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Statistical Methods in Clinical Trials:
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A two-front war
When designing a clinical trial, investigators commonly feel that they are fighting (or are caught in
the middle of) a two-front war. One front is driven by the requirement that the research effort should be
productive, the other by statistical concerns.
It is the desire of all involved that the clinical trial bear a rich bounty of valuable, reproducible results. In
order to comply with the need to be efficient, investigators genuinely want to evaluate all of the available
information that can be collected on every patient in their research cohort. This natural tendency to use the
dataset from the clinical trial to its fullest produces many statistical hypothesis tests. In addition, there are
fundamentally sound motivations for the inclusion of dose-response analyses, the assessment of the effect of
therapy on different but related endpoints, and the evaluation of possible mechanisms of therapeutic action.
However, the drive to conduct expansive, inquisitive analyses is inhibited by statistical concerns that
make up the second front of the battle in the heart and mind of the investigator. Statistical concerns arise
because investigators make a definite, though not formally recognized, compromise when performing
research. The desire to study an entire population of patients in complete detail cannot be achieved. For
example, a clinical trial studying a new heart failure therapy may wish to recruit all heart failure patients.
However, logistical, financial, and ethical concerns preclude this effort. Therefore, we choose not to study
the entire population of patients, but instead make a compromise and take a small sample from the large
population. The process of drawing a sample helps on the one hand, but hurts on the other. The availability of the sample offers the ability to carry out an executable research program on a relatively small
number of subjects; however, the same process hurts by removing the ability to identify population effects
with certainty. The same population can produce different samples and, since these samples contain
different patients with different experiences, the results from each sample are different. Which sample is
right? Sometimes the population produces – just through the play of chance and the random aggregation
of events – a sample that does not accurately reflect the therapy-outcome relationship of the true overall
population, even though the sample was selected randomly.
We cannot directly observe or measure sampling error when examining a randomized participant, or
entering that patient’s lab results into a database, or computing a sample relative risk; we observe only the
data. However, sampling error, like gravity, goes unseen, but has powerful effects. The central contribution of statistics to health research in general, and to controlled clinical trials in particular, is their guidance on research result interpretation in the presence of sampling error. The successful application of
statistics within clinical trials is not to remove sampling error; instead, sampling error is appropriately
channeled into our estimators of effect size, standard errors, confidence intervals, p values, and power.
However, this sampling error segregation is only successful when the underlying assumptions that go into
these estimators have been satisfied.
One critical assumption is that the experiment is executed concordantly (ie, in accordance with its
prospectively written protocol). The estimators are reliable only if they are produced within a research
environment in which the only source of variability is the sample-to-sample variability of the endpoint
data. This assumption is violated by, for example, the process of data dredging. In this circumstance, the
sample doesn’t just provide data for the endpoint, but instead exceeds this contribution by actually selecting the endpoint (eg, choosing the only endpoint with a small p value). In this circumstance, our commonly used estimators are no longer valid; they have become newly distorted by this additional source of
endpoint selection variability. If too much credence is given to what these disoriented estimators tell us,
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then we as investigators can lose our way,2 as the following
example demonstrates.

Case history 1: ELITE I / II
The use of angiotensin converting enzyme (ACE) inhibitors
has increased dramatically since the 1980s. First approved as a
treatment for hypertension, their use expanded into treatment of
other cardiovascular disease, specifically the treatment of congestive heart failure (CHF). However, these effective ACE
inhibitors were also associated with undesirable adverse events;
the most common were cough, angioedema, and hypotension.
As a response to this undesirable profile, angiotensin II type 1
receptor blockers were developed. It was hoped that this newer
class of agents would be safer than the original ACE inhibitors,
while continuing to confer a survival benefit for patients with
CHF. In order to compare the relative safety of angiotensin II
type 1 receptor blockers to that of ACE inhibitors, the Evaluation of Losartan in the Elderly Study (ELITE) I3 was designed.
The goal of ELITE I was to compare the effectiveness of the
angiotensin II type 1 receptor blocker, losartan, to the ACE
inhibitor, captopril, in a randomized, double-blind, clinical trial.
The primary endpoint of this study was a safety measure that
was prospectively defined as an increase in serum creatinine by
0.3 mg/dL or more above baseline.
This study randomized 722 patients and followed them in a
double-blind fashion for 48 weeks. Just prior to the end of the
study, an additional endpoint was added. This measure was the
composite endpoint of death and/or admission for heart failure.
At the conclusion of ELITE I, the investigators determined that
the increase in serum creatinine was the same in the 2 treatment
arms (10.5 % in each group; risk reduction 2% [95% CI, -51 to
36], p=0.63). However, the findings for the new composite endpoint were tantalizing. Death and/or heart failure admission
occurred in 33 of the 352 losartan-treated participants, while 49
events occurred in the 370 captopril-treated patient group. This
translated into a risk reduction of 32% (95% CI, -0.04 to 0.55;
p = 0.075) and suggested that there was a benefit attributable
to losartan. The investigators, emboldened by these findings,
deconstructed the composite endpoint and discovered that 17
deaths occurred in the losartan group and 32 deaths in the captopril group, a result that produced a risk reduction of 46%
(95% CI, 5 to 69; p=0.035). These deaths with an “apparent significant p value” received the principle emphasis in the discussion section of the manuscript, at the expense of minimizing the
role of the primary safety endpoint. Although the need to repeat
the trial was mentioned in the abstract, the balance of the discussion focused on the reduced mortality rate of losartan.
According to the authors, “This study demonstrated that losartan reduced mortality compared with captopril; whether the
apparent mortality advantage for losartan over captopril holds
true for other ACE inhibitors requires further study.” While it
was clear that this was the case within the ELITE I sample, the
investigators implied that these findings generalized to the population of elderly patients with CHF. Others even went so far as
to attempt to explain the mechanism for the reduction in sudden
death observed in ELITE I.4,5
To the investigators’ credit, ELITE II6 was executed to
confirm the superiority of losartan over captopril in improving
survival in patients with heart failure. The primary endpoint in
ELITE II was total mortality, a decision that required recruitment
of 3152 patients, almost 5 times the number of patients recruited
for ELITE I. These patients were followed for 18 months, almost
twice as long as the duration of follow-up in ELITE I. At the

conclusion of ELITE II, the cumulative all-cause mortality rate
was not significantly different between the losartan and captopril
groups (280 deaths in the losartan group vs. 250 deaths in the
captopril group, 17.7% vs. 15.9%; hazard ratio 1:13; 95% CI,
0.95 to 1.35, p = 0.16). In fact, there was a trend to excess mortality in the losartan group. Thus, losartan did not confer a
mortality benefit in the elderly with CHF when compared to
captopril, as suggested by ELITE I. The investigators conceded,
“More likely, the superiority of losartan to captopril in reducing
mortality, mainly due to decreasing sudden cardiac death, seen in
ELITE I should be taken as a chance finding.”6
Even though great effort went into the computation of estimators of effect size, standard error, confidence intervals, and
p values in ELITE I, these estimators were not designed to work
in an environment where an endpoint is altered based on the
data of the research effort. Data are, of course, expected to contribute to the endpoint analysis but, in the case of ELITE I, the
data chose the analysis (would the mortality effect seen in
ELITE I have received such high prominence if losartan and
captopril were associated with equivalent cumulative mortality
rates?). When data choose the analysis plan, the findings in the
sample about the data-driven endpoint are no longer reliable
indicators of the effect that occurs in the population.

Type I error propagation
The issue raised by multiple testing is one of propagation of
type I error. Since there is a chance that the sample will provide a
false answer to the question asked by the investigator, the likelihood that at least one false answer will be provided increases
with the number of questions asked (just as the probability of
obtaining at least one head in a sequence of tosses of a coin grows
as we continue to flip the coin). This error is critical in assessing
the impact of the intervention, studied in a clinical trial, on the
population from which the clinical trial patients were obtained.
Since the intervention will produce adverse events and will likely
have a financial cost associated with it, there must be some
benefit that balances these disadvantages.
The familywise error rate (ξ) is the likelihood of making at
least one type I error among all of the hypothesis tests that the
investigators carry out. The symbol, ξ, conveys to the investigators the likelihood that the therapy will not be effective in the
population, (ie, that treated patients in the population will experience adverse events of the medication and pay the financial
cost of the therapy, but will not retain its benefits). The familywise error rate must be accurately measured and tightly controlled to insure that its level is kept to a minimum.
Thus, it may seem that investigators are in an intolerable
position. As they design their clinical trial, they are quite naturally motivated to answer all of the relevant issues that their
dataset can address, but they are simultaneously tightly bound
by compelling statistical arguments to abstain from this desire
and address only the primary pre-specified question. Thirsting
for answers to their other scientific questions, they may feel like
the parched man who, when at last he comes upon a fresh
mountain river, responds with amazement when he is given only
a tiny cup to collect the water that he requires. What water is
caught in the small statistical thimble, while refreshing, does
not satisfy, and he watches in amazement and disappointment as
the rest of the (data) stream flows by unused.

Loosening the shackles
Investigators often feel as though the statistical concerns
that are contained in the careful design of their clinical trial

have “put handcuffs” on them. The following discussion elaborates a wealth of design tools available to the trial investigator
that can provide some of the keys to release (or at least loosen)
their shackles. We begin with the assertion that no team of
investigators should be denied or discouraged from analyzing
any component of the dataset they desire. The unique combination of inquisitiveness, insight, and intuition that investigators
possess should be encouraged, not repressed. However, it is best
if their analysis is triaged so that interpretation of the results is
clear. There are two levels to this triage process: planning, and
error control.
• The first level of triage addresses the question of whether
the analysis will be prospectively planned or data-driven. The
major advantage of prospectively planned analyses is that the
estimates of effect size, confidence intervals, standard errors,
and p values are trustworthy. Non-prospectively planned,
exploratory results should be carried out and reported, but they
must be clearly labeled as hypothesis-generating, requiring confirmation before they can be integrated into the fund of knowledge of the medical and regulatory communities.
• The second level of triage analysis, during the design
phase of the clinical trial, is carried out among the prospectively
planned analyses, dividing them into primary analyses or secondary analyses. Primary analyses are those upon which the
conclusions of the trial rest. Each of the primary analyses will
have a prospectively set type I error level attached to it in such a
way that the familywise error does not exceed the community
accepted level (traditionally 0.05). The trial will be seen as positive, null (no finding of benefit or harm), or negative (harmful
result) based on the results of the primary analyses.
It is critical to note that a clinical trial can have more than
one primary endpoint. If appropriately designed, the study can
be judged as positive if any of those primary endpoints produce
a p value less than the test specific alpha level for that hypothesis test. However, the medical community must examine all the
confirmatory analyses in order to draw the correct conclusion
from the experiment.
Secondary endpoints do not control the familywise error
and each secondary analysis is typically interpreted at nominal
0.05 levels. Secondary analyses, when prospectively designed,
produce trustworthy estimates of effect sizes and p values.
However, because secondary analyses do not control the familywise error, the risk to the population is too great for confirmatory conclusions to be based upon them. Therefore, the role of
secondary endpoints is to provide support for the primary endpoint findings and not to serve as independent, confirmatory
analyses.
In the typical clinical trial, there are more exploratory
analyses than there are prospectively declared analyses, and
more secondary analyses than there are primary analyses
(Figure 1). This is consistent with the statement that a small
number of key questions should be addressed in a clinical trial,
accompanied by careful deliberation on the necessity and extent
of adjustment for multiple comparisons.7

Allocating type I error
Several tools are available to the investigator to allocate
type I error among the primary analyses of their clinical trial.
The first is the unequal allocation of type I error. The
Bonferroni procedure8,9 and its modern application10,11 provide
equal allocation of the alpha error among the primary analyses.
The application of this process typically produces type I error
levels that are too small for some of the analyses. This, in turn,

Figure 1: The role and relative number of analyses in
a clinical trial

Primary
analyses

Secondary analyses

Exploratory analyses

generates sample sizes beyond the attainable. However, there is
no theoretical requirement for the equal apportionment of type I
error among different hypothesis tests, and investigators can
allocate type I error selectively among the different primary
analyses. The only rules they are obligated to follow are that the
allocation be made prospectively and that the type I error levels
be made to conserve the familywise error level, ξ.12,13
Consider the work of the investigator during the design
phase of his/her study. He/she has completed the endpoint triage
system and has prospectively determined the K primary endpoints for which significance testing will be executed. The study
is initially designed to have a familywise error level of ξ; this
rate is dispersed between the K primary endpoints with the jth
endpoint having test specific alpha αj such that (using a Bonferroni-style approximation): ξ ≤ ∑ α .
K

j

j=1

At the conclusion of the study, the investigator produces a
p value for each of these hypothesis tests. Let pj be the p value
which is computed for the jth primary endpoint, j = 1, 2, 3,…, K.
Then, just as a familywise error level, ξ, is computed during the
design phase of the trial, the observed familywise error level at
the conclusion of the trial or posterior familywise error level, E,
is computed based on the K different p values produced by the
trial as:
E ≤ ∑ min (p ,α )
K

j=1

j

j

where min(a, b) is the minimum of the numbers a and b. We
need to be able to link comparisons of the a priori and posterior
familywise error levels to the individual p values of the K
primary endpoints. The study is positive* when the posterior
familywise error level E is less than the a priori familywise
error level ξ, or E < ξ . An alternative formulation is that the
study is positive when:
K

K

j=1

j=1

∑ min (pj,αj) < ∑ αj
This definition, in one sense, increases the complexity of the
interpretation of the clinical trial. Although the study will be classified as either positive, negative, or null, in fact, with K primary
endpoints, the investigators will report the findings for each of
these prospective, confirmatory analyses. Thus, the medical community will learn not only that the study was positive, but also
exactly what finding led to this positive description of the trial.
Since the familywise error level for the entire trial is typically fixed at 0.05, the test specific alpha levels for each of a
large number of hypothesis tests become small very quickly.
* These comments assume that the clinical trial has been concordantly executed.

 1 – (1- P[Tα= 0|T = 0])
2

1

2

More usefully, we can solve for α 2, the test specific
type I error level for the second hypothesis test as a function of the test specific type I error for the first hypothesis
test α1 (α1 ≥ α 2), the familywise error rate ξ, and the parameter D as:
ξ - α1
α 2 = min α
1,
(1- α 1) (1-D2)
The notion of dependence between statistical hypothesis tests is especially useful when consideration is given
to the role of combined endpoints in clinical trials. A
formal examination of the use of combined endpoints
reveals that these complicated implements are most effective when:
• the combined endpoint is clinically relevant
• it is cohesive (ie, the combined endpoint’s components measure related, but distinct, aspects of the same
disease process)
• its component endpoints are each ascertained precisely and with superior quality
• its component endpoints are each reported.

Subgroups
The purpose of studying a sample is to learn something about the population of patients from which the
sample is derived. However, the fact that different samples
can be drawn from the same population and yield different
results (this is called sample-to-sample variability or sampling error) causes confusion in trying to extend sample

Treatment effect uniformity

Harm

Benefit

20% benefit

results to the population. As an illustration, consider the
result of a hypothetical clinical trial in which the investigators report that the effect of therapy on the prospectively
defined endpoint of total mortality produces a 20% benefit
in the cumulative mortality rate. The first reaction is to
believe that all collections of patients in the active group
were beneficiaries of this 20% benefit (Figure 2). However,
the actual results of the trial appear to be quite different
(Figure 3).
The research effort reflects what appears to be important differences in the magnitude of treatment effects;
differences that are mediated by subgroups. However, this
non-uniformity is actually caused by the random aggregations of relatively small numbers of patients within a single
sample. At first glance, it appears that the uniform mortality
benefit has been replaced by a much more heterogeneous
response. However, in reality, the 20% benefit has been
well-disguised by the presence of background clutter that is
produced by sampling error. The uniform 20% reduction in
the total mortality effect is still there; the population from
which the research sample was derived still experiences a
20% reduction in mortality. However, when that uniform
effect is viewed from the prism of a small sample, the
appearance of the effect is distorted. The subgroups appear
to define different levels of responses. However, all that is
happening is that the random selection mechanism causes
individuals whose responses are similar to cluster together
by chance alone. This random variability produces the
differences seen in subgroups that are commonly described
as a subgroup effect.
Consider the following example as an illustration of
the heterogeneity of effect that is due solely to the random
Figure 3: Heterogeneity of treatment effects among
subgroups. Each bar is the effect of the
therapy in a different subgroup

Benefit

______________________________
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Figure 2: The common view of a therapy effect in
a clinical trial — uniformity

20%

Harm

Even if the researcher triages the analyses, focusing on a
relatively small number of primary analyses in which alpha
is prospectively allocated, and then allocates alpha differentially among these primary analyses, he/she commonly
faces the difficulty that the prospectively-set alpha levels
for some of the primary analyses will be very small. The
recognition that some of these primary analyses will be
dependent upon each other and that this dependence will
lead to some type I error level conservation has been the
focus of considerable attention; much of the statistical literature is devoted to the multiple analysis issue. Several
approaches can be taken to incorporate dependence
between endpoints.14-17 Clearly, the more complicated the
dependency relationship between subsets of the primary
analyses, the more complex the prospective alpha allocation procedure can be.
A simple development within reach of investigators
would proceed as follows. Consider that there are two
hypothesis tests. Let T1 be the event that a type I error
occurs on the first experiment with probability α1, and T2 be
the event of a type I error occurring on the second experiment, with probability α2. Then, a measure, termed D, is
developed that will reflect the relationship between the
occurrence of T1 and T2. We would like D to have a
minimum of 0 and a maximum of 1. It is useful to let D = 0
when the statistical hypothesis tests are independent, and
the occurrence T1 does not reflect one way or another the
occurrence of T2, ie, P[T2 = 0|T1 = 0] = 1 - α2. Analogously,
D = 1 will denote perfect dependence, ie, the case in which
the conditional probability of interest P[T2 = 0|T1 = 0] = 1.
Then we can write D in terms of the conditional probability:

aggregation of patients into small samples. A conference
room chosen at random has a capacity of seating 60
observers. These 60 seats are divided by a central aisle,
with 30 seats on both the left- and right-hand sides of the
room. Sixty people seat themselves as they choose, distributing themselves in an unrestricted manner among the
seats on each side of the room. When all are seated, the
height of each person is measured and it is found that the
average height is exactly 71 inches. Does that mean that
the average height of those seated on the left side of the
conference room will be 71 inches? No. The average
height of those seated on the left-hand side of the conference room will be either < 71 inches or > 71 inches, but it
will not be exactly 71 inches (since this average is based
on only 30 of the 60 people). If the average height on the
left side of the conference room is < 71 inches, then those
seated on the right-hand side will have an average height
>71 inches. Is it fair to conclude that those who sit on the
right-hand side of the conference room are in general taller
than those who sit on the left? The simple, random aggregation and subaggregation of the observers has induced a
subgroup effect that is based only on the play of chance.
A fine example of the misdirection that subgroup
analysis can provide is the PRAISE/PRAISE-2 clinical
trial pair. In the 1980s, the use of calcium channel blocking agents in patients with CHF was problematic. Initial
studies suggested that patients with CHF experienced
increased morbidity and mortality associated with these
agents.18 However, additional developmental work on this
class of medications proceeded. In the early 1990s, new
calcium channel blocking agents appeared. The early data
for these compounds suggested that their use may produce
improvements in patients with CHF.
To formally evaluate this possibility, the Prospective
Randomized Amlodipine Survival Evaluation (PRAISE)19
trial was designed. Its long-term objective was the assessment of the effect of the channel blocker, amlodipine, on
morbidity and mortality in patients with advanced heart
failure. The primary measurement in PRAISE was the composite endpoint of all-cause mortality and/or hospitalization.* The protocol also stipulated that there would be
analyses carried out in the following subgroups of patients
based on sex, baseline ejection fraction, NYHA class, serum
sodium concentration, angina pectoris, and hypertension.
PRAISE began recruiting patients in March of 1992.
Patients with CHF (NYHA functional class IIIb/IV and
left ventricular ejection fraction < 30%) were randomized
to receive either amlodipine or placebo therapy. The
investigators suspected that the effect of amlodipine might
depend on the cause of the patient’s CHF, so they stratified randomization† into two groups, patients with
ischemic cardiomyopathy, and patients with non-ischemic
3
cardiomyopathy. By the end of the recruiting period, the
PRAISE investigators randomized 1153 patients and at
the end of the study, they had been followed for a
maximum of 33 months.
At the conclusion of PRAISE, the investigators determined that in the overall cohort, there was no significant
difference in the occurrence of the primary endpoint
*Hospitalization was defined as in hospital care for at least 24 hours for either acute
pulmonary edema, severe hypoperfusion, acute myocardial infarction, or sustained
hemodynamically destabilizing ventricular tachycardia or fibrillation.
†Stratified randomization is an adaptation of the random allocation to the therapy
process.

between the amlodipine and placebo groups (39% vs.
42%, 9 % reduction [95% CI, -24 to 10], p = 0.31). The
secondary endpoint of all-cause mortality was also not significantly different between the amlodipine and placebo
groups for the overall cohort (33% vs. 38%, 16% reduction
[95% CI, -31 to 2], p = 0.07).
The evaluation then turned to the etiology-specific
CHF strata. PRAISE recruited 732 patients with an
ischemic cause for their CHF and 421 patients with a nonischemic cause. The analysis of the effect of therapy in
these strata revealed that treatment with amlodipine
reduced the frequency of primary and secondary endpoints
in patients with non-ischemic dilated cardiomyopathy (58
fatal or nonfatal events in the amlodipine group and 78 in
the placebo group, 31% risk reduction; 95% CI, 2 to 51;
p = 0.04). Further evaluation of these events revealed that
there were only 45 deaths in the amlodipine group and 74
deaths in the placebo group, representing a 46% reduction
in risk in the amlodipine group (95% CI, 21 to 63 reduction; p < 0.001). Among the patients with ischemic heart
disease, treatment with amlodipine did not affect the combined risk of morbidity and mortality or the risk of mortality from any cause. Again, the findings for a secondary
endpoint overshadowed the primary endpoint’s results.
A second trial, PRAISE-220 was then conducted to
verify the beneficial effect on mortality seen in the subgroup
analysis of patients with heart failure of non-ischemic etiology in PRAISE-1. This trial, while focusing only on patients
with heart failure of non-ischemic origin, was otherwise
similar in design to PRAISE-1. The PRAISE-2 investigators
randomized 1650 patients to either amlodipine or placebo
with up to 4 years follow-up. However, the results of
PRAISE-2 were quite different from PRAISE-1. Unlike the
first study, in PRAISE-2, there was no difference in mortality between the 2 groups (33.7% in the amlodipine arm and
31.7% in the placebo arm; odds ratio 1.09, p = 0.28). Thus,
the marked mortality benefit seen in the subgroup analysis
in PRAISE-1 for amlodipine was not confirmed in PRAISE2. The PRAISE-1 investigators inappropriately raised a
subgroup analysis to prominence outside of the statistical
boundaries of the original design.

Evolution
Finally, we must remember that clinical trial standards
are not static. Instead, they reflect the fluid sequence of
inevitable and unstoppable progress. An examination of
the clinical literature from 200 years ago reveals that
healthcare research was primarily, if not exclusively, the
evaluation of case reports. Research progressed from these
accounts of individual circumstances to the appearance of
the results of case series. The idea of a clinical trial that
simultaneously combined both a contemporaneous control
group and the use of randomization is relatively new,
appearing only 60 years ago. During this evolutionary
process, mistakes have been made. A fair criticism of clinical trial methodology would be that there has been an over
reliance on p values and, unfortunately, confusion between
confirmatory and exploratory analyses still reigns.
Pocock21 has correctly pointed out that concerns for
the multiplicity of type I error should be balanced. While
we have not reached our destination, the development
and maintenance of investigator discipline in research
endeavors helps to insure that we stay on the right path.
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