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Epidemiologic research often involves the simultaneous assessment of asso-
ciations between many risk factors and several disease outcomes. In such
situations, often designed to generate hypotheses, multiple univariate hypothe-
sis-testing is not an appropriate basis for inference. The number of true positive
associations in a collection of many associations can be estimated by comparing
the observed distribution of p values for the positive associations to a theoretical
uniform distribution, or to the observed distribution of negative associations, or
to an empiric randomization distribution. None of these approaches, however,
will distinguish the true from the false positive associations. Various criteria for
selecting a subset of associations to report are considered by the authors,
including Bonferpni adjustment of p values, splitting the sample for searching
and testing, Bayesian inference, and decision theory. The authors prefer an
approach in which all associations in the data are reported, whether significant
or not, followed by a ranking in order of priority for investigation using empirical
Bayes techniques. Methods are illustrated by application to preliminary data from
a study aimed at identifying hitherto unsuspected occupational carcinogens.
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Though much of scientific research can Some arise serendipitously in the course of
be described as hypothesis-testing, the gen- studies designed to test other hypotheses,
eration of new hypotheses is an essential And some are generated by projects that
activity and in fact comprises much of the systematically monitor large data bases to
work of epidemiologists. New hypotheses consider many possible associations. How-
can arise in a number of ways. Some are ever generated, a new hypothesis is not
suggested by theory, by findings in related usually accepted until the association has
fields, or by astute clinical observations, been replicated in data other than that
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which generated it. Any study which col-
lects information on a large number of
"stimulus" and "response" variables has a
high probability of producing wild goose
chases which can consume much valuable
research time and resources to refute. This
is simply the price that must be paid for
the advancement of our knowledge about
true associations. (In addition to this sta-
tistical limitation, large data bases also
tend to have less detailed and less accurate
data on any particular association than
studies designed specifically around a single
association. While important, this issue is
not of concern here.)

The Boston Collaborative Drug Surveil-
lance Project (1) provides an example of a
large-scale monitoring project. In the
course of routine analyses of these data, the
association between reserpine and breast
cancer was noted, and this finding was pub-
lished (2). (In this case, publication oc-
curred simultaneously with two other re-
ports of the same association, lending
greater credibility to the finding.) Eight
further studies followed soon after, most of
them negative. Reasons for the discrepan-
cies have been reviewed elsewhere (3) and
include various methodological differences
that are not of concern here; to some ex-
tent, however, the original reports may sim-
ply have been a fluke. The high probability
of such flukes arising in large exploratory
studies is sometimes viewed as cause for
concern.

While the problem is clearest in studies
designed to monitor many variables, the
same issues arise when a study designed to
test a particular hypothesis is reanalyzed
to consider a variety of alternatives not
proposed originally. For example, Mac-
Mahon et al. (4) recently reported an as-
sociation between coffee consumption and
pancreatic cancer in an epidemiologic case-
control study originally aimed at examining
the role of smoking. The results were crit-
icized on various methodologic grounds (5),
including the way in which the serendipi-
tous finding was interpreted and reported.

It was argued, for example, that because
many hypotheses were considered in the
post hoc reanalyses, a more stringent cri-
terion for claiming "statistical significance"
should have been used (e.g., multiplying p
values by the number of tests carried out).
Though widespread, this view is not uni-
versally held (6, 7), and we feel it is inap-
propriate for reasons explored below.

This paper discusses several approaches
to the problem of reporting results when a
large number of associations have been ex-
amined, either in routine analyses of large
data bases or post hoc reanalyses of studies
designed to test other hypotheses. First, we
discuss whether an investigator should re-
port all associations examined, select a sub-
set of "significant" ones, or rank them on
some priority scale. Second, we describe
several methods for judging whether the
distribution of associations is any different
from what might be expected merely by
chance, considering the number of associ-
ations examined.

To simplify presentation, we will use the
terms "positive association" and "negative
association" to signify, respectively, those
associations between disease and exposure
with relative risks (RRs) greater than 1.0
(i.e., harmful) and less than 1.0 (i.e., pro-
tective). This is in contrast with the usage
in some reports where "negative associa-
tion" signifies "no association" or a true
RR of 1.0; the latter we shall term a "null
association." Implicit in all of the ap-
proaches developed below is the assump-
tion that the distribution of RRs in the
population sampled is a mixture of two
distributions, a "spike" consisting of those
associations for which the true RR exactly
equals 1, and a continuous distribution con-
sisting of those for which the true RR ?* 1.
Our prior belief is that there is a finite
probability (probably large) of RR = 1, and
a continuous distribution of non-null RRs
larger and perhaps also smaller than 1. We
denote by To the number of associations for
which the true RR = 1, and by T+ and T_
the numbers for which the true RR > 1 and
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RR < 1, respectively. In a later section of
the paper, methods for estimating To, T+,
and T- are discussed.

To illustrate the various approaches, we
will use preliminary data from a large data
base we are assembling for the purpose of
identifying new occupational carcinogens
(8-10). In this project, cases with any of 12
cancer sites are being interviewed for infor-
mation on possible exposure to several
hundred chemicals. Each cancer site group
is then compared to all of the others com-
bined as referents to obtain RRs for each
possible exposure-disease combination,
recognizing that in view of the proportional
incidence design, any carcinogen which af-
fected a broad spectrum of sites might go
undetected or underestimated. The analy-
sis is done in two stages. First, all associa-
tions are examined separately using the
Mantel-Haenszel procedure (11) to adjust
each for a set of a priori confounders, but
not for each other. A subset of associations
(based on these results) is then subjected
to stepwise polytomous logistic regression
analysis, forcing confounding variables in
first, to adjust each association for all other
associations included in the model. As ar-
gued below, it would be neither feasible nor
desirable to adjust for all associations under
consideration. For the purpose of this
methodologic discussion, a restricted data
set based on all 12 sites of cancer but only
57 of the several hundred exposure factors
will be used. Even this restricted data set
generates estimates of T = 12 X 57 = 684
RRs. What reporting strategy should be
adopted?

GENERAL APPROACHES TO REPORTING

ASSOCIATIONS

Three general strategies are possible: 1)
to select a number of "significant" or other-
wise remarkable associations and report
only those; 2) to report the entire matrix of
T relative risks and associated confidence
intervals or p values; and 3) to rank the T
associations on some scale of priority for
further investigation. Each of these general

strategies has several variants which are
discussed below.

Selective reporting of associations

In part due to the pressure to limit the
length of manuscripts for publication and
in part due to the predominance of hypoth-
esis testing in statistics, there has been a
tendency for investigators to select only a
subset of associations they consider worthy
of reporting. The five approaches described
in this section are all intended to provide
some basis for selective reporting of asso-
ciations using binary-valued ("report"/"no
report") decision rules.

The significance level criterion. Statistical
significance, central to the frequentist tra-
dition of statistics, is widely used by scien-
tists and journal editors as a basis for de-
ciding which associations to report, the p <
0.05 level being conventional. When mul-
tiple hypotheses are considered, the ques-
tion then arises whether the same degree
of significance should be applied to each
association. A common recommendation is
to control the overall "experiment-wise"
Type I error rate by adopting a suitably
conservative "test-wise" alpha level, e.g., by
setting the test-wise level equal to the ex-
periment-wise level divided by the number
of tests (commonly known as the Bonferoni
adjustment (12)). One would then report
only those associations that were "signifi-
cant" using this stricter test-wise level. The
difficulty is that in a large-scale hypothesis-
generating study, this criterion becomes so
conservative that the probability of detect-
ing any true associations is virtually nil.
(The problem is essentially the same as the
trade-off between sensitivity and specificity
in screening for disease.) In our preliminary
data, for example, a 5 per cent experiment-
wise level would translate to a test-wise
level of a = 0.0000073, at which only three
associations were significant (all being var-
iants of the already established association
between nickel and lung cancer). Taken to
its logical extreme, one might argue that an
investigator should control his "career-
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wise" alpha-level, or even that all investi-
gators should agree to control the "disci-
pline-wise" level. In practice, not even the
strictest frequentist behaves this way.
Some, however, would argue that the basic
distinction is whether or not multiple hy-
potheses are being tested in the same data
set. In our opinion, the reuse of the same
data indicates the need for multivariate
methods to obtain unconfounded estimates
of causal parameters but has no implication
for the choice of alpha level.

Splitting the sample. Another approach,
still grounded in a frequentist philosophy,
is to split the sample of subjects into two
groups, one of which is used to explore a
large number of hypotheses, the other being
used to test those that were significant in
the first analysis. Only those hypotheses
that were significant in both subsamples
are then reported. There is some debate
over whether such splitting should be done
randomly or along natural lines, such as by
geography or date of onset of disease. Ran-
dom splitting of the data has nothing to be
said for it, for the following reason—its
effect is simply to replace a nominal signif-
icance level of a by an overall significance
level of a2, since the two tests are strictly
independent; thus, the same objective could
be achieved by analyzing the combined data
with the stricter significance level a2. The
statistical power of the split-sample ap-
proach, for the same overall significance
level, is, however, consistently much
poorer, as shown in table 1, derived by the
method given in Appendix 1.

Splitting the sample along natural lines
suffers from exactly the same loss of statis-
tical power, but at least mimics the effect
of studying two separate populations. For
example, an association may have greater
credibility if it is apparent in both males
and females, whites and nonwhites, two
cities or time periods, or using two different
methodologies (assuming no true effect
modification or differential bias). The sizes
of the two subsamples should be based on
the relative importance the investigator as-
signs to searching versus testing activities.
In particular, it would probably be unwise
to use a data set covering a unique popula-
tion solely for searching, as that would ef-
fectively preclude any independent confir-
mation except by prospective observations.

Bayesian inference. Bayesian inference
uses some estimate of the prior credibilities
of each of the T associations to calculate
the posterior probabilities that RR > 1 for
each association, given the study data. One
might then choose to report those associa-
tions for which this posterior probability
(or some other summary of the posterior
distribution of RRs) was "sufficiently
large," how large being arbitrary like the
choice of significance level in frequentist
inference. In actual practice, most scien-
tists behave like intuitive Bayesians, com-
bining the evidence from their data with
evidence from other studies as well as other
disciplines in the discussion sections of
their papers, to arrive at a qualitative judg-
ment of the posterior probability that any
particular association is true. Application

Statistical power of a

Significance level for
the split study

a

0.10
0.05
0.01

TABLE 1
randomly split study* compared with the power of a single.

Significance level for
the single study

0.0100
0.0026
0.0001

study\

Power of the single study ( 1 - 0 )

0.800

0.691§
0.681
0.665

0.950

0.878
0.872
0.862

0.990

0.956
0.953
0.949

* Decision rule for the split study: report association if significant at the a level of significance in both
halves.

t Decision rule for the single study: report association if significant at the c? level of significance.
§ Power of the split study, 1 — /?', assuming both subsamples are of equal size.
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of formal Bayesian methods would, how-
ever, require quantitative specification of
these prior probabilities. The difficulty of
doing this has until recently precluded their
practical use in epidemiology, particularly
for systematic investigations of many as-
sociations and especially in exploratory
studies where there is no prior information
on most of them.

Bayesian decision theory. Rather than us-
ing arbitrary critical values for the poste-
rior probability in deciding which associa-
tions to report, a Bayesian decision rule
would combine these posterior probabilities
with estimates of the costs and benefits of
alternative decisions. Thus, the benefit of
a true positive report (or the cost of failing
to report a true positive) might be taken to
be proportional to the true "attributable
number" (AN, the number of cases of the
disease in the population attributable to
the exposure factor); this might be further
refined by taking into account the feasibil-
ity of reducing the population exposure, the
loss of life expectancy caused by the dis-
ease, and so on. The costs of a false positive
would comprise such things as the expense
of further studies to test the association,
the concern to exposed individuals, and so
on; as a first approximation, these might
be taken to be proportional to the apparent
attributable number. The decision concern-
ing whether or not to report each associa-
tion would then be based on whether the
expected utility were positive (net benefit)
or negative (net cost). Like Bayesian infer-
ence, the approach suffers from the practi-
cal difficulty of specifying prior probabili-
ties for each association, as well as corre-
sponding costs and benefits.

To overcome this difficulty, one might
apply the same logic, not to evaluate the
merits of reporting each association indi-
vidually, but to evaluate the overall per-
formance of alternative decision rules on
repeated sampling. Thus, while it might be
difficult to specify the costs and benefits of
reporting any particular association, it
should be much easier to obtain a general

consensus on a reasonable cost/benefit
structure on average. The expected overall
utility of various reporting strategies can
then be simulated from an assumed prior
distribution, the power function of the re-
porting strategy, and the relative weights
given to the costs and benefits, in the hope
of finding a strategy which consistently
maximized the utility over a broad range of
choices.

Presenting all associations

There is a bias in the epidemiologic and
toxicologic literature due to the fact that
"statistically significant" associations are
more likely to be published than "nonsig-
nificant" ones. Whether this results from
editorial policy or self-censorship by inves-
tigators is not at issue here. The ability of
the community of epidemiologists to eval-
uate the evidence concerning a suspect risk
factor and to pool the results from the
world's experience is compromised by this
unmeasurable bias. It is therefore as im-
portant to publish findings of no effect as
findings of statistically significant associa-
tions. Furthermore, any method of decision
rules or ranking requires a set of values and
assumptions to be imposed by the investi-
gator which in some sense distort the sim-
ple messages in a data set. In one form or
another, estimates of all exposure-disease
associations in a data set (and correspond-
ing confidence intervals) should be pub-
lished. With hundreds or thousands of as-
sociations, this could become a very large
table indeed, but various compromises are
possible. For example, those exposures that
were not associated (according to some rea-
sonable criterion) with any disease need not
be presented in detail but only listed; or the
full table need not be published in a scien-
tific journal but only made available as a
technical report.

Ranking associations
An attractive and practical compromise

between simply reporting the entire matrix
on the one hand or selecting significant
associations to report on the other, is to
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report all associations together with a rank-
ing according to the priority with which
they should be replicated. This could be
done in several ways. On the one hand, it
could be argued that the most important
associations to investigate are those most
likely to be causal, and it is sometimes
stated (13) that the best single index of
causality is the strength of the RR. On the
other hand, from a public health point of
view it could be argued that the appropriate
index for ranking is the AN (or variants of
it as described above).

Whatever measure of the magnitude of
the association is used, an essential element
of the ranking is the strength of the evi-
dence in the data as summarized by the p
value. For example, an RR = 10 may be
much less important than an RR = 1.5 if
the first is based on 0.1 expected case (p >
0.2) and the latter on 100 (p < 0.001).
Conversely, a p value of 0.00001 may be
less important then one of 0.001 if the
former derives from an RR of 1.5 and the
latter an RR of 10. A further difficulty with
point estimates is that even if they are
individually unbiased (e.g., maximum like-
lihood (ML) estimates asymptotically),
they have the following undesirable ensem-
ble property: given that a particular esti-
mate is among the largest of a set of esti-
mates of related parameters, it is more
likely to be an overestimate than an under-
estimate of its true value, and conversely.
(This is analogous to the familiar "regres-
sion to the mean" phenomenon.) Fur-
thermore, estimates with large sampling
variability are likely to be more over- (or
under-) estimated than those with smaller
variability. A possible combination of mag-
nitude and variability would be to rank the
lower confidence limits on the chosen pa-
rameter, but the choice of confidence level
would be arbitrary, and of course the rank-
ing would only be relevant to those esti-
mates in the top half of the distribution.
For example, of the 17 associations selected
in our preliminary stepwise analysis, two
that shared the same ranking of 80 per cent

lower limits differed by five ranks in their
95 per cent limits. Empirical-Bayes (EB)
methods (14) were developed to provide less
arbitrary "best estimates" for ensembles of
related parameters.

Let pk, k = 1, . . . K, denote a set of true
but unknown population parameters (e.g.,
log odds ratios or attributable numbers) to
be estimated, and let rk be ML estimates of
Pk- The standard Bayesian approach is to
provide a prior distribution f(ph \ 0*) for the
population parameters, where the param-
eters dk of each prior distribution are as-
sumed to be known. The resulting esti-
mates of pk are systematically "pulled back"
from their ML values towards their prior
expectations by proportions that depend on
the relative variances of the observed val-
ues and prior distributions. Thus, the more
variable estimates are pulled back more
than the precise ones and their relative
ranking may be altered. In the EB ap-
proach, the population parameters p* are
assumed to have been sampled from a sin-
gle distribution parametered by a common
value 0 (known as a "hyperparameter")
which could therefore be estimated from
the data rather than having to be specified
by prior knowledge.

One might reasonably wonder how one
could justify assuming that two associa-
tions, concerning different exposures and/
or different diseases, share a common dis-
tribution. The answer lies in the concept of
"exchangeability", which essentially states
that in the absence of prior knowledge
about either association, one is as likely to
be true as another. Thus, for example, if we
discover strong evidence that one previ-
ously unsuspected chemical is carcinogenic,
it becomes likely that there exist other un-
suspected carcinogens and the prior distri-
bution for all other associations is shifted
upwards. (Extensions of the technique de-
scribed elsewhere (15) allow prior beliefs
about the relative credibilities of the var-
ious hypotheses to be incorporated into the
parameters of the prior distribution.)

Appendix 2 provides a description of our
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implementation of these procedures. We
assumed that the log odds ratio estimates
rk were independently normally distributed
around their true values pk with variances
si (which for simplicity we treat as known)
and that the true values p* were distributed
as a mixture of two normal distributions
with masses a and 1 — a, means /i,-, and
variances of {i = 1 for the "true null" as-
sociations and i = 2 for the true positive
associations). Certainly, other prior distri-
butions could be considered. For example,
Oakes (unpublished manuscript) assumed
that the observed numbers of exposed cases
had a Poisson distribution, with expecta-
tions having a gamma prior distribution
whose parameters can depend on confound-
ing variables (see reference 15 for details).
Further work is needed in order to take
account of the covariances of the rk.

The EB procedure provides estimates of
the hyperparameters a, p,, erf for the prior
distribution, together with estimates of the
posterior distribution of p* for each associ-
ation. For the prior considered here, the
posterior distribution is most easily sum-
marized by two quantities described in Ap-
pendix 2, iik, the posterior probability that
Pk # 0, and pu, the posterior expected value
of pk given that p* ̂  0. In our application,
we found that the rankings of i n and pu
were virtually identical, so we report only
the latter.

For simplicity, the ML estimates rk and
EB estimates p\* are given in table 2 only
for the subset of 17 associations selected by
the stepwise logistic analysis. The two sets
of estimates are shown on both RR and AN
scales, in descending order of their ANEB-

Not surprisingly, the two scales provided
quite different rankings, reflecting differ-
ences in the frequency of exposure and
disease. For example, the largest RRML =
4.76 produced one of the smallest AN M L =
5.2 because both disease and exposure were
rare, whereas the second smallest RRML =
1.55 produced the second largest AN M L =
24.1. On both scales, the proportion by
which the EB estimate is pulled back to-

ward its prior mean is inversely related to
the expected number of exposed cases. As
we assumed a common prior distribution
for RRs, their EB estimates are all pulled
back toward the single value and span a
fairly narrow range. The corresponding
prior means for ANs (assuming a common
distribution of RRs) depend on their sam-
ple sizes, so their EB estimates show much
greater variation.

In estimating the hyperparameters, we
used all 684 Mantel-Haenszel estimates, as
the stepwise subset would not represent a
random sample of all associations or even
of the subpopulation of true positive asso-
ciations. Despite the fact that the two sets
of estimates were obtained in different
ways and are therefore not strictly compa-
rable, we prefer to report EB estimates
derived from the logistic regression as they
are adjusted for each other and redundant
associations have been eliminated. Because
of computing costs and problems of iden-
tifiability, it is not feasible to obtain logistic
estimates for all 684 associations, nor
would that be desirable because it would
lead to overadjustment and consequently
inflated variances.

The various hyperparameter estimates
are summarized in table 3. The simplest
model, assuming all pk = 0, produced poor
fit (likelihood ratio (LR) xi = 82.78, for the
improvement compared to the single nor-
mal model). The addition of a spike at p =
0 to the single normal further improved the
fit (improvement LR x? = 4.06) and pro-
duced larger estimates of the mean and
variance of the non-null distribution; 95
per cent of the non-null RRs are estimated
to lie in the range of 0.9-2.0. The estimate
of the proportion of true-null associations
1 — a = 0.52 is lower than obtained by
methods described in the next section,
though its variance is large. The low esti-
mate may also reflect departures from the
null value caused by uncontrolled con-
founding or inappropriate choice of refer-
ence. Replacing the spike for the null as-
sociations by a second normal distribution
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TABLE 3

Hyperparameter estimates from the empirical Bayes analysis of all 684 Mantel-Haenszel odds ratios

Distribution of RRs # 1

a

1.00

0.00

0.52

Median
M

1.16

1.36

Variance (lnRR)

_

0.031

0.045

Log likelihood

-467.29

-425.90

-423.87

xMdfT

82.78 (2)

4.06 (1)

* df, degrees of freedom.

to allow for this, however, produced only a
trivial improvement in fit.

ESTIMATING THE NUMBER OF
ASSOCIATIONS TO BE EXPECTED BY

CHANCE

Irrespective of the reporting strategy
used, one of the issues in evaluating a set
of results is to determine whether the num-
ber of observed associations exceeds the
number to be expected by chance, and if so
by how many. There are at least four meth-
ods that can be used to estimate the num-
bers of true and false positive associations

TABLE 4

Frequencies of significant positive associations at
various a levels

Significance
level

(one aided)
ot

Based on all
0.25
0.10
0.05
0.01
0.001

No. of significant positive

Observed

associations

Expected*

A B

T = 684 associations
106
60
36
22
9

85.5 78
34.2 19
17.1 9
3.4 0
0.3 0

C

85.5
42.5
24.8

8.3
1.8

Based on subset of T = 218 associations with at least
5 expected exposed cases

0.25
0.10
0.05
0.01
0.001

47
30
16
10

6

27.3
10.9
5.5
1.1
0.1

31
14
7
0
0

25.6
8.8
3.2
0.5
0.2

* A) Based on the global null hypothesis, assuming
a uniform distribution of p values; B) based on ob-
served number of negative associations, assuming
symmetry around the null; C) Based on four random
permutations of the disease classification of the study
subjects.

among those observed. Table 4 presents the
observed numbers of associations at several
levels of significance, together with esti-
mates of the numbers expected by the var-
ious methods.

Assuming a fixed alpha level

The most straightforward approach to
estimating the expected numbers uses the
fact that, under the global null hypothesis
that RR = 1 for all associations, the distri-
bution of p values is uniform. (The uni-
formity of p values under the null hypoth-
esis remains true even if the associations
are not independent; however, their
tendency to cluster will then inflate the
variance of estimated expected numbers.)
The expected number of "significant" as-
sociations can therefore be obtained by
multiplying the alpha level by the total
number of tests. Column A in table 4 shows
expectations based on this method. For ex-
ample, at the 5 per cent level of signifi-
cance, 0.05 X 684 = 34.2 would be expected
to be significant by chance, of which half
(17.1) would be positive; in contrast, the
observed number of significant positive as-
sociations was 36. Of course, the choice of
a level is arbitrary. One way to mitigate
this arbitrariness is to summarize across a
levels by integration, as described below.

Whatever summary is used, however,
this approach still relies on the assumption
of the uniformity of the p value distribu-
tion, an assumption which can fail either
because of the presence of a substantial
number of true-positive associations or be-
cause of departures from the assumptions
of the test on which the p values are based.
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For example, if the test is based on asymp-
totic theory, p value distributions obtained
from small samples may not be uniform
even if the global null hypothesis is true.
This situation can be improved by restrict-
ing the p value comparisons to those based
on sufficiently many expected cases. In the
bottom part of table 4, the associations are
restricted to those based on five or more
expected exposed cases. This restriction
has the undesirable effect of precluding de-
tection of associations where less than five
were expected. The association between vi-
nyl chloride and angiosarcoma, for exam-
ple, which was discovered by a cluster of
three cases with about 0.0004 expected,
would not have been counted under this
restriction. Furthermore, the restriction
does not eliminate any non-uniformity un-
der the null hypothesis caused by uncon-
trolled confounding or selection bias.

Assuming all negative associations are
noncausal

A variant of the above approach is to
derive the expected number of positive as-
sociations from the observed number of
negative associations, i.e., to assume on
prior grounds that all observed significant
associations with relative risks below 1.0
(protective effects) are false. For example,
it seems reasonable to assume that no oc-
cupational exposure decreases the risk of
cancer. On the global null hypothesis, the
distributions of p values should be symmet-
ric around 0.5 (i.e., RR = 1). Thus, the
number of such false significantly low risks
is an estimate (whose validity is discussed
below) of the expected number of false sig-
nificantly high risks. Subtracting this ex-
pected number from the observed number
of significantly high risks gives an estimate
of the number of true associations. This is
the basis for the expectations given in col-
umn B of table 4. For example, at a = 0.05,
36 positive associations were observed com-
pared to nine negative associations, so this
estimate of the number of true associations
is 27. Again, this is dependent on the alpha

level chosen, but the estimates can be pre-
sented for a range of a levels.

This approach is dependent on the as-
sumption of symmetry of p values around
the null hypothesis, which can fail because
of small numbers or confounding. The for-
mer is the most likely reason for the short-
fall of significant negative associations in
the top part of table 4, since many of the
associations are based on very small ex-
pected numbers of exposed cases where it
becomes virtually impossible to obtain a
significant negative association. Therefore,
the method should only be applied (if at
all) to those associations based on large
numbers, as in the bottom part of table 4.
Aside from the problem of small numbers,
uncontrolled confounding is likely to in-
duce asymmetry in the distribution of p
values, probably inducing more spurious
positive than spurious negative associa-
tions. Furthermore, if the study associa-
tions are not adjusted for each other, some
negative associations are bound to arise not
because the exposure is truly positive, but
because it is negatively associated with
other hazardous exposures.

p value plotting

A third method, proposed by Schweder
and Spjotvoll (16), is essentially a general-
ization of the first. Under the global null
hypothesis, p values are uniformly distrib-
uted and hence their cumulative distribu-
tion is linear. Any departure from a straight
line at the small-p end would indicate the
presence of some true positive associations.
By fitting a line to the majority of the p
values, the point on the vertical axis where
it intersects the origin gives an estimate of
the number To of true null hypotheses in
the data. This technique essentially pro-
vides an integral over the entire range of p
values of the difference between the ob-
served p value density function and a uni-
form density. However, unlike the above
methods where the expected numbers are
derived by assuming the global null hypoth-
esis, this method uses the best estimate of
the number of true null hypotheses derived
by visual or least-squares fitting to a subset
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0 4 0.6
P-VALUE

FIGURE 1. Cumulative distribution ofp values (null
value 0.5) for all 684 associations.

of the data. Figure 1 shows the p value plot
of all T = 684 tests. The distribution is
clearly non-uniform and no straight line
can be confidently drawn through all of the
data. If fitting is restricted to the range of
p values from about 0.55 to 0.95, an esti-
mate of T+ of about 30 is obtained. For the
subset of 218 associations based on at least
five expected exposed cases (figure 2), the
distribution is much more uniform, leading
to estimates of T+ of 19 or 24, depending
on whether the negative associations are
included in the fitting.

Randomization

The most cumbersome but most reliable
approach is based on computer simulation.
The real subjects are randomly permuted
among the disease groups and the matrix
of relative risks and corresponding p values
computed. By repeated permutation, one
can obtain an expected distribution of p
values for comparison against the observed
number. Table 4 (column C) and figure 3
give the results of four random permuta-
tions of the disease variable (keeping the
total numbers of subjects in the 12 groups
and the subjects' exposure and confounder
values fixed). Thus at a = 0.05, 25 positive
and six negative associations would have

FIGURE 2. Cumulative distribution ofp values (null
value 0.5) for subset of 218 associations based on at
least five expected exposed cases.

been expected by chance compared to the
36 and nine observed. An estimate of the
number of true associations, integrated
over a levels, can be obtained as described
in Appendix 3. There is, however, a degree
of arbitrariness in this procedure resulting
from the choice of weight function or the
range of p values used in the integration:
our estimates ranged from 23 to 37 true

0 4 0.6
P-VALUE

FIGURE 3. Comparison of cumulative distributions
of observed and randomized p values (null value 0.5)
for all 684 associations.
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TABLE 5

Integrated estimates of the number of true positive and true negative associations based on the randomized data

Assumed limit of p values for true
associations

Positive

0.25*

0.20
0.20
0.20

0.30
0.30
0.30

Negative

0.90*

0.80
0.85
0.95

0.80
0.85
0.95

Average of above six estimates:

No. of associations outside range

Observed

Positive

194

146
146
146

238
238
238

-

Negative

96

60
120
146

60
120
146

-

Randomized

Positive

700

515
515
515

917
917
917

-

Negative

283

170
413
528

170
413
528

-

Estimated
nos. of true
associations

t.

37

26
27
27

23
25
25

26

32

20
25
24

20
24
23

23

' Choices producing the largest estimates of T_ and TV

negative and 20 to 32 true positive associ-
ations (table 5). The most important ad-
vantage of this approach is that it requires
no assumptions about the theoretic distri-
bution of the test statistics, so there is no
need to eliminate the associations based on
small numbers.

DISCUSSION

When many statistical tests are carried
out, there will inevitably be some false pos-
itives, however the associations are se-
lected. Though it is sometimes assumed
that these false positive associations are
merely statistical artifacts, they do in fact
represent coincidences that exist in the real
world, irrespective of whether epidemiolo-
gists and statisticians are there to observe
them, and irrespective of whether the as-
sociation is observed as part of a multi-
variable monitoring system, a single factor
case-referent study, or a case report by an
astute clinician of a cluster of patients hav-
ing some common characteristic. Apparent
associations that come from a monitoring
study, if they have never been observed and
reported previously, deserve the same dis-
semination and attention as the well-doc-
umented report of a cluster by a clinician.
One of the benefits of a systematic data
collection system over the case-report "sys-

tem" is precisely the ability to place ob-
served associations into an overall proba-
bilistic context. As shown above, there are
many ways to present results of such anal-
yses.

We recommend the reporting of esti-
mates of RRs and their standard errors for
all associations under study. Further, the
number of observed positive associations
should be described and compared with es-
timates of the number expected by chance
using one or more of the methods pre-
sented. Because many of the associations
will be interrelated, the use of multivariate
methods will be necesssary to sort out
which associations make independent con-
tributions and which are merely reflections
of other associations. These methods im-
pose practical restrictions on the number
of associations that can be considered,
which can be dealt with by means of a
stepwise selection procedure, forcing in a
priori confounders first. Other than the
need for such selection in using multivar-
iate methods, we do not advocate reporting
of only a subset of associations. The results
of these univariate and multivariate anal-
yses can then be ranked using the empirical
Bayes approach. Finally, each of the high
ranking associations should be rigorously
analyzed using classic case-control meth-
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ods to control confounding factors and to
study the variation in risks with duration
and intensity of exposure and other factors.
Such detailed analyses would allow the in-
vestigator greater confidence in pinpoint-
ing those hypotheses most worthy of fur-
ther research.

Multiple inference in epidemiologic re-
search is a long-standing and controversial
problem. Our purpose here is to stimulate
discussion of the various options.
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APPENDIX 1

Calculation of the statistical power of the split sample approach

Let z / and zi' be normal random deviates for any particular association tested in subsamples 1 and 2,
respectively. We wish to calculate the power 1 — /3' of the decision rule "report if both tests are significant at
a nominal level a". This is

1 - 0 ' = Pr[z,' > Z. and zt' > Z. | H,]

(1.1)

|Pr[z' >Za-E(z'\Hl)\Ho]

We wish to compare this with the power of a pooled analysis of the single sample. This comparison is only
meaningful if made at the same overall significance level, which is a* because the two tests are independent.
For the single sample, we therefore have a power

PT[Z

- E(z\H1)\Ho].

By definition, we have

and

A l - 0 ' ) = Pr[z > Zji=?\ Ho].

(1.2)

(1.3)

(1.4)

Combining powers 1.1 and 1.4, we obtain
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Pr[z' > Z t t | Ho] = Pr[z' > Z. - E(z' | H.) | //„],

and combining powers 1.2 and 1.3, we get

Pr[z > Zx-e | Ho] = Pr[2 > Zat - E(z | #,) | Ho],

Za-E[z'\H1] (1.5)

and

Z,-,, = 2 ^ - £[21W,] (1.6)

Since the pooled sample test z is based on twice the sample size of each of the split sample tests z', we have

E(z'\H1) = E(z\H1)/J2. (1.7)

This allows us to combine equations 1.5 and 1.6 to produce

Z,-,. = Z. -E(z\Ht)/y/2

= Z. - (Zj - Zi

Equation 1.8 is solved for 1 - j3' and tabulated for a variety of values of a and 1 - j3 in table 1.

APPENDIX 2

Implementation of empirical Bayes estimation techniques

We take the parameter of interest to be the log of the relative risk, partly because its sampling distribution
is approximately normal and partly because we find it easier to specify its prior distribution than for other
parameters. Once its empirical Bayes estimates have been obtained, estimates of the attributable number (or
other parameters) can be obtained by applying the usual conversion formula to the empirical Bayes estimate
of the relative risk. Let r» denote the observed logRR for the fcth association and let p» denote its (unknown)
true value. We postulate that the distribution of p* is a mixture of two normals,

f(pk) = aN(nu o\) + (1 - a)N(n, al), (2.1)

where a represents the probability of relative risk originating from population indexed 1. This model is
motivated by the recognition that pk may (with probability a) reflect only nonsampling error due to uncontrolled
confounding, nonideal choice of reference group, etc., rather than (with probability (1 — a)) a true biologic
causal relationship. In practice, available data may not always provide enough power to adequately identify all
five parameters in equation 2.1. In these situations, simpler special cases of equation 2.1 may be useful. For
example, we may assume that a = 0 so that /(p») becomes a simple normal distribution, or pi = a\ = 0 so that
f(pk) becomes a mixture of a normal distribution and a spike at RR = 1.

The r» are assumed to be independently normally distributed with mean p» and known variance 4 (not
necessarily all equal),

g(rk\pk) = N(ph,s\). (2.2)

(Further work is needed to take into account the covariances of the estimates r*.)
We use a combination of Newton-Raphson iteration and the E-M algorithm (17) to find the maximum

likelihood estimates of the underlying parameters a, m, and a] (i = 1, 2). The parameter a is most easily
estimated from the marginal distribution of r».

M(rk) = J f(pk)g(rk\Ph) dph

<rf + 4) + (1 - a)N(nt, a] + 4),

by maximizing the log likelihood L = X* In M(rk) using trial values of the remaining parameters m and a}.
These parameters are estimated simultaneously using the E-M algorithm. In the E-step, the posterior probability
in, that r» arises from underlying distribution i, and the posterior expectations pu of the true risks pk given that
it comes from underlying distribution i are calculated using the current estimates of all the underlying
parameters as follows:
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in •= aiN(rk | m, aj + si)/M(rh) (a, = a, a, = 1 - a) (2.4a)

P* = E(Plk) = (situ + <r?r*)/(si + erf). (2.4b)

In the M-step, these estimates are then used to estimate the underlying parameters m and of, as follows:

in = ZkE(pu)iu./lk iu, (2.5a)

ft = Ik E(pl) xa/(E* itk - 1) - M? (2.5b)

where

= Pa + var(pu)

= Pa + a?si/(<T? + 4).

One iteration of the Newton step to estimate a and of the E-M algorithm to estimate the remaining
parameters can be carried out simultaneously. Upon convergence, the estimates of the underlying parameters
may give insight into the number of true positive associations and the distribution of errors and true relative
risks, whereas the estimates of the posterior probabilities iu, and posterior expectations pu, can be used for
ranking associations.

APPENDIX 3
Estimation of the number of true null associations using the randomized p values

Let /(p) denote the probability density function (pdf) for the observed p values and g(p) the pdf for the
randomized p values, obtained as described in "Randomization". (The p values are scaled so that 0.5 denotes
no association, ~0 a significant negative and —1 a significant positive association.)

In line with the general prior discussed in the text, we postulate that

f(p) = [Tog(p) + T-h-(p) + T+h+{p))/T (3.1)

where h-(p) and h+{p) are the unknown pdf s for the true negative and true positive associations, respectively,
and To + T- + T+ •= T are the true numbers of each type of association. Note that no assumption is required
that^(p) be uniform.

We can therefore estimate To by minimizing the difference between Tf(p) and Tag(p) over some range of p
values which, hopefully, excludes most of h-(p) and /i+(p). More generally, we might adopt a weighted least-
squares criterion of the form

WSS(fo) = I w(p)[Tf(p) ~ fog(p)? dp (3.2)

where w(p) is an arbitrary weight function to be specified. Equation 3.2 is minimized by

t0 = T J w(p)f(p)g(p) dp I J w(p)?(p) dp. (3.3)

However, one should avoid using too fine an interval in evaluating these integrals, as the numerator becomes
infinitesimal while the denominator remains finite as the interval gets very small. In our data, this phenomenon
became apparent as the average number of observations in any interval got less than about 10. Using 20
intervals, the estimates of To for a variety of weight functions ranged from 667 to 678, depending mainly on
the weight assigned to the tail areas.

An even simpler criterion is based on the cumulative distributions,

F(p) = [ToG(p) + T.H-(p) + T+H+(p)l/T. (3.4)

Thus, if we could choose p_ and p+ such that H-(p-) " 1 and H+(p)+) a 0, then

TF(p-) = fod(p-) + f-

TF(p+) = fo<5(p+) + f.

and solving to ^o, we would obtain

to = T[F(P*) ~ P(P-)V\G(P+) ~ <5(P-)] (3.5a)

t . => TF(p-) - toG(p-) (3.5b)

f+ = T-t0- f-. (3.5c)
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In practice, we cannot know where to choose p- and p+, so any choice is arbitrary and subject to random
variation. We recommend first searching for the values which minimize To to find a lower bound (recognizing
that as the minimum of a random variable, it is bound to be a biased estimate) and then using an average of
To values over a variety of conventional p_ and p+ values in the general neighborhood of the ones which
produced this minimum. In our data, a minimum of To = 615 was obtained at p - = 0.25 and p+ = 0.90; we
therefore adopted the values p . = 0.20, and 0.30 and p+ = 0.80, 0.85, 0.95 to describe the range and mean of To,
T-, and T+ estimates given in table 5.


