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Abstract

SUZANNE EDWARDS Statistical Methods for the Analysis of Adverse
Experience Data from Clinical Trials of New Drugs (Under the
direction of GARY G. KOCH)

In premarkefing clinical trials of new drugs, data are collected to
evaluate both the efficacy and the safety of the new drug relative to the
control(s). One aspect of the safety evaluation is the ascertainment of
adverse experiences (e.g., headaches, nausea), which occur during the
treatment period. The usual analysis of these adverse experience data
has been simply to tabulate the percent of patients in each treatment
group who had each of the adverse experiences of interest. In this
presentation, alternative methods for summarization and analysis of
this type of data are discussed.

Four attributes of adverse experiences are delineated: occurrence/
non-occurrence, severity, frequency/duration, and timing. Summary
measures characterizing each of these attributes are constructed, and
design- and model-based methods for analysis of these summary
measures are discussed. The design-based methods include randomi-
zation statistics with covariate-adjustment and/or stratification, exact
tests, and nonparametric tests for group comparisons of time to first
adverse experience. Model-based methods include logistic regression
for dichotomous response variables, extensions of logistic regression
for ordinal variables, weighted least squares methods for analysis of
counts and rates, and Cox bregr‘ession and piecewise exponential

modeling for time to first adverse experience.



The analyses are illustrated using data from two randomized
placebo-controlled trials: a short-term trial of a new combination
antihistamine/decongestant drug, and a medium length trial of a new
antidepressant. A third example involves the analysis of a series of

trials for a new analgesic.
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Chapter I
Introduction to Adverse Experience Data in Clinical Trials

{.1 Introduction

In clinical trials of new drugs, the analysis of safety data, particu-
larly the analysis of adverse experiences, is often not as extensive as
the analysis of efficacy data. There are many reasons for this.
Adverse experience data are difficult to quantify and standardize, since
many of the commonly occurring reactions are subjective, e.g., head-
ache, nausea. Furthermore, the determination of a causal link between
an adverse experience and a particular drug can be exceedingly diffi-
cult. During the course of a clinical trial, the adverse experiences
occurring in the group treated with the experimental drug are not
necessarily due to the pharmacological action of the drug. They may
be due to the illness being treated or an unrelated illness, due to some
aspect of the drug-taking experience (viz. the placebo effect), or due to
the action of or interaction with other medications. |

From a statistical point of view, the analysis of safety data is
often awkward because one wants to confirm, rather than disprove, a
null hypothesis, i.e., that the drug is safe. Failure to show the drug is
unsafe does not imply, of course, that the hypothesis of safety is true.
Furthermore, clinical trials are generally not designed to provide

statistically powerful tests of safety. The early phase clinical trials



enroll very few subjects and the later trials are designed primarily to
address questions of efficacy rather than safety.

The types of adverse reactions most amenable to statistical analy-
sis are those which occur with some frequency. The investigators may
be able to anticipate some of these reactions based on their knowledge
of the pharmacological activity of the drug and the results of animal
experiments. Unexpected and unusual drug reactions may also occur,
especially if a sufficiently large population is studied for a sufficiently
long period of time. However, in the entire series of premarketing
clinical trials, the new drug is tested in at most a few thousand
subjects, most of whom are treated for less than a year. Therefore it
is not possible before marketing to discover adverse drug reactions
which have either a low incidence rate or a long latency period.
Although post-marketing surveillance is undeniably important in the
detection of adverse reactions, careful collection and analysis of the
data from premarketing trials are important for several reasons
(Skegg and Doll 1977): (1) The commonest reactions are often the most
important, (2) Common minor reactions may be clues to rarer, more
serious ones, and (3) Suspicions raised in premarketing trials may lead
to more effective post-marketing monitoring.

The drug sponsor needs to determine the extent and intensity of the
adverse reactions the drug may be expected to produce in the potential
user population in order to decide whether use of the drug poses an
unacceptable level of discomfort or risk. If the drug is marketed, this

information is also necessary for labeling, so that the drug can be




appropriately prescribed.

Currently, adverse experience data are presented to the Food and
Drug Administration (FDA) in the form of listings and tabulations,
often without any accompanying statistical analysis; for trials where
few adverse experiences are reported this may be sufficient. The
purpose of this dissertation is to explore alternative strategies for
analysié of this type of data in premarketing clinical trials. The
analyses will be illustrated using data from two randomized parallel-
designed placebo-controlled clinical trials, a short term trial of a
combination antihistamine/decongestant, and a medium length trial of
an antidepressant. A third example involves the analysis of a series of
trials for a new analgesic. The data are used only to illustrate the
methodology, and the statistical results presented are not intended to
have specific implications for the three general classes of drugs under

consideration.

{.2 Terminology

In the literature, several terms are commonly used to denote a non-
beneficial effect from a drug: adverse drug reaction (ADR), side
effect, and drug toxicity, among others. The term "adverse drug
reaction” is frequently used in the context of post-marketing surveil-
lance. The World Health Organization has defined an ADR as "any
response to a drug which is noxious and unintended, and which occurs
at doses used in man for prophylaxis, diagnosis, or therapy.” This
definition requires a judgement as to noxiousness of the response as

well as to the intentions of an unspecified party. Kramer (1981)



argues that whether an event is adversée (noxious) depends on the clini-
cal setting and the intentions of the treating physician, and that this
judgement should be made separately for each case.

The term "side effect” does not imply that the response is adverse.
In its broadest usage, side effect includes any response other than the
main therapeutic effect of the drug. Side effects can range from
harmless epiphenomena (e.g., transient liver enzyme changes) to
innocuous nuisances to harmful and possibly irreversible injuries to
death. The terms "side effect" and "ADR" both imply that the observed
effect is caused by a particular drug.

Leaving aside the question of adverseness, Kramer (1981) uses the
term "“clinical manifestation” to refer to "an abnormal sign, symptom,
or laboratory test, or a cluster of abnormal signs, symptoms, and
tests" which is not necessarily caused by the administration of a
particular drug. Signs and symptoms differ in that signs are observ-
able by the examining physician, whereas symptoms are sensations
perceived only by the patient. For the purposes of this dissertation, a
symptom or sign which is not measurable on an interval or ratio scale
will be referred to as an "adverse experience." Thus, fever would be
considered an adverse experience, but, according to this restricted
definition, body temperature would not. The analysis of adverse
experiences is only one part of the safety evaluation of a new drug.
Other indicators of adverse drug reactions include laboratory examina-
tions, changes in vital signs, physical examinations, and the results of

special tests (e.g., electrocardiograms).




1.3 Overview of Adverse Experience Evaluations in Clinical Trials

The series of clinical trials which are conducted in support of an
application to the FDA for the marketing of a new drug (a New Drug
Application (NDA)) is customarily divided into Phase I, Phase II, and
Phase III. As the trials progress, an increasing number of subjects
are enrolled in studies of greater length. Phase IV refers to the
monitoring done after the drug is marketed.

The experimental drug is first introduced to man in Phase I trials
which involve a small number (typically between 10 and 20) of very
closely monitored subjects. The trials are designed to assess dose
tolerance and to determine the fate of the drug in the human body. They
may also provide early efficacy testing, if the study subjects are
patients with the disorder to be treated. In most Phase I trials, the
subjects are healthy adult male volunteers. Some reactions may occur
in Phase I trials with volunteers that might not occur in later trials
with patients. These include the following types (ldanpaan-Heikkela
1983):

1) reactions occurring in normal volunteers that would be masked
or modified in patients, due to their underlying disease(s) or
concomitant medication(s),

2) reactions induced by higher doses of the drug,

3) reactions that are extensions of the pharmacological actions
of the drug,

4) reactions related to interactions between the drug and common

events in the daily life to which hospitalized patients might



not be exposed. Idanpaan-Heikkila cites the example of a drug
which caused adverse reactions following a few drinks of alcohol
in healthy subjects up to 60 hours after the last drug dose.

Phase II trials are used to demonstrate the effectiveness and
relative safety of the new drug with respect to a control (other
treatment or no treatment), and to determine the optimum dose range
for particular indications. These trials may detect the most common
reactions in the patient population expected to benefit from the drug.
They may also be used to predict the target organ system(s) for
reactions found in the Phase III trials. Trials using intensively-
monitored inpatients may uncover some reactions that would not be
found with outpatients.

Phase III trials are conducted after the drug’s efficacy has been
demonstrated to some extent. They are intended to further establish
the efficacy and safety profiles in populations resembling the population
expected to use the drug. These trials usually involve a larger number
of subjects under a larger number of investigators in studies of longer
duration than Phase II trials. The length of the trials depends on the
intended use of the drug. For example, psychoactive drugs, which are
intended for chronic or long-term intermittent use, must be tested in
longer trials than antimicrobial drugs, which are intended to be used
for only a few days or weeks. Large short-term Phase III trials may
uncover acute ADRs and ADRs which occur only in certain subgroups
(e.g., patients with hepatic or renal disease). Longer term trials may

uncover ADRs which appear only after a certain length of time or




cumulative dose.

Knowledge of the drug’s effects is still incomplete at the time of
an NDA approval. Phase IV studies are conducted to monitor for
ADRs which may have been missed in the premarketing phases due to
the size and length of the trials. In Phase IV, knowledge is accumu-
lated by means of two primary methods (Jones 1982a):

1) Experimental studies (i.e., clinical trials) requested to clarify
specific issues, such as the effect of the drug in children,

2) Non-experimental methods, including evaluation of spontan-

eous reports, and epidemiologic case-control studies.

Late-developing or rare ADRs may be discovered in Phase 1V,
as well as ADRs occurring in subgroups of the population in which
the drug was not tested prior to marketing. Also, increases in the
incidence of common disease, or reactions which are not usually

looked for unless signalled (e.g., low sperm count) may be discovered.

1.4 Adverse Drug Reaction Mechanisms and Predisposing Factors
Adverse drug reactions may be classified according to their
proposed mechanisms (Eadie 1981):
1) Pharmacologic
2) Allergic
3) Idiosyncratic
4) Others, including those leading to
a) Dysmorphogenesis (e.g., thalidomide-induced fetal anomalies)
b) Carcinogenesis (e.g., diethylstilbesterol-induced Qaginal

cancer in offspring).



Most ADRs occur on the first day of treatment, and two thirds
develop within four days (Prescott 1979). The early reactions are
often pharmacologic ADRs; allergic ADRs tend to occur later.
Dysmorphogenesis and carcinogenesis may appear months or years,
respectively, after drug administration, and since most premarketing
clinical trials exclude women of child-bearing potential, both of these
types of reactions may be detected only after marketing.

Pharmacological ADRs, which are direct extensions of the drug’s
pharmacological effects, are the most commonly occurring type. The
severity is usually dose- and plasma drug concentration-dependent, and,
if the drug’s pharmacological effects in humans are known, the quali-
tative nature of such ADRs is predictable.

Allergic ADRs result from a previous sensitization to the drug
or to a closely-related one. A period of time (usually 7 to 14 days)
is necessary for the synthesis of drug-specific antibodies before the
allergic reaction can appear. In contrast to the pharmacological ADR,
this type of reaction often bears no resemblance to the drug’s usual
effects, and its severity is dose- and plasma drug-concentration
independent.

An idiosyncratic ADR is a genetically determined abnormal
reactivity to a drug which is characterized by a discontinuity from the
ordinary distribution of dose sensitivities (Eadie 1981). This is the
least common type of ADR. An example is the aplastic anemia which
occurs in one person in approximately every 20,000 treated with

chloramphenicol.




Some ADRs result from the indirect effects of the drug, which
makes the detection of their drug relationship more difficult. Cortico-
steroids, for example, may interfere with the body’s defense mechan-
isms causing latent pulmonary tuberculosis to become active (Wade
1970). An example of a more tenuous relationship is injury from an
accident caused by drug-induced drowsiness.

Certain groups of individuals are at higher risk than others of
developing ADRs. Davies (1981) lists the following as predisposing
factors: age, sex, race, genetic differences, allergic disorders,
previous ADRs, renal and hepatic disease, and decreased plasma
protein binding. Fitness, body weight, and diet may also modify the
drug’s effects. Psychiatric variables, such as attitude toward
medication may be important, also, especially in studies of psycho-
active drugs.

Age is a predisposing factor not only because of changes due to the
aging process, but also because of differences in life-style. The old
and the very young are especially prone to ADRs. Some investigators
have found that ADRs of all types are more common in white than in
dark races, and more common in women than in men, but others have
found no such differences. Patlents with a history of allergic disorders
are more likely than others to develop ADRs, including those that are
not allergic in character (Davies 1981).

Many drugs are transported through the body by plasma proteins,
are metabolized by the liver, and then eliminated by the kidneys.

Pathological problems with any of these tissues or organs may increase



the likelihood of an adverse reaction. Abnormally slow or fast
metabolism may predispose to adverse reactions, depending on whether
the parent drug or its metabolites is responsible (Prescott 1979).

Interacting with the human factors are factors relating to the
administration of the drug, such as dose, drug formulation (e.g., tablet
vs. capsule), route of administration, and duration of treatment. Even
with the same daily dose, a decreased frequency of administration,
which necessarily increases the peak-trough difference in plasma
concentration, may lead to more dose-related side effects (Temple
1982). The frequency of side effects may also depend on how fast the
body develops a tolerance to the drug. If the drug is given in gradually
increasing doses, there may be fewer side effects than if a maintenance
level dose is given on the first day of treatment.

Dose may be specified in absolute units (e.g., mg), or, if the drug
has a narrow therapeutic range, in units relative to the patient’s
weight (e.g., mg/kg). If an absolute amount of the drug is given, the
plasma concentration of the drug depends on the patient’s size. Thus,
sex differences in the incidence of adverse experiences may sometimes
be due to weight differences between males and females.

Of all the factors which may influence the occurrence of adverse
reactions, the main ones which are likely to be collected routinely in a
clinical trial are age, race, sex, height, weight, and information

pertaining to the dosing regimen.

1.5 Adverse Experiences Not Due to Drugs

In a survey of the epidemiologic literature of adverse drug reac-
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tions, Kramer (1981) found that the most common symptoms attributed
to‘ ADRS were as follows: nausea/vomiting, diarrhea, abdominal pain,
rash, pruritus, drowsiness, insomnia, weakness, headache, dizziness,
tremulousness, muscle twitching, and fever. This list accounts for
about two thirds of the ADRs reported in most studies. Kramer
comments on the non-specificity of these symptoms and cites a study by
Reidenberg and Lowenthal (1968) in which healthy people not on
medication reported a similar list of symptoms. Hospitalized patients
would be expected to have a higher background incidence of symptoms,
and, since they generally have disorders which cause them some worry,
they may also have a higher incidence of psychosomatic complaints.

In addition to the background occurrence of symptoms, are the
symptoms produced by the act of taking a drug, whether or not the drug
is pharmacologically active. Buncher (1972) notes that the side effects
from placebo therapy are even more extensive than the list of condi-
tions which have been helped by placebo. Although the side effects
attributed to placebo are mostly changes in mood and emotion {Salzman
et al. 1972), they may involve almost every organ and system in the
body (Trouton 1957). Pogge and Coats (1962) found that the most
common side effects of placebo are these associated with central
nervous System depression, e.g., fatigue, drowsiness, and dizziness.
They further observed, as did Green (1972), that the incidence of side
effects attributed to placebo increases with dosage (i.e., number of
tablets).

Many researchers have tried to ascertain the characteristics which

11



would differentiate potential placebo responders from non-responders.

Salzman et al. note that, in the literature, little difference has been

demonstrated between the two as regards age, sex, race, or education. .
Theories advanced to explain the placebo response phenomenon include
suggestibility and increased awareness of somatic experience. Salzman
et al. report that therapeutic response to placebo is usually highest
during the earliest stages of treatment, gradually disappearing after a
few weeks. If the mechanisms of placebo-induced symptoms and
placebo-induced improvement are similar, placebo side effects may
also disappear with time.

In the studies of placebo toxicity cited above, the subjects were not
told that they might receive placebos. In clinical trials of new drugs,
however, subjects must give an informed consent in order to partici-
pate. The conclusions and theories given above may not apply if the
study subjects are informed about the possibility of receiving placebo. .
During the consent process, subjects are also told of the potential
toxicities of the experimental drug. Hassar and Weintraub (1976)
tested subjects about the information presented during the consent
process and found that they retained very little of the toxicity informa-
tion. They note, however, that the subjects who listened closely to the

negative aspects of the trial may have refused to participate.

1.6 Collection of Adverse Experience Data in Clinical Trials
The frequency with which adverse experience assessments are
performed depends on the type of trial. With Phase I trials, the -

assessment is nearly continuous for a certain length of time after .
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administration of the drug. In Phase II and Phase III trials, adverse
experiences are usually assessed at discrete predetermined times,
unless a subject has a serious adverse experience in which case he
may be monitored more closely.

Assessments may be scheduled for one or more times during the
period between admission and the start of treatment (baseline assess-
ments), several times during the treatment phase, and one or more
times posttreatment. ‘At the assessments, subjects are asked about all
adverse experiences which have occurred in the interval since the last
assessment. A higher frequency of assessments will result in a
greater number of adverse experiences being reported, since the
subjects must recall the experiences over shorter periods of time.
There is some question as to what interval should be used for the
baseline assessments. Often, just the adverse experiences happe}\ing
at the time of the baseline assessment are recorded.

An adverse experience may have happened once, several times, or
continuously in the interval between assessments. If the adverse
experience is a sign, rather than a symptom, and is continuing at the
time of assessment, the investigator may be able to observe it.
Otherwise, he must rely on the subject’s account, which may be
sketchy if the adverse experience was not a serious one.

FDA regulations require the collection of all adverse experiences
whether or not they are considered to be drug-related. Causality is
regarded as a separate entity. Skeggs and Doll (1977) present a

strong case for the collection of all adverse events in clinical trials.
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They argue that if this method had been used in studies of practolol,

the ocular toxicity of this drug might have been discovered before it

was marketed.

1.6.1 Methods of Obtaining Adverse Experience Data :
Adverse experience data may be collected either by an interviewer

or through a self-administered questionnaire. Interviewer-administered

questionnaires are used more often; however, self-administered

questionnaires are commonly used in studies where the subjects are

being treated for chronic pain (e.g., ulcers, angina). Each method has

its advantages and disadvantages (see Bulpitt 1983). With the self-

administered questionnaire, the conditions under which the subject

answers the questions are standardized; thus, interviewer bias is

eliminated. However, the subject must be able to read and understand
the questions. With interviewer-administered questions, the inter- .
viewer can sometimes tell when a question is not understood, and
supply more information. Also, the completion rate for individual
questions is likely to be higher with interviewer-administered
questionnaires.

Two types of guestioning may be used to elicit adverse experiences:
an open-ended procedure or a check list. An advantage of the open-
ended procedure is that it does not suggest side effects to the subject.
However, as Grady (1976) pointed out, open-ended questions such as
"How are you feeling today?" or "Have you noticed any ill effects from
the treatment?" do not indicate to the patients that they should mention

all types of adverse experiences, such as vivid dreams, constipation, '
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or loss of libido. Furthermore, sub jects’ responses, such as "I feel
yukky," may be difficult to interpret clinically. The check list has the
potential to elicit adverse experiences the subject had forgotten or
considered unimportant.

Downing, Rickels, and Meyers (1970) and Huskisson and
Wojtulewski (1974) analyzed the differences between the two methods.
Both studies confirmed the findings of Greenblatt (1964) that more
adverse experiences will be reported if a check list is used. Downing
et al. concluded that the check list will elicit a greater number of
drug-related adverse experiences than the open-ended procedure.
However, Huskisson et al. found that the use of a check list interferes
with the collection of adverse experiences by increasing the incidence
of irrelevant complaints in both the treated and control groups. They
further conclude that subjects are more likely to report adverse
experiences not included in the check list if a check list is not used.
Wallin and Sjovall (1981) recommend that the two methods be used in
conjunction.

Responses to an open-ended adverse experience assessment
procedure will need to be coded before they can be analysed. At
present, various dictionaries (e.g., COSTART, DART, WHO, or
hybrids of these) are used for this purpose by different pharmaceutical
companies, although the need for consensus terminology is recognized

(see Westland 1982, S—treichenwein and Blomer 1982).

1.6.2 Length of Observation Period

Treatment-related adverse experiences may occur after the patient

15



has stopped tékihg the study medication if the sequence of medical
events leading to the adverse experience started during the treatment
period. There are four choices for the length of time allowed for
observation of adverse experiences (Shultz and Assenzo 1982):

1) Include only adverse experiences which occur while the patient
patient is taking the study drug. Since the drug may produce a
delayed reaction, this is not an optimal choice. It is, however,
frequently used in premarketing studies.

2) Include adverse experiences which occur while the patient is on
the study drug and for a short prespecified interval afterwards
(e.g., ten blood level half lives). This includes all adverse
experiences which occur while the drug is pharmacologically

active although some drug-related adverse experiences may not

become observable until after this period. If the drug is with-
drawn abruptly, adverse experiences observed after discontinua-
tion of treatment may be due to withdrawal, rather than to
delayed reactions. They may also be due to the recrudescence of
the symptoms of the disorder the drug was intended to treat
(Routledge 1977).

3) Include all adverse experiences which occur during the protocol-
specified study duration. For example, if the study is to last for
one year, all adverse experiences which occur during the year
are included regardless of how long the patients remain on treat-
ment. This method is also frequently used in premarketing

studies.
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4) Include all adverse experiences, no matter how long they occur
after the end of treatment. This method is likely to be used
only for epidemiologic Phase IV studies.

Adverse experiences may also occur too early in the treatment
phase to be treatment-related, e.g., those that occur between randomi-
zation and the start of treatment, or shortly after treatment but before
the drug has a chance to become pharmacologically active. There is no
universally accepted procedure for handling such events; the method to
be used must be specified before looking at the data, however. If the
early adverse experiences are due to chance, their inclusion should not

greatly affect the results of the study.

1.6.3 Collection of Concomitant Information

The investigator may collect data pertaining to any of the following
aspects of a subject’s adverse exeriences: date and time of onset,
pattern (i.e., isolated, intermittent, or continuous), duration, who
reported it (i.e., subject and/or observer), severity, action taken,
relationship to drug, or other relevant information. The inﬁerpretétion
to be used for each of these variables under a variety of possible
circumstances must be specified before the study begins. It must be
decided, for example, what duration to use for intermittent adverse
experiences, or what date of onset to use if the onset was before the
beginning of the assessment interval.

The severity of an adverse experience is often classified according
to a three point scale: mild, moderate, or severe. The term "severity"

can be interpreted in at least two ways, however: 1) the degree to
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which it interferes with the subject’s ability to function normally, or
2) the intensity of the adverse experience relative to all other cases of
the same experience the physician has seen. Thus it would be possible
to rate a heart attack as "mild," according to the second interpretation,
but not according to the first.

A judgement of the extent to which an adverse experience is drug-
related usually depends on the temporal relationship between the
administration of the drug and the appearance and disappearance of the
experience, knowledge of the underlying disease, and knowledge of the
pharmacological properties of the drug. There is some debate as to
who should make this judgement: the physician, because he is closest
to the patient, or the medical monitor, because he sees a wide range of
adverse experiences across many studies of the drug. The degree of
drug relationship, or causality, is often defined in terms of a five
point scale: not related, unlikely, possible, probable, and definite.
Many investigators are hesitant to use either of the extreme classifi-
cations (Jones 1982b). An adverse experience is likely to be con-
sidered "not related" only if its occurrence preceded the administration
of the drug. Several authors have proposed algorithms for assigning
causality in post-marketing monitoring so as to minimize the subjec-
tive aspects (e.g., Kramer et al. 1979, Karch and Lasagna 1977). In
these, the determination of "definite" drug relationship is linked to
procedures such as dechallenge (withdrawal of the drug) and rechallenge
(reintroduction of the drug). These procedures may not be feasible or

ethical in a premarketing clinical trial.
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1.7 Potential Sources of Bias

In this section, the difficulties of obtaining unbiased adverse
experience information are discussed in general. Since one of the
examples involves a clinical trial of an antidepressant, the additional
data collection problems in trials of psychoactive drugs will also be
discussed. Sources of bias in the collection of specific variables are
discussed in Chapter II.

In any multicenter clinical trial, the centers will differ with
respect to: the populations from which they draw patients, diagnostic
methods employed, and aspects of subject selection and study manage-
ment not controlled by the protocol. In clinical trials using psychiatric
patients, the investigator or center effect may be especially pronounced
(Metzler and Schooley 1981). Diagnosis of psychiatric disease is less
straightforward than diagnosis of many other diseases (see Lal,
Fielding, and Karkalas 1975 for discussion of the problems of diagno-
sis and classification of clinical depression). Also, the response of
psychiatric patients to medicine may depend heavily on environmental
factors, as well as the therapeutic style of the investigator.

Two common sources of bias in clinical trials involve compliance
in taking medicine and dropouts from study. Compliance is more of a
problem with outpatients than inpatients (Calimlim and Weintraub
1981), and both compliance and dropout problems may be more severe
in subjects with psychiatric disorders, since they have more than the
usual amount of difficulty in making decisions and following through

with prescribed courses of action (Metzler and Schooley 1981).
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Dropouts may be due to efficacy (subject believes he is cured and

so needs no more medication), lack of efficacy (why take a drug that is
not doing any good?), spontaneous remission of disease, or adverse
experiences. Dropouts due to lack of efficacy are a particular problem
with the placebo group in longer studies. In fact, placebo recipients
who fail to drop out (i.e., placebo responders) may create a problem
with selection bias. Dropouts due to adverse experiences may cause
important adverse experiences to be missed if the subjects drop out
before the adverse experiences have been assessed.

The assessment of adverse experiences may be complicated by the
similarity of the adverse experience to the symptoms of the disease
and vice versa (see Vere 1976). Infection, for example, may cause
non-specific symptoms that mimic the side effects of the antimicrobial ‘ .
drug (Idanpaan-Heikkila 1983). Busfield et al. (1962) noted that
apparent side effects in depressed patients are often identical to the
complaints they present prior to treatment, thus emphasizing the
importance of baseline assessments (see also Beaumont 1976).

Behavioral toxicity in psychologically disturbed patients is particularly
difficult to assess and to classify as desirable or adverse. A drug
effect (e.g., mood suppression) may be considered adverse for one
patient and desirable for another, or valuable for treatment of a patient
at one stage and harmful at another (Shader and DiMascio, 1970).
Withdrawal symptoms may be extremely difficult to differentiate from
the symptoms of underlying disease. Idanpaan-Heikkila mentions two

studies in which the symptoms in healthy volunteers after the abrupt

20



withdrawal of medication were similar to those observed in patients
with psychoneurotic disorders.

The severity of a patient’s disease may affect his ability to
perceive or communicate an adverse experience. The relationship
between the patient and the physician may also influence whether or
not the patient reports a symptom, and how it is recorded (Bulpitt
1983). Communication between the patients in a clinical trial may
produce a "halo" effect, resulting in an epidemic-like spread of the
reporting of an adverse experience (Lasagna 1981).

Another potential source of bias is the unintentional "unblinding" of
treatment in one or more patients due to the occurrence of adverse
experiences which are characteristic of one of the treatments, or the
necessity to decode due to an emergency situation. The recording of
subsequent adverse experiences in these patients may be influenced by
the knowledge or suspicion of their treatment. The patients, them-
selves, may care less about whether the study is blinded than about
what treatment they are receiving. In some cases, outpatient subjects
have had their medication analyzed to find out whether they were

taking an active drug or a placebo.
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Chapter II
Statistical Considerations

The choice of statistical methodology depends on the research
question of interest, the sampling and measurement processes used to
obtain the data, the target population to which conclusions are to be
generalized, and the assumptions the analyst is willing to make in
order to facilitate generalization from the study to the target population
(see Koch, Gillings, and Stokes 1980). In this chapter, the statistical
aﬁtr‘ibutes of adverse experience data, the types of research questions
which can be addressed statistically, and the the assumptions necessary
and the rationale for several alternative analysis strategies will be

discussed.

2.1 Sampling Process Issues

In clinical trials, usually neither the investigators nor the study
sub jects are chosen by random sampling methods. The investigators
are usually specialists in the area being studied, and are chosen by
their potential to provide good study management. The subjects are a
convenience sample, chosen by their ability to satisfy the admission
(inclusion/exclusion) criteria.

In Phase II and III studies, the drug is tested in subjects with the
indication the drug is intended to treat. The following types of subjects

are usually excluded:




1) Subjects unsuitable for ethical reasons (e.g., women of child-

bearing potential),

2) Subjects at increased risk of adverse reactions (e.g., very old

or young subjects, subjects with kidney or liver damage),

3) Subjects with characteristics (e.g., concomitant pathology)

which could compromise determination of efficacy parameters,

4) Subjects having taken medication prior to the study which could

affect the efficacy of the test drug or interact with it to produce

adverse reactions.
In general, subjects who, for medical or social reasons, seem likely to
provoke protocol deviations should also be excluded (Armitage 1983),
so that the number of protocol deviations can be kept to a minimum.
The study may be further restricted to those with a particular set of
medical characteristics (e.g., diagnosis, stage of disease), the only
limitation on the restrictions being the availability of a large enough
pool of subjects. In order for the drug’s efficacy to be demonstrated,
the subjects selected should be ill enough that substantial improvement
is possible, but not so ill as to make response to any kind of medication
unlikely.

The restrictiveness of the admission criteria affects the potential
to detect treatment differences, the generalizability of the conclusions,
and also the choice of analysis strategies (Koch and Gillings 1982).
The more exclusive the admission criteria, the more homogeneous the
study population, and thus the greater the likelihood of detecting

treatment group differences if they exist. However, the conclusions
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obtained from a narrowly defined study population are applicable to
only a small segment of the population of potential users of the drug.
With less restrictive admission criteria (i.e., a more heterogeneous
group of subjects), the increased variability of response variables may
decrease the likellhood of detecting treatment differences, unless the
sample size is increased. Also, more sophisticated methods of analy-
sis {e.g., covariance adjustment or stratified analysis) may be neces-
sary to ensure that the differences detected between treatment groups
are due to the drug. However, the conclusions drawn from a study
with broad coverage of the target population have a stronger basis for
generalization.

Whereas the demonstration of efficacy may be made more efficient
by narrowing the definition of the study population, for the demonstra-
tion of safety, generalizability is the overriding consideration. For the
drug’s safety profile to be established, the drug must be given to a
broad spectrum (and large number) of patients. As discussed above,
premarketing clinical trials exclude many types of subjects who may be
potential users of the marketed drug.

Fur‘ther‘rﬁor‘e, the subjects in a clinical trial are selectively
different in many respects from the population of patients who satisfy
the admission criteria (see Friedman, Furberg, and DeMets 1981,
Chapter 3). One difference is socioeconomic status; clinical trial
participants are usually not wealthy. As Chalmers (1982) pointed out,
a physician, whom a private patient has paid to make decisions

regarding his health care, may feel uncomfortable about randomizing
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that patient to treatment. Another difference is severity of illness.
Most trials are based in hospitals, often hospitals which are referral
centers, so the patients who come to the attention of a study investi-
gator may tend to be sicker than other patients with the same disorder.
Many of the available patients may have already failed on existing
therapies. Trials with an active control treatment tend to attract (via
physician selection and patient self-selection) patients who are more
severely ill than do placebo-controlled trials (Hadler and Gillings
1983).

2.2 Measurement Process Issues

The measurement process includes consideration of the choice of
variables to be measured, methods of obtaining the data, the form of
data expression and structure, and the quality of the data. Ideally,
data from which inferences are to be drawn should be relevant from a
medical viewpoint, reliable (measurements of the same variable for an
individual yield consistent values), and valid (measurements approxi-
mate the true value of the variable for the individual). A discussion of
the adverse experience variables and concomitant data which may be
collected and the possible methods of data collection is given in
Chapter I. This section concerns the form of adverse experience data
expression and structure, in particular, the construction of variables
reflecting whether or not particular adverse experiences occurred,
and, if so, their severity (in the sense of either seriousness or inten-
sity), frequency, duration, and timing. Possible sources of ambiguity

and measurement error are also discussed.
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2.2.1 Occurrence/Non-occurrence and Severity

At each assessment, the occurrence of adverse experiences during
the previous interval is collected via a checklist, an open-ended proce-
dure, or a combination of both. Dichotomous summary measures are
often constructed by combining related adverse experiences (e.g., all
neurological adverse experiences) or by combining over time. A
commonly used statistical approach is to compare treatment groups
with respect to the proportion of subjects who had a particular adverse
experience, or any of a group of related ones, at least once during the
treatment period.

As discussed in Chapter I, the set of adverse experiences reported
in any clinical trial may fail to include all of those which are due to
the pharmacological action of the drug (i.e., true ADRs), and may
include some which are due to other factors but which have a physio-
logical basis, as well as some which are due only to the power of
suggestion. If a particular adverse experience was assessed via a
checklist and was not reported, its non-occurrence is more of a cer-
tainty than if it was not reported in response to an open-ended proce-
dure. Regardless of the assessment procedure, some adverse experi-
ences will fail to be reported due to reasons such as the state of the
subject’s health, memory, or rapport with the investigator.

Since many of the adverse experiences commonly reported are
symptoms, rather than signs, and are thus observable only by the
individuals in whom they occur, adverse experience data is inherently

low in reliability and validity. A variety of terms may be used to
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denote the same experience, and any one term may denote different
experiences to different individuals. The investigator must understand
and record what the patient means and not just what he says. For
example, when a patient reports that he is "tired," does he mean that
he is fatigued, sleepy, weak, or lethargic?

After the adverse experience is reported by the patient, it is
recorded, edited for data entry, possibly coded, and entered into a data
base. Bias, as well as transcription errors, may be introduced at each
step in this process. In extreme cases, the final version is qualita-
tively different than the original event. An example of this is as
follows: a patient sees spots before his eyes because he stands up too
quickly, the investigator records “saw spots," and the event is coded
"hallucination.”

Determination of the severity of an adverse experience is made by
the investigator on the basis of the patient’s account of the experience,
and his own observations if the adverse experience is a sign. This
judgement is necessarily subjective, and opinions may vary between
investigators and within the same investigator over time.

Information pertaining to serious (i.e., potentially life-threatening
or irreversible) adverse experiences is collected as soon as possible
after they occur, rather than at the next scheduled assessment.
Adverse experiences which are not life-threatening or irreversible may
also be considered serious, depending on the seriousness of the condi-
tion being treated. Patients having serious and unexpected adverse

experiences are often removed from the study, and if the experiences
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are considered to be drug-related and are serious enough to outweigh
the benefits from the drug, the study itself may be terminated.

Severity is often presented together with occurrence/non-occur-
rence as one ordinal variable with categories such as none, mild,
moderate, severe. If the subject had an adverse experience several
times during the assessment interval, the severity of the most severe
episode is usually recorded. A summary measure for the severity of a
particular adverse experience during a trial is the severity of the most
severe episode which occurred.

Ambiguity in the interpretation of both occurrence/non-occurrence
and severity arises when an adverse experience is reported by a patient
during the treatment period but also at baseline. Although it is possi-
ble for a baseline adverse experience to disappear spontaneously, and
then reappear due to the action of the drug, it is more likely that the
baseline adverse experience continued into the treatment period,
especially if it occurred shortly after the start of treatment. The drug
may also cause a baseline adverse experience to become more (or
less) severe during the treatment period, but a change in severity can
also occur spontaneously.

A response variable which incorporates the baseline data can be
constructed as follows. Using a scale of 0 = none, 1 = mild, 2 =
moderate, and 3 = severe, subtract the baseline score from the
treatment period score. Values of -3 to 0, inclusive, indicate that
either the adverse experience never occurred, or that it was equally or

less severe at the treatment period assessment than at baseline.
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Values of +1 to +3 indicate that the adverse experience occurred for
the first time'during the treatment period, or that it was more severe
during treatment than at baseline. Metzler and Schooley (1981)
propose the use of this difference score in studies of psychoactive
drugs as a way to separate the symptoms of the disease under study
from potential side effects of the drug. Symptoms can be artificially
defined as those adverse experiences which remained stable or
improved from baseline (scores of -3 to 0), and side effects as those
which showed a decrement (scores of +1 to +3). Other methods of

incorporating baseline data are discussed in Chapters IV and V.

2.2.2 Frequency, Duration, and Timing

Unless additional information about the overall frequency, duration,
and timing of the adverse experiences of interest is collected at the
time of the patient’s termination from the trial, this information must
be determined from the pattern of occurrence/non-occurrence reported
at the assessments. These determinations are complicated by the fact
that an adverse experience may have occurred once, several times, or
continuously in the interval preceding each of the assessments. So the
number of times any one adverse experience is reported is not neces-
sarily indicative of the number of times it occurred. For example, if
a subject reports a particular adverse experience at each of four
weekly assessments, he may have had four separate episodes, many
episodes occurring intermittently throughout the trial, or only one
episode which continued into all four assessment intervals. Further-

more, the assessment intervals are usually not all the same length;
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assessments are often performed more frequently toward the beginning
of the treatment period than toward the end.

One variable which can be used as a crude surrogate for both
frequency and duration is the ratio of the number of assessments at
which a subject reports a particular adverse experience to the number
of assessments made for that subject. This measure is appropriate
only if the assessments are equally spaced throughout the trial. An
alternative measure is the ratio of the sum of the lengths of the
assessment intervals for which a subject reported a particular adverse
experience to that subject’s length of time on trial. Neither of these
variables truly reflect either frequency or duration, but they may be
the most valid measures available.

Timing refers to when the adverse experience occurs relative to the
start of treatment. Some adverse experiences may occur early in the
study and then disappear as the patient’s tolerance to the drug in-
creases. Adverse experiences may also not appear until after a
certain cumulative dose or length of time. One variable which reflects
the timing is the time until the first occurrence of the adverse experi-
ence. Often, only the interval containing the first occurrence is
known. Also, patients who leave the study early, for whatever reason,
are not at risk for developing delayed adverse reactions.

Whether frequency/duration or timing is of more interest depends
on what Riis (1982) calls the "signal-to-noise ratio" of the adverse
experience under consideration. With adverse experiences such as

headaches or drowsiness, which commonly occur spontaneously (i.e.,
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low signal-to-noise ratio), it is of interest to determine whether the
group treated with the test drug has increased frequency/duration
relative to the background frequency/duration, which can be provided
by a placebo control group. For adverse experiences with high signal-
to-noise ratios (e.g., rash, convulsions) what is of primary interest is
whether they occurred at all, and if so, how long after initiation of
treatment. Serious adverse experiences, such as convulsions, are

likely to occur only once before the patient is removed from the study.

2.3 Effect of Noncompiiance to Protocol

For the purpose of comparison of treatments, the selection process
must be the same for all subjects (viz. randomization to treatment),
and patients must be managed uniformly and measured uniformly (viz.
double-blindedness). However, substantial bias may still be introduced
by failure of subjects or investigators to comply with the study
protocol. The types of noncompliance can be classified (Koch and
Sollecito 1984) as major protocol violations, minor protocol devi-
ations, and incomplete data. Major protocol violations, which may
have profound influence on patient response, include the following:
inclusion of subjects not satisfying the admission criteria, subject
noncompliance to the dosage regimen, subject usage of excluded
concomitant medications, and investigator or subject awareness of the
assigned treatment in double-blind studies. Minor protocol deviations,
which can be regarded as random effects of the clinical testing environ-
ment, include variations in the timing of assessments or in the pre-

scribed schedule of daily activities, when these variations do not affect
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the relevance of the data obtained. Incomplete data may be due to

early withdrawal, missing assessments, or missing data values from
an assessment.

A patient’s willingness to comply with the protocol may be closely
associated with other of his characteristics (Blum 1982). For
example, a tendency to drink excessively may affect a patient’s compli-
ance with protocol, as well as his prognosis, the benefit he receives
from treatment, and/or his predisposition to adverse reactions.
Conversely, prognosis and beneficial or adverse reactions to treatment
also affect compliance. An example of the possible association between
compliance and response was shown in the analysis of the Coronary .
Drug Project (as referenced by Feinstein 1985). Patients in both the

active and placebo groups who faithfully followed the treatment regimen

had significantly longer survival times than those who did not.

Since compliance influences response and vice versa, and patient
characteristics influence both compliance and response, bias is intro-
duced if the types of subjects not complying to the protocol or the
reasons for noncompliance differ between the treatment groups.
Special analysis may be warranted to assess the nature of the noncom-
pliance and its impact on treatment group comparability (see Koch and
Sollecito 1984).

There is no way to know how the response variables have been
biased by noncompliance (or to know the true values in the case of ;
missing data). However, exclusion of noncompliant subjects from the

analyses also introduces bias. DeMets, Friedman, and Furberg (1980)
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and Armitage (1983) recommend that all r*andorﬁized subjects be
included in all primary analyses, unless it is clear that no bias is
introduced by their exclusion (see Sackett and Gent 1979 for a more
lenient viewpoint). The exclusion of patients may be admissable in
supplementary safety analyses if the direction of the resulting bias is
such as to put the test drug at a disadvantage. For example, patients
who never received any of their assigned treatment are often excluded

from these analyses.

2.4 Statistical Analysis Issues

Tn most Phase II and III clinical trials, the evaluation of efficacy
is the primary research objective, and thus the study design, length
and size of study, and admission criteria are geared to assessing
whether or not the drug works. However, a research design which
provides an appropriate framework for efficacy testing is likely to be
inadequate for the evaluation of safety in several respects. Two main
shortcomings are lack of generalizability due to protocol-specified
exclusions (see Section 2.1) and insufficient sample size; the impli-
cations of both of these to the statistical analysis of adverse experi-
ences are discussed in subsequent sections.

In general, statistical significance testing for safety data is far
less straightforward than for efficacy data. As pointed out by
Friedman, Furberg, and DeMets (1981, Chapter 2), it is not always
possible to specify the research questions in advance of seeing the data
because which adverse experiences occur, and their severity, may be

unpredictable. Furthermore, when many adverse experiences are
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monitored in a single study, the problem of multiple inference becomes .
an issue. In order to have enough events to make statistical analysis
worthwhile, adverse experiences must often be grouped in some way
(e.g., by body system). Although this may lessen the multiple infer-
ence problem and improve statistical power, it also results in a loss of
information. Rigorous, convincing statistical analysis of serious
adverse experiences is rarely possible because once a test drug is
suspected of having an unfavorable risk-benefit ratio, it is generally
considered unethical to continue to expose trial subjects to it.
Friedman, Furberg, and DeMets summarize the role of statistical
significance testing in safety evaluation as follows:
Statistical significance and the ... problem of multiple response
variables ... become secondary to clinical judgement and subject
safety. While this will lead to the conclusion that some purely
chance findings are labeled as adverse effects, moral responsi-

bility to the subjects requires a conservative attitude toward
safety monitoring.

2.4.1 Implications of Sample Size and Study Length
Ethical as well as economic considerations dictate that as few
subjects be exposed to the test drug as are necessary to answer the
primary research question (efficacy). For a drug to be considered
efficacious, a relatively large difference between treatment groups is
usually required. For safety analyses, however, if suspected side
effects are serious, then small differences between treatment groups
are clinically relevant, and a much larger sample is required to detect
such differences (Lachin 1982a). Also, large sample sizes are neces-
sary to detect treatment group differences with respect to the incidence .

of rare adverse experiences.
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Since the study sample size is likely to be smaller than desired
from a safety analysis perspective, statistical analysis methods should
e chosen partly for their ability to conserve power. Some discussion
of the power of the statistical tests used to detect treatment group
differences should be presented when the results are negative (i.e., no
treatment group difference). Hadler and Gillings (1983) suggest that
the minimum incidence level of adverse reactions which can be identi-
fied by a study, given the size of the test drug group, should also be
specified.

Methods for calculating sample sizes for clinical trials are given
by Halperin et al. (1968) and Lachin (1981), among others. Lachin
(1979) provides a discussion of sample size considerations with
reference to Phase I-III clinical trials of potentially hepatotoxic drugs.
A discussion of the sample sizes needed for post-marketing surveil-
lance is given by Lewis (1981), who provides tables of the necessary
size for the treated group under various conditions. His calculations
are based on the expected incidence of the adverse reaction, the desired
significance level, and the background incidence. When the adverse
reaction is quite unusual (i.e., no background incidence), only a few
cases are necessary to provide sufficient proof of potential danger.
With increasing levels of background incidence, there is a correspon-
ding increase in the sample sizes required. Sample size calcuiations,
allowing for background incidence, also depend on the size of the
control group relative to the treated group and the additional incidence

of the adverse reaction due to treatment. Even larger sample sizes
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are needed for studies in which many adverse reactions are monitored
simultaneously.

Given the near impossibility of detecting rare adverse reactions in
premarketing trials, Hadler and Gillings (1983) recommend (in the
context of rheumatoid arthritis trials) restricting consideration of
safety factors in Phase III trials to those having a given expected
incidence, and deferring investigation of rarer adverse reactions to
formalized Phase IV studies. They also propose curtailing the length
of Phase III studies (recommendation: six months for rheumatoid
arthritis trials) and relying more heavily on Phase 1V for detection of
delayed adverse reactions.

Idanpaan-Heikkila (1983) conducted a study for the FDA to explore
the role of Phase III studies in providing relevant safety information.
Specific objectives included: 1) study of what adverse effects were
uncovered in long term drug exposure (greater than six months) that
were not observed during short term or medium term exposure, 2)
study of what adverse experiences were uncovered in the second 500
or so patients receiving short term therapy that were not uncovered in
the first 500 patients, and 3) investigation of the timing of Phases I-II
and III. The recommendations from this study included: the extension
of appropriate Phase II trials for collection of medium term and long
term safety data while conducting Phase 111, and the extension of the
short-term Phase III trials rather than expansion of the short term
subject population.

Idanpaan-Heikkila also recommended the use of survival data
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analysis methods, such as life tables, for the presentation of safety
results. A commonly-used method for summarizing adverse experience
data has been to use the ratio of the number of subjects having a
particular adverse experience to the total number treated with the test
drug. This crude proportion is determined from subjects who are
treated for varying lengths of time, including some subjects who might
have had adverse reactions but were not on study long enough to develop
them. Thus, the crude proportion is likely to be much lower than a
life table estimated probability of adverse experience, and, based upon
the crude proportion, the drug may appear to be safer than it actually
is. |

Provided that the assumptions for its use are met, a life table
approach can account for changes in the rate of adverse experiences
over time, and can appropriately handle the problem of incomplete data
from subjects who drop out or are withdrawn. As previously dis-
cussed, the time to first occurrence of a particular adverse experience
may be of more interest for some adverse experiences than others.
Survival data analysis methods are used in the analysis of the example

in Chapter VI.

2.4.2 Implications of Choice of Control Group

By law, the sponsor of a new drug does not have to show the drug to
be better in any way than the existing forms of treatment. Therefore,
in this country, placebo—contr‘olled trials, where ethical, are used most
often to provide the primary evidence of efficacy. There are also

compelling reasons to use active-controlled trials (J-P Hsu 1983).
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Both clinicians and patients may be more easily recruited for studies in
which the patient is to receive either an approved drug or one with the
potential to be approved. Also, blinding is more effectively maintained
in active-controlled studies, and fewer patients are likely to withdraw
due to lack of efficacy. However, there are substantial difficulties in
the evaluation of efficacy in active-controlled trials (see Temple
1983), some of which may be avoided by the use of both an active and a
placebo control group.

With respect to the evaluation of adverse experiences, it is more
straightforward to compare the test drug to placebo, rather than to
another active treatment, which may have its own associated side
effects, unless the absence of a particular side effect is one of the
main selling points of the new drug. Another complication in the
comparison of two active drugs is that the relative incidence of true
adverse reactions depends on the relative doses. This is, of course,
not the case with placebo control.

One way in which the choice of control group can affect the statis-
tical analysis is by influencing the degree to which necessary assump-
tions seem reasonable. For example, in survival data analysis, one
must sometimes assume that withdrawal is unrelated to treatment. If
one of the groups is receiving an effective treatment and the other is

receiving placebo, this assumption may not be valid.

2.4.3 Generalizability Considerations

Given that neither clinics nor subjects within clinics are selected

by probability sampling, and that study subjects are not representative
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of the population of potential users of the marketed drug, or even of
the population of individuals satisfying the admission criteria for the
geographic region(s) covered by the clinic(s), the subjects in a clinical
trial may not be representative of any well-defined target population.
If assumptions which would extend inference to a target population are
not tenable, then design-based inference (using, e.g., nonparametric
randomization-based methods) may be more appropriate than model-
based inference (see Koch and Gillings 1983).

Nonparametric randomization-based methods (e.g., Fisher’s exact
test, the Mantel-Haenszel test) require no assumptions other than the
randomization of subjects to treatment groups and the integrity of the
measurement process. However, the conclusions drawn apply only to
those subjects who were actually randomized. Furthermore, randomi-
zation-based methods are primarily used for hypothesis testing. Other
methods must be used for estimation.

Model-based methods may be used if the study subjects are
considered to be conceptually equivalent to a (possibly stratified)
simple random sample of some larger population. Assumed probability
models can be used to describe the relationship of the response variable
to explanatory variables such as treatment, investigator, and pretreat-
ment subject characteristics. The choice of models depends on the
measurement scale of the response variable. An example of a well-
known model-based method for the analysis of continuous response
variables is multiple linear regression. For adverse experience data,

the response variables to be considered here are either dichotomous
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{e.g., occurrence/non-occurrence), discrete ordinal (e.g., severity),
counts or rates (e.g., the number of assessments at which an adverse
experience is reported, the number of adverse experiences per unit of
exposure), or the time to the first occurrence of an adverse exper'i-
ence.

The advantages of model-based methods over design-based methods
include (Koch and Sollecito 1984): more powerful analysis through
reduced variance, the capacity to assess the homogeneity of effects for
responses across strata, and the capacity to adjust for explanatory
variables which are not equivalently distributed for the treatment
groups. Although randomization-based methods may also be used to
adjust for possible non-equivalence of the treatment groups via strati-
fication on the variables for which the treatment groups are not
comparable, model-based methods may incorporate a larger number of
(possibly continuous) such variables. The disadvantages of model-
based methods are that they may be more difficult to implement,
interpret, and explain to non-statisticians than design-based methods.
Also, since the assumptions necessary for model-based methods cannot
be proven, the results of such analyses are more likely to be subject
to debate. A reasonable strategy is thus to use both design-based and

model-based methods in combination.
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Chapter III
Statistical Methodology

In this chapter the statistical theory is presented for the primary
design and model-based methods used in the examples of Chapters IV
to VI. Methods of analysis for summary variables relating to adverse
experience occurrence, severity, and frequency/duration are presented
as well as survival data analysis methods for the analysis of time to"
first adverse experience. Software used for the implementation of the

methods in this dissertation is also referenced.

3.1 The Mantel-Haenszel Method and Extensions

The method of Mantel and Haenszel (1959) is one of the most
familiar design-based methods of analysis in clinical trials. It can be
used to provide a test of treatment differences with respect to a
dichotomous response variable (e.g., occurrence/non-occurrence of
adverse experiences), combined over strata (e.g., centers in a multi-
center trial), and adjusted for the effect of the stratification vari-
ables. When the response variable has consistently higher values for
one treatment than another across strata, the Mantel-Haenszel proce-
dure has greater power than an unstratified chi-square statistic.
Some caution in the use of this statistic is necessary, however, when
the pattern of treatment differences varies across strata.

Mantel (1963) proposed an extension of the Mantel-Haenszel



procedure to the analysis of a set of (2 x r) tables; further discussion
of such extensions for (s x r) tables is given by Landis et al. (1978).
When the r response categories are ordinally scaled (as for éever*ity),
various scores can be assigned to the responses, and the test statistics
can thus be based on the resulting mean score. When the s subpop-
ulations {treatment groups) are ordinally scaled as well (say, for
treatment groups of placebo, low dose, and high dose), a correlation-
type statistic can be used. A discussion of alternative scoring tech-
niques is given in Landis et al. (1979).

A further generalization of the Mantel-Haenszel strategy allows the
analysis of case-record data, using univariate or multivariate response
variables, and allowing explanatory variables to be used as either
stratification variables or covariables. The methodology for these
randomization statistics is presented in some detail in the next three
sections. Univariate and multivariate randomization statistics
methodology is presented in Section 3.1.1, covariate adjustment is
presented in Section 3.1.2, and stratification adjustment is presented

in Section 3.1.3.

Both stratification and covariate-adjustment may be used to clarify
the degree to which differences between treatment groups are due to
treatment. Variables for which the treatment groups are comparable
may be used as covariables. These variables may be either categorical
or continuous, and no assumptions need to be made regarding the
relationship of the covariables to the response variable. Variables

which are not randomized when patients are randomized to
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treatment groups (e.g., center, season of enrollment) and variables for
which the treatment groups are not comparable may be used as strati-
fication variables. If these variables are continuous, they must first be
categorized. Disadvantages of analyses with stratification and covariate
adjustment (Koch and Sollecito 1984) include their increased complexity
in terms of implementation and interpretation, and their greater suscep-
tibility to controversy, arising from the choice of stratification variables
and covariables.

The methodology presented in the next three sections is a synthesis
of the material presented in Koch and Bhapkar (1982), Koch, Amara,
Davis, and Gillings (1982), and Amara (1983). The software used in
this dissertation for the implementation of this methodology is the SAS
Generalized Randomization Model Macro (GRMM) documented in Amara

and Koch (1980).

3.1.1 Unadjusted Randomization Statistics for Case Record Data

Let v, denote the observed value of the response variable of
interest for the l-th subject (1 =1, 2, ..., n}) in the i-th subpopulation
i=1,2,.. 8. In»the applications covered herein, i typically
corresponds to treatment group, of which there are two, the experi-
mental group and the control group, so s = 2. Each of the s subpop-
T

S
ulations is of size n; so that S n, = n, the totai sample size. he

i=1
question of investigation is the extent to which there is an association

between the response variable and the subpopulations. If subjects are
randomly assigned to subpopulations, between which there is no differ-

ence in effect, then the subset of observed response values for any
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subpopulation should be equivalent to a simple random sample from the

set of n response values. This argument gives rise to the randomiza-

tion hypothesis of no association:
HO: There is no association between the response variable and the

subpopulations in the sense that the observed partition of the response

values, y. ., into s subpopulations can be regarded as equivalent to a
successive set of simple random samples of sizes Nys Noy ooy N

The hypothesis Hy can be tested by assessing the compatability of

the data for the subpopulations with their expected values under a

randomization sampling process. Let
n,

1
y; = (t/my) 2, Yir/™

A== 4

denote the mean response value for the i-th subpopulation. Then, under

Hgs the expected value for y, is
s n

E {;'1 | HO} = ).' =i§1 Eiyil/n

i.e., the pooled subpopulation mean, and the covariance structure is
Cov {y;s ¥;r I Hol = {w/(n - D} {08, 0/n) - 1} (3.1)

where Jii’ =1ifi=1 and Jii’ = 0 otherwise, and
S n

v={S S

i=11=t

ty,, - %) /n

denotes the finite population variance.
If the subpopulation sample sizes Nys Ny .eny N are sufficiently

large, then randomization central limit theory (see Puri and Sen

(1971)) can be used to construct a chi-sguare test statistic:
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Q=yclccwC]icCy (3.2)
= {(-1)/m}y C’[CD et Cy
where ¥ = (Y, Yo» «os y¢)” is the vector of subpopuiation means, Cov
has the structure given in (3.1), Dn is a diagonal matrix with
Ny»> Mgy -eey Ng ON the diagonal, and C = | I(s-i)’ -l(s-i) ] is a contrast
matrix, where I( 1) isvthe (s-1)th order identity matrix, and l(s-i) is
a (s-1)x 1 vector of 1’s. Q has, asymptotically, a chi-square distri-
bution with (s-1) degrees of freedom.
Expression (3.2) can be shown to be equal to

2

S
Q={n- i)/r\v}zini@i -y) (3.3)

by use of the matrix lemma given in Koch and Bhapkar (1982). Since
expression (3.3) involves the ratio of between subpopulations sum of
squares to total sum of squares, Q can be interpreted as a one-way
analysis of variance statistic.

An analogous chi-square statistic can be formulated to test the

association between the subpopulations and a multivariate set of d

response variables. Let y,; = { Yij1 b= Yiop o yidl), denote
the (dx1) response vectors, and let
¥, = 7150 = Gipo vips o0 Vid” (3.4)

denote the observed mean vector for the i-th subpopulation. Then,
under the multivariate version of Hy, the expected value vector for 91
is

E{y, IHy}=ye={ )—’J- }= Uags Yo oo Vg (3.9)

the pooled sample mean vector, and the covariance structure can be
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expressed as

Cov{ylaylliHo} = {V/ (n‘i)} {(néu,/ni) - 1}
where s
1 - -
V= (1/n) _2 2 (yil ~ Y (yil - Y] (3.6)

The chi-square test statistic is

Q={Mm1) En (y, - ¥’ V7

(y; = ya) } (3.7)

where V is given in expression (3.6). If the subpopulation sizes are
sufficiently large (e.g., at least 20), Q has a chi-square distribution

with d(s-1) degrees of freedom.

3.1.2 Covariate-Adjusted Randomization Statistics
As an extension of the notation in the previous section, let x;, de-

note the (tx1) vector of covariables associated with the 1-th subject in

the i-th subpopulation. Let x = 1x1k} = (xxi’ X, 20 e iit)’ denote the
mean covariable vector for the i-th subpopulation and let x, = {X } =
(Xpe 5 §*2, ey §*t)’ be the pooled subpopulation mean covariable
vector. Then the multivariate randomization test statistic given in
(3.7) can be rewritten so as to differentiate the response variables

from covariables as follows:

[ - -7
| V V’ YARR
Qly,x) = {(n-1)/n} Zn -y’ ( >-< - %)’ y Xy _1 _*'
=1 V X; - x*l
where
v v ] o T o] \.
oy - Ya - -
i vy vxy i 2 s )![(y"* Ty By x*)']%
L xy X | ul 1_ %ii 1 J
Q(y,x) has asymptotically a chi-square distribution with (d+t) (s-1) .
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degrees of freedom.

Under the (joint) multivariate randomization hypothesis of no
association, Q(y,x) can be partitioned into two independent components,

Qly,x) = Q%) + {Qly,x) - Q(x)}
= Q(x) + Qlylx)

where Q(x) (which has the form of (3.7) with x and V_ substituted for
y and V) is the multivariate statistic for testing the randomization
hypothesis for the covariables. |

If the randomization hypothesis for the covariables is true, Qlylx)
can be interpreted as a covariate-adjusted test statistic which has
approximately a chi-square distribution with d(s-1) degrees of freedom.
Q(ylx) can be shown (by the matrix lemma given in Koch and Bhapkar

(1982)) to have the form

S
Q¥ = ((a-)/nh { 3y &/ v, g
i=

where - o , a4 o- -
and
-1
V.=V -V_V_ "V 3.8
g Y Xy X Xy (3.8)

This form of the statistic shows Q(ylx) to be a multivariate randomi-
zation statistic like (3.7) with respect to the residuals

g ~ (yj) - Ya) v,xy Vx.i (x;y - Xy)
of a pooled sample set of multiple regressions of the y;; on the x;,.
Q(yix) is thus analogous to the rank analysis of covariance methods of
Quade (1967).

The randomization hypothesis for the covariables should be verified
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via the statistic Q{(x}. If the hypothesis is rejected, it may indicate an
imbalance in the allocation of subjects to subpopulations, thus implying
that the randomization model framework is possibly not appropriate for
the analysis of the response variables. In this case; post-stratification

on the covariable(s) may be used to reduce the imbalance. If', however,

Q(x) is significant with respect to covariables whose values were known

prior to randomization, and the randomization is assumed to have been
properly conducted, then the randomization model framework may still
be considered appropriate.

The primary rationale for the covariate-adjusted statistic Q(y|x) is
that it can be viewed as providing adjustments which induce equiva-
lence of the subpopulations with respect to the covariables, and thus
subpopulation differences with respect to the response variables can be
attributed more definitely to subpopulation effects rather than partially
to random imbalances in the covariables. The covariate-adjusted sta-
tistic Q(ylx) may also be more significant than its unadjusted counter-
part Q(y) due to a more precise covariance structure. However, the
tendency for Q(y|x) to be larger than Q(y) is partly a random event
depending on the tendency for subjects with "less favorable" covariable
status (i.e, likely to have less favorable response) to be assigned to the

"more favorable" subpopulation.

3.1.3 Stratification-Adjusted Randomization Statistics

Let h=1, 2, ..., g index a set of strata for some partition of the n

subjects. The hypothesis of no association between the responses and the

subpopulations which takes stratification into account (i.e., the

48




randomization hypothesis of no partial association, Hyp) is the same
as the randomization hypothesis HO’ or its multivariate counterpart,
expressed for each of the q strata simultaneously.

One method for testing Hyp involves average partial association
statistics, which are extensions of those of Mantel and Haenszel (1959)
and Mantel (1963). Let the sample size of the i-th subpopulation in the

s
h-th stratum be denoted by n,, so that .Einhi =ng . Let Yhi® Vi aNG
i=

V,, denote the h-th stratum counterparts of ¥, Yx, and V in (3.4),
(3.5), and (3.6) respectively. Let

F. = § Ne. Y
- hi 7hi
denote the vector of across strata sums of the response vectors for the

i-th subpopulation. The expected value and variance structure for F =

(Fi’, FZ” cees FS’) ’ can be expressed as

E{FlH,o} =3 1,8D_ ¥
oP éid ny Y

and

where n = (nh 2 Mhos »os n'ns)’ ® denotes left Kronecker product

multiplication, and

Ph = (Phi, th, cee Phs

/

) = (i/nh)(nhi, Npos oo nhs)
The average partial association chi-square test statistic has the

form 4
— / T4
QG =G VG G
where

Vg = (1480) (Var{F|Hgph) 1,8C)7
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I; denotes a (dxd) identity matrix, and C = [I(s-i)’ -1(3_1) }. Under
Hops Q; has an approximate chi-square distribution with d (s - 1)

degrees of freedom, provided that the across strata subpopulation
g

sample sizes, n = > ;s are sufficiently large.
=1

The covariate-ad justment methods of the preceding section can be
used to formulate covariate-adjusted stratification statistics. Let
8hit = Wil ~ Yhw) - Vh WXy vh X x‘ul Xpyx)

denote the within stratum residual vectors. Let

Y ~ ~ S /
8 = (Bhy 1o s Bhygr o1 Bhgys oo Bpsd)
denote the vector of mean residuals for responses within subpopulations

for stratum h. The vector
e= 3 n,1,00p 1§,
h=1 h
(where Ph = { nhi/nh} , fori =1, 2, ..., s) is a vector of across-strata
sums of the residuals for each of the response measures within

subpopulations. Under HOP’ this vector has expected value 0 (sxd) and

variance,

where vh,g is the h-th stratum counterpart to (3.8).
A d(s-1)-th order vector of contrasts can be formulated as
b=1I d®C] g - The covariate-adjusted stratification statistic is then
Qg (ylx) = ¥ {{1;®C] [Var(glHyp)] [1,®C1} b
which is asymptotically distributed as a chi-square with d(s-1) degrees
of freedom when the overall sample sizes n,; are sufficiently large.

An alternative covariance-adjusted stratification statistic, formu-
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lated from the difference of two average partial association statistics,
is:

QG yix) = Qg (y,x) - Q%)
QG(y,x) , the joint multivariate chi-square statistic for the responses
and covariates, has (d+t)(s-1) degrees of freedom, and QG(x), the chi-
square statistic for the covariates, has t(s-1) degrees of freedom, so

QG(ytx) has (d+t)(s-1) - t(s-1) = d(s-1) degrees of freedom. This

alternative statistic is not an extension of the Mantel-Haenszel stra-
tegy, and its properties are not well-known. However, it may be the
randomization statistic of choice when some of the vh,x are singular,
or when there is a large number of strata each with small sample

sizes.

3.2 Exact Tests

Often the most salient feature of adverse experience data is that
each of the adverse experiences reported occurs in a small number of
patients. The sample sizes for the treatment groups may also be
relatively small. A commonly-used rule for the suitability of the
Pearson chi-square test to a fourfold table such as the following

Adverse Experience

Treatment yes no
I
= ; I
Experimental | nyy Ry Ny,
|
Control l[ Ny y Noo Ny,
] 42 n

=n..n,./n, for all cells should exceed

is that the expected value, m £ L

5.0. An alternative to the chi-square test when cell counts are small
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is Fisher’s exact test. Given that the marginals for the observed table
are fixed, then, if there is no difference between the treatments with
respect to adverse experience incidence, the probability of a given cell

is given by the hypergeometric distribution, i.e.,

nigtngitngtng ol

Prin,.IHy} =
iyt a n! niilnizl n21!n22!

The p-value for Fisher’s (two-sided) exact test can be found by
enumerating all tables with the same marginals as the observed table,
calculating the probability of each, and then summing the probabilities of
those tables which are equally or less likely than the observed table.

For rxc tables, the principle is the same, but the probabilities are
calculated using the multiple hypergeometric distribution. Pagano and
Halvorsen (1981) developed an algorithm for calculating the exacﬁ
significance levels of rxc tables, which is computationally faster than
previously proposed algorithms because it does not require total
enumeration of the tables.

For a set of fourfold tables, such as

Table 3.2.1

Adverse Experience

Treatment yes no
Experimental Ny NLyo N4
Control "h21  "h22 | "ha+

T he2  Th
for h=1, 2, ..., q, the Mantel-Haenszel statistic may be appropriate

even if the within stratum sample sizes are small, so long as the
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combined stratum sample sizes,

n

=§n and n =‘%'_n ,
++ T & Thi+ +2+ T & h2+

are sufficiently large. Mantel and Fleiss (1980) proposed the following

criterion for the suitability of the Mantel-Haenszel procedure for a set

of fourfold tables:
min {[hé:imhii 'h%(nm Ll éi(nhi uv ‘h%mhi 1}z s

where My = nh1+nh+1/nh is the expected value for Nygs and

(npy and (4 4)y; are respectively the lowest and the highest possible
values for that cell, given that the marginals are fixed. Thus, the
criterion requires that the potential variation in the across-strata sum
of expected values for a particular cell should be at least 5.0. The
criterion, of course, does not depend on which of the four cells is
chosen. If the Mantel-Fleiss criterion is not met for a set of fourfold

tables, an exact test may be carried out using the algorithm of Thomas

(19795).

3.3 Nonparametric Tests for Censored Survival Data

A variety of nonparametric tests for censored survival data can be
used for treatment (or other group) comparisons of time to first adverse
experience. The most commonly used tests are based on generalizations
of either the Savage (1956) or Wilcoxon (19495) statistics. Gehan
(1965) proposed a generalization of the Wilcoxon statistic with a
permutation based variance, calculated under the assumption of equal
censoring patterns for the groups. Breslow (1970) proposed an

asymptotic variance for the Gehan statistic, which does not require the
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assumption of equal censoring. Alternative generalizations of the
Wilcoxon statistic, using scores based on estimates of the survival
function, have been proposed by Peto and Peto (1972) and Prentice
{(1978). The generalized Savage test, often referred to as the logrank
test, was first proposed by Mantel (1966) and later derived by Cox
(1972) from likelithood theory under the Cox regression model (see
Section 3.6).. The Mantel-Cox version of the test uses the Mantel-
Haenszel variance. An alternative permutation based variance, which
requires the assumption of equal censoring, was proposed by Peto and
Peto (1972). Similarities in the construction of the logrank and
generalized Wilcoxon tests are discussed in Tarone and Ware (1977)
and elsewhere, and are summarized below.

For simplicity, let us assume that only two treatment groups are to
be compared. A parallel presentation using matrices for multiple group
comparisons is given in Schemper (1984). Let ty (h=1,2, ..., 9 be
the distinct ordered times to first adverse experience (failure) in the
pooled sample. A fourfold table like Table 3.2.1 can be formed at each
of the q failure times. Let My and N>y be the number of failures at
time t, for the experimental and control groups, respectively. The
respective numbers at risk just prior to t areny, , and N4 and the

total number at risk is n. A statistic for group comparisons is

T= %“’h Phit ~ Ohys ey /0y
which is a weighted sum of the differences between the observed and

expected number of failures. A variance for T based on the

hypergeometric distribution is given by




V= Ggiwhz g+ 2 P Pz [ (o - 1))
where the last term in the sum is defined to be zero if n, = 1. A
test for group comparison is then given by TZ/ V which is asymptotically
distributed as chi-square with one degree of freedom. The choice of
wy =1 corresponds to the Mantel-Cox test, and w = np, leads to the
Breslow (1970) test. The difference in weighting schemes for the two
tests explains the difference in their sensitivities. The Breslow test,
which is weighted by the number at risk, is sensitive to early occurring
differences, whereas the Mantel-Cox test, in which all intervals are
weighted equally, is more sensitive to late occurring differences. The
use of both tests together may thus provide insight into the nature of the
group differences.

When the number of failures is small, the validity of asymptotic
tests is questionable. The Mantel-Cox test is sometimes adjusted by a
continuity correction (i.e., (T - &)2/\1) in order to address this problem.
Simulation studies have shown that the continuity corrected Mantel-Cox
tends to be overly conservative (Lininger et al. 1979). It may also be
nonconservative in the case of unequal sample sizes where the larger
event rate occurs in the smaller sample (Kellerer and Chmelevsky
1983). The uncorrected Mantel-Cox test and the Breslow test may be

seriously nonconservative, especially in this situation (Kellerer and
Chmelevsky 1983, Latta 1981).

Exact logrank or generalized Wilcoxon tests may be conducted, based
on the permutation distribution of the score statistics, T, associated

with the corresponding asymptotic tests. These tests assume equal
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censoring patterns for the groups to be compared, however, and this is
often not the case. Jennrich (1984) proposed the use of conditional tests
after artificial censoring as a method of producing analogies to standard
tests (e.g., logrank, generalized Wilcoxon) that are exact even in the
prescence of unequal censoring. However, artificial censoring involves
randomly censoring one observation in the other group after each failure,
and thus the test result depends not only on the data, but also on the
randomization used for the artificial censoring.

In this dissertation, the Mantel-Cox and Breslow tests are used for
group comparisons provided that the Mantel-Fleiss (1980) criterion is
met for the set of fourfold tables produced by stratifying on time of
failure th‘ Otherwise, if the Mantel-Fleiss criterion is not met, but
the proportion censored is approximately the same in the groups being
compared, an exact logrank test (as implemented by the algorithm of

Thomas 1975) is used.

3.4 Logistic Regression and Extensions to Ordinal Data

Logistic regression can be used to describe the effects of a set of
explanatory variables on a dichotomous response variable, such as the
occurrence/non-occurrence of an adverse experience over the treatment
period. Extensions of logistic regression can be used for the analysis of
polychotomous response variables, such as the severity of adverse
experiences. In this section, some aspects of the statistical theory for
logistic regression are summarized. The material presented follows the
notation and style of Koch and Edwards (1983).

Let Y denote a dichotomous (0,1) response variable with expected
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value T = Pr(Y = 1), and let x = (xi, X5y wevs xt)’ be a vector of t
categorical or continuous explanatory variables. We are interested in
modeling 7 as a function of x. The linear logistic model has the form
m(x) = exp(a + x'B) /{1 + exp(a + X'B) (3.9)
where a is the intercept parameter and B = (Bi’ ‘82’ cees ‘Bt)’ is a vector
of regression parameters. An important property of this model is that
the regression curve is S-shaped; as x'B appr'oéches +c0, m(x) approaches
1.0, and as x’B approaches -0, (x) approaches 0.0. The curve is
nearly linear for 0.2 < m(x) < 0.8. With a logistic transformation of
m(x), the model becomes
logit w(x) = In{m(x) /(1 - T(x))}=a+xB

Estimates for a and B are usually obtained by maximum likelihood
methods. Leti=1, 2, ..., s index the s subpopulations corresponding to
distinct vectors of explanatory variables X, = (xii’ Xi59 tees xit), . Let
Ny denote the number of patients in the i-th subpopulation for whom the
value of the response variable Y, is 1 rather than 0, and let n, =
(nii’niZ), denote the distribution of responses from the n, =n;; + n;5
patients in the i-th subpopulation. If each i corresponds to an individual

patient, thenn, = { for all i. Assuming a product binomial

distribution for the responses, the likelihood for the data is
S n n.
{ 2
L =ir=11{ni+! w (w2 /m gt
where 7, is the expected value of Y. By replacing 7, in L by its model
(3.9) counterpart, differentiating In L with respect to « and B, and
setting the result equal to O, one obtains the following series of equa-

tions:
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M)

s J {exp (a + x,"B)) |

L =TT {n !/ (n in5t) N |
i=1 L {1 + exp(a + Xi'ﬂ)} i }l

s
InL —C+2nia+x ﬂ)-zinH_ln{i +exp(cx+xi’ﬁ)}
. =

‘.—.

3lnL § § f exp (a + xi/ﬂ) § R =0 (3.10)
— =3>n, - 2N -n,m) =

sa =ttt E [1 + expla + xi’ﬂ)J i=1 :

alnL s , % exp (a + x;”B) ] % N ) ,(3'(1)1)
— =2>n.,%x"-3>n -y xS =
ap =it St 1+exp(a+x’ﬂ’)} i=1 e

If we let X A = (1, x / and By = (a, B’)’ then the likelihood equations

(3.10) and (3.11) can be written as

n
i=1
where ;ri = exp (xiA’éA)/{i + exp (xiA’ﬁA)} are the model predicted

maximum likelihood estimates of Tis based on X A and B A the

~

maximum likelihood estimates of B A+ Ba must generally be calculated

using an iterative procedure such as the Newton-Raphson method. This

method involves adjusting a k-th step estimate é i to 2 (k+1)-th step

estimate via the algorithm

~ ~ ~ S N
Ba kvt = Bar * VIBAD (2 0y - mym)xip)

~ S ~
where V(pAk) ={> Ny T - 1) X0 xiA’}—i is the negative of the
i=1

inverse of the matrix of second order partial derivatives of InL evalu-

ated at é Ak: V(B) is the k-th step estimate for the asymptotic covar-
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iance matrix of B A

Ifn, 2 10 for most of the s subpopulations, then either the Pearson

chi-square statistic,
2 A

EZIZ - /m
1—1J1 iy My

where m, = and m;5 = {- 1;1), or the log-likelihood ratio

i+ nx i+ (

chi-square statistic

EEZn In( /m)

can be used to assess goodness of fit. Both statistics are asymptotically
equivalent, and both have approximate chi-square distributions with

(s - t - 1) degrees of freedom. If many of the N are sméll, QP and Q.
should be viewed cautiously.

An alternative strategy for assessing goodness of fit when the Ny 5
are small is to fit an expanded model and then verify that the
contribution of effects not in the original model is nonsignificant. Let
the specification matrix for the original model be denoted by X, where
xiAI =1, xi’] are the rows of XA‘ The expanded model, [XA,W]
contains the t original variables, the intercept, and w additional
explanatory variables, and must have full rank (1 +t + w). The
significance of the contribution of W to X, may be evaluated by the

difference of the log-likelihood ratio chi-square statistics for X, and

[anw] , .e.,

s 2 ~
Qg =2 22n;{lnim / m, )
RS = U
where the m, are the predicted values for model [X Wi,

1j,W
An alternative statistic which does not require the fitting of the
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expanded model is the Rao score statistic

Qg = (e -n?n*i)’W{W’[DX1 -p. 7 Ix (xA'D:ix )'1xA'D£1]w}'1

v v A v A Vv
W’(n*1~m*1)
where Ny, = (ni 1v,_n21, censy nsi)’ m= (m“, Moy ey msi)’ and D\}
is the diagonal matrix with diagonal elements \;i =In;, 7;i (1- 1;\1)]—1.

Both QLR and QS have approximate chi-square distributions with w
degrees of freedom.

In this dissertation the SAS macro CATMAX documented in Stokes
and Koch (1983) is used to perform logistic regression for contingency
table data. For example, in Chapter VI a contingency table is
constructed for the occurrence/non-occurrence of adverse experiences by
treatment for a set of investigators, and the score statistic capability of
CATMAX is used to assess the significance of the treatment by
investigator interaction. The SAS procedure LOGIST of Harrell (1983)
is used for raw data input, i.e., one sub ject per observation. In
Chapters IV and V, the stepwise variable selection capability of LOGIST
Is used to identify important predictors of selected adverse experiences
and to evaluate the importance of treatment relative to other explanatory
variables. The LOGIST procedure uses Rao score statistics for variable
selection, as proposed by Bartolucci and Fraser (1977).

The LOGIST procedure can also be used to fit a logistic multiple
regression model to an ordinal response variable by the method
described in Walkér and Duncan (1967, section 6, as referenced by
Harrell 1983a). McCullagh (1980) refers to this model as the

proportional odds model. If the response variable Y, has levels
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0, 1, ..., k, the model statement for the proportional odds model is
PriY,>Jj) = exp(aj + xi’ﬂ)/{i + exp(aJ. + xi’B)}

for j =1, 2, ..., k. This model thus uses all response categories for

each logit.

An alternative logit model for ordinal data for which there is
available software for maximum likelihood estimation is the equal
adjacent odds ratio model, described in Imrey et al. (1981, 1982) and
Koch et al. (1982). As its name implies, this model uses only adjacent
response levels in the formation of the logits. Other logit models are
reviewed in Agresti (1983) and Cox and Chuang (1984).

As noted by Koch, Amara, and Singer (1985), the proportional odds
model is more appropriate than the equallad jacent odds model when the
response categories can be viewed as falling along an underlying
continuum. In Chapter IV, the proportional odds model is used to assess

the association of explanatory variables with the severity of the most

severe occurrence of drowsiness during the treatment period.

3.5 Weighted Least Squares Methods

The weighted least squares (WLS) methods of Grizzle, Starmer, and
Koch (GSK, 1969) can be used for modeling counts and rates of adverse
experiences when the subpopulations (typically defined by treatment
groups and possibly other explanatory variables) are moderately large,
e.g., greater than 20. The G3K strategy involves three stages: 1)
construction of appropriate functions of the responses, 2) fitting of
regression models to these functions with WLS estimation, and 3)

testing hypotheses about linear combinations of the model parameters.
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An advantage of this modeling strategy over logistic regression is that

the response functions for WLS may be more general than the
dichotomous or polychotomous response variables required for logistic
regression. However, the inclusion of covariables is much more
awkward with WLS because each covariable must be incorporated in the
stratification used to produce subpopulations, thus increasing the sample
size requirements. In this section, aspects of the GSK method are
summarized using notation similar to that of Johnson et al. (1981). The
data structure of Chapter IV is used as a context for-discussion. In that
chapter, WLS methods are used to model the average proportion of the
eight treatment period assessments at which drowsiness was reported
for patients in each of four treatment groups.

The quantities necessary for the implementation of the GSK method

are F (a vector of functions of the response data), VF (a consistent
estimator of the covariance matrix of F), and X (the specification
matrix for a linear model for F). Let the subpopulations be indexed by
i=1, 2, ..., s. InChapter IV the subpopulations of interest are the
four treatment groups, so s = 4. The response vector for patient ! in
subpopulation i (where | = 1, 2, ...,ni) isy; = {yiji} =

(yi“, Yiopr o+ yi81),’ since there are eight assessments. Each of the
Yijl is an indicator variable with value 1 if the patient had drowsiness
at assessment j (j = 1, 2, ..., 8), and value O otherwise. Let the
within-subpopulation mean vector be denoted by y, = (y; (, ¥;2 --+» ¥ig)”

n,

1

where ;'ij :121 yijl/ni . The summary measures of interest for this

example may be expressed as 51 = A9i where A=(11111111]/8. '
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Thus 51 is the average proportion of the assessments at which patients in
the i-th treatment group had drowsiness. The vector of functions of

interest is F = (51, 52, 53, 54)’, for which the covariance matrix VF is

a block diagonal matrix with blocks

ES (31 - yx (1 - yl) ] A,/ni
More generally, F can be ‘any vector of functions obtained from
combinations of linear, logarithmic, or exponential transformations of
the response data. Vp can then be obtained using linear Taylor series
methods as described by Koch, Imrey, Singer, Atkinson, and Stokes
(1984).
A linear model for describing the variation in F is
. EAP =X8
where X is the specification matrix, B is the vector of parameters to be
estimated, and E 4 denotes asymptotic expectation. The WLS estimated
model parameters b and covariance matrix V, are
b= (Vg 1) X VE'F
and
Vv, = (X Ve X
The Wald statistic for evaluating the goodness of fit of the model is
Qw = (F - Xb)’VF L(F - xb)
When the subpopulations are moderately large (i.e., n; 2 20), Qy has an
approximate chi-square distribution with degrees of freedom equal to
the difference between the dimensions of F and b. When model fit is

supported, hypotheses regarding linear combinations of model
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parameters, HC: CB = 0, may be tested using a Wald statistic
Qy.c=bC €V,c) b
which has an approximate chi-square distribution with degrees of
freedom equal to the rank of C.
The program MISCAT (documented in Stanish, Koch, and Landis
1978) has the capability of calculating from the raw data matrix the

mean vectors { 5i}’ as well as other combinations of linear, logarithmic,

or exponential functions of the response vectors to form the function
vector F. The corresponding covariance matrix VF is also estimated.
Specified models are fit with WLS estimation, and Wald statistics are
provided for evaluation of model fit and testing of specified hypotheses.
MISCAT has the additional capability of providing multivariate ratio

estimates of the mean vectors { 51} in the case of missing data, as

described by Stanish, Gillings, and Koch (1978). When the data are in
contingency table format, the program GENCAT (documented in Landis,

Stanish, Freeman, and Koch 1976) may be used for WLS calculations.

3.6 Cox Regression

With respect to the analysis of time to event data, a widely-known
model is that of Cox (1972). The Cox model is formulated in terms of
the effects of the covariables on the hazard function. Let X, =
(xi {2 X{20 =oe x.lc)’ denote the vector of covariables for the i-th patient
(i=1, 2, ..., n), and let >\i(t) denote the corresponding hazard function,
which may vary over time. The Cox model has the form

Ap(t) = Ao(t) exp (x,”B)

where Ao(t) is the unspecified hazard function of the underlying survival




distribution when x, = 0, and B is a (dx 1) vector of regression
parameters to be estimated. The Cox model is an example of a
proportional hazards model, so called because the ratio of the hazard
functions for any two individuals does not depend on time (given that the
X; do not depend on time), i.e.,
Ai(t) / >\.1,(t) = exp (x.1 - x.l,)’B

Nonproportional hazards models arise when Ao(t) depends on the x;.

Several authors (including Cox 1975, Kalbfleisch and Prentice
1973, and Breslow 1974) have approached the construction of a
likelihood function for the Cox model from different perspectives.
When there are no ties in the uncensored times to failure, there is a
consensus as to the likelihood function. Let t; be the censored or
uncensored time to failure for the i-th patient, and let F be the set of
patients who failed. Given that there are no ties in the t.l, the likeli-

hood function may be written:

where R(ti)’ the risk set at ti’ is the set of patients who have not failed
or withdrawn prior to time t,. |
The authors cited above differ with respect to the likelihood function
proposed for the case of ties in the uncensored data. The likelihood
function proposed by Breslow (1974) is the most tractable from a
computational standpoint, and is used in the SAS procedure PHGLM of
Harrell (1983) and the BMD program P2L of Hopkins (1981). If there

are q distinct times of failure among the n patients and m; patients

65



failed at time th (h=1, 2, ..., g, the Breslow likelihood can be

expressed as
Th

Bl "}

ﬁ {exp /[ g(texp (x

h=1 JER(t) J
where s is the sum of the covariate vectors for each of the m, patients.
Extensions of the Cox regression model may be used for the case of
grouped times to failure, as discussed by Prentice and Gloeckler
(1978).

In this dissertation, the procedure PHGLM is used for Cox model
regression. This program has stepwise capabilities for variable
selection, through the use of Rao score statistics. Stratified analysis
(as discussed by Breslow 1979 among others) can also be performed.
When group membership is the only covariable in the model, the score

statistic for the Cox model is virtually equivalent to the Mantel-Haenszel

(or Mantel-Cox) statistic. This equivalence is used in Chapter VI where
treatment group comparisons of time to first adverse experience are
performed, stratifying by investigator, using PHGLM .

An important assumption of the Cox model! is the multiplicative
relationship between the underlying hazard function, and the function of
covariables, which, for our purposes, do not depend on time. This
proportionality assumption may be examined graphically (e.g., by
checking whether the -In -In (estimated survival) curves appear parallel).
Nagelkerke, Oosting, and Hart (1984) proposed the use of a test for
proportionality based on the "partial residuals” of Schoenfeld (1982).

An alternative test based on these "residuals" has been included in the
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truncation is used to investigate the proportionality assumption in

Chapter VI.

3.7 Poisson Regression and Piecewise Exponential Models

Poisson regression is a method for assessing the relationship between
observed counts which are assumed to have independent Poisson
distributions and a set of explanatory variables. The most common form
of Poisson regression is the log-linear model. In this section, this model
is described along with several auxilliary statistics which are useful in
assessing model fit. The applicability of Poisson regression computing
procedures for fitting piecewise exponential models to survival data is
also described. The notation and style of the presentation follows that of
Koch, Atkinson, and Stokes (1984) and also Atkinson (1984).

The log-linear model has the form

E(n) = p = Dy exp (XB)

for which n = (ni, Moy e s ns)’ is an s x | vector of observed counts for
the respective s subpopulations, p is the corresponding s x 1 vector of
expected values, N is the s x 1 vector of known exposure measures (e.g.,
person-days of treatment), Dy is ans x s diagonal matrix with the
elements of N down the main diagonal, X is the s x t model specification
matrix, B is the t x 1 vector of model parameters to be estimated, and
exp is the operation which exponentiates the elements of a matrix. Each
p; is assumed to be the product N.A, where A, is the rate at which the
events counted in n accumulate per unit Ni; thus >\i = exp (x.l’ B), where
xi’ is the row of X corresponding to the i-th subpopulation.

4

The likelihood function of the counts {nil is

67



S ni
L =_Hipi {exp (-p)} / ny!
i=

After substituting Ni exp (xi’B) for u; in L, differentiating In L with
respect to 8, and equating the result to O, the resulting set of nonlinear

equations has the form

X'n=Xp =X’ Dy lexp (XB)]
Since these equations usually do not have an explicit solution, an iterative
procedure, such as the Newton-Raphson procedure, is necessary to solve
for ﬁ In order for é to have approximately a multivariate normal

distribution with a covariance matrix which can be estimated by

vig)=x DXt
H

the observed counts n must be sufficiently large for the linear functions
X’n to have approximately a multivariate normal distribution from
central limit theory.

Two measures of goodness of fit for the model X are the Pearson

chi-square criterion
S - R
_ -2
Qp = gi(“i TR Ry
and the log-likelihood chi-square criterion
S -
QL = 1212 n In (ni//.li)

Both of these statistics have (s - t) degrees of freedom and both address
the compatibility of the observed counts with the model-predicted counts.
As in Section 3.4, the goodness of fit of the model may also be

evaluated by assessing the contribution of columns W (an s by w matrix)
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to the matrix X (which is s by t) via the log likelihood ratio statistic

S ~ ~
Qur = 2,2m Il g /#Y)

A~

where p,  are the predicted counts for the expanded model {X, W]
and ’;i are the predicted counts for the original model X. An
asymptotically equivalent statistic for assessing the effect of W which
requires only that the model X be fit is the Rao score statistic

Qg = (n- )’ W (W[D. DXXD.X XD IW W (n - p)

L H H
Both Q; and Qg have approximate chi-square distributions with w

degrees of freedom.

Frome (1983) describes several statistics which may be used to
detect influential observations and outliers from model fit. The two
measures to be described in this chapter and illustrated in Chapter VI
are the diagonal elements of the H matrix and the adjusted standardized

residuals. In Poisson regression the H matrix has the form

H=wip@Ewp P w
where

-
W= DNDexp(Xﬁ) and P= Dexp(Xﬂ) X

and B is evaluated at the maximum likelihood estimate é Diagonal
elements of H which exceed 2t/s (where s and t are the row and column
dimensions of X) are considered to be influential observations, i.e.,
points in the model space which may substantially influence the fitted
model (Frome 1983).
The adjusted standardized residuals are the standardized residuals,
(n-p /p
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divided by their variance, which is shown in Atkinson (1984) to be

I - H The adjusted standardized residuals,
" " 3

(n, - )/ (u)°

* ! ! i=1,2,...,s

(1 -hy?
which deviate from the standard normal distribution may be indicative of
outliers from model fit.

In Chapter VI, Poisson log-linear computing procedures are used to
fit piecewise exponential models to survival (time to adverse experience)
data. The piecewise exponential likelihood function may be written as

L =ﬁ ﬁ Ao N fexp (A N

PE ~ 1 j21 71 EXPTA 3N 57
where i indexes the subpopulations formed from the covariates; j indexes
the time intervals; and nij’ Nij’ and )\ij are respectively the number of
patients with the adverse experience, the number of person-days of
treatment, and the hazard rate for the i-th group in the j-th interval. As
shown by Holford (1980) and independently by Laird and Olivier (1981),
LPE is pr‘oportional to its Poisson counterpart,
r

S n. .
_ 1] -
PO _gi Jgi(NiJ Aij) [exp Nij Aij)] / niJ'!

| s r N Ny l
“tee (I ,jl;[i y gt
Therefore, computing procedures which maximize LPO also maximize

LPE'
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Chapter IV
An Antihistamine/Decongestant Drug Trial Example

4.1 Description of the Trial

The data analyzed in this chapter are from a randomized, double-
blind, parallel-designed study of four treatments: a combination drug
(AB) for treatment of rhinitis, each of its two components (A, the
antihistamine, and B, the decongestant), and placebo (P). One hundred
fifty-five patients suffering from nasal congestion associated with
allergic rhinitis were enrolled. The study was conducted by a single
investigator during three succeeding allergy seasons: fall (ragweed
season) 1978, summer (grass season) 1979, and fall 1979. A
summary of the demographic characteristics of each treatment group
is given in Table 4.1.1. Randomization appears to have produced
treatment groups which are reasonably comparable with respect to the
distribution of demographic characteristics; the only departures were
tendencies for the placebo group patients to be a little heavier than
patients in other groups, and the females in group B to be somewhat
lighter than the females in the other groups. There were no statis-
tically significant treatment differences with respect to any of the
demographic. variables.

Each patient was studied for one day. Medication was given at

10:00 a.m., 1:00 p.m., and 4:00 p.m. Adverse experiences were



Table 4.1.1

Summary Statistics of Demographic Characteristics
by Treatment Group

AB A B Placebo a
(n = 40) {(h = 39) {(n = 40) (n = 36) p-value
Sex 0.851
“Female 12 (30%) 15 (38%) 13 (33% 11 (31%
Male 28 (70%) 24 (62%) 27 (67%) 25 ( 69%)
Race 0.191
Caucasian 40 (100%) 35 (90%) 37 {93%) 33 (92%)
Other C( 0% 4 ( 10%) 3( 7% 3( 8%
Age 0.869
—ﬁedian 22.0 22.0 23.0 22.0
Mean 24.1 24.8 23.9 24.6
Range 18 - 45 18 - 54 18 - 36 18 - 59
Weight (1b.) 0.427
KI% Patients
Median 150.0 147.0 152.5 161.5
Mean 149.1 151.0 149.1 156.4
Range 95-190 105-225 96-215 98 - 200
Females Only 0.387
Median  126.5 131.0 116.0 130.0 C B
Mean 129.9 132.6 120.3 134.2
Range 95-170 105-170 96-150 98- 185
Males Onl 0.373
Median 155.0 162.5 165.0 165.0
Mean 157.3 162.5 163.0 166.2

Range 115-190 126 -225 125-215 121 -200

Height (in.)
K%I Patients 0.559

Median 69.5 68.0 69.0 70.0
Mean 69.1 68.3 68.3 69.1
Range 62 -75 61- 78 60 - 75 61 - 74
Females Only 0.454
Median 66.5 63.0 66.0 64.0
Mean 65.8 64.4 64.5 64.4
Range 62 - 69 61 -71 60 - 68 61-70
Males Onl 0.443
Median 71.0 71.0 70.0 72.0
Mean 70.6 70.8 70.1 71.1

Range 65 - 7S 65 - 78 63 - 75 65 - 74

3 The p-value for sex is from the Pearson chi-square test. The p-value
for race is from Fisher’s exact test. All other p-values are from
Kruskal-Wallis tests (chi-square approximation). ‘
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assessed at 10:00 a.m. (the baseline assessment) and afterwards at
hourly intervals, the last assessment being at 6:00 p.m. Four adverse
experiences were of primary interest: drowsiness, dizziness, jitteri-
ness, and nausea. Information regarding the occurrence of these
symptoms was solicited at each assessment. Other adverse experi-
ences volunteered by the patients were also recorded. Severity was
coded according to a five-point scale: none, mild, moderate, severe,
and very severe. The level of severity for all reports of jitteriness,
dizziness, and nausea was at most mild. The severity levels of
drowsiness ranged from mild to very severe. However, there were
very few reports of very severe drowsiness, and so the levels severe
and very severe were combined in the analysis.

Since the study was so short, there were very few major protocol
violations or missing values; thus the possible bias in treatment
comparisons is minimal. Three patients received only two tablets over
the eight hour observation period. Two patients slept through one or
more assessments; for the purposes of analysis, these two were
assigned drowsiness values of severe/very severe for the assessments
they missed due to being asleep. One patient did not return after the
11:00 assessment, and three other patients missed one assessment
each due to unknown causes.

This study is unusual in that the direction of the bias due to
protocol noncompliance can be assessed, at least for comparisons of
group AB with any of the other groups. There were no major protocol

violations or missing values in group AB, and the nature of the
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protocol noncompliance (missed doses, missed assessments) of patients

in groups A, B, and P is such as to decrease, rather than increase, the
likelihood of those patients reporting adverse experiences. Since the
direction of the bias is such as to put group AB, the test drug group, at
a disadvantage, statistical comparisons of group AB with any other
group are conservative.

Drug A is known to produce drowsiness, and drug B is suspected of
producing jitteriness. It is of interest to investigate whether the two
components counteract each other so that the combination drug AB

produces less drowsiness than drug A or less jitteriness than drug B.

4.2 Overview of Statistical Analyses
Of the three data sets used for illustration of analyses, the data

from the antihistamine/decongestant clinical trial is the least complex

with respect to the analysis of adverse experiences. This trial was
conducted at only one site, the dosing schedule was fixed, only four
adverse experiences were of primary interest, and the treatment lasted
only one day so the amount of protocol violations and missing data is
minimal.

Relatively few patients had any of the four adverse experiences at
baseline (see Table 4.3.1.1). However, baseline status must be
considered in the analysis because the first treatment period assess-
ment occurs so shortly after the baseline assessment, and thus baseline
status is likely to be a much stronger predictor than any of the other :
variables. All 15 of the patients with baseline drowsiness also had

drowsiness one or more times during the treatment period (11 of the
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15 had it at the first hourly assessment), three of the four patients
with baseline dizziness had treatment period dizziness, and both
patients with baseline nausea had treatment period nausea. No patients
had baseline jitteriness.

In the analyses of dizziness and nausea, patients having either of
these respective adverse experiences at baseline are excluded. Too few
patients had either of these adverse experiences at baseline for the
baseline status to be useful as a stratification variable or covariable
in the analysis.

There are also difficulties with the use of baseline status as a
stratification variable or covariable in the analysis of the occurrence/
non-occurrence of drowsiness during the treatment period. In logistic
regression, since all patients with baseline drowsiness also had
treatment period drowsiness, computational difficulties arise when
baseline status is included as a predictor in logistic regression. The
problem is that the predicted probability of drowsiness for those with
baseline drowsiness is one, corresponding to an infinite predicted
logit. In randomization-based analysis, there are difficulties with
the use of baseline status as either a stratification variable or covari-
able. Using baseline status as a stratification variable produces one
uninformative stratum. However, baseline status cannot be used as a
covariable in randomization-based analysis because the treatment
groups are not comparable with respect to the prevalence of baseline
drowsiness (see Table 4.3.1.1). Therefore, in the analyses which

follow, patients with baseline drowsiness are excluded from the analy-
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sis of drowsiness, unless otherwise noted.

In addition to baseline status, other potential explanatory variables
include: time of enrollment (fall 1978, summer 1979, or fall 1979),
sex, age, weight, and an indicator of obesity constructed from weight
and height, e.g., the Quetelet index (100 times the weight (in pounds)
divided by the squared height (in inches)). The age range in this study
is somewhat limited; all patients are at least 18 years old and only
three are older than 40. There is some confounding between sex and
season because the protocol was originally designed to exclude women
of child-bearing potential. This restriction was not relaxed until after
fall 1978, so very few women were enrolled until spring 1979. Also,
as is the case with most studies which enroll both sexes, sex and
weight are correlated. Weight may be an important predictor of
adverse experiences because the doses were given in mg, rather than
mg/kg. Thus, all other factors being equal, lighter patients would
have a larger amount of drug in the body, per unit weight, than heavier
patients. Since weight and sex are correlated, weight will be nested
within sex in the analyses.

The types of analyses undertaken for this study include: contingency
table methods, randomization-based analyses with covariable ad just-
ment for the explanatory variables, logistic regression, and weighted
least squares analyses. The sections which follow pertain to the
analysis of the various aspects of an adverse experience profile, as
discussed in Chapter II. The analysis of the occurrence/non-occurrence

of each of the four adverse experiences is presented in Section 4.3,
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and the analyses of the severity and frequency of drowsiness is
presented in Section 4.35. Drowsiness is the only adverse experience
for which severity levels other than mild were reported. Also,
drowsiness is the only adverse experience which occurred with some
frequency. Thus analyses of severity and frequency are of interest for
drowsiness, although not necessarily for the other adverse experiences.
One aspect of the adverse experience profile not previously discussed
is the tendency of different adverse experiences to occur together. A
correlation analysis of the four adverse experiences is presented in

Section 4.4.

4.3 Analysis of Occurrence/Non-occurrence

This section pertains to the analysis of the occurrence/non-
occurrence of each of the four adverse experiences via contingency
table analysis, stratified covariance randomization-based analysis, and
logistic regression. Here, an adverse experience is classified as
having occurred during the treatment period if it was reported for at
least one of the eight post-dosing assessments.

In Section 4.3.1, contingency table methods are used to explore the
first order associations of the occurrence/non-occurrence of the four
adverse experiences with treatment and other explanatory variables.
Since very few patients had jitteriness or nausea, a contingency table
analysis with exact tests for statistical significance may be the most
appropriate means of analysis for these two adverse experiences.
Some discussion of the power of the tests is provided, and the effect of

using more strict criteria for the classification of the occurrence of
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drowsiness is also explored in Section 4.3.1.

The results of covariate-ad justed randomization-based analyses of
occurrence/non-occurrence are presented in Section 4.3.2. Treatment
comparisons are undertaken, with adjustment for the explanatory
variables found in Section 4.3.1 to be associated with the incidence of
adverse experiences.

Logistic regression is used to evaluate the relative importance of
the explanatory variables to the occurrence/non-occurrence of adverse
experienceé. The results of logistic regression analyses are presented
in Section 4.3.3.

4.3.1 Contingency Table Analyses

The number and percentage of patients having each of the probed for
adverse experiences is presented, by treatment group, in Table
4.3.1.1. It was hypothesized that group AB might have lower incidence
of drowsiness than group A and lower incidence of jitteriness than
group B. However, the incidence of drowsiness is higher for group AB
than for group A, which is the reverse of what was hypothesized, and
the incidence of jitteriness is only slightly lower for group AB than
group B. Group AB has a higher incidence of dizziness and nausea than
any of the other groups.

Note the high treatment period incidence for drowsiness; 42% of
the placebo group were drowsy during the treatment period, although
none were drowsy at baseline. This may be due either to a high
background incidence for drowsiness, or a strong placebo effect. No

background incidence/placebo effect for jitteriness is apparent in this
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Table 4.3.1.1

Number (%) of Patients with Adverse Experiences
by Treatment Group

Treatment Period

Treatment Period (those with adverse
(all patients experience at
Group N Baseline included) baseline excluded)

——— Drowsiness

AB 40 4 (10%) 31 (78%) 27 (75%)

A 3¢ S {13} 27 (69%) 22 {65%)

B 40 6 (15%) 21 (53%) 15 (44%)

P 36 0 ( 0% 16 (44%) 16 (44%)
—— Jitteriness

AB 40 0 (0%) S (13%) 5 (13%)

A 39 0 ( 0%) 1 ( 3%) i1 ( 3%)

B 40 0 (0%) 6 (15%) 6 (15%)

P 36 0 (0%) 0 ( 0%) 0 ( 0%)
—— Dizziness

AB 40 {1 (3%) 10 (25%) 9 (23%)

A 39 1 (3% 6 (15%) S (13%)

B 40 2 (5%) 6 (15%) 4 (11%)

P 36 0 (0%) S (14%) S (14%)

Nausea

AB 40 1 (3%) S (13%) 4 (10%)

A 39 0 (0%) 1 ( 3% , 1 ( 3%

B 40 1 ( 3%) 2 ( S%) 1 ( 3%)

P 36 0 (0%) 0 ( 0% 0 ( 0%)

Note: There was one assessment at baseline and eight during the
treatment period. The p-value for an exact test (Pagano and
Halvorsen 1981) of treatment group differences with respect to
prevalence of baseline drowsiness is 0.078.
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dataj no patients had it at baseline, and none of the placebo group
developed it during the treatment period.

The results of all pairwise treatment comparisons for the four
adverse experiences are given in Table 4.3.1.2. Fisher’s (two-sided)
exact test is used instead of Pearson’s chi-square test because some of
the tables have cells with small expected values. For drowsiness, two
sets of treatment comparisons are shown: one including all patients
and one in which patients with baseline drowsiness have been excluded.
Note that for comparisons involving the placebo group, the p-values are
much smaller for the set of all patients than for the set of patients
with no baseline drowsiness. This is because all patients who had
baseline drowsiness also had treatment period drowsiness, and,
whereas at least ten percent of the patients in groups AB, A, and B had
baseline drowsiness, none of the placebo group had baseline drowsiness.
Thus, the A versus P comparison is significant at the 0.05 level for
the set of all patients, but not for the more restricted set (p = 0.10),
and the AB versus P comparison is significant at the 0.01 level for
the set of all patients, but significant at the 0.05 level for the more
restricted set. The AB versus B comparison is significant at the 0.05
level for both sets of data.

Group B has significantly higher incidence of jitteriness than the
placebo group (p < 0.05). Group AB also has a higher incidence of
Jjitteriness than the placebo group, and this treatment difference
approaches significance (p = 0.056). None of the treatment compari-

sons are statistically significant for dizziness or nausea.
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Table 4.3.1.2

Significance Tests for Treatment Comparisons of Occurrence

of Adverse Experiences during the Treatment Period

Fisher’s exact test

Adverse Experience Comparison (two-sided) p-value
Drowsiness, all AB vs. P 0.004 **
patients included AB vs. A 0.453
AB vs. B 0.034 *
A vs. P 0.037 *
Bwvs. P 0.501
A vs. B 0.168
Drowsiness, AB vs. P 0.0i6 *
excluding those with AB vs. A 0.437
baseline drowsiness AB vs. B 0.014 *
Avs P 0.100
Bwvs. P 1.000
A vs.B 0.144
Jitteriness AB vs. P 0.056
{None had baseline AB vs. A 0.201
jitteriness) AB vs. B 1.000
Avs P 1.000
Bvs. P 0.027 *
Avs B 0.108
Dizziness, AB vs. P 0.381
excluding those with AB vs. A 0.567
baseline dizziness AB vs. B 0.224
Avs P 1.000
Bvs. P 0.732
Avs B 0.736
Nausea, AB vs. P 0.116
excluding those with AB vs. A 0.358
baseline nausea AB vs. B 0.358
Avs P 1.000
Bvs. P 1.000
Avs B 1.000

* used to flag comparisons where p < 0.05
** ysed to flag comparisons where p < 0.01

81



Without a power analysis, the interpretation of the treatment

comparisons which showed no statistically significant difference is
ambiguous. The lack of significance may be due to indaequate sample
size rather than the lack of a treatment difference. An example of one
of the nonsignificant comparisons of interest is the AB versus A
comparison for drowsiness. One would like to be assured that treat-
ment-induced d;"owsiness is due to component A alone, and that the
combination treatment AB does not produce increased incidence of
drowsiness. The null hypothesis is that the true population proportions
for these two treatments are equal, i.e., HO: TAB = TA The formula
for power based on the normal approximation to the binomial (see Lachin
1981) requires specification of values for n AB and T 5 under the

alternative hypothesis Hy. The power, 1 - B, is then equal to

Pr(Z2 < Z ,8) where Z is a standard normal random variable,

NEjmapg - mal - Z (7 (1 - ) Qug t + Q712

% (Tan(t - Tap) Qun b+ ma (1 - 1) Q, 112

‘"AB AB’ ~AB A A=A
N = NAB + NA is the total sample size, TAB and T are the incidence
proportions for Groups AB and A respectively under Hi’ Zor is the

standard normal deviate at significance level a, Q AB and Q A are the

sample fractions Npp/N and N /N, and 7 = QARTAR * QaTA-

Power calculations for various alternative hypotheses are shown in
Table 4.3.1.3. In this table, 7., refers to the hypothesized incidence in

the control group (Group A in this example), and m, refers to the .
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Table 4.3.1.3

Power Calculations for Two Independent Proportions under Various
Specifications of the Alternative Hypothesis

(for 2 groups of 38 each and Za = 1.645)

T, Ty |mg - T T Zﬁ Power
0.10 0.20 0.10 0.15 -0.428 0.334
0.30 0.20 0.20 0.552 0.710
0.40 0.30 0.25 1.466 0.929
0.20 0.30 0.10 0.25 -0.643  0.260
0.40 0.20 0.30 0.264 0.604
0.50 0.30 0.35 1.155 0.876
0.30 0.40 0.10 0.35 -0.735 0.23%
0.50 0.20 0.40 0.137 0.555
0.60 0.30 0.45 1.032 0.849
0.40 0.50 0.10 0.45 -0.773  0.220
0.60 0.20 0.50 0.101  0.540
0.70 0.30 0.55 1.032 0.849
0.50 0.60 0.10 0.55 -0.773  0.220
0.70 0.20 0.60 0.137  0.555
0.80 0.30 0.65 1.155 0.876
0.60 0.70 0.10 0.65 -0.735 0.231
0.80 0.20 0.70 0.264 0.604
0.90 0.30 0.75 1.466  0.929
0.65 0.75 0.10 0.70 -0.698  0.243
0.85 0.20 0.75 0.379  0.647
0.95 0.30 0.80 1.752  0.960
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hypot\hes;ized incidence in the experimental drug group (Group AB).
Power calculations are not shown for 7 o <0.10 because the normal
approximation to the binomial does not hold for moderate sample sizes
when 7 is close to zero. A rule of thumb is that nm should be at least
five; this rule is not satisfied even for T, = 0.10.

If Group A is hypothesized to have drowsiness incidence of 65% (the
sample value when those with baseline drowsiness are excluded), then
the power to detect an increase of 10% in Group AB via a chi-square test
is approximately 0.24. This is actually a generous estimate of the
power because the calculations in the table are based on N = 76 (38 per
group) and Za = 1.645 (for a = 0.10, two-sided). With so little power
to detect a difference of the magnitude which occurred in the sample, the
result of the significance test for AB versus A is still inconclusive.
About all that can be said is that the incidence difference between the
two groups is probably less than 30%, since the power to detect a 30%
change from 65% is 0.96.

Since 7({ - m) is maximized at 7 = 0.50, for incidence differences

of a given magnitude, the farther 7 is from 0.50, the greater the power.

Thus there is a greater probability of detecting differences of a given
magnitude for adverse experiences with low control group (background)
incidence than those which commonly occur spontaneously. As can be
seen in Table 4.3.1.3, however, with a total sample size of 76, the
power to detect an incidence difference of 20% is above 0.70 only for

T, = 0.10.

A heuristic approach to the analysis of adverse experiences with
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high background incidence (e.g., drowsiness) is to explore whether
using more strict criteria for the classification of occurrence results
in more pronounced treatment differences. The original criterion for
classifying a patient as having treatment period drowsiness is that he
reported drowsiness for at least one of the eight treatment period
assessments. The alternative criteria should be selected so that
treatment-related instances of drowsiness are still counted, but
spontaneously occurring instances of drowsiness are more likely not to
be counted. The investigator’s opinion as to causality is not available
for this data. However, one might expect that treatment-related
drowsiness would occur with more frequency and consistency than
spontaneously occurring drowsiness. Hence, patients were classified as
having treatment period drowsiness according to three increasingly
strict criteria, and treatment comparisons were performed for each
eriterion. The criteria are as follows:

1) having at least two reports of drowsiness during the eight hours,

2) reporting drowsiness after at least two of the three doses, or

3) reporting drowsiness for at least 50 percent of the assessments.
The patient who did not return after the 11:00 assessment was
excluded from all these analyses because it would be impossible for
this patient to meet either criterion { or 2.

The number of patients satisfying each of these criteria in each
treatment group, the estimated risk ratio and risk difference, and the
results of Fisher’s exact tests for all treatment comparisons (except B

versus P; neither B nor P is suspected of producing drowsiness) are

85



shown in Table 4.3.1.4. Under criterion 1, and again under criterion

3, an appreciable percentage of each treatment group becomes no
longer classified as having treatment period drowsiness. Criteria {
and 2 differ mainly in their effect on the placebo group. For each of
the criteria, the estimated risk ratio for each treatment combarison
(except A versus B, criterion 2) is at least as large as it was for the
less strict criteria. However, the estimated risk differences do not
necessarily increase with increasingly strict criteria. The risk
differences are generally greatest under criterion 2, and the p-values
for treatment comparisons are generally smallest for criterion 2.
Thus, increasing the strictness of the criteria for drowsiness with the
expectation of strengthening the treatment comparisons did not prove to

be totally successful for this data set.

Another area of interest with respect to contingency table analysis
of adverse experiences is the association between the occurrence of
adverse experiences and explanatory variables other than treatment.
The results of significance tests for the association of adverse experi-
ence incidence with each of the variables age, sex, weight, Quetelet
index, and season of enrollment are shown for all treatment groups
combined in Table 4.3.1.5. The explanatory variables are dichoto-
mized with the cutpoints being the overall medians (the overall mean
is used for age since the median age, 22, is very close to the minimum
age, 18). None of these explanatory variables are significantly asso-
ciated with drowsiness. Having age greater than 25 is positively

associated with jitteriness, and being female is positively associated
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Table 4.3.1.4
1
Number (%) with Drowsiness by Various Criteria
and Treatment Comparisons

Criteria

The original criterion for classifying a patient as having treatment
period drowsiness is that he reported drowsiness at at least one of
the eight assessments. Three alternative criteria are as follows:
1) having at least two reports of drowsiness,
2) reporting drowsiness after at least two of the three doses, or
3) reporting drowsiness at at least 50% of the assessments.

Number (%) With Drowsiness

Original
Treatment Group Criterion Criterion 1 Criterion 2 Criterion 3
AB (N=36) 27 (75%) 21 (58%) 21 (58%) 16 (44%)
A (N=33) 22 (67%) 17 (52%) 16 (48%) 12 (36%)
B (N=34) 15 (44%) 9 (26%) 9 (26%) 6 (18%)
P (N=36) 16 (44%) 12 (33%) 8 (22%) 6 (17%)

Estimated Risk Ratios

Treatment Original
Comparison Criterion Criterion 1 Criterion 2 Criterion 3
AB vs. P 1.69 1.75 2.63 2.67
AB vs. A 1.13 1.13 1.20 1.22
AB vs B 1.70 2.20 2.20 2.52
Avs. P 1.50 1.55 2.18 2.18
A vs. B 1.51 1.95 1.83 2.06
Estimated Risk Differences
Treatment Original
Comparison Criterion Criterion 1 Criterion 2 Criterion 3
AB vs. P 0.31 0.25 0.36 0.28
AB vs. A 0.08 0.07 0.10 0.08
AB vs B 0.31 0.32 0.32 0.27
Avs. P 0.22 0.18 0.26 0.20
A vs. B 0.23 0.25 0.22 0.19

P-values for Treatment Comparisons by Fisher's Exact (Two-Sided) Tests

Treatment Original
Comparison Criterion ° Criterion 1 Criterion 2 Criterion 3
AB vs. P 0.016* 0.058 0.004%* 0.020%
AB vs. A 0.596 0.633 0.474 0.625
AB vs. B 0.014* 0.009%* 0.009%* 0.021%
Avs. P 0.090 0.149 0.026* 0.099
Avs. B 0.087 0.047% 0.080 0.104
1

Patients with baseline drowsiness are excluded from all analysis. One
patient who did not return after the 11:00 assessment is also excluded.
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Table 4.3.1.5
Significance Tests® for Association of Expianatory Variables Other
than Treatment with Occurrence of Adverse Experiences

Drowsiness  Jitteriness Dizziness Nausea

Age (25 or less 0.716 0.043b 0.464 0.360
vs. > 25)

Sex 0.588 0.211 0.636 0.016°

Weight by Sex

Females (125 or 0.232 0.191 0.725 0.350
less vs. > 125)
Males (165 or 0.675 0.669 0.160 1.000
less vs. > 1695)
Quetelet Index 0.306 0.765 1.000 1.000
(3.2 or less
vs. > 3.2)
Season 0.844 0.747 0.0159  0.879

®With the exception of season, the p-vaiues for the variabies below are
from Fisher’s two-sided exact tests. The p-values for season are
from an exact test for r x c tables (Pagano and Halvorsen 1981).

®Seven (15%) of the 46 fpatients over 25 years of age had jitteriness,
as opposed to 5 (5%) of the 109 patients less than or equal to 25.

CFive (10%) of the 51 females had nausea, as opposed to one (1%) of the
males.

o (4%) of the 47 patients in spring 1979 had dizziness, as opposed
to 8 (18%) of the 45 patients in fall 1978 and 14 (24%) of the 59
patients in fall 1979, Since season and sex are confounded,
contingency tables were also constructed for season stratified by sex.
The permutation test p-values for these tables are: for females, p =
0.042, and for males, p = 0.250. Thus, the association of season and
dizzinesss is only evident for females. Neither of the two females
enrolled in fall 1978 had dizzinesss, one (4%) of the 23 females
enrolled in spring 1979 had it, and 8 (33%) of the 24 females
enrolled in fall 1979 had it.




with nausea (p < 0.05 by Fisher’s two-sided exact test for both
comparisons). Note that five of the six patients with nausea were
ferale. Season of enrollment is significantly associated with dizzi-
ness; only 4% of the patients enrolled in spring 1979 had dizziness, as
opposed to 18% of those enrolled in fall 1978 and 24% of those enrolled
in fall 1979. Also, as explained in the footnote of Table 4.3.1.5, the
season association is only evident for females. Since a different set

of patients was enrolled at each season, the apparent season difference
may be due to random subpopulation differences, rather than to changes
occurring over time.

Since age is significantly associated with jitteriness, more refined
and possibly more powerful treatment comparisons can be obtained by
stratifying for age category. This was done using the program
documented in Thomas (1975) which produces exact one-sided p-values
for stratified comparisons. The p-values for treatment comparisons of
jitteriness, stratified by age category (i.e., 25 or less vs. over 25)

are as follows:

Comparison p-value

AB vs. P 0.051

AB vs. A 0.128
AB vs. B 0.402
A vs. P 0.571
Bvs. P 0.017
A vs. B 0.043

Since these p-values are one-sided, they cannot be directly
compared with the two-sided Fisher’s exact test p-values in Table

4.3.1.2. The most appropriate way to relate the results of a one-
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sided test to a two-sided test is to compare the p-value from the one-
sided test to one-half the significance level used for the two-sided test.
If the two-sided test is considered significant at p < 0.05, and of
borderline significance at 6.05 < p < 0.10, then the one-sided test
would be considered significant at p < 0.025, and of borderline signifi-
cance at 0.025 < p < 0.05. Thus, the B versus P treatment compari-
son for jitteriness would be considered significant by both the unstrati-
fied and stratified tests. The AB versus P comparison is of borderline
significance by the unstratified test, although not (barely) by the strati-
fied test, and the A versus B comparison is of borderline significance
by the stratified test, although not (barely) by the unstratified test.
Stratified treatment comparisons could also be carried out for
nausea, stratified by sex, and dizziness, stratified by season. However,
since only one male had nausea, stratification by sex would produce a
degenerate table (i.e., at least one of the marginals equal to zero),
resulting in a loss of information. For dizziness, since none of the
treatment comparisons are even close to borderline significance,
conducting a stratified analysis would not be expected to produce a gain

in power sufficient to result in significant treatment differences.

4.3.2 Covariate-Adjusted Randomnization Statistics Analysis

In this section, a randomization statistics analysis is carried out
for jitteriness covariate-adjusted for age, and for nausea covariate-
adjusted for sex. The covariates chosen are the ones found in Section
4.3.1 to be significantly associated with the respective adverse

experiences. The results of this analysis are shown in Table 4.3.2.1.




Calculations were performed using the SAS macro GRMM, described
in Amara and Koch (1980). For each treatment comparison, two-sided
p-values are shown for each of three statistics: Q(Y), the unadjusted
statistic for comparison of treatments with respect to incidence of the
adverse experience; Q(X), the statistic for comparison of treatments
with respect to the covariable; and QG(Y|X), the covariate-adjusted
statistic for comparison of treatments with respect to incidence of the
adverse experience.

In order for the Q5 (YIX) statistic to be valid, the treatment groups
must be comparable with respect to the distribution of the covariable.
Thus, the Q(X) statistic should not be significant, and none of the Q(X)
p-values in Table 4.3.2.1 approach significance. The covariate-
adjusted statistic is not guaranteed to be more significant than the
unad justed statistic. However, for the treatment comparisons per-
formed for jitteriness and nausea, the adjusted statistics tend to be
slightly more significant than the unadjusted statistics.

An advantage of covariate-adjusted randomization statistics analy-
sis to stratified contingency table analysis is that the covariables may
include variables, which if used for stratification would result in
degenerate tables (e.g., sex in the case of nausea, or continuous
variables like age). Multiple covariates may also be used. A disad-
vantage of randomization statistics analysis is that, for all practical
purposes, asymptotic tests must be used rather than exact tests. Thus
the Q(Y) p-values in Table 4.3.2.1 are smaller than the corresponding

Fisher’s exact test p-values in Table 4.3.1.2. Also, the sample size
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Table 4.3.2.1

Covariate-Ad justed Randomization Statistics Analysis
' of Jitteriness and Nausea

c
Adverse QAY)E Q)P sYIX)
Experience  Covariable Comparison p-value p-value p-value

Jitteriness Age ABvs. P 0.029* 0.742 0.027*
(continuous} AB vs. A 0.098 0.655 0.089
AB vs. B 0.747 0.892 0.714
Avs. P 0.337 0.917 0.339
Bvs. P 0.016* 0.623 0.011*
Avs. B 0.053 0.536 0.037*
Nausea Sex AB vs. P 0.050* 0.984 0.044*
AB vs. A 0.168 0.478 0.108
AB vs. B 0.168 0.810 0.134
A vs. P 0.337 0.475 0.391
Bvs. P 0.337 0.798 0.352
A vs. B 1.000 0.639 0.917

1Q(Y) is the unadjusted statistic for comparison of treatments with
respect to incidence of the adverse experience.

2Q(X) is the statistic for comparison of treatments with respect to
the covariable.

3QG(YIX) is the statistic for comparison of treatments with respect
to incidence of the adverse experience, adjusted for the covariable.
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requirements for covariate-adjusted randomization statistics with
dichotomous response variables have not been thoroughly studied. The
asymptotics for covariate-adjusted randomization statistics are likely
to be better than for the Pearson chi-square because they are based on
variables with more than two possible values (i.e., the residuals of the
regression of Y on X; see Section 3.1.2). Therefore, if the sample
size requirements for a Pearson chi-square test are satisfied, then the
requirements for a covariance randomization statistics test should
also be satisfied (Koch, Imrey, Singer, Atkinson, and Stokes 1984).

A common requirement for the Pearson chi-square is that at least 80%
of the cells have expected values of at least 5. This requirement is
not satisfied for any of the nausea treatment comparisons or for most
of the jitteriness comparisons. Thus, for this data, an exact contin-
gency table analysis with stratification for significant explanatory
variables is more appropriate than a randomization statistics analysis

with covariance adjustment.

4.3.3 Logistic Regression

Logistic regression of occurrence/non-occurrence of the four
adverse experiences was used to supplement the results of randomi-
zation-based analyses presented in previous sections. For drowsiness,
stepwise logistic regression was used to assess treatment effects
simultaneously with the effects of other explanatory variables. For
jitteriness, dizziness, and nausea, however, due to the small numbers
of patients having these adverse experiences, logistic regression

modeling was used more for descriptive purposes, than for variable
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selection. When there are m observations in the least frequent cate-
gory of a dichotomous response variable, Harrell (1983a) recommends
considering no more than m/10 explanatory variables in the analysis
in order to derive a somewhat reliable model. Since only 12 patients
had jitteriness and only six had nausea, simultaneous consideration of
several explanatory variables must be undertaken with extreme caution
particularly for these two adverse experiences.

The parameter estimates and predicted values for the logistic
regression models derived are shown in Table 4.3.3.1, and the defini-
tions of the candidate variables for inclusion are shown at the top of
this table. The treatment candidate variables reflect the factorial
nature of the study design; there are indicator variables for components
A and B, and an indicator variable for the combination treatment AB.
Other candidate variables include two age variables (continuous age
and an indicator for age greater than 25), sex, a variable for the
Quetelet index, two variables for weight nested within sex, and two
indicator variables for season. Calculations were performed using
the SAS procedure LOGIST. The significance level to enter the
models was 0.15, and the significance level to stay was 0.10.

For drowsiness, the only variable to enter the model was the
indicator for component A. This agrees with all the analysis done thus
far, in that the difference between treatment AB and treatment A is not
significant, nor are any of the non-treatment variables significant.

One way to assess the power to detect an increase in drowsiness due to

treatment AB is to include the indicator variables for component A and




Table 4.3.3.1

Final Logistic Regression Models

Variable Definitions

COMP A, COMP B: indicator variables for comgonent A, component B

TRT AB:
AGE:
AGECAT:
SEX:
QUET:
WEIGHT F:
WEIGHT M:
SEASONZ :
SEASONS :

Drowsiness (80/140 had drowsiness)

indicator variable for treatment A
continuous age

{ if age greater than 25, O otherwise

{ if female, O if male

continuous Quetelet index

continuous weight for females, O for males
continuous weight for males, O for females
1 if spring 1979, O otherwise

{ if fall 1979, O otherwise

Estimated Probability of
Adverse Experiencee

- Model Sample
Variable se(f) p-vale COMP A  Predicted Proportion
Tntercept -0.230 0.241  0.340 No 0.443 0.429
COMP A 1.077 0.355 0.002 Yes 0.700 0.700

Jitteriness (12/155 had jitteriness)

Variable

se(é) See Figure 4.3.3.1

p-value

fnterceEt Z.874 1.076 <0.001

COMP
AGECAT

2.478 1.064
1.331 0.636

0.020
0.036

Dizziness (24/151 had dizziness)

~ - Model Sample
Variable g se(f) p-value SEASON2 Predicted Proportion
Tntercept -1.316 0.240 <0.001 No 0.211 0.212
SEASON2Z -1.798 0.761 0.018 Yes 0.043 0.043
Nausea (6/153 had nausea)

- ~ Model Sample
Variable B se(f) p-value SEX TRT AB Predicted Proportion
Tntercept -5.652 1.217 <0.001 M No 0.004 0.000
SEX 2.587 1.134 0.023 M Yes 0.027 0.037
TRT AB 2.080 0.925 0.025 F No 0.045 0.051

F  Yes 0.272 0.250
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treatment AB in a logistic model, and use the estimated standard error
for the coefficient of treatment AB in a power calculation. For such a
model, the coefficient for treatment AB is 0.492, and the standard
error is 0.526. Therefore, under the assumption that the coefficient is
normally distributed with known variance, the power to detect a two-
sided alternative like a 1:3 odds ratio (e.g., 50% in Group A vs. 75%
in Group AB, or vice versa) is:

In(0.333) In(0.333)

Power = | -Pr{1.96 c—_— £ 7<1.96 - —u }
0.526 0.526

=1 -Pr{0.131 £Z £4.051}

= 0.55

For jitteriness, a similar stepwise regression was conducted, and
the indicator variables for component B and for age greater than 25
were the only variables to enter the model. It is impossible to assess
the interaction of these two variables because none of the patients
whose age is less than or equal to 25, and who did not receive compo-
nent B had jitteriness. However, a second model was computed using
continuous age (AGE) instead of the age indicator variable, and for this
model, the interaction between age and component B (COMP B) was not
significant. This second model, without the interaction term, was
used to produce a graphical display of the predicted probabilities of
jitteriness for treatment group (component B vs. no component B) by
age. The parameter estimates for this model are shown below, and

a plot of predicted values is given in Figure 4.3.3.1.
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~

Variable B se (é) Q  p-value

Intercept -6.600 1.712 14.86 <0.001 ~
COMPB  2.737 1.116° 6.02 0.014
AGE 0.081 1.041 3.88 0.049 .

The only variable to enter the stepwise regression for dizziness
was an indicator variable for season. For nausea, stepwise variable
selection was not used. Instead, the model was forced to include only
the indicator variables for sex and treatment AB. For both dizziness
and nausea, the model predicted probabilities of the adverse experience

are very close to the sample proportions.

4.4 Correlation Analysis

A correlation analysis was undertaken in order to describe the

extent to which different adverse experiences tend to occur simultane-
ously. For example, it would not be expected that patients would ‘ -
experience both drowsiness and jitteriness simultaneously. However,

many of the patients with jitteriness might also have nausea or dizzi-

ness. Since the dosing and assessments times were at regular inter-

vals, and since very few patients missed assessments, the proportion

of assessments at which a patient reported a given adverse experience

is @ meaningful variable for this study. This proportion was used in

calculating a Spearman rank correlation coefficient for each pair of

adverse experiences. These correlations are shown in Table 4.4.1. .
for the pooled group of patients and by treatment group. Also shown
are the p-values for testing whether the correlations differ from zero.

The p-values were obtained by noting that (n - 1) r2 is approximately ‘
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distributed as a chi-square with one degree of freedom, where r is the
sample Spearman correlation and n is the sample size (Landis et al.
1979). Because baseline occurrence of adverse experiences appears to
be strongly associated with treatment period occurrence, patients
having any of the four adverse experiences at baseline are excluded
from the correlation analysis.

For the pooled group of patients, the only correlation which is
significant at the 0.05 level is the correlation between jitteriness and
nausea, which is based on only a few cases. Thirteen of the 137
patients had either jitteriness or nausea, and only two patients had
both (one in Group A and one in Group B). The Group A patient with
both nausea and jitteriness is solely responsible for the perfect corre-
lation between nausea and jitteriness in Group A, and the Group B
patient with both is responsible for the high correlation in Group B.
The only other correlation worthy of note is the drowsiness-nausea
correlation, which is of borderline significance for the pooled group of
patients, and highly significant for Group AB. There were four patients

with nausea in Group AB, and all four also had drowsiness.

4.5 Analysis of Severity and Frequency of Drowsiness

The analysis so far has shown that drowsiness is associated with
component A, and that treatments AB and A do not differ significantly
with respect to whether or not patients had drowsiness during the
treatment period. However, the failure to detect a difference between
treatments AB and A may be due to the power of the tests being low,

rather than to the lack of a treatment difference.



Table 4.4.1

Spearman Rank Correlations Between Adverse Experiences N

Adverse Experience Jitteriness Dizziness Nausea

(# with adv. exp.) r p-value r p-value r p-value

Pooled Drowsiness (77) -0.033 (0.699) 0.130 (0.130) 0.144 (0.093)

group Jitteriness( 9) -0.039 (0.648) 0.241 (0.005)

of pts. Dizziness (22) 0.104 (0.225)
(n=137) Nausea ( 6)

Group Drowsiness (25) 0.161 (0.354) 0.319 (0.067) 0.448 (0.010)

AB Jitteriness( 3) 0.050 (0.775) =-0.113 (0.515)

(n=34) Dizziness ( 8) 0.228 (0.191)
Nausea (&)

Group Drowsiness (22) -0.200 (0.250) -0.060 (0.729) -0.200 (0.250)

A Jitteriness( 1) -0.080 (0.645) 1.000 (0.000)

(n=34) Dizziness ( 6) -0.080 (0.645)
Nausea (D

Group Drowsiness (14) -0.114 (0.520) 0.100 (0.572) =-0.145 (0.412)

B Jitteriness( 5) -0.133 (0.452) 0.447 (0.012)
(n=33) Dizziness ( 3) -0.056 (0.752)
Nausea (1D
Group Drowsiness (16) 0.131 (0.438)
P Jitteriness( 0)
(n=36) Dizziness ( 5)
Nausea ( 0) >

Note: Patients with any of the four adverse experiences at baseline
are excluded from the analysis.
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It is also of interest to compare treatments AB and A with respect
to the severity and frequency of drowsiness. However, the power of
statistical tests for treatment differences with respect to these two
variables would also be low, and thus nonsignificant results would also
be inconclusive. Although an in-depth analysis of the severity and
frequency of drowsiness is probably not warranted for this study, the
data set provides a useful context for discussion of the issues per-
taining to the analysis of such variables. Several approaches are
illustrated by examples.

Severity is an ordinal variable with four categories: none, mild,
moderate, and severe (which includes very severe). A reasonable
choice for a summary variable is the severity of the most severe
episode of drowsiness during the treatment period. The frequency of
drowsiness can be represented, as in Section 4.4, by the proportion of
assessments at which the patient reported drowsiness. Since almost
all patients had eight treatment period assessments, frequency is
essentially a discrete ratio-scale variable with nine levels.

Several methods of analysis are possible. Randomization-based
analysis, as described in Section 3.1, can be used for either severity
or frequency or a multivariate analysis of both variables. The
randomization-based analysis can employ the variables as described
above, or a variety of scores constructed from the variables. For
example, it may be that mild drowsiness is considered tolerable in the
treatment of nasal congestion, whereas moderate or severe drowsiness

is not. In this case, binary partition scores for severity would be
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appropriate.

Logistic regression can also be used for analysis of binary partition
scores. Extensions of logistic regression can be used for ordinal
variables (e.g., severity) or grouped continuous variables (e.g.,
frequency, if grouped into three or four categories). Two well-known
models for multiple response logistic regression are the proportional
odds model and the equal adjacent odds model. As discussed in Section
3.4, the equal adjacent odds model is appropriate for the analysis of a
fixed set of categories, whereas the proportional odds model can be
used when the responses are viewed as falling along an underlying
continuum (Koch, Amara, and Singer 1985). For the analysis of
severity and frequency, the proportional odds model is probably more
appropriate than the equal adjacent odds model.

Weighted least squares methods can also be used in the analysis of
either severity or frequency. Since there must be at least a moderate
sample size in each subpopulation (e.g., at least 20), treatment groups
can be used as subpopulations, but the study size is not large enough
for further stratification.

In addition to choosing the method of analysis, one must also decide
how to incorporate the baseline data. The simplest method is to
exclude the patients with baseline drowsiness. There are too few
patients with baseline drowsiness to use baseline status as a stratifi-
cation variable. However, the difficulties which arose with using
baseline status as a covariable in the analysis of occurrence/non-

occurrence do not apply to the analysis of severity or frequency.
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Baseline status (either occur‘rencé/ non-occurrence or severity) can be
used as a covariable with either logistic regression or randomization-
based analysis. Another way to incorporate the baseline data in the
analysis of severity is to use the change from baseline as a response
variable.

A graphical display of the severity of drowsiness by treatment
group is presented in Figure 4.5.1. Although groups AB and A have
about the same proportion of patients with severe drowsiness, group
AB has a somewhat higher proportion with moderate drowsiness. The
results of randomization-based analysis of severity are shown in Table
4.5.1. The AB versus P and AB versus B comparisons are the only
ones significant at the 0.05 level. Also shown in this table are the
results of a randomization-based analysis of frequency, and a randomij-
zationbased multivariate analysis of both severity and frequency. The
AB versus P and AB versus B comparisons are the only significant
ones here also. The p-values for the multivariate analysis are
generally larger than the p-values for either of the univariate analyses.

A stepwise logistic regression using the.pr'opor‘tional odds model
was carried out for severity of drowsiness, and the results of this
analysis are shown in Table 4.5.2. Calculations were performed using
the SAS procedure LOGIST. As might be expected, the indicator
variable for component A was the only variable to enter the model.

A weighted least squares analysis of frequency was carried out
using the program MISCAT (documented in Stanish et al. 1978). The

functions to be modeled were the the average proportion of assessments
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Table 4.5.1

Randomization-based Analysis of Severity
and Frequency of Drowsiness

Severity: 0 =none, | = mild, 2 = moderate, 3 = severe
# assessments where drowsiness reported
Frequency: # assessments made
P-values for Treatment Comparisons
Treatment Multivariate Analysis of
Comparison Severity Frequency  Severity and Frequency
AB vs. P 0.033* 0.002** 0.010*
AB vs. A 0.319 0.198 0.436
AB vs. B 0.008** 0.007** 0.019*
A vs. P 0.263 0.063 0.174
Bvs. P 0.595 0.830 0.600
A vs. B 0.099 0.119 0.226
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Table 4.5.2
Stepwise Logistic Regression for Severity of Drowsiness
Note: The response variable is the severity of drowsiness (0 = none,
1 = mild, 2 = moderate, 3 = severe). Patients with baseline
drowsiness were excluded. Sixty patients had no drowsiness,
51 had mild, 19 had moderate, and 10 had severe.

Candidate Variables

COMP A: indicator variable for component A
TRT AB: indicator variable for treatment AB
SEX: { if female, O if male

AGE: continuous age

AGECAT: 1 if age greater than 25, 0 otherwise

Parameter Estimates

Variable é se (é) Q p-value
Intercept ! -0.167 0.238 0.4¢ 0.483
Intercept2 -1.861 0.288 41.85 <0.001{
Intercept3  -3.099 0.387 64.00 <0.001
COMP A 0.908 0.323 7.90 0.005
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at which drowsiness was reported for each treatment group. These
functions were calculated by first submitting to MISCAT an array of
patient by assessment indicator variables: 1 if the patient reported
drowsiness at the assessment, O if he reported no drowsiness, or
missing. A ratio estimator was used to calculate the mean of the
observations present, and the covariance matrix was estimated via the
delta method (see Stanish et al. 1978). The functions modeled were
the means of these means (i.e., for each treatment group, the sum of
the means divided by eight). A four by four identity matrix was used
as the design matrix, and contrast matrices were used for pairwise
comparisons of the treatments. The methodology of MISCAT is only |
recommended if the missing data occur randomly and with small
probability. Since there are very few missing values, one may assume
that this assumption is met.

The results of this weighted least squares analysis are shown in
Table 4.5.3. The p-values for treatment comparisons are smaller
than the corresponding p-values from the randomization-based analysis.
However, as pointed out in Johnson et al. (1981), these two methods
have different orientations. The weighted least squares analysis uses
all observations simultaneously in all treatment comparisons, whereas
the randomization-based analyses use only the two treatment groups to

be compared.
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Table 4.5.3

Results of Weighted Least Squares Analysis of
Frequency of Drowsiness

Note: Patients with baseline drowsiness are excluded. The functions
(and model parameters) are the average proportion of assess-
ments at which drowsiness was reported for each treatment

group.
Estimated Model Parameters (with Standard Errors)
X = 14 0.417 (0.060) average proportion for group ABT
0.315 {0.056) | = | average proportion for group A
0.188 (0.051) average proportion for group B
0.171 (0.043)] | average proportion for group P
Treatment
Comparison  Contrast Matrix Q p-value
AB vs. P (1 0 0-1] 11.05 0.001**
AB vs. A (1-1 0 0] 1.52 0.217
AB vs. B (1 0-1 0] 8.39 0.004**
A vs. P (01 O-1] 4.15 0.042*
Bvs. P (00 1-1] 0.07 0.797
A vs. B [0 1-1 0] 2.80 0.095
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Chapter V
An Antidepressant Drug Trial Example

5.1 Description of the Trial
The data analyzed in this chapter are from a parallel-designed,

randomized, double-blind clinical trial of an experimental antidepres-

sant drug versus placebo control. The main obiective of the studv was
to evaluate the efficacy and chronic dose tolerance of the experimental
drug in initially-hospitalized nonpsychotic depressed patients. The
study was conducted in two centers, and the treatment phase was to
last a maximum of 28 days.

Following a washout period, patients were randomized to receive
daily doses of either the antidepressant drug or a placebo. The anti-
depressant was given according to an ascending dosage schedule with
an increase in dosage at day S and another at day 8. If the treatment
was not adequately tolerated, however, dosage could be ad justed
downward to not less than a minimum dose, énd subsequently upward,
as deemed necessary by the investigator.

A patient was considered to have completed the study if he either:
1) received at least three weeks of treatment, or 2) showed substantial
improvement and a Hamilton Depression Score of less than 10, in
which case he could be terminated from treatment after two weeks.

Forty-seven of the 117 patients enrolled did not complete the study.



Of these, four dropped out before the first treatment period assess-

ment, so only 113 patients provide data for safety analyses.

Adverse experiences were to be assessed once during the baseline
period, at 5, 8, 11, 14, 21, and 28 days after the start of treatment,
and at 1 and 7 days posttreatment. The treatment phase assessments
were not always made on the scheduled day, so an assignment of
observed assessment days to scheduled assessment days was made for
the purposes of analysis. The investigators used an adverse experience
check list to record the severity (not present, mild, moderate, or
severe), drug relationship (none, remote, possible, probable, or defin-
ite), and action taken with respect to 34 potential adverse experiences.
Space was also provided for the investigator to write in other adverse

experiences. ‘ .

The two centers differed appreciably with respect to a number of

factors which could influence either the occurrence or reporting of
adverse experiences. Center { was a private psychiatr'icvhospital, and
Center 2 was a Veterans Administration Hospital. As can be seen in
Table 5.1.1, the two centers differed substantially with respect to sex
composition; 73% of the patients in Center i were female, as opposed
to 8% of the patients in Center 2. In addition, most of the patients in
Ce‘nter‘ 1 were married, whereas most of the patients in Center 2 were
single, eépecially those randomized to receive the active drug. The two
centers also differed with respect to the patients’ psychiatric diagnoses
(mainly manic depressive in Center { versus mainly neurotic depres-

sive in Center 2) and duration of the current episode of depression
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Table 5.1.1

Summary Statistics of Demographic Characteristics

Center | Center 2

Characteristic Placebo Active Placebo Active

= 21 43 17 32
Sex
" Female 18 (86%) 29 (67%) 3(18% 1 ( 3%

Male 3 (14%) 14 (33%) i4 (82%) 31 (97%)
Race

Caucasian 20 (95%) 41 (95%) 14 (82%) 28 (88%)

Other 1t ( 5%) 2 ( 5%) 3 (18%) 4 (12%)
Age (years)

Mean 50.2 44.0 43.9 49.8

Median 47.0 43.0 - 41.0 51.0

Range 22-78 20-70 19 -86 20 -84
Marital Status®

Married 12 (57%) 23 (53%) 8 (47%) 3 { 9%)

Single 9 (43%) 20 (47%) 9 (53%) 29 (91%)

aSingle defined as never married, separated, divorced, or
widowed.
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(generally longer in Center 2).

In addition to the differences in the demographic and medical
characteristics of the study patients, the centers also differed with
respect to several aspects of study mahagement. In Center 1, the doses

were adjusted more on an individual patient basis. whereas in Center

2, most patients received the same regimen. The mean daily dose was
higher for Center 2. However, the dosage was in mg rather than
mg/kg, and, since most of the patients in Center 2 were male, the
mean plasma concentration may not have been higher. The use, or at
least the reporting, of all types of concomitant medications was sub-
stantiaﬂy higher in Center 1. This included the use of psychoactive |
medications, which were forbidden by the protocol. Another difference
between the centers concerned an unofficial protocol amendment
allowing patients to be discharged from the hospital and continue in the
study as outpatients if the investigator believed they had improved
enough. Twenty-one (33%) of the patients in Center { did this, as
compared with 2 (4%) of the patients in Center 2.

All of the 113 patients evaluated for safety had at least one
adverse experience during the treatment period. However, only 57
patients had adverse experiences which were considered by the inves-
tigator to be possibly to definitely drug-related. Table 5.1.2 shows
the number of patients having none versus at least one treatment phase
adverse experience, where only those considered to be possibly to
definitely drug-related are counted. In Center 1, 67% of the patients in

the active drug group had at least one such adverse experience, as
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Table 5.1.2

Number of Patients Having Possibly to Definitely Drug-Related
Adverse Experiences During the Treatment Phase
by Center and Treatment

No Poss. to
Def. Related
Adverse
Experiences At Least One Total

Placebo 14 (67%) 7 (33%) 21
Center 1 p=0.015
Active 14 (33%) 29 (67%) 43
64
Placebo 10 (59%) 7 (41%) 17
Center 2 p = 0.99¢

Active 18 (56%) 14 (44%) 32
49

Note: The p-values are from two-sided Fisher’s exact tests.
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compared to 33% of the placebo group. This treatment difference is
statistically significant (p = 0.015, Fisher’s exact test, two-sided) for
Center 1, but no treatment difference is apparent for Center 2 (p =
0.999). Thus the two centers also differed in the extent to which a
treatment effect is apparent for adverse experiences considered possi-
bly to definitely drug-related. It is interesting to note that the two
centers also differed with respect to demonstration of treatment effi-
cacy. In Center 1, the drug was significantly more efficacious than
placebo, whereas in Center 2, no statistically significant treatment

difference in efficacy was found.

5.2 Overview of Statistical Analyses

The first type of analysis undertaken for this data set is a contin-
gency table analysis for the comparison of treatments within centers
with respect to the occurrence/non-occurrence of each of the adverse
experiences during the treatment period. Refinements to this analysis
are then considered. The refinements in Section 5.3 ‘involve restric-
ting attention to a subset of the adverse experiences which are more
likely to be treatment-induced. Treatment comparisons with respect to
two commonly used subsetting criteria are undertaken and the results
are compared. The first criterion involves the investigator’s opinion
of the causality of the adverse experience, and the second involves the
severity of the adverse experience relative to its baseline severity.

In Section 5.4, selected treatment comparisons from Section 5.3
are further refined by using randomization statistics with stratification

by center and covariate-ad justment for baseline and number of assess-

114




ments. [n any study where there is an appreciable drop out rate, the
binary occurrence/non-occurrence variable is likely to depend on some
measure of time on study, e.g., the number of assessments. In this
study it is particularly important to adjust in some way for time on
study because the investigators were to follow an ascending dose
schedule, and thus the patients in the active drug group were exposed

to higher single doses, as well as higher cumulative doses, as the study
progressed. A randomization statistics analysis is also carried out for
two other summary response variables, a measure of severity and a
measure of frequency/duration, and these results are compared to the
results for the binary response measure.

Descriptive analyses via logistic regression modeling are under-
taken in Section 5.5 for selected adverse experiences. The explanatory
variables considered include center, treatment, baseline severity, |
number of assessments, sex, age, efficacy of treatment, and concomi-

tant medication usage.

5.3 Comparison of Adverse Experience Patterns For Various Criteria
The percent of patients having at least one treatment period adverse
experience, regardless of drug-relationship, is shown for 31 of the
adverse experiences by center and treatment in Table 5.3.1. The only
adverse experiences not shown in this table are sex-related adverse
experiences (menstrual disturbance and impotence) and dystonia (no
patients had it). The adverse experiences appear under the same
headings as were used in the data collection forms, i.e., psychological/

behavioral, neurological, autonomic, cardiovascular, and other. The
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treatment groups within centers were compared with respect to each
of the adverse experiences by Fisher’s exact tests. Due to the large
number of tests performed, each of the individual p-values in this table
must be viewed cautiously. If all 31 adverse experiences were
independent, which is not the case, one would expect about three of the
comparisons to be significant at the 0.10 level due to chance alone.
Six of the treatment comparisons in Table 5.3.1 are significant at
the 0.10 level. Of these, the significantly higher incidence of
increased appetite, rigidity, and dry mouth for the placebo group in
Center 2 can be at least partially explained by differences between the
treatment groups at baseline. The Center 2 placebo group had a higher
incidence of increased appetite (p = 0.116) at baseline, and a signifi-
cantly higher incidence of rigidity (p < 0.05) and dry mouth (p <0.01)
at baseline. The treatment differences for Center 1, on the other hand,
cannot be explained by baseline treatment differences. The active drug
group had a higher incidence of both tiredness and decreased appetite
at baseline. The fact that the placebo group has a significantly higher
incidence of these two adverse experiences during the treatment period
may be evidence of ﬁhe efficacy of the active drug, since both tiredness
and decreased appetite are symptoms of depression. The other signifi-
cant treatment comparison in Center 1 is the higher incidence of
tremor in the active group. The active group also had higher incidence
of tremor at baseline, but the difference did not approach significance.
In Table 5.3.1, little agreement is shown between the two centers

with respect to which treatment group has higher incidence of each of
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Table 5.3.1

Percent of Patients Having Adverse Experiences During the
Treatment Period by Center and Treatment

Note: The column headed ">%" shows the group having higher percentage
of patients with adverse experiences during the treatment period. It is
shown only if the two groups differ by at least 5 percentage points.

The p-values are from Fisher's (two-sided) exact tests, and are shown
only if p < 0.10.

Center 1 Center 2
Placebo Active Placebo Active
{(n=21) (n=43) P- (n=17) (n=32) p-

Adverse Experience % % >% value % % >% value
Psychological/Behavioral

Hallucinations 0 0 - 6 0 P
Euphoria 0 5 A 0 3 -
Agitation/Excitement 100 88 P 82 97 A
Irrespons. Behavior 24 23 - 6 19 A
Inapprop. Aggression 19 19 - 6 16 A
Insomnia 100 98 - 94 97 -
Tiredness . 100 84 P 0.085 94 81 P
Drowsiness 33 16 P 41 47 A
Decreased Appetite 95 60 P 0.003 53 69 A
Increased Appetite 5 7 - 24 3 P 0.043
Headache 76 58 P 76 72 -
Neurological

Myoclonus 0 5 A 0 o -

Cramps 5 2 - 6 3 -
Rigidity 0 5 A 18 0 P 0.037
Tremor 10 42 A 0.010 41 22 P
Akathisia 0 2 - 0 0 -
Paresthesia 5 7 - 12 9 -
Dyskinesia 0 0 - 0 3 -
Autonomic

Blurred Vision 19 14 P 29 41 A

Dry Mouth 52 58 A 71 25 P 0.005
Increased Salivation 5 5 - 6 0 P
Constipation 71 51 P 41 28 P
Urinary Retention 5 7 - 12 3 P
Nocturia 19 9 P 24 22 -
Diarrhea 5 9 - 24 9 P
Sweating 14 30 A 29 22 P
Nausea/Vomiting 57 49 P 24 31 A
Cardiovascular

Fainting/Dizziness 71 65 P 47 28 P
Palpitations 52 49 - 65 50 P
Other

Dermatologic 5 9 - 18 3

Joint Pain/Stiffness 14 14 - 24 22 -
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the adverse experiences. The treatment comparisons may be refined by
restricting attention to a suBset of advere experiences which are more
likely to be treatment-induced. Two commonly-used subsetting criteria
are: 1) using only adverse experiences which are considered by the
investigator to be at least possibly drug-related, and 2) using only
adverse experiences which are treatment-emergent, i.e., new or
exacerbated relative to baseline. The second criterion is the same as
that proposed by Metzler and Schooley (1981) as a way to differentiate
the potential side effects of the drug from the symptoms of the under-
lying disease in trials of psychoactive drugs (see Section 2.2.1). In
this section, treatment comparisons using each of these criteria are
presented, and the advantages of each approach are discussed.

The criterion of treatment emergence is the more objective of the

two criteria. However, the patient’s status at baseline is not always a
relevant consideration. Baseline status is less relevant for adverse
experiences which often occur spontaneously (e.g., headache or
drowsiness), especially if these adverse experiences occur several
weeks after the baseline assessment, and if they are not reported at the
intervening assessments. Theoretically, the investigator takes the
baseline status into consideration, along with other factors, in deciding
drug-relationship, so the criterion of being at least possibly drug-
related should generally provide a more relevant subset. However,
although guidelines are usually provided for determining drug-relation-
ship, some subjectivity on the part of the investigator is inevitable,

particularly if there is any lack of blindedness in the study. The
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choice of using adverse experiences considered at least possibly drug-
related is also subjective. One could as easily have decided to choose
those considered at least remotely drug-related. In view of the
arguments of Skegg and Doll (1977, see Section 1.6), it may not be
advisable to make this criterion any more strict, e.g., to choose only
those adverse experiences at least probably drug-related.

Treatment comparisons for adverse experiences considered at least
possibly drug-related are shown in Table 5.3.2. The pattern of
incidence shown in this table is much more coherent than in Table
5.3.1 where all adverse experiences are considered. Within both
centers, the active group has a higher incidence than the placebo group
of all adverse experiences for which the incidence difference is at
least five percent.

Treatment comparisons for the treatment-emergent adverse
experiences are shown in Table 5.3.3. Note that the sample sizes of
the treatment groups are not shown in this table. This is because for
each adverse experience the patients with a baseline intensity of
"severe" were excluded, since exacerbation from baseline is not possi-
ble in this case. For many of the adverse experiences in Table 5.3.3,
the effective sample sizes were smaller than the true sample sizes,
thus reducing the power to detect treatment differences. This is
particularly true for the adverse experiences which are also symptoms
of depression. For insomnia, the reduction in sample size was substan-
tial; 56% of the patients had severe insomnia at baseline.

The incidence patterns shown in Tables 5.3.2 and 5.3.3 are very
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Table 5.3.2

Percent of Patients Having Possibly to Definitely Drug-Related Adverse
Experiences During the Treatment Period by Center and Treatment

Note: The column headed ">%" shows the group having higher percentage

of patients with adverse experiences during the treatment period. It is

shown only if the two groups differ by at least 5 percentage points. -
The p-values are from Fisher's (two-sided) exact tests, and are shown

only if p < 0.10.

Center 1 Center 2
Placebo Active Placebo Active
(n=21) (n=43) P- (n=17) (n=32) P-

Adverse Experience % % >% value % % >% value
Psychological/Behavioral

Hallucinations 0 0] - ¢] 0 -
Euphoria o 2 - 0 3 -
Agitation/Excitement 14 28 A 0 22 A 0.080
Irrespons. Behavior 5 2 - 0 0 -
Inapprop. Aggression 5 5 - 0 3 -
Ihsomnia 10 26 A 0 13 A
Tiredness 10 14 - 0 9 A
Drowsiness 0 12 A 0 3 -
Decreased Appetite 10 26 A 0 9 A
Increased Appetite 0 7 A 0 o -
Headacle 10 16 A 6 19 A
Neurological

Myoclonus 0 2 0 ¢] -

Cramps 0 0 - 0 0 -
Rigidity 0 o] 0 0 - “
Tremor 5 28 A 0.045 0 6

Akathisia 0 2 - 0 o -
Paresthesia 0 5 A 0 0] -
Dyskinesia 0 0 - 0 o -
Autonomic

Blurred Vision 0 9 A 0 9

Dry Mouth 5 21 A 12 13 -
Increased Salivation S 2 - 0 0 -
Constipation 0] 26 A 0.012 0] 3 -
Urinary Retention 0 2 - o 3 -
Nocturia 5 2 - 0 3 -
Diarrhea 0 5 A 0 3 -
Sweating 5 19 A o 3 -
Nausea/Vomiting 10 23 A 6 13
Cardiovascular

Fainting/Dizziness 14 28 A 6 6 - )
Palpitations 5 23 A 0.085 0 6
Other “
Dermatologic 0 5 A 6 3 -

Joint Pain/Stiffness 0 2
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Table 5.3.3

Percent of Patients Having Treatment Emergent Adverse Experiences
During the Treatment Period by Center and Treatment

Note: The column headed ">%" shows the group having higher percentage
of patients with adverse experiences during the treatment period. It is
shown only if the two groups differ by at least 5 percentage points.

The p-values are from Fisher's (two-sided) exact tests, and are shown
only if p < 0.10.

Center 1 Center 2
Placebo Active . p- Placebo Active joRd
Adverse Experience % % >% value % % >% value
Psychological/Behavioral
Hallucinations 0] 0 - 6 0 |
Euphoria 0 5 A 0 3 -
Agitation/Excitement 43 32 P 25 40 A
Irrespons. Behavior 24 21 - 0 3 -
Inapprop. Aggression 19 16 - 0 6 A
Insomnia 33 4 P 0.038 25 45 A
Tiredness 41 10 P 0.010 23 19 -
Drowsiness 29 7 P 0.050 24 20 -
Decreased Appetite 24 5 P 0.039 13 21 A
Increased Appetite 5 7 - 12 3 P
Headache 35 17 P 21 30 A
Neurological
Myoclonus 0 5 A 0 0 -
Cramps 5 2 - 6 0 P
Rigidity 0 2 - 0 0 -
Tremor 10 37 A 0.036 18 9 P
Akathisia 0 2 - 0 0 -
Paresthesia 5 7 - 0 3 -
Dyskinesia o 0 - 0 0 -
Autonomic
Blurred Vision 19 9 P 13 16 -
Dry Mouth 24 21 - 24 16 P
Increased Salivation 5 5 - 6 0 P
Constipation 19 21 - 0 13 A
Urinary Retention 5 7 - 6 3 -
Nocturia 19 5 P 0.085 12 3 P
Diarrhea 0 9 A 18 6 P
Sweating 14 19 A 6 16 A
Nausea/Vomiting 33 35 - 24 25 -
Cardiovascular
Fainting/Dizziness 67 28 P 0.006 6 19 A
Palpitations 29 26 - 12 6 P
Other
Dermatologic 5 5 - 12 3 P

Joint Pain/Stiffness S 14 A 0 7 A
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different. In Table 5.3.3, the placebo group has higher incidence for
many of the adverse experiences, and there is little agreement between
the centers. In Table 5.3.2, on the other hand, the active group has
higher incidence for all adverse experiences for which the incidence
difference was at least five percent. In view of the lack of agreement
between Tables 5.3.2 and 5.3.3, the consistency of the higher incidence
for the active group in Table 5.3.2 raises the suspicion, at least, that
blindedness may have been violated.

The only adverse experience for which a significant treatment
difference was shown in both Tables 5.3.2 and 5.3.3 (and also in Table
5.3.1) was tremor; the active group in Center ! had significantly

higher incidence. However, this difference is not supported by the

Center 2 data. Although the Center 2 active group has a slightly higher
incidence than the placebo group of at least possibly drug-related
tremor (Table 5.3.2), the Center 2 placebo group has a higher inci-
dence than the active group of treatment-emergent tremor (Table
5.3.3).

The criterion of at least possible drug relationship appears to be
the more stringent of the two criteria. For each of the adverse
experiences except insomnia, tiredness, drowsiness, decreased appe-
tite, and constipation in the Center | active group, the number of
patients per center and treatment who met the criterion for Table
5.3.3 is at least as large as the corresponding number in Table 5.3.2.
(note that only the percentages, not the numbers are shown in the

tables).
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Four of the treatment-emergent adverse experiences for which the
Center 1 placebo gr‘ou§ has a significantly higher incidence than the
active group are insomnia, tiredness, drowsiness, and decreased
appetite. Since all four of these are symptoms of depression, these
results may provide evidence of the efficacy of the active drug, al-
though they are not supported by the Center 2 data. The other signifi-
cant treatment differences in Table 5.3.3 are the higher incidence in
the Center 1 placebo group of nocturia (p = 0.085) and fainting/dizzi-
ness (p < 0.01). The higher incidence of headache for the Center 1
placebo group is also close to borderline significance (p = 0.120).

The only adverse experiences, other than tremor, for which a
significant treatment difference was shown in Table 5.3.2 were
constipation in Center 1 (p = 0.012), palpitations in Center 1 (p =
0.085), and agitation/excitement in Center 2 (p = 0.080). The active
group had higher incidence of each of these adverse experiences. None
of the treatment comparions from the other center in Table 5.3.20or
the comparisons from Table 5.3.3 strongly contradict these results,
although there are some minor contradictions (the Center 2 placebo
group has slightly higher incidence of treatment-emergent palpitations
and the Center 1 placebo group has slightly higher incidence of treat-
ment-emex;‘gent agitation/ gxcitement) .

In summary, the two criteria produce substantially different
results. When only the possibly to definitely drug-related adverse
experiences are considered, the active group has a higher incidence of

all adverse experiences for which the treatment difference is signifi-
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cant. However, the placebo group has a higher incidence than the
active group for most of the treatment-emergent adverse experiences in
which a significant treatment difference was shown. For only one
adverse experience in one center, namely tremor in Center 1, is there

a significant treatment difference by both criteria.

5.4 Stratified Covariate-Adjusted Randomization Statistics Analysis

In this section randomization statistics are used to compare the
treatments with respect to four of the adverse experiences (agitation/
excitement, tremor, constipation, and palpitations) stratifying by
center and covariate-adjusting for baseline severity and number of
treatment period assessments. These four adverse experiences are the
only ones for which the active group had significantly (p < 0.10)
higher incidence than the placebo group in the treatment comparisons
of Section 5.3. The analysis is restricted to the adverse experiences
considered at least possibly drug-related since, except for tremor in
Center 1, the significantly higher incidences for the active group
occurred with this criterion only. Calculations are performed using
the SAS macro GRMM described in Amara and Koch (1980). Two
scores are used for the dependent variable: a binary score for the
occurrence,/non-occurrence of the adverse experience during the
treatment period and an integer score for the severity of the most
severe occurrence of the adverse experience during the treatment
period.

The binary score analysis is shown in Table 5.4.1. For each of the

adverse experiences, the unadjusted and covariate-ad justed randomi-
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Table

S5.4.1

Randomization Statistics for Treatment Comparisons of Occurrence
of Adverse Experiences With Stratification by Center and Covariate-
Adjustment for Baseline Severity and Number of Assessments

Stratification

Adverse , a Center 1 Center 2 Statistic
Experience Statistic Q pvelue Q p-value Qs prvalue
Agitation/ unadjusted 1.44 0.231 4.25 0.039 4.78 0.029
Excitement cov.-adj. 1.08 0.298 5.03 0.025 4.70 0.030
Tremor unad justed 4.60 0.032 1.09 0.298 5.67 0.0{7
cov.-adj. 3.92 0.048 1.40 0.236 S5.27 0.022

Constipation unadjusted 6.39 0.012 0.53 0.466 6.91 0.009
cov.-adj. 6.63 0.010 0.47 0.493 7.07 0.008

Palpitations unadjusted 3.34 0.068 1.09 0.298 4.35 0.036
cov.-adj. 3.53 0.060 0.85 0.358 4.38 0.036

®The covariate-adjusted statistic is adjusted for both baseline severity
(O = none, { = mild, 2 = moderate, 3 = severe) and number of
treatment period assessments. The randomization statistic for the
covariates is significant for constipation in Center 2 (p = 0.024).
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sation statistics for treatment comparisons within the individual
centers are shown, as well as the unadjusted and covariate-ad justed
stratification statistics. Strictly speaking, the covariate-adjusted
statistics are only valid when there is no significant difference
between the treatment groups with respect to the covariables, or, if
there is a significant difference, it is with respect to covariables
which are known prior to treatment randomization (e.g., baseline
severity, age, sex). The randomization statistic for the covariates is
significant for constipation in Center 2 (p = 0.024). This is partly
due to the Center 2 active group tending to have more treatment peribd
assessments than the placebo group; a randomization statistic for the
Center 2 treatment difference with respect to number of assessments
is close to borderline significance (Q.n(X) =2.27,df. =1,p=
0.131). Since the treatment groups in Center 2 vary somewhat with
respect to a covariate which is not available prior to randomization,
the covariate-adjusted statistics for Center 2 must be viewed cautious-
ly. However, there is little difference between the unadjusted and
covariate-adjusted statistics for any of the adverse experiences.
Treatment comparisons with respect to the severity of the most
severe occurrence of the adverse experiences are shown in Table 5.4.2.
The covariates adjusted for in this table are the same as in the
previous table. However, almost all of the p-values in Table 5.4.2 are
larger than their counterparts in Table 5.4.1. One might expect the
integer score analysis to result in more significant p-values than the

binary score analysis since in dichotomizing one loses information.
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Table 5.4.2

Randomization Statistics for Treatment Comparisons of Severity of
Adverse Experiences With Stratification by Center and Covariate-
Adjustment for Baseline Severity and Number of Assessments

Stratification
Adverse a Center | Center 2 Statistic
Experience  Statistic Q pvalue Q pvalue Qn p-value

Agitation/ unadjusted 0.65 0.418 - 3.94 0.047 3.62 0.057
Excitement cov.-adj. 0.18 0.667 4.79 0.029 3.10 0.078
Tremor unadjusted 3.35 0.067 1.04 0.307 4.36 0.037
cov.-adj. 2.64 0.104 .19 0.275 3.82 0.05¢
Constipation unadjusted 5.38 0.020 0.53 0.466 5.90 0.015
cov.-adj. 5.57 0.018 0.47 0.493 6.01 0.014
Palpitations unadjusted 1.77 0.183 0.97 0.324 2.69 0.10l
cov.-adj. 1.84 0.176 0.93 0.335 2.72 0.099

3The covariate-adjusted statistic is adjusted for both baseline severity
(O = none, | = mild, 2 = moderate, 3 = severe) and number of
treatment period assessments. The randomization statistic for the
covariates was significant for constipation in Center 2 (p = 0.024).
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The fact that the binary score analysis results in smaller p-values
indicates that there may be measurement error or other "noise" in the
severity variable.

In the preceding analyses the number of assessments is adjusted
for by using it as a covariable. One could also have categorized the
number of assessments into two or more levels and used it, along with
center, as a stratification variable. This may be more appropriate than
covariate ad justment when there is a strong tendency for one treatment
group to stay in the study longer than the other treatment group.
Another way to adjust for the number of assessments is by incor-
porating it into the response variable. In Table 5.4.3 the treatments
are compared using as the response variable the sum of the lengths of
the intervals during which a patient had an adverse experience divided
by the time until the last assessment. For example, if a patient did not
report an adverse experience at the day S5 assessment, reported it on
the day 8 assessment, then dropped out of the study, the response
measure for this patient is 3/8. As discussed in Section 2.2.2, this
measure is a crude surrogate for both the frequency and duration of the
adverse experience. In this study, since dosage was adjusted accarding
to patient tolerance, the analysis of frequency/duration is not as
meaningful as for the antihistamine/decongestant study of Chapter IV,
where the doses were fixed, and within each treatment group, almost
all patients got the same dose over the same length of time.

The interpretation of the response variable used in Table 5.4.3

depends somewhat on the time on study, e.g., a response of 28/28 is
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Table 5.4.3

Randomization Statistics for Treatment Comparisons of
Proportion of the Treatment Period With Adverse Experience,
With Stratification by Center and Number of Assessments
and Covariate-Adjustment for Baseline Severity

Stratif ication®
Statistic

Adverse Experience Statistic Qs p-value

Agitation/Excitement unadjusted 3.55 0.060
cov.-adj. 2.12 0.146

Tremor unadjusted 3.40 0.065
cov.-adj. 2.19 0.139
Constipation unadjusted 3.94 0.047
cov.-adj. 4.72 0.030
Palpitations unadjusted 1.78 0.182

cov.-adj. 1.85 0.174

3The stratification is by center and number of assessments (at most
four versus five or more). This corresponds to at most two weeks
versus three or more weeks. The differences were in the same
direction in ali strata for all adverse experiences.
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more serious than a response of 5/5. Therefore, the analysis is
stratified by number of assessments (at most four versus five or
more) as well as center. This stratification approximately corres-
ponds to at most two weeks on study versus three or more weeks. The
p-values in Table 5.4.3 are all appreciably less significant than those

for the binary response measure in Table 5.4.1.

5.5 Logistic Regression

Stepwise logistic regression is used to supplement the randomiza-
tion-based analysis of the previous section for four of the adverse
experiences of interest (possibly to definitely drug-related agitation/
excitement, tremor, constipation, and palpitations). The objective of
the analysis is to evaluate the importance of treatment relative to
other explanatory variables. Also, since for each of the four adverse
experiences, a significant treatment difference is shown in Table 5.3.2
for only one of the two centers, it is of interest to see whether the cen-
ter difference is significant, and if so, whether it can be explained by
other variables for which the centers differ, notably sex. An analysis
of center by treatment interaction is not possible with this data set
because for each of the four adverse experiences there is a zero fre-
quency in Table 5.3.2 for at least one of the treatment groups within
centers.

The candidate variables used for the initial stepwise regressions
are: treatment, baseline severity, number of assessments, sex, age,
percent improvement from baseline in the Hamilton Depression Score

(an efficacy measure), and indicator variables for each of three classes
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of concomitant medications (non-narcotic analgesics, sedatives/hypno-
tics, and gastrointestinal preparations). Center is not a candidate
variable for the initial regressions; however, it is considered in the
follow-up analyses. The number of patients having each of the adverse
experiences of interest is small relative to the number of candidate
variables, and thus the logistic regressions are undertaken more from
a descriptive than an inferential perspective. As noted in Section
4.3.3, the recommended number of variables to consider as candidate
variables should not exceed m/10 where m is the number of observa-
tions in the least frequent category of the dichotomous response vari-
able (Harrell 1983a). For the four adverse experiences of interest, m
ranges from 12 to at most 22.

Although associations of adverse experiences with concomitant
medication usage are of interest to note, they are difficult to interpret.
An apparent association may be due to the concomitant medication
causing the adverse experience, either directly or through an inter-
action with the active treatment, or because the concomitant medi-
cation was given to counteract the adverse experience of interest (e.g.,
headaches and aspirin, hypnotics and insomnia) or to counteract a
closely-related adverse experience. The concomitant medications must
often be grouped in order to have a sufficient number to use in statis-
tical analysis. Thus adverse experiences due to a specific concomitant
medication or due to interactions with the active treatment would
rarely be detected by logistic regression, particularly in a data set

this small. In this example, the three classes of concomitant medica-
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tions which were used by at least 15 patients were selected as explan-
atory variables. Each of these classes comprises several different
chemical entities. Since there is a greater tendency for all three
classes of concomitant medications to be éiven in Center { than in
Center 2, any association 6f the concbmitant medications with the
adverse experiences may be partially due to center.

The results of the initial stepwise logistic regressions for each of
the four adverse experiences are shown in Table 5.5.1. The candidate
variables, shown at the top of the table, are the same for each of the
regressions. Calculations were performed using the SAS procedure
LOGIST with the significance level to enter the model andbthe signifi-
cance level to stay in the model both set to 0.10. |

For the agitation/excitement regression, the variables which
entered the model were the efficacy variable, and variables for active
treatment and female sex. The higher the Hamilton Depression Score,
the more severe the depression, so negative values for the efficacy
vafiable are indicative of improvement from baseline. The coefficient
for the efficacy variable in this model is positive, so patients in whom
the drug was not efficacious were more likely to have agitation/excite-
ment. A follow-up regression was done in which the three variables
for efficacy, treatment, and sex were forced to be included in the
model, and center was allowed as a candidate variable (1 = Center {,
O = Center 2). The variable for center did enter the model, and after
the center variable entered, the sex variable was no longer significant

(p > 0.25). So it appears that the previous significant difference for
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