the same manner.
Thus when calculating a score for the anxiety domain, the missing answer can
be extrapolated from the other three. Most questionnaire manuals suggest that
if 50% of the items in a scale are available, the subscale score can be calculated.
However, this can still be a risky thing to do, and Fayers et al. (1998) list a number
of checks that should ideally be performed before any imputation of items.
Of course, much ‘‘missing’’ data may be from patients who have died, and
whereas in some circumstances this may be easily solved by allotting them the
worst score (for example, the Karnovsky scale includes ‘‘dead’’ as a category), it is
completely illogical to state that all dead patients have ‘‘severe cough’’ or are
considered to be a ‘‘clinical case of depression’’.
If properly carried out, imputation can restore balance to the data and permit
simpler analyses. Nevertheless, it is important to remember that any interpretation
of the results in the presence of an incomplete dataset are not as convincing as the
interpretation based on a complete dataset.
Graphical Summaries
A good starting point in getting a feel for the data may be, as suggested by
Machin and Weeden (1998), to simply plot the scores from a QOL questionnaire
against the time from randomization. Figures 2a and 2b shows the anxiety subscale
score from the HADS questionnaire (Zigmond and Snaith, 1983) for the two
regimens in the MRC small cell lung cancer trial (Medical Research Council Lung
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Figure 2. Anxiety subscale scores from the HADS questionnaire plotted against time from
randomization in patients receiving (A) four drugs and (B) two drugs in an MRC SCLC trial.
(View this art in color in www.dekker.com.)

Cancer Working Party, 1996b). This eﬀectively shows the increasing amount of missing data over time, the drift from scheduled assessment points, and also the increasing proportion of patients reporting lower scores (i.e., ‘‘normal’’ levels of anxiety).
However, whether the latter is a genuine improvement or merely an artefact of the
fact that all the patients with baseline anxiety have not completed questionnaires at
later timepoints cannot be deduced from this plot.
It can also be useful to plot individual patient proﬁles, and Fig. 3 shows the
patient reported scores from the Rotterdam symptom checklist (De Haes et al.,
1996) for ‘‘lack of appetite’’ for 12 patients (6 receiving continuous hyperfractionated
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Figure 3. Individual patients ‘‘lack of appetite’’ scores over time from the CHART trial.
(View this art in color in www.dekker.com.)

accelerated radiotherapy (CHART) and 6 conventional radiotherapy) in a lung
cancer trial (Saunders et al., 1997). This shows the variability both within and
between patients and also shows that missing data are common.

Multidimensional Data
Most standard QOL questionnaires include 30 to 40 individual items. While this
number may be necessary to cover the range of symptoms, side eﬀects and domains
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of QOL, it is almost always too many to analyze and present. The common solution
is to combine items into validated groups, domains, or a total score. In some scenarios, this is clearly the best option. For example, the HADS questionnaire (Zigmond
and Snaith, 1983) includes seven separate questions, that relate to anxiety, each with
four possible responses (scored 0–3). These seven questions are designed to be combined
to produce a range of scores from 0 to 21, which, in turn, can be subdivided into
three states (normal [scores 0–7], borderline [scores 8–10], and probably clinical
case [scores 11–21]). This would be almost impossible to do with one four-response
question, because of the complexity of QOL domains.
In other situations, it is suggested that all response scores relating to, say,
physical symptoms are combined (De Haes et al., 1996). This is much more
contentious, as, for example, chemotherapy for lung cancer may palliate presenting
symptoms (cough, shortness of breath, haemoptysis) but cause side eﬀects (nausea,
vomiting, alopecia). Simply adding all these scores together may suggest no change
in overall physical symptoms, which might in one sense, be accurate but equally
totally uninformative about the real eﬀect of treatment.
One suggested solution is to analyze by the domains ﬁrst and, where diﬀerences
are seen, to then analyze those domains by the individual items. However, this would
not work in the example given above.

Longitudinal Data
QOL data are often collected for extended time periods, which in advanced
cancer can often mean the remainder of a patient’s life, as it is important to
investigate not only the severity and duration of short-term transient eﬀects but also
any long-term and=or chronic problems with treatment. It is also important to
know, in certain situations, whether patients return to ‘‘normal’’ life following cancer
and its treatment. However, analyzing and comparing groups of patients with
varying amounts of data, due to attrition, are complex. Nevertheless, having
collected detailed longitudinal data, it would seem illogical to then reduce it to a
summary score, although, as we shall see later, this may be the only way to obtain a
statistical comparison.
Longitudinal data are often simply presented in a graphical format, which
on occasions can be extremely informative. In an MRC trial of two radiotherapy
schedules (39Gy=13f and 17Gy=2f) for the treatment of patients with inoperable
non-small cell lung cancer (Medical Research Council Lung Cancer Working Party,
1996c), data were collected using daily diary cards (Fayers et al., 1991) on which
patients were asked to report the severity of a number of symptoms and QOL aspects
each evening. The resulting plot (Fig. 4) of the proportion of patients reporting
dysphagia each day clearly showed that the longer radiotherapy schedule caused this
side eﬀect to be more severe, and of longer duration.
However, such descriptive plots can potentially be very misleading. An example
of this is Fig. 5a where the mean ‘‘activity of daily living’’ score for a group of
patients has been plotted over time (a low score indicates more diﬃculties with
walking, shopping, etc., and a high score indicates less problems). The plot
appears to show that the activity level of this group of patients is improving.
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Figure 4. Proportion of patients reporting dysphagia on daily diary cards in an MRC
radiotherapy trial. (View this art in color in www.dekker.com.)

However, if the group of patients is subdivided by the number of questionnaires
returned and then plotted for each subgroup (Fig. 5b), it is clear that the
presumed overall improvement is simply due to the progressive dropout of
patients with lower scores (Hopwood et al., 1994). Plots such as Fig. 5a and their
misinterpretation are common in the literature but can be clariﬁed somewhat by
stating the number of patients contributing to the plot at each timepoint along
the x axis.
An alternative is to only plot the scores from patients with complete datasets,
but this of course will undoubtedly greatly reduce the sample size. Also, as the data
will have come from patients who are survivors and compliers, the result may not be
generalizable to the whole trial population.
Summary Scores
An eﬀective way of dealing with longitudinal data is to derive a summary score
for each patient. Possible options could be the worst score reported, the best
score, the mean, the median, the area under the curve (AUC), or the last available
score. The advantage of using a summary score is that analyses are focused, statistics
are valid, missing data can be accommodated, and the calculation is relatively
straightforward and understandable to readers.
However, as there are numerous ways in which data can be summarized, it is
essential that consideration is given to the summary measure chosen. One might
chose the worst score in a trial evaluating a new less toxic treatment (although this
would take no account of duration) or the best score where the aim is to palliate
baseline symptoms. The pattern of change over time may also be a useful guide as
to the choice of the best summary score. Thus, for an increasing or decreasing line,
the regression coeﬃcient, ﬁnal value, or time to a certain value might be appropriate.
Whereas for a line that peaks, the maximum or time to maximum might be chosen.
Note that the use of the mean or median as a summary score can often mask a
proportion of patients with severe problems. An example of an inappropriate
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Mean ‘‘activity of daily living’’ scores. (View this art in color in www.dekker.com.)

summary might be the use of the mean anxiety score. Using the data from Fig. 2, the
mean score at all timepoints for the total group of patients in each arm would be <8,
but quoting such a mean score might easily infer that all patients report normal levels
of anxiety (deﬁned as a score of 0–7 for an individual patient) when this clearly is not
the case.
Rather than plotting the mean or median score over time, plotting the
proportion of patients who fall into a particular category (or categories) may be a
more logical approach. For instance, in the example above, plotting the proportion
of patients with baseline or case anxiety at each timepoint.
The choice of summary requires a good understanding of the patterns of change
likely to be seen, and thus a pilot or feasibility study may be an excellent opportunity
to collect this sort of information. For instance, two treatments may both cause
nausea and vomiting, but the duration may be much longer in one treatment than
in the other. This might then indicate the need to collect and compare data on
duration as well as severity.
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Area under the Curve
The calculation of the AUC seems like the most logical way to summarize each
individual patient’s total experience of a symptom, side eﬀect, or QOL domain. In
Fig. 3, the AUC summary score for each patient’s lack of appetite is shown in the
corner of each plot. In this example, the scores will range from 0 for a patient who
reports no lack of appetite for the whole time period to 3 where the patient reports
severe lack of appetite at every assessment. As with all summaries, there are
disadvantages with the AUC, for example, assumptions have to made that there is a
linear change between assessments: a patient experiencing a transient severe episode
may have the same summary score as one with a chronic mild problem and, as with
all summary scores, the ability to look at the pattern of change over time is lost.
Nevertheless, the AUC probably represents the best summary score, and once
decisions have been made about how to deal with missing data, the treatment groups
can be compared using the Wilcoxon or Mann-Whitney nonparametric tests. The
paper by Bailey et al. (1998) gives a good practical example of the use of the
AUC in a randomized trial.
As there is no agreed standard way of analyzing QOL data, it is often useful to
conduct a number of diﬀerent types of analysis to ensure that any conclusions are
not just a function of the approach chosen. In the analysis of longitudinal QOL data,
Qian et al. (2000) compared a variety of summary scores as well as a complex modelbased approach to assess the sensitivity of any results. They showed that for this
dataset at least, the analysis of simple summary scores produced similar results to
that of more complex methods. However, by analyzing the data in a variety of ways
they were able to reject inconsistent results that might otherwise have been wrongly
emphasized.
Time to, or Duration of, an Event
Time-to-event analyses are frequently used in trials, usually of course to compare
survival, but they can equally be used in the assessment of QOL to assess the time to,
say, the worst, or best, score. However, censoring may be more of an issue in this
situation. In survival analyses, surviving patients are censored at the last time seen,
and it is assumed that they will have the same survival as other patients who have
survived to this point in time. If we try to plot the time to improvement of a symptom,
is it reasonable to assume that patients who die without improvement can be censored
at the time of death and the assumption made that had they lived they too would have
been palliated? Such an assumption could lead to a treatment that, say, causes 50%
early deaths but palliates 25% of the survivors, appearing to be more palliative than
one that causes no early deaths and palliates, say, 45% of all patients.

COMPLEX MODELS
Most of the more complex analyses require ﬁtting a mathematical model to
the data. The two most common approaches are multivariate analysis of variance
(MANOVA) or mixed model (multilevel) models. Model-based analyses are theoretically more eﬃcient than all the analyses presented above because they explicitly allow
for correlation of repeated measures by including a covariance structure. Adjustments
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for other possible variables can be made and time or time-dependent variables can also
be included so that time-changing patterns can be considered. However, model-based
analyses make a number of assumptions and pose a large number of restrictions. For
example, MANOVA models only use complete cases, thus, some form of imputation
is required; mixed models assume data are missing at random.

INTEGRATION OF SURVIVAL AND QOL
The concept of combining QOL and survival into a single statistic is very
appealing, as it appears to overcome the subjective balancing of quality and quantity
of life. An argument against simple survival analysis is that patients can only be
classiﬁed in one of two states, alive and dead. In this situation, a patient who is bedridden with severe symptoms and a patient who is active and asymptomatic are both
categorized as simply ‘‘alive.’’ Quality adjusted life years (QALYs) are calculated on
the basis that a value (called a utility) between 0 (dead) and 1 (fully ﬁt) can be
assigned to various intermediate health states (Kaplan, 1993). The time spent in each
state can then be multiplied by this value to express survival in terms of QALYs.
It is important to consider who provides the utility rating (patient, doctor, society,
healthy individuals, etc.) and whether utilities change over time. Sensitivity analyses,
using diﬀerent utilities, may be necessary to conﬁrm results.
Clinicians and trialists have not in the main embraced QALYs, perhaps because
there is a feeling that this is an oversimpliﬁcation and there is still a desire to consider
all the various domains and items of QOL separately in order to make informed
decisions about treatments.
An alternative way of combining QOL and survival is TWIST (time without
symptoms and toxicity), which is a summation of the survival time during which
patients report no symptoms or toxicity (Gelber and Goldhirsch, 1986; Goldhirsch
et al., 1989). It is calculated by subtracting from the overall survival time periods when
symptoms or other clinical events were present. This requires deﬁning what events,
or what severity of events, are relevant and what the time penalty for each should be.

PALLIATION
Commonly, QOL data are collected with the aim of assessing palliation. It is
therefore perhaps worth spending some time looking at this aspect in detail.
The simplest way of assessing whether a treatment has had an eﬀect on symptoms is
to look at the proportions of patients reporting that symptom at a certain timepoint.
Such an analysis is called a landmark analysis.

Landmark Analysis
A landmark or cross-sectional analysis simply gives a snapshot of patients’ QOL
at a speciﬁc timepoint. One advantage is that all the data available at that timepoint
can be used, but choosing the most appropriate timepoint can be vitally important as
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shown by Curran et al. (2000). They compared global QOL at six diﬀerent timepoints in an analysis of two regimens for locally advanced breast cancer and showed
major diﬀerences in the treatments depending on the timepoint. In addition, simple
landmark analyses give no indication of how patients have improved or deteriorated
since the start of the trial or the start of treatment.

Improvement from Baseline
An alternative to the landmark analysis is to calculate the proportion of patients
who have had an improvement in a symptom (or symptoms) by a particular timepoint.
This limits the dataset to those patients with data available at both timepoints and to
those who had the symptom to start with, as in a typical cancer trial, most patients will
present with a multitude of symptoms and severities. Selecting a group of patients
with, say, cough at baseline who complete questionnaires at the correct timepoints
can drastically reduce the sample size, as shown in an extreme example in Table 2.
In an attempt to widen the deﬁnition of palliation to take into account all
patients’ experience, as well as duration and severity, Stephens et al. (1999) suggested
the following working deﬁnition:




Improvement—those presenting with moderate or severe symptoms must
improve (i.e., the symptom must become mild or nil),
Control—those presenting with a mild symptom must not get worse (i.e.,
must stay at mild or nil),
Prevention—those presenting with no symptom must not get worse (i.e.,
must stay at nil).

When patients experience improvement, control, or prevention, they can be
classed as successful palliation: if not, or if they die before the stated timepoint, they
can be classed as failures.

Table 2.

Patient sample for analysis.
4 Drugs

2 Drugs

154

156

Baseline form not completed
Baseline form completed outside time window
Missing data from baseline form
No cough reported on baseline form

16
18
0
30

28
13
0
16

Died before 3-month timepoint
3-month form not completed
3-month form completed outside time window
Missing data from 3-month form

39
12
16
0

27
22
21
0

Patients with QOL for analysis

23

29

Total Patients

Total
310

52 (17%)
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Table 3. Response criteria for functioning scales and global QOL (adapted from Langendijk
et al, Rad. Onc. 2001, 58, 257–268). Note that a low score represents poor QOL, and a high
score good QOL.
Improvement





Baseline score 0–59, with improvement of at least 5 points on at least two consecutive
assessments in the ﬁrst 3 months after the end of radiotherapy to a minimal value
of 40.
Baseline score 60–79, with improvement of at least 5 points on at least two consecutive
assessments in the ﬁrst 3 months after the end of radiotherapy.
Baseline score 80–100, with improvement of at least 5 points on at least two consecutive
assessments in the ﬁrst 3 months after the end of radiotherapy.

Control



Baseline score 60–79, with no change (i.e., < 5 points) on at least two
consecutive assessments in the ﬁrst 3 months after the end of radiotherapy.

Prevention



Baseline score 80–100, with no change (i.e., < 5 points) on at least two
consecutive assessments in the ﬁrst 3 months after the end of radiotherapy.

This working deﬁnition has already been reﬁned by another group (Langendijk
et al., 2001) to include the clinically signiﬁcant changes deﬁned by Osoba et al.
(1998) (see section below) as well as a deﬁnition for palliation of functioning scales
and global QOL. Table 3 shows the criteria for ‘‘response,’’ and other criteria are
listed for ‘‘no response’’ (no change or dead without palliation), ‘‘progression,’’
and ‘‘not evaluable.’’
Using these deﬁnitions, they showed that in patients with locally advanced
and metastatic NSCLC (non-small cell lung cancer) radiotherapy provided excellent
palliation, especially for haemoptysis, pain, and cough, and improved QOL,
especially emotional and cognitive functioning.

CLINICALLY MEANINGFUL CHANGES IN QOL SCORES
Although most methods of analysis can provide us with a p value to indicate the
level of statistical signiﬁcance, this inevitably needs to be interpreted into clinical
signiﬁcance. Given a large enough sample size, even a 1% diﬀerence can be shown
to be statistically signiﬁcant, but such a diﬀerence would rarely be enough to change
practice. There are two approaches to deﬁning clinical signiﬁcance—anchor-based
(comparing QOL scores to other criteria) and distribution-based (calculating an
individual patient or group eﬀect size) (Wyrwich and Wolinsky, 2000).
Osoba et al. (1998) correlated the results from patients completing the
European Organization for the Research and Treatment of Cancer Quality of Life
Core Questionnaire (EORTC QLQ-C30) on repeated occasions and also rating their
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perception of change since the last assessment. They found that when the functional
scale scores changed by 5–10 points (on a 0–100 range), patients described their
change as a little better (or worse). A change of 10–20 points correlated with a
moderate change, and one of 20+ with being very much better (or worse). While
King (1996), collating data from 14 studies agreed that a change of 5 or less
represented a small change, she suggested that the deﬁnition for a large change
diﬀered for each scale, thus the change needed to be 16þ for global QOL, 27þ for
physical functioning, but only 7þ for emotional functioning.
Such changes need to be taken into account when hypotheses are formed and
sample sizes calculated.

SUMMARY
There are still no widely accepted methods of analyzing QOL data, but some
general guidelines can be given:







Whenever possible, prespecify a number of hypotheses to act as the primary
and secondary QOL analyses. All other analyses should be regarded as
exploratory and hypothesis-generating.
Statistical analyses should be described in suﬃcient detail to allow other
researchers to duplicate them.
Use the intention-to-treat principle, and in all analyses account for all the
patients.
Consider analyzing the data in more than one way to conﬁrm that the results
were not model-dependent.
Graphical methods may be helpful, but it is always important to specify the
number of patients contributing to the plot at each key timepoint.
Nonparametric tests such as the Wilcoxon or Mann-Whitney may be more
appropriate, as QOL data are often skewed with ceiling or ﬂoor eﬀects
(e.g., patients with no symptoms cannot improve).

The importance of assessing QOL lies in presenting clinicians and patients with a
full description of eﬀects of treatments. Therefore, those of us involved in this work
have a great responsibility to assess, analyze, interpret, and present such information
to the best of our abilities.
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