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ABSTRACT 

 

Procedures for adjusting significance levels when performing many hypothesis 

tests are commonplace in health/medical studies.  Such procedures, most notably the 

Bonferroni adjustment, control for study-wide false positive rates, and recognize that the 

probability of a single false positive result increases with the number of tests.  In this 

paper we remind readers of the main arguments against significance level adjustments 

based on the number of tests.  We argue that confusion may exist between an 

increased numbers of tests being performed and a high (prior) probability of each null 

hypothesis being true. This confusion may lead to the unwarranted multiplicity 

adjustment.  We demonstrate how false discovery rate adjustments are a more 

principled approach to calibrating error rates of testing decisions in health and medical 

studies. 
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We are now in an age of scientific inquiry where health and medical studies are 

routinely collecting large amounts of data which typically result in the researcher 

attempting to draw many inferential conclusions through numerous hypothesis tests.  To 

account for the increasing probability of reporting false positive results through multiple 

tests, researchers are typically advised to perform some type of multiple-test 

adjustment, often a significance level adjustment, which lowers the probability of falsely 

rejecting true null hypotheses.  Arguments have been put forth over the years whether 

adjustments for multiple testing should be made, with plenty of advocates on each side 

of the argument.  It appears doubtful that researchers will coalesce behind a unified 

point of view any time soon. 

Significance level adjustments for multiple testing are still common in health 

studies.  An examination of recent issues of several highly cited medical and health 

journals (JAMA, NEJM, Annals of Internal Medicine, and Medical Care) reveals an 

abundant use of multiple-test adjustments.  From January 2010 through May 2011, we 

found 118 articles that mentioned “multiple comparisons.”  Of these, 59 made some 

adjustment for multiple testing. Most of the studies performed the Bonferroni 

adjustment.  A relatively minor number of studies used other methods for the 

adjustment (Scheffe, Duncan, Lan-DeMets, O’Brien-Fleming).  Even some of the 

studies that did not make any adjustment reported, almost apologetically, that they had 

not performed an adjustment, and some even reported consequences of not adjusting 

for multiple tests.    

Despite the continued popularity of multiple test adjustments in health studies, we 

argue that instead of performing multiple test adjustments, controlling the false 
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discovery rate1 (FDR) is a much more compelling approach to drawing statistical 

inferences when multiple tests are performed.  FDR control has become increasingly 

standard practice in genomics studies where an abundance of testing occurs, but FDR 

control has yet to make serious in-roads into more general health studies.   

This paper is intended to remind readers on the reasons to avoid multiple-test 

adjustment procedures, and explain the concept of FDR control and why it is highly 

relevant for improving inferential conclusions in health studies.  The explanations we 

present to discourage use of adjustments based on multiplicity of tests are not new – 

the case has been made strongly in several articles over the past 10-20 years2-6.  

Arguments in favor of using FDR control have been made based on power 

considerations7,8, but we have not found explanations for the reasons FDR adjustments 

are more relevant and appropriate from a foundational standpoint for the problems with 

multiple testing.  In this respect, the material that follows paints a more complete picture 

of the nature of the problem and a prescribed solution. 

 

Significance level adjustment for multiple testing 

The usual argument to convince researchers that multiple-test adjustments are 

necessary when multiple tests are performed is to point out that, without adjustments, 

the probability of at least one null hypothesis being rejected is increased beyond 

acceptable levels.  Suppose, for example, that a researcher performs 100 tests at the 

α=0.05 significance level in which the null hypothesis is true in every case.  If all the 

tests are independent, then the probability that at least one test would be incorrectly 

rejected is 1– (1–0.05)100 = 0.9941, or 99.41%.  In most studies, tests are not 
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independent (e.g., if some tests share the same data), in which case the probability of at 

least one incorrect rejection would not be quite so large, though likely large enough to 

be of some concern.  Recognizing that the probability of at least one false positive may 

be unacceptably large, a common strategy is to adjust the significance level as a 

function of the number of tests performed.   

One of the simplest approaches to adjusting significance levels, albeit an 

extremely conservative one, is the Bonferroni procedure9,10.  Letting n be the number of 

tests performed, and α the significance level one would use if performing only one test, 

the Bonferroni procedure involves rejecting null hypotheses whose p-values are less 

than α/n rather than α.  For example, if a study involves 100 hypothesis tests and the 

researcher would ordinarily use α=0.05 as the significance level for a single test, then 

the Bonferroni procedure requires the researcher to compare each of the 100 p-values 

to α/n = 0.05/100 = 0.0005.  By invoking this procedure, the researcher is guaranteed 

that the probability of at least one false positive, regardless of the dependence among 

the tests, is no more than 0.05.  Lowering the significance level has the benefit of 

capping the probability of at least one false positive, though the oft-acknowledged trade-

off is that the power to detect actual effects is being compromised. 

While the justification for using procedures like the Bonferroni adjustment may 

seem reasonable, two philosophical problems exist.  The first is that procedures like the 

Bonferroni adjustment are tests of a composite or a “universal” null hypothesis against 

an omnibus alternative hypothesis2,5,11, so that rejecting the null hypothesis in favor of 

the alternative is merely a statement that at least one of the components that make up 

the composite null hypothesis is rejected, but without being able to specify which one.  
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Arguably one is more interested in testing individual hypotheses, and that the composite 

hypothesis is rarely of scientific concern.  A second more subtle problem is that the 

probability of a false positive result cannot be localized to a specific set of tests.  Put 

another way, one can arbitrarily choose the tests over which a significance level 

adjustment is applied, and this arbitrary choice can lead to inconsistent conclusions2.  

 Suppose, for example, that two researchers independently analyze the same 

data set.  The first researcher performs 20 hypothesis tests, all of which result in p-

values of 0.001.  Using a Bonferroni procedure, and assuming a single-test significance 

level of α=0.05, the adjusted significance level for each of the 20 tests is 0.05/20 = 

0.0025.  The researcher would therefore conclude that all the tests are significant.  

Meanwhile, the second researcher performs the same 20 hypothesis tests, but an 

additional 80 as well.  Suppose that these latter 80 tests also result in p-values of 0.001.  

For the combined 100 tests, the second researcher applies the Bonferroni adjustment 

and uses a significance level of 0.05/100 = 0.0005 for each of the 100 tests.  For this 

researcher, none of the tests are significant.  The curious conclusion, therefore, is that 

even though both researchers performed 20 of the same tests, the second researcher 

could not conclude significance on any of them simply by virtue of performing additional 

tests. 

A more common type of example occurs when a researcher chooses to divide a 

collection of tests into smaller groupings.  Suppose a researcher performs 100 tests, 

and obtains p-values of 0.001 for every test.  As above, the Bonferroni-adjusted 

significance level is 0.0005 and none of the tests would be declared significant.  But if 

the researcher decided to partition the 100 tests into five sets of 20 each, with the 
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intention, for instance, of publishing each set of 20 in its own manuscript, then the 

researcher might perform the Bonferroni adjustment based on 20 tests on five separate 

occasions.  In this latter situation, the Bonferroni-adjusted significance level in each of 

the five sets of 20 tests would be 0.0025, and every test would therefore be declared 

significant.  Again, the inferential conclusions depend solely on whether and how the 

tests are divided into groups. 

We are aware of two serious attempts at justifying the use of multiple-test 

adjustments recognizing the above-mentioned difficulties.  First, some researchers 

suggest asserting a maximum study-wise or family-wise error rate (FWER) that 

accounts for the largest number of tests one could conceivably perform in a study12-14.  

An FWER is typically asserted at the start of a study, and the collection of tests is 

subject to what usually amounts to a somewhat conservative adjustment.  This 

approach acknowledges that fewer tests may have been performed than the FWER 

accounts for, but in truth the problem with localizing false positive rates still remains.  

Despite specifying an FWER up front, a researcher with a penchant for data analysis 

may still perform more tests than the pre-specified FWER accounted for, rendering the 

purpose of the FWER adjustment moot.   

A second approach divides tests into those that are planned, and those that are 

unplanned (i.e., post-hoc tests).  When considering a multiple-test adjustment, a 

common recommendation is to apply the adjustment to unplanned tests, but use 

ordinary significance levels for planned tests.  The problem with this strategy also 

relates to the inability to localize the false positive rate:  One researcher may perform 20 

tests in which 10 are unplanned, while another researcher may perform the same 20 
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tests with all of them being planned (and therefore performs no significance level 

adjustment).  Once again, despite performing the same tests, the inferential conclusions 

may differ. 

 

Disentangling the confusion with significance level adjustments 

One way to understand the reasons many researchers have a proclivity to 

perform multiple-test adjustments is to appreciate more clearly the thought process that 

usually leads to declaring a result significant.  Most researchers understand that a p-

value is the probability of observing data at least as surprising as what was seen, given 

that the null hypothesis is true.  A small p-value is therefore evidence that the null 

hypothesis must not have been true in the first place, and the significance level sets the 

threshold to decide whether a p-value is small enough to declare a test statistically 

significant.  It therefore stands to reason that if a result has been declared significant at 

the α=0.05 significance level, the researcher can have some assurance that the data 

were too surprising to be consistent with the null hypothesis, and this led to its rejection.  

The mistake in logic is then to conclude that a statistically significant result therefore 

most likely corresponds to a false null hypothesis.  Such a conclusion is an incorrect 

interpretation of a statistically significant result, mainly because the probability a 

statistically significant result indicates a false null hypothesis depends critically on the 

probability the null hypothesis was false prior to observing the data, as we describe 

below.   

To appreciate this idea in the context of multiple testing, suppose that a 

researcher performs 500 tests at the α=0.05 significance level in which the null 
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hypothesis is false in every case, and that 400 of the tests are declared significant, a 

situation in which the power is 80%.  For this situation, the probability a significant result 

indicates a false null hypothesis is 100%.  Meanwhile, suppose another researcher 

performs a different set of 500 tests at the α=0.05 significance level in which the null 

hypothesis is true in every case.  Here, suppose 25 tests are declared significant, which 

is the number that would be expected by chance.  In this case, among the 25 significant 

results, the probability a significant result indicates a false null hypothesis is 0%.  Any 

rule to adjust the significance level as a function of the number of tests performed (500 

in each situation) will still result in all correct null hypothesis rejections in the first case, 

and no correct null hypothesis rejections in the second case.  This is a clear case where 

a multiple test adjustment is inappropriate. 

A similar argument is evident in the following example in diagnostic screening.  

Suppose a screening tool for a disease has a 95% probability of correctly diagnosing 

someone with the disease, and an 80% probability of correctly diagnosing someone 

without the disease.  These probabilities are chosen to mimic the usual true positive and 

true negative rates associated with hypothesis testing (5% significance level and 80% 

power).  Consider first screening a high-risk population:  A random sample is selected 

from a population whose prevalence of the disease is 90%.  It is a straightforward 

probability calculation to show that among those with a positive screen, 97.7% have the 

disease.  Meanwhile, suppose a random sample is obtained in a general population in 

which only 10% have the disease.  In this case, the probability of having the disease 

among those with a positive screen is only 34.5%.  The key point is that the error 

probability of positive screens depends crucially on the population prevalence.  In the 
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context of multiple hypothesis testing, the error probability of a significant result 

depends critically on the frequency of true null hypotheses in the first place, and not on 

the number of tests performed.  If a clinician were to perform the diagnostic screening 

as described above to a high-risk population, it would be illogical to argue that more 

evidence is required that a patient has the disease if screening a large number of 

patients, and yet this is precisely what researchers do when performing multiple test 

adjustments.   

The confusion in multiple-test adjustments is arguably manifested in researchers 

not distinguishing between performing many tests in which the null hypotheses 

frequently may be false, and performing many tests based on limited prior information in 

which the null hypothesis is likely to be true a large proportion of the time.  The 

conventional wisdom in data mining and exploratory hypothesis testing is that continual 

and unrestricted testing of hypotheses will eventually produce spurious results.  As the 

screening example illustrates, the problem is not the multiplicity of the analyses, but the 

overwhelming fraction of analyses that may be haphazard, not entirely scientifically 

motivated, and generally based on limited scientific knowledge.  It would be a mistake, 

for example, to restrict the ability to declare significant results based on the number of 

tests, or for any other reason, if it were known in advance, or could be inferred, that 

tests being performed are likely motivated by the existence of real effects.  As argued in 

recent papers15,16, the pre-study odds of the hypotheses affects the interpretation of 

statistical significance.   

It may seem that distinguishing between settings in which null hypotheses tend to 

be true versus settings in which null hypotheses tend to be false is a hopeless task; 
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after all, the operating assumption of hypothesis testing is that the researcher is 

unaware about the truth of the stated hypotheses.  Fortunately, the distribution of 

observed p-values within a study provides important information.  This is because the 

distribution of p-values is a mixture of two distributions:  The distribution of p-values for 

true null hypotheses, which is necessarily uniformly distributed between 0 and 1, and 

the distribution of p-values for false null hypotheses, which is right-skewed17.  

To see the distinction, consider the distribution of p-values from two different 

studies.  The first study involves the 28 p-values from Table 6 of Marx et al.18 which 

summarize the effects of predictors in four multiple regressions on neuropsychological 

performance measures, and the second study involves 55 p-values from Table 1 of 

Bombardier et al.19 that summarize differences in patient characteristics across two 

mental health conditions.  Figure 1 displays the distribution of p-values for each study.  

In the first study (represented by the top histogram of p-values), the distribution of p-

values is roughly uniform, which is consistent with the null hypothesis being true for 

every test.  In such a situation, the tests producing small p-values, even p-values below 

a significance level of 0.05, intuitively should not be declared significant because they 

are consistent with a uniform distribution of p-values.  This study would be a likely 

candidate for a significance level adjustment because we should not believe that the 

small p-values are indicative of false null hypotheses.  The second study, whose p-

values are represented in the bottom histogram of Figure 1, have a greater proportion of 

very small p-values than would be consistent with a uniform distribution.  This lends 

support to the notion that many of the small p-values are instances of false null 
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hypotheses.  For this study, a significance level adjustment would inappropriately 

discount the small p-values, which are indicative of truly significant results. 

The problem, therefore, is to have a method to determine an appropriate 

significance level cutoff for p-values which recognizes that some studies tend to involve 

limited knowledge or unmotivated null hypotheses in which the null hypotheses are 

generally true, and that some studies tend to involve scientifically-driven hypotheses in 

which the null hypotheses are generally false.  In the case of haphazard testing, one 

would expect that greater numbers of tests should result in more pronounced 

significance level adjustments, but when tests are scientifically motivated the larger 

number of tests ought not to decrease the significance level cutoff.  The method, by 

itself, should not be simply a function of the number of tests performed.   

 

False discovery rate control 

A principled way to implement such a process is by controlling the false 

discovery rate.1  Many health researchers are unaware of the FDR, even though it is a 

natural concept and one that has important utility for calibrating error rates in hypothesis 

tests.  The FDR is defined as follows:  Among tests that are declared significant in a 

study, the FDR is the fraction of those tests in which the null hypothesis is true.  In fact, 

this is the reverse conditional probability of the false positive rate, i.e., the probability 

that a test is declared significant among true null hypotheses.  The main goal of FDR 

control is to determine a rule for setting significance levels, which may vary across the 

collection of tests, that lead to making the proportion of false positives out of the total 

number of tests declared significant as small as possible.   
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The reason FDR control is such a compelling concept is that it explicitly controls 

the error rate of test conclusions among significant results.  If, for example, a journal 

had a policy to enforce FDR control rates of 5%, which would mean that no more than 

5% of significant results were true null hypotheses, then readers could be assured that 

at least 95% of the significant findings across all research manuscripts in the journal (at 

the FDR of 5%) could be “trusted,” as they would correspond to correctly rejected null 

hypotheses.  Results that are significant at the 5% significance level do not have this 

property, and suffer from the difficulty in interpretations described earlier. 

Procedures for implementing FDR control is an ongoing area of statistical 

research, though the original FDR control method developed in the foundational paper 

by Benjamini and Hochberg1, henceforth BH, is still useful and appropriate for many 

applications.  If a researcher wants to enforce FDR control for a study with N tests with 

maximum FDR rate d (often 0.05), then the procedure is carried out as follows: 

1. Sort the N p-values in ascending order; label these p1, p2, …, pN  

2. For k=1,…,N, declare test k significant at the false discovery rate d if pk ≤ dk/N. 

The derivation and rationale for this method is described elsewhere1,19.  Notice that if 

d=0.05, the rejection criterion in Step 2 ensures that most of the p-values must be quite 

a bit less than 0.05 in order for a test to be declared significant because k/N takes on 

the values 1/N, 2/N, …, (N-1)/N, 1.  In this sense, the BH procedure is much more 

conservative than simply rejecting tests by comparing p-values to a nominal level such 

as 0.05, but more powerful than the Bonferroni procedure which would compare all p-

values to 0.05/N.  By comparison to the Bonferroni approach, the BH procedure 

compares only the smallest p-value to 0.05/N. 
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 To illustrate the FDR control procedure, we re-examined the p-values from Marx 

et al. and Bombardier et al.  In Table 1, we display the number of significant tests at the 

α=0.05 level without adjusting the significance level, using a Bonferroni adjustment, and 

using a BH adjustment at the 0.05 FDR level.  Table 2 provides summaries using a 

significance level of α=0.20, and 0.2 FDR level.   For the Marx et al. study, in which the 

distribution of p-values is roughly uniform, both the Bonferroni and BH adjustments 

result in very few tests declared significant, both at the 0.05 and 0.20 levels.  Intuitively, 

the low p-values likely correspond to true null hypotheses that had low p-values by 

chance, so it is reasonable that they should not be declared significant results.  By 

contrast, for the Bombardier et al. study, the Bonferroni adjustment produces a low 

number of significant tests at both the 0.05 and 0.20 levels, but the BH procedure 

results in nearly the same number of significant results as without any significance level 

adjustment.  Because the frequency of low p-values for the Bombardier et al. study is 

large, the BH procedure recognizes that almost no adjustment is needed to the 

significance level. 

 Unlike the Bonferroni and other multiple-testing adjustment procedures, the BH 

and other FDR control procedures are scalable in the sense that the procedure works 

equally well with an increasing number of tests performed.  With the Bonferroni 

procedure, in particular, a large number of tests reduces the single-test significance 

level to such an extent that any possibility of rejecting any null hypothesis is all but 

prevented.  It should be noted, however, that the validity in applying the BH procedure 

in a scenario where one performs the adjustment on an initial set of tests, and then 

again on a batch of additional tests, relies on two assumptions being met.  First, the 
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relative frequency of true null and true alternative hypotheses should be maintained.  

For the BH procedure, specifically, this turns out not to be a crucial assumption because 

the BH computation incorporates a conservative approximation that assumes every null 

hypothesis is true.  Thus, at worst, if most or every null hypothesis being tested is false, 

then the BH procedure is conservative but no worse than the usual multiple testing 

procedures.  The second more crucial assumption is that the distribution of p-values for 

tests with true alternative hypotheses be maintained.  Intuitively, this means that the 

evidence for true alternative hypotheses in the additional tests should be equally strong 

(or weak), on average, to the ones initially studied.  This assumption could be violated in 

a number of ways, including performing additional tests with larger sample sizes, and 

tests that are likely to have larger (or smaller) effect sizes than the ones already 

examined.   

    

Conclusions 

 Despite the commonplace use of multiple test significance level adjustments, 

such as the Bonferroni procedure, to address the increased probability of mistakenly 

rejecting true null hypotheses, we argue as others have that such adjustments are 

inappropriate and not defensible on foundational grounds.  Furthermore, adjustments 

based on the multiplicity of tests do not directly address the real source of concern, 

namely that collections of tests may be addressing null hypotheses that are likely to be 

true (or at least unsubstantiated with available data) because they are purely 

exploratory and speculative in nature.  A more principled approach to address such a 

concern is to implement false discovery rate control, an adjustment method that has a 
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solid foothold in areas of data mining large data sets, especially in the context of 

genomic data research.  FDR control is used much less frequently in health studies.  

But as health research continues to expand into areas requiring the mining of large 

databases or exploring highly detailed health information, researchers need to be aware 

of FDR control as a means to make reliable, well-calibrated inferences from their 

studies. 

 Developmental work in FDR control methods since the original BH method has 

mostly centered on relaxing the assumption that all null hypotheses are true, and 

instead either estimate the fraction of true null hypotheses20-22, or model the probability 

any specific null hypothesis is true versus false through mixture modeling23.  The result 

of such work has been more powerful FDR control methods, though greater care is 

required to assess the differential probabilities of true null hypotheses.   

 FDR control, while currently unfamiliar to many health researchers, is an 

important concept to appreciate, especially in light of the inappropriate tendency to use 

significance level adjustments based on the multiplicity of tests.  Aside from the 

philosophical reasons to use FDR control adjustments over multiple-test based 

adjustments, one main practical benefit is the increased power which researchers, no 

doubt, will come to recognize once they work with large databases and need to perform 

many tests.  As scientific work continues to see greater use of FDR adjustments, 

multiple-test based adjustments may eventually be relegated as a statistical curiosity. 
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Figure 1: Distribution of p-values for two studies.  Top:  Distribution of 28 p-values from 

Table 6 of Marx et al. (2009).  Bottom:  Distribution of 55 p-values from Table 1 of 

Bombardier et al. (2010). 
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Table 1: Number of tests in each study, followed by the number of significant tests at 

the α=0.05 level when the significance level is unadjusted, Bonferroni-adjusted, and 

adjusted using the Benjamini-Hochberg FDR control procedure.   

 
 

 
Table 2: Number of tests in each study, followed by the number of significant tests at 

the α=0.20 level when the significance level is unadjusted, Bonferroni-adjusted, and 

adjusted using the Benjamini-Hochberg FDR control procedure.   

 


