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ABSTRACT

Multi-clinic trials in which patients are assigned at random
to two or more treatments within each clinic are considered for
analysis. A profile of repeated measurements initially and at
each of one or more follow-up visits are recorded for each
patient. The recorded data are assumed to be ordinal categorical
in the illustration, but discussion for continuous and nominal
data situations is also included. Univariate and multivariate
parametric, non—éarametric, and categorical data methods are con-
sidered as potential anélysis strategies. Selected strategies of
each type are compared and results presented for each of three
similar clinical trials. Recommendations for analysts faced with

similar problems are suggested with particular reference to missing

data situations.

Key Words Multivariate and univariate methods; repeated
measurements designs; ordinal categorical data;

multi-clinic trials
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1. INTRODUCTION

A commonly occurring experimental design is considered in
which patients (or experimental units) are allocated to two or
more treatments. The allocation may be an unrestricted random-
ization scheme or one in which blocks of patients are assigned to
different treatments at random so as to equalize the numbers of
patients in each treatment group within relevant strata. Usually
there are two treatments: an experimental and a control or
standard for comparison purposes. The follow-up of the treated
patients produces a profile of possibly correlated measurements
for each patient observed at several points in time. In addition,
a baseline observation provides a measurement on the study vari-
ables before the treatments are administered.

It is assumed that the general situation outlined here will
be carried out at several clinics or settings each involving a
group of patients or experimental units. A well defined protocol
must be agreed upon by the investigators in all the clinics to
assure good quality data.

This paper discusses several approéches to the analysis of
data generated by experiments of the type described and highlights
many of the issues involved. Hence, the main concern is statis-
tical practice and so many of the points covered may be contro-
versial. Numerical results are compared for selected methods

and recommendations concerning analysis strategies suggested.



2. NOTATIONAL CONVENTION

For notational convenience denote the groups of patients by
Gi’ i=1,...,g. One group of patients will be under study at one
particular clinic or setting. Denote the treatments by
Tj’ j=1,...,t, the profile of the measurements by Pk’ k=1,...,pP,
and the visits (or times) at which measurements are taken by
VZ’ £=1,...,v. If the measurements are categorical and categories
of the profile Pk are labeled m = 1,2,...,qk, study data may
be represented in an array as shown in Table 1. This array
identifies five patient groups (g=5), two treatments (t=2), a
profile of two measurements (p=2) taken initially and at two
follow-up visits (v=3), and assumes that each variable is cate-
gorical. The response for the first variable (Pl) is recorded
under three categories, and for the second variable (PZ) under two
categories. The (marginal)frequenqy with which a response may be

labelled i,j,k,1,m is denoted by r If some or all of the

ijkim®
data were interval, grouping of data would be necessary before
they could be presented as in Table 1. However, Table 1 does
represent the scope of data collected and is convenient only for
reference. In general the grouping of continuous variables for
analytic purposes is not recommended, although in specific
instances, for example where the quality of measurements is
doubtful, categorization may be desirable.

TABLE 1 HERE
The notation in Table 1 is different from that presented by




Koch et al. (1977). From a technical point of view, Koch et al.
(1977) give notation that is preferable but at the same time more
complicated. For example, the frequencies of Table 1 would be
more precisely referred to as marginal frequencies. The simplified

notation used here is adequate for the purposes of this paper.

3; ANALYSIS STRATEGIES

The analysis of this design when data are ordinal is of
considerable interest since it is possible to argue for éhe appli-
cation of statistical methods that are concerned with

A. Continuous data, i.e., traditional parametric methods

B. Ordinal data, i.e., non-parametric methods

C. Nominal data, i.e., categorical data methods.

General methods are available for the parametric and cate-
gorical approaches, both with an underlying linear model structure.
Smith, Gnanadesikan, and Hughes (1962) give a p;actical description
of MANOVA and Grizzle, Starmer, and Koch (1969) present an analo-
gous methodology for the analysis of categorical data. The non-—
parametric procedures are less flexible as, for example, in their
ability to handle interactions although some procedures for inter-
actions do exist in specific instances (Koch, 1969). However, in
any given situation, none of the foregoing approaches may be
entirely adequate. In the parametric case, there is concern

because the underlying data are not continuous; in the non-



pafametric case the investigator may worry about occurrence of many
ties; in the categorical data case, the cell sizes may not be large
enough to be confident that the required asymptotic results hold.

A further choice with cases A and B is between a multivariate
or univariate approach. If missing data were not an issue, then a
multivariate approach is iikely to be preferable. If there are
several missing data items (say 10% or more), then multivariate
analysis may be questionable due to the relatively large number of
data points that would need to be estimated in order to proceed
straightforwardly.1 However, salvation will not be in univariate
methods alone, as there is also need to demonstrate that it is

legitimate to ignore the missing data. One is concerned when the '

reason for the missing values is related to the treatment effects.
If, however, the missing data occur at random and not according to
some specific pattern, then standard univariate methods could be
applied at each time point.

Let us now conside; the application of different analytical
procedures to data taken from three clinical trials that were per-
formed to test the effiqacy of a new drug for psoriasis or atopic
dermatitis. In the first trial, the new drug was compared with a
placebo in each of five clinics. Up to 40 patients were randomly
assigned to drug or placebo within each clinic, i.e., nearly 20 pa-
tients per drug per clinic were included. For each patient, several
specific signs and symptoms related to the progress of the skin

condition were rated, each on a 1-5 scale, at the baseline visit ‘



and at each of three follow-up visits. An assessment of the initial
status of the disease based on the patients' reports of the con-
dition was rated on an ordinal scale at baseline. Only patients
whose conditioﬁ was stable or worsening were included. In addition
an overall evaluation score, again on a 1-5 scale, was recorded for
each patient at eacﬁ~follow—up visit. The overall evaluation sum-
marized the degree of improvement of the patient's condition over
baseline, and is the outcome (dependent variable) that is choseﬁ
here for purposés of illustrating relevant analyses. |

The othér two frials were essentially similar except for
differences in the control drug used, number of clinics involved,
and number of follow-up visits. In summary, the three trials to be
 considered may be specified as shown in Table 2. The data for the
overall evaluation scores collected during Trial I are listed in
" the Appendix. These data are representative of the data for all
three trials except that Trial III had very little missing data.
It can be seen that the trials are quite similar. Trial I has one
more follow-up visit than Trials II and I1I, and Trial III has one

fewer clinic.

TABLE 2 HERE
The questions of interest in the analyses of the three trials

were as follows:
A. Were there any differences between the test drug and the
control? Did the difference in drug effects change over time?
B. Were there differences between clinics as regards patient

outcomes and did such differences change over time?



It was recognized that clinic differences might

include differences between clinic settings, differences
between physicians who practiced in the clinics and the
way tﬁey rated patients, and differences in the types of
patients in each clinic. Some of the possibilities may
be excluded if a detailed protocol were followed closely.
However, the precise nature of clinic differeﬁces was
not a question that these clinical trials were designed
to address.

C. Were there different degrees (or reversals) of drug
effects for the different clinics and did such effects
change over t;me?

In statistical terms, the questions of interest may be

stated in terms of the significance of drug effects and drug by
visit interactions, clinic effects and clinic by visit inter-
actions, drug by clinic interactions and drug by clinic by visit
interactions.

Consider now, some selected univariate and multivariate
approaches for continuous, ordinal, and categorical data in turn.
These approaches will explore the presence and significance of
the effects of interest. Not all possible analysis strategies
will be covered but the analyses illustrated will give a flavor
for types of approaches which are relevant and available to the

analyst.



Univariate

a. ANOVA or ANCOVA. The initial severity may be used as a
covariate. Other coVariates such as age, sex or other demographic
or clinical variables may be appropriate in particular situations.
A separate analysis must be carried out at each time point.

Hence effects which interact with visit effects cannot be tested
directly. The_missing data at each visit should be explored to

see if there was any tendency for missing visits to relate to one
of the drugé. Such a tendency might invalidate the univariate
analyses at each time point. The model used in each analysis

might include drug, clinic, and drug by clinic effects. All these
effects are assumed to be fixed. Although one might argue that
clinic effects should be random, usually there are a small number
of clinics (say three to ten) that are specifically selected. No
random selection of clinics is attempted and by the same token gen-
eralization to all potential clinics is not attempted, at least using
statistical arguments. In this situation fixed clinic effects

are felt to be most appropriate.

Another approach ié to consider an analysis of '"last re-
corded visit minus baseline visit'scores. Patients who do not com-
plete the final visit (drop-outs) would appear in the analysis if
they attended one of the preceding visits. However, some justi-
fication of this analysis is needed to ensure no selective biases led

to patients on one drug dropping out more frequently than patients



on the other drug. Patients may drop out because they do not
perceive any drug effect or perhaps because they feel cured and
do not bother to return. Other reasons unrelated to the drug can
also cause missed visits or drop-outs.

Care should be taken to test assumptions associated with
the model. The investigator would expect a significant overall
model, significant covariate(s) and the equality of slopes of the
covariate(s) across cells. Exploration of the normality of
residuals can be undertaken, but may be unnecessary in the situ-
ation where competing analyses (i.e., non-parametric analogues)
are included for comparative purposes.

b. Non-parametric. Wilcoxon-Mann-Whitney tests (with
three or more treatments, Kruskal-Wallis tests) may be applied to
the outcome scores, a separate analysis at each time point. In
some situations, it may be argued that tests might be applied to
difference scores (Follow-up visit score minus Baseline Score). This
would provide an adjustment for baseline. However, it is not
possible to adjust for covariates in the non-parametric case in
the same way as for the parametric analysis.2 The tests may be
applied to each clinic separately and clinics pooled to test for
drug effects. Clinic effects may be ekplored using the Kruskal-
Wallis test, by comparing mean ranks for each clinic.

Unfortunately, the pooling of clinics may not be a straight-

forward matter. In the absence of clinic by drug interactions,




pooling may be defended since the patients from the different
clinics are similar statistically as regards drug effecté. If
clinic by drug interactions are present, it isvnot always easy to
defend pobling across clinics. Subgroups of clinics with similar
drug effects are good candidates for pooling. In addition, 1if the
net drug effect is in the same direction for all clinics, pooling
is still a reasonable strategy in the presence of clinic by drug
interactions, representing significant differences in the magnitude
of the similar drug effects. However, if one or more clinics show
a net drug effect in the opposite direction to the remaining
clinics, the possibility exists that there are different subpopu-
lations for which different inferences can be made as regards
relative drug efficacy. In this latter situation, a reasonable
strategy might be to pool those clinics in which the direction of

the net drug effect is the .same.

Univariate (quasi-multivariate) Analysis

ANOVA for repeated measurements designs is discussed in
Winer (1971), chapter 7. The technique could be applied here but
is not as preferable as MANOVA due to restrictive assumptions on
the form of the variance-covariance matrix. However, this pro-
cedure would allow for visit interactions to be tested directly.
Alternatively, approximate tests could be used as described by
Greenhouse and Geisser (1959), provided that a plausible basis

for their validity can be postulated.
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Multivariate Analysis
In the parametric and non-parametric cases, there are
options concerning the choice of multivariate vector, namely
A. one variable of the profile at the successive time
points--in this case the analysis is repeated for each
variable in the profile;
B. the entire profile of measurements at a given time
point--the analysis is repeated at each time point;
C. one "super" vector over both the profile of measurements
and time.
For the purposes here, the first of these options was selected.
Parametric and non-parametric strategies are multivariate analogues
of the univariate procedures outlined in A and B.
a. MANOVA. The initial severity may be used as a Qovariate.
If the outcome vector is one variable measured at successive follow-
up visits, then drug effects, clinic effects, drug by clinic inter-
actions, drug by visit interactions, clinic by visit interactions,
and drug by clinic interactions can all be tested using standard
methods as described in Smith, Gnanadesikan, and Hughes (1962), and
Cole and Grizzle (1966) using a two-way model with drug and clinic
main effects and drug by clinic interactions. However, some problems
can arise in the interpretation of the multivariate test statistics.
Significant differences may occur according to the criterion

of a multivariate test statistic that do not correspond to
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differences observed in univariate situations. For example,
consider the following hypothetical data in Figure 1 where the
mean improvement scores for each follow-up visit éver baseline is
plotted at three time points for two drugs. The two profiles look
somewhat erratic and may well lead to a significant drug differ-
ence based on a multivariate test of mean improvement scores
simultaneously over the three follow-up visits. However,

nearly all of the significant drug difference may be explained by
the presence of drug by visit interactions. Hence, interactions
with time (or any other variable on which the profile of multi-
variate observations 1s based) may be a factor as regards the
presence of (multivariate) main effects. Further, these main
effects are not always ihterpretable as differences in the same
way as univariate main effects since a significant difference may
not correspond to one drﬁg being better than the other. Uni-
variate test statistics at each time point will help clarify the
nature of the differences observed. However, a more definitive
assessment may be provided by a univariate test that averages the
drug effects over time or measures the trend of the effects over
time. Such univariate tests are really quasi—multivariate in the
sense that they summarize differences over several dimensions by
a one-dimensional quantity. In turn, this is analogous to any
multivariate test statistic which selects a one-dimensional

representation (such as largest root) of a multi-dimensional
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entity (a matrix of sums of squares and products).
FIGURE 1 HERE
b. Non-parametric. Multivariate extensions of the Kruskal-

Wallis test may be applied to test for drug effects, clinic
effects, drug by visit interactions, and clinic by visit inter-~
actions as described by Koch (1969). Similar comments apply to
the interpretation of the multivariate test statistics as in the
parametric case.

c. Categorical Data Analysis. The methods described in
Grizzle et al. (1969) may be applied to the mean scores at each
time point for each of the drug by clinic subpopulations to pro-
duce categorical data analogues of the MANOVA tests outlined in
(a). However, one difference here between the methods of Grizzle
et al. (1969) and MANOVA is that covariates (e.g., initial score)
cannot be included in the model in the same way as in MANOVA.
The initial score may be incorporated into the Grizzle et al.
(1969) analysis by analyzing difference scores, or by increasing
the number of subpopulations according to initial visit scores.3
The latter is often impractical as the cell sizes may become too
small. The former may or may not be appropriate, depending on
the scale of measurement as is the case with the non-parametric
approach if difference scores are selected for analysis. It
should also be emphasized that the analysis of categorical data
using maximum likelihood rather than weighted least squares may

be equally appropriate. The maximum likelihood approach is
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described fully by Bishop, Fienberg, and Holland (1975).

An alternative categorical procedure that is reievant but
not presented here is the Mantel-Haenszel (1959) test which allows
the results from different investigators to be combined to gener-
ate a x2 test of tfeatment differences. Mantel and Haenszel also
described a one degree of freedom test for the qx2 case. This
would apply to the trials considered here as there are two drugs
and q=5 ordered response categories for each clinic. This test
was extended by Mantel (1963) to the gxt case, (i.e., q ordered
categories, t treatments for each clinic). Landis et al. (1977)
discuss general procedures for the qxt case as an extension of a
partition strategy used by Koch and Reinfurt (1974). Thus, both
(g-1)%(t-1) degrees of freedom test statistics as well as one
degree of freedom tests like those of Mantel are considered.

Parametric, non-parametric, and categorical multivariate
procedures were applied to data from Trials I, II and III carried
out on human subjects. The measurement profile considered here
comprises just one variable, an overall assessment of improvement
over baseline, rated subjectively on a scale 1-5 (1 = recovery,
through 5 = condition worsened; see Appendix for definitionms).

In the parametric case, a MANOVA was performed using a fixed
effects model that included drug effects, clinic effects, drug by
clinic interactions, and initial severity as a covariate. The

multivariate response was the outcome at the successive follow-up
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visits. For the non-parametric analysis, the methods of Koch
(1969) were used to test for drug effects,clinic effects, and
their interactions over follow-up visits. The categorical data
analysis used a saturated model that included drug, clinic, and
visit main effects and all possible second and third order inter-
actions. The increases (Qc) in the goodness of fit x2 statistics
(Q) as the different effects were eliminated from the model were
used to test the significance of each of the effects in turn
[see Appendix I in Koch et al. (1977)].

Initial severity was a suitable covariate and for that
reason was included in the MANOVA model. However, the covariate

did not really contribute to the model from a statistical view-

point and so the p-values presented would hardly change if the
covariate was excluded. No comparable adjustments were carried
out in the non-parametric and categorical data cases partly
because of the MANOVA results for testing the model. In the
categorical data case, further subpopulations could have been
used but this would have reduced the cell sizes considerably. An
entirely satisfactory non-parametric adjustment procedure is not
available.

Trials I and II had about 10% of the data points missing
for the follow-up visits but Trial III had very few missing data
points. All missing values were estimated using mean values of

all patients, regardless of drug, in the same clinic, and who
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initially were of comparable severity. This procedure tended to be
conservative as regards exploring drug effects since the estimated
valuesbsubstituted for missing data were averages of responses for
both drugs. Comparable univariate tests excluding missing data were
carried out in most parametric énd non-parametric cases for Trials I

and II, and the results for these tests are indicated in parentheses.

4, DISCUSSION

The results of the tests performed are shown in Table 3.
Overall, the results from the different approaches are reasonably
similar. There seems to be a tendency for the analysis of Grizzle
et al. (1969) to give smaller p-values, sometimes considerably, than
those for the corresponding parametric and non-parametric analyses.
One reason for sﬁch small p-values may be the relatively small sam-
ple sizes which were involved for each clinic by treatment combina-
tion as they relate to asymptotic results. The situations in which
all three tests reached significance, say at the 0.05 level, would
appear to be definitive. More equivocal situations are represented
by the cases for which one or two of the tests reached significance
and the remainder did not. For example, the drug by visit inter-
actions are significant for Trial II at the 0.05 level (p=0.035)
for the non-parametric test, but are not significant in the para-
metric and categorical analyses. However, some of the equivocal

situations may get resolved if there are corresponding
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univariate and multivariate analyses. For example, in Trial I

the non-parametric test for clinic effects at Visit 2 is not
significant at 0.05, in contrast to the parametric and categorical
data tests. However, all three of the Visit 1 tests are signifi-
cant as well as the corresponding multivariate tests. Such
overall consistency argues for the presence of clinic effects.
Specific clinic differences would then warrant further investi-

gation.
| For Trial II, the éZEEES?IEZi"HZEa tests point to
significant clinic by drug interactions. The MANOVA analysis
appears to support this although the multivariate test (p=0.065)
does not quite reach significance if the 0.05 criterion is used.
The interactions serve to caution the analyst as regards pooling.
The corresponding univariate tests are significant, however. Also,
plots of the drug effect for each clinic show the interactions to
be due to the varying degrees of drug effect in the different
clinics rather than reversals of effect. Hence, the pooled non-
parametric results are felt to be valid in this case.

In a given situation, the user would probably feel more
comfortable with an actual recommendation as to which method to
use. However, the problem of missing data must be discussed
before recommendations are given. Problems which can be deferred

to the statistician are often the responsibility of study manage-

ment rather than mathematical wizardry. Missing data fall into
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this category and should not be a statistical problem, rather omne
of good management and careful implementation of protocol. There
are several statistical techniques available to deal with missing
data but they either make assumptions which might be difficult to
defend (e.g., using a mean value to substitute for the missing
datum or perhaps using a more sophisticated model to estimate
missing values) or they are so conservative that it is doubtful
that significance could ever be obtained if they were applied
(e.g., score treatment values which are missing as "worst possible"
situation, and control values that are missing as the '"best
possible').

The problem of missing data gets more formidable, of course,
in the multivariate situation where if one or more components of
the vector are missing, then the whole vector must be ignored or
the missing component(s) need(s) to be estimated. An ad hoc
guideline that may be reasonable is to aim for less than five
percent of the total number of data points missing. In this
situation study management can be taken to be adequate as far as
data collection is concerned. Ten percent or more missing data
may be inadequate and missing data not estimated in this situ-
ation. Between 5% and 10% could be regarded as a no-man's land
where the analyst can proceed with missing data techniques but

caution should be observed.
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If sample sizes are moderately large (five or more per cell
and 20 or more per degree of freedom) and there are less than five
percent missing data, then MANOVA, multivariate non-parametric and
the methods of Grizzle et al. (1969) are about equally desirable.
Familiarity or ease of access to particular computer programs may
well be the deciding factor. Other factors to be included in the
analysis may also be important. For example, if covariates were
critical to the analysis, MANOVA may be the procedure of choice
as the adjustments could be handled more satisfactorily.

With moderately large cell sizes but more missing data (10%
or more), the ratio estimation procedure of Stanish et al. (1978)
is likely to be preferable provided the assumption that missing
data occur at random can be justified. This recommendation is
made because of the ease with which the analyses may be conducted
with one computer ﬁrogram MISCAT, described in Stanish et al.
(1977). However, if covariates were essential to the analysis,
cell sizes may become small due to too many subpopulations. In
this case the ratio estimation procedure 1is not to be preferred
and one may have to resort to an elaborate model to estimate
missing values or perhaps be content with supporting a MANOVA
analysis with univariate analyses at each time point ignoring
missing data. With intermediate amounts of missing data and
moderately large cell sizes, the analyst may select either the

MANOVA, multivariate non-parametric or categorical analysis,
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depending on arguments that are relevant in any particular situa-
tion.

If cell sizes are small, which is usually the case, then
the missing data must be limited to five percent in order to be
able to justify the analysis with some confidence. The choice‘now |
is between MANOVA and non-parametric analogues. The non-parametric
procedures are usually preferred because they need less assunip-
tions. It is common to derive non—parametrié tests for location
under the assumﬁtion éf variance homogeneity (see Hollander and
Wolfe, 1973) which is a more stringent requirement in practice
than normality due to the cénvenient relevance of central limit
theory.' However, non-parametric procedures which test for
differences in location as well as more general differences be-
tween distributions may also be derived from the underlying
randomization distributions and, of course, the only‘assumption
required in this case is randomization itself. In practice, the
randomization distributions are not worked out and instead,
normality of these distributions is assumed. In turn this is
justified by randomization central limit theory which require no
assumptions of variance homogeneity. waever, a lack of homo-
geneity will reduce the power of the tests to discriminate against
corresponding alternatives. It should also be noted that the
speed of convergence of the randomization distributions to normal-

ity when there are many ties may be a problem as regards the
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noﬁ-parametric procedures. Uhfortunately, computationally practi-
cal non-parametric techniques are not available to test for drug
by clinic interactions, and so a parametric procedure such as
MANOVA needs to be used. In practice, the MANOVA and multivariate
Kruskal-Wallis tests canige expected to give similar results in
practical situations, as was demonstrated in this section, and so
both tests may be used to confirm borderline cases of significance.
The final case.to consider is smaller cell sizes and a good
deal of missing data (10% or more). In this situation one can
turn to univariate analyses igndring missing data at each time
point and for each variable in the profile. Other relevant
approaches are more complex and require assumptions of multi-
variate normalityl. However, the univariate approach ignoring
missing data must be defended by testing the equality
of missing data proportions in treatment subpopulations. If rea-
sons for missing data are available, then additional comparisons
of the relative frequencies of reasons for treatment subpopulations
should enable the reseércher to conclude whether or not it is
justifiable to assume missing data occurred at random. However,
small cell sizes will be a problem in any analysis of missing data
proportions and so it may not be possible, in some cases, to carry

out an analysis which is entirely defensible on statistical grounds.

5. CONCLUSION

Multiple analyses involving two or more distinct approaches
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to the analysis as presented iﬁ Table 3 has much appeal, and we
recommend a dual.analysis approach for the following reasons.
First, it safeguards against errors, particularly major ones, as
the analyst looks for coﬁparable results. Second, there is usually
a greater feeling of comfort on the part of the analyst as regards
degree of belief in the conclusions suggested. The second analysis
provides a confirmation. Of course, it may be argued that the dual
analysis can lead to ambiguity, since one test may be significant
and the other not so. However, ambiguity only arises if both
analyses are treated as compelling. If instead, one of the
approaches is treated as the procedure of choice and the other a
supportive analysis, no such ambiguity arises. Further, if the
conclusions are based partly on p-values rather than significance
levels alone, there is even less potential for ambiguity. In this
situation there are three poséible conclusions:

1) Yes there is a difference

2) No difference has been demonstrated

3) The results are suggestive of a difference but

not definitive.

However, it must be remembered that p-values implied by statistical
tests are, in practice, approximations to the actual p-values.
Provided the distributions are not excessively degenefate, the
approximations are usually adequate for moderate sample sizes

except for the cases of small p-values. Large samples may be
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needed to accurately reflect p-values as low as 0.00l.

Finally, it is stressed that other considerations may be
relevant and should be incorporated before a conclusion is reached.
These might include data from other clinical trials, other types
of medical evidence, data quality, and the implications of an
erroneous conclusion. Unfortunately, it is unlikely that an
algorithm for statistical analysis can be devised which will
reflect all of the necessary features. The analysis will be
based on a model that approximates the truth and so ﬁhe results

should always be used in concert with good judgment.
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FOOTNOTES

Specialized analysis approaches have been devised to deal with
missing data for multivariate problems. See, for example,
Hocking and Smith (1968) or Orchard and Woodbury (1972).

More recently, Stanish, Gillings, and Koch (1978) have

devised an approach based on linear models for categorical
data. ‘

Indirect tests are sometimes possible. These are undertaken
by subtracting the (multivariate) Kruskal-Wallis statistic

for comparing treatments with respect to the covariables

alone from the joint (multivariate) Kruskal-Wallis statistic

for comparing treatments with respect to both the dependent

variables and covariables simultaneously.

Alternatively, the initial score may be taken into account by
subtracting test statistics pertaining to it alone from
multivariate test statistics involving both it and specific
visit scores. This strategy is essentially the same as that
outlined in footnote 2. Its application is illustrated in

Grizzle, Koch, and Sen (1977).
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Data Array for a Class of Multicenter Clinical Trials with a
Profile of Repeated Measurements - Categorical Data Case

TABLE 1
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Visit/

Profile/
Category

Group/
Treatment

T 1 R

. Tijklm

To0l11 v v v e e e e e e e e e e

i denotes
j denotes
k denotes

£ denotes

. m denotes

rijkﬂm denotes (marginal) frequency of response

groups, i=1,...,g (=5)

treatment, j=1,...,t (=2)

measurement from among profile, k=1,...

visit, £=1,...,v (=3)

category, m=1,...,qk; (q1=3 and q2=2)

sP (=2)
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TABLE 2

Summary of Three Clinical Trials

Trial
' Trial I Trial II Trial III

Specifications

g = number of clinics 5 5 4
t = number of drugs 2 2 2
v = number of visits® 4 3 '3
p = number of outcomes 1 1 1
q = number of ordinal 5 5 5

categories for the
outcome measurement

a
The number of visits is the number of follow-up visits plus an

initial visit.
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over
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30

—
-
Mean improvement
for drug 2
+ } f
Follow-up Follow-up Follow-up
Visit 1 Visit 2 Visit 3

Fig. 1. Hypothetical data of mean improvements

for two drugs at three follow-up visits




APPENDIX 31
DATA LISTING FOR TRIAL I
a DRUG 1 b a DRUG 2 b
Initial  Visit 1° Visit 2= Visit 3 Initial™ Visit 1° Visit 2~ Visit 3
3 3 0(3.0° 3 3 4 3 3
3 3 2 2 3 4 4 4
4 3 2 2 4 4 5 4
3 2 2 1 3 4 4 5
3 3 2 2 3 4 4 4
4 2 1 3 4 4 4 4
4 1 1 1 4 4 0(4.0) 0(4.0)
4 1 1 1 3 4 4 0(4.0)
5 5 0(5.0) 0(5.0) 3 2 2 0(3.1)
Clinic 1 3 1 1 1 5 3 3 4
4 4 4 4 3 4 4 4
4 3 1 1 3 4 4 0(3.1)
4 1 1 1 4 4 4 0(4.0)
4 3 3 3 4 4 5 0(5.0)
4 1 1 1 4 4 4 0(4.0)
3 1 1 0(3.1) 3 4 0(3.0) 0(3.1)
3 4 4 4 4 1 1 0(2.3)
3 3 0(3.0) 0(3.1) 3 4 4 4
4 0(2.8) 1 0(2.3)
n 19 18 16 15 18 18 16 9
(19) (19) (19) (18) (18)
‘ X 3.63 2.44 1.75 2,00 3.50 3.67 3.69 4.00
(2.46) (2.05) (2.29) (3.67) (3.81)
s 0.60 1.25 1.07 1.13 0.62 0.84 1.01 0.50
(1.22) (1.27) (1.24) (0.97) (0.67)
DRUG 1 DRUG 2 b
Initial? visit 1 Visit Zb Visit 3b Initial?® visit 1 Visit 2 Visit 3
3 3 3 3 4 3 3 3
4 2 2 2 4 4 4 4
4 3 2 2 4 2 2 2
4 4 0(4.0) 0(4.0) 4 4 4 0(4.0)
4 2 2 2 4 2 2 2
4 2 2 1 3 3 3 0(2.3)
4 3 3 3 4 4 4 0(4.0)
3 1 1 1 4 4 3 3
4 3 1 1 4 5 0(5.0) 0(5.0)
Clinic 2 4 2 2 1 3 1 0(2.6) 1
3 2 0(2.6) 1 3 4 2 4
3 3 4 4 4 5 0(5.0) 0(5.0)
5 2 2 2 5 4 5 0(5.0)
4 2 1 1 4 4 4 3
4 3 4 4 5 3 4 4
4 1 1 1 4 4 3 3
4 1 1 1
' n 17 17 15 16 16 16 13 10
] (17) an (16) (16)
x 3.82 2.29 2.07 1.88 3.94 3.50 3.31 2,90
(2.21) (2.00) (3.48) (3.39)
s 0.53 0.85 1.03 1.09 0.57 1.10 0.95 0.99
(1.08) (1.17) (1.05) (1.18)
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DRUG 1 DRUG 2

Initial?® Visit 1P Visit 2P visit 3P Initial® visit 1b visit 2P

Visit 3

4 0(2.4) 4 4 3 1 1 2
4 3 2 1 4 2 2 3
5 1 0(3.0) 1 3 2 2 3
4 1 1 1 3 3 5 5
3 2 1 0(2.5) 3 2 2 2
4 2 1 1 4 3 3 3
3 1 1 1 3 3 3 3
4 2 2 2 5 4 3 3
Clinic 3 3 1 1 1 4 4 4 5
4 3 3 4 5 4 0(4.0)  0(4.0)
3 2 2 1 3 3 0¢2.0) 5
3 2 1 1 5 4 3 4
4 2 1 1 3 2 3 3
4 2 2 2
4 3 2 1
4 2 1 1
4 2 2 1
n 17 16 16 16 13 13 11 12
(17) (17) (17) (13) (13)
% 3.77 1.94 1.69 1.50 3.69 2.85 2.82 3.42
(1.97) (1.77) (1.56) (2.85) (3.46)
s 0.56 0.68 0.87 1.03 0.86 0.99 1.08 1.08
(0.67) (0.90) (1.03) (1.07) (1.05)
DRUG 1 DRUG 2
Initial® Visit 1P visit 2P visit 3P  Inicia1? visit 1P visit 2P visit 3P
3 1 1 1 3 3 3 3
3 1 1 1 3 4 4 4
3 2 2 1 3 1 1 1
3 2 2 1 3 2 2 0(2.0)
3 1 1 1 3 2 2 2
3 3 2 1 3 4 4 0(4.0)
3 2 2 2 3 1 1 2
3 1 1 1 3 2 3 3
3 3 1 1 3 4 3 3
Clinic 4 3 2 2 2 3 3 3 3
3 3 2 2 4 3 3 4
3 3 3 2 3 3 3 4
3 1 1 1 3 3 3 3
3 1 1 1 3 5 0(5.0)  0(5.0)
3 3 3 3 3 2 2 1
3 1 1 1 3 4 4 4
3 2 2 2 3 4 3 3
3 2 2 1
n 18 18 18 18 17 17 16 14
(17) an
% 3.00  1.89 1.67 1.39 3.06 2.94 2.75 2.86
(2.88)  (3.00)
s 0.00 0.83 0.69 0.61 0.24 1.14 0.93 1.03

(1.05) (1.12)
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APPENDIX (Continued)

s DRUG 1 b b s DRUG 2 o b
Initial Visit 1b Visit 2 Visit 3 Initial Visit 1b Visit 2 Visit 3
4 2 1 1 4 2 2 1
3 4 3 3 4 4 4 4
5 3 0(1.8) 0(1.5) 4 4 4 4
3 2 1 1 4 4 3 4
4 0(2.9) 3 2 3 4 4 0(4.0)
4 3 0(2.6) 0(2.4) 4 4 3 3
4 2 2 2 4 2 2 2
4 2 2 2 3 4 4 0(4.0)
) 4 2 2 1 5 4 3 3
Clinic 5 5 2 1 1 4 4 3 3
3 1 1 0(1.0) 4 3 3 3
3 2 1 1 4 2 2 1
3 3 2 2 3 4 3 3
5 2 2 1 4 4 4 4
5 1 1 1 3 4 4 3
4 2 1 1 4 4 3 3
3 4 3 3
n 16 15 14 13 17 17 17 15
o _ (16) (16) (16) (17)
X 3.94 2.20 1.64 1.46 3.77 3.59 3.18 2.93
(2.24) (1.71) (1.49) (3.06)
s 0.77 0.78 0.75 0.66 0.56 0.80 0.73 0.96
(0.77) (0.73) (0.65) (0.97)

3ror the initial visit: 3 = stable; 4 = slowly worsening; 5 = rapidly worsening.

bFor each of the follow-up visits:

1 = excellent; better than 75% clinical improvement over baseline

2 = good; better than 50% but less than 75% clinical improvement over baseline
3 = fair; better than 257 but less than 50% clinical improvement over baseline
4 = poor; less than 257 improvement or no improvement over baseline

5 = exacerbation; worsening of the condition.

CFor the body of the table, the values in parentheses are estimates of the missing
values, denoted by zeroes. These were estimated or specified in a manner conservative
to the comparison of the drugs. For the bottom margin of the table the statistics

.1n parentheses are obtained including the estimated missing values; the other

statistics exclude the missing values.



