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Abstract 
 
I follow R.A. Fisher’s The Design of Experiments (1935), using randomization statistical 

inference to test the null hypothesis of no treatment effect in a comprehensive sample of 53 
experimental papers drawn from the journals of the American Economic Association.  
Randomization tests of the significance of treatment coefficients find that 10 to 20 percent of 
conventionally significant coefficients are not significant at the same level.  In joint tests for 
equations with multiple treatment measures, 30 to 40 percent of equations with an individually 
significant coefficient cannot reject the null of no treatment effect.  An omnibus randomization 
test of overall experimental significance that incorporates all of the regressions in each paper 
finds that less than half of experimental papers are able to reject the null of no treatment effects 
anywhere at the .01 level.  Bootstrap and jackknife methods support and confirm these results. 
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I:  Introduction 

 In contemporary economics, randomized experiments are seen as solving the problem of 

endogeneity, allowing for the identification and estimation of causal effects.  Randomization, 

however, has an additional strength: it allows for the construction of tests that are both exact, i.e. 

with a distribution that is known no matter what the sample size or the characteristics of errors, 

and intrinsically resilient to outliers.  Randomization also facilitates the performance of joint tests 

and the use of higher powered multiple testing methods that depend upon the estimation of the 

joint distribution of coefficients across different estimating equations.  Randomized experiments 

rarely make use of such methods, by and large only presenting conventional econometric tests of 

individual coefficients using asymptotically accurate clustered/robust covariance estimates.  In 

this paper I apply randomization tests to 53 randomized experiments, using them to construct 

counterparts to conventional tests of significance within regressions and, more ambitiously, 

omnibus tests of overall significance that combine all of the regressions within tables or in a 

paper in a manner that is, practically speaking, largely infeasible in conventional econometrics.   

At the coefficient level, randomization tests reduce the number of significant coefficients by 10 to 

20 percent.  Joint tests of statistical significance in multi-treatment equations reduce the number 

of regression specifications with statistically significant treatment effects by 30 to 40 percent, 

while the omnibus test finds that, when all treatment outcome equations are combined, only about 

45 to 50 percent as many tables and 50 to 60 percent as many papers can reject the null of no 

treatment effect.  These results relate, purely, to statistical inference, as I do not modify published 

regressions in any way.  I confirm them with bootstrap and jackknife methods. 

 Two factors lie behind the discrepancy between the results reported in journals and those 

reported in this paper.  First, the regression design lying behind published results is typically very 

poor, with a few observations playing a key role in the determination of coefficients and standard 

errors.  Remarkably, with the removal of just one cluster or observation, 26 percent of reported 

.01 significant results can be rendered insignificant, while the average gap between the highest 

and lowest p-value found by deleting individual observations in all regressions is an astonishing 

.24.  Sensitivity to outliers comes from the interplay between extreme residuals and regression 

design which concentrates leverage in a few observations.  The concentration of leverage also 

renders the clustered and robust variance estimates more volatile for a given set of regressors, 
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generating t-statistic distributions that are more dispersed than recognized by their putative 

degrees of freedom.  Thus, regression design plays a role in two interrelated problems: sensitivity 

to the change in the sample and accurate inference for a given sample.  Randomization inference 

addresses both.  Randomization inference systematically raises the p-values of conventionally 

significant results which depend upon outliers, because it evaluates their extreme outcomes, 

which depend upon the treatment allocated to critical observations, as being more likely.  

Randomization inference also provides test statistics with finite sample exact size, without appeal 

to asymptotic theorems or worries about whether finite sample nominal degrees of freedom 

actually approximate the distribution of the t-statistic. 

I find that where randomization inference and conventional inference disagree, the 

concentration of leverage is much higher.  In ¾ of the cases where randomization inference 

disagrees with conventional inference the conventional results are sensitive to the deletion of just 

one or two clusters or observations.  Thus, to disagree with randomization inference, in the 

context of the results presented in this paper, is to demand that readers accept as relevant results 

that depend upon one or two observations out of the hundreds or thousands in the sample.  It is 

doubtful that this is something that authors, had they been aware of the problem, would have 

chosen to do. 

The problems of conventional inference found in this paper are not unique to 

experimental papers.  In Young (2017) I use the bootstrap to examine a comprehensive sample of 

1400 instrumental variable regressions published in 32 papers and find significance rates for 

individual coefficients that are ⅓ to ½ lower than those reported by conventional methods.  These 

reductions are likely to be conservative, as I find the bootstrap, itself an asymptotically accurate 

method, retains some size distortions in these samples.  Fully 47 percent of reported .01 

significant results are rendered insignificant by the removal of just one cluster or observation.  

While other fields must struggle to address the interrelated problems of finite sample size 

distortions and sensitivity to outliers, randomized experiments already have at their disposal a 

method that allows for exact inference and is inherently resistant to outliers.   

The second factor behind the discrepancy between published results and the analysis 

presented here is that published papers fail to consider the multiplicity of tests implicit in the 

many treatment coefficients within regressions and the many regressions presented in each paper.  
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About half of the regressions presented in experimental papers contain multiple treatment 

regressors, representing indicators for different treatment regimes or interactions of treatment 

with participant characteristics.  When these regressions contain a .01 level significant 

coefficient, there are on average 5.7 treatment measures, of which only 1.6 are significant.  

However, only 31 of 998 regressions with multiple treatment measures report a conventional F- 

or Wald-test of the joint significance of all treatment variables within the regression.1  In a similar 

vein, the typical paper reports 10 regressions with a treatment coefficient that is significant at the 

.01 level, and 29 regressions with no treatment coefficient that is significant at this level.  When 

the multiple tests implicit in the many coefficients within regressions and the many regressions 

within papers are combined, significance levels fall.    

Critics might claim that these tests are unfair, weakening power by combining relevant 

treatment measures and regressions with treatment measures or regressions designed to show that 

certain effects are not present, i.e. to implicitly confirm the validity of nulls.2  Such explanations 

are inconsistent with the pattern of my results.  I find that multiple testing procedures, which 

relative to joint tests increase power on the axes at the expense of within quadrants, generally 

produce lower rejection rates, so more evidence of significance is found when tests emphasize 

power for moderate values of all coefficients rather than extreme values of individual 

coefficients.  Authors presumably present their most important results in their very first table of 

main results.3  I find, however, that first tables often provide weak evidence in favour of 

treatment effects.  More evidence against the null is found when joint and multiple tests are 

expanded to include the many alternative specifications presented in later tables.  My emphasis in 

this paper is on finding any rejection of the null in a paper, not the number of such rejections.  In 

that context, expanding the number of included measures beyond the key baseline results authors 

present first and foremost need not, and in practice does not, reduce power. 

                                                 
1These occur in two papers.  In an additional 7 regressions in two other papers the authors make an attempt to 

test the joint significance of multiple treatment measures, but accidentally leave out some treatment measures.   
2No paper in my sample reports a pre-analysis plan, so there is no way to verify this objectively.  I should 

note, however, that in my analysis I naturally exclude regressions related to randomization balance (participant 
characteristics), pre-treatment differences in treatment and control, and attrition, which are designed to confirm the 
internal validity of the randomized experiment by demonstrating orthogonality with treatment. 

3Main results are identified as the first section with this title (a frequent feature) or a title describing an 
outcome of the experiment (e.g. “Does treatment-name affect interesting-outcome?”). 
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In my study of instrumental variables regressions mentioned above, I find 313 estimating 

equations with more than one instrument, but authors only use these to increase the number of 

instrumented measures in 41 cases.  In contrast, almost half of all regressions in my experimental 

sample contain more than one treatment variable, with an average of 4.8 treatment measures.  

Much of “data snooping” (White 2000) is probably unobservable, as instruments or ideas which 

fail to produce significant results are quietly abandoned and new approaches tried.  In the case of 

experimental economics, where authors invest heavily in the creation of data sets and openly and 

forthrightly walk the reader through their investigation of their results, it is less so.  In 

implementing joint and multiple tests in this paper I follow transparent rules rather than opaque 

discretion, combining coefficients mechanically as they appear in regressions and tables.  There 

is little doubt this leads to the inclusion of some treatment measures which authors deemed 

unimportant or used to confirm nulls.  The joint and multiple tests presented in this paper are 

intended to be suggestive, not definitive.  They highlight the potential magnitude of the problem 

and provide procedures that authors might find useful. 

Randomization tests have what some consider to be a major weakness:  they provide 

exact tests, but only for sharp nulls, i.e. nulls which specify a precise treatment effect for each 

participant.  Thus, in testing the null of no treatment effects, randomization inference is not 

testing whether the average treatment effect is zero, but rather whether the treatment effect is zero 

for all participants.4  In the presence of unaccounted for heterogeneity in treatment effects, 

randomization tests are no longer exact and can have substantial size distortions (Chung & 

Romano 2013, Bugni, Canay & Shaikh 2017).  It should be noted, however, that average 

treatment effects generate intrinsic treatment dependent heteroskedasticity, which renders 

conventional tests inaccurate in finite samples as well.  While in such circumstances conventional 

estimates with robust covariance estimates will have asymptotically correct size, asymptotic 

accuracy in the face of average treatment effects is equally a feature of randomization inference, 

provided treatment is balanced or studentized statistics are used in the analysis (Janssen 1997, 

Chung & Romano 2013, Bugni, Canay & Shaikh 2017).  Moreover, while a null of the same non-

zero treatment effect for all is unpalatable, as it is hard to conceive of a treatment having exactly 

                                                 
4The sharp null merely has to be precise, and hence does not have to be the same treatment effect for all, but 

in practice it is difficult to specify heterogeneity that is not accounted for in the regression design. 
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the same effect on everyone, the sharp null of zero treatment effects is not, as this amounts to 

simply stating that the experimental treatment is, from the perspective of participants, irrelevant.  

In results below I find that conventionally significant regressions that randomization inference 

finds to be insignificant are much less likely to have detectable treatment related 

heteroskedasticity, suggesting that treatment heterogeneity is not present and supporting the 

notion of a sharp null.  Finally, a focus on the perils of sharp nulls overemphasizes what 

motivates randomization tests at the expense of considering what they actually do.  

Randomization inference’s consideration of “potential outcomes” mechanically raises the p-

values of conventional results with low p-values and lowers the p-values of conventional results 

with high p-values when the conventional results, in either case, depend upon only a few 

observations.  This robustness to outliers is extremely valuable. 

 Notwithstanding its results, this paper confirms the value of randomized experiments.  

The methods used by authors of experimental papers are standard in the profession and present 

throughout its journals.  Randomization statistical inference provides a solution to the problems 

identified in this paper, avoiding a dependence on asymptotic theorems that produce inaccurate 

finite sample statistical inference that is sensitive to outliers and allowing the simple calculation 

of omnibus tests and multiple testing procedures that incorporate all of the tests run in an 

analysis.  While to date it rarely appears in experimental papers, which generally rely upon 

traditional econometric methods,5 it can easily be incorporated into their analysis.  Randomized 

experiments solve the problem of identification; they can also easily solve the problem of 

accurate statistical inference that is robust to outliers and facilitates joint and multiple testing 

procedures, making them even more powerful as an investigative tool. 

 This paper takes well-known issues and explores them in a broad practical sample.  

Consideration of whether randomization inference yields different results than conventional 

inference is not new.  Lehmann (1959) showed that in a simple test of binary treatment a 

randomization t-test has an asymptotic distribution equal to the conventional t-test, and Imbens 

                                                 
5Of the 54 experimental papers that otherwise meet the criteria for inclusion in my sample (discussed below), 

only one uses randomization statistical inference throughout (and hence is not included in the final sample), while 
one other uses randomization inference to analyse results in some regressions and one more indicates that they 
confirmed the significance of results with randomization tests.  Wilcoxon rank sum tests for some treatment results 
are reported in four other papers.  
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and Wooldridge (2009) found little difference between randomization and conventional tests for 

binary treatment in a sample of 8 program evaluations.  Limiting the influence of outliers was a 

prominent econometric concern some decades ago (e.g. Huber 1981, Cook and Weisberg 1982).   

The size distortions produced by robust and clustered covariance estimates are well known and 

have been explored in, for example, Bertrand, Duflo and Mullainathan (2004) and Donald and 

Lang (2007).  I find that these issues are all interrelated.  Randomization and conventional 

inference differ substantially in situations where regression design produces unbalanced leverage 

which makes coefficients sensitive to outliers, while rendering the robust and clustered 

covariance estimates dependent upon a small set of residuals, producing size distortions.  Several 

recent papers (Anderson 2008, Heckman et al 2010, Lee & Shaikh 2014, List, Shaikh & Xu 

2016) have emphasized the problem of multiple testing in experimental papers and explored the 

robustness of results to step-down multiple-testing procedures in a few experiments.  Step-down 

procedures require subset pivotality (Westfall & Young 1993), i.e. that the distribution of 

randomization p-values is identical for different subsets of the family of nulls, which generally 

becomes unavailable once multiple treatment measures are placed in a given regression.  I 

address the issue of multiple testing by using joint testing procedures to test the overall null of 

whether any (and not which) treatment matters and combine them with single-step multiple 

testing methods as a means of shifting power to different regions of the parameter space. 

 The paper proceeds as follows:  Section II explains the criteria used to select the 53 paper 

sample, which is as comprehensive and non-discriminatory as possible, using virtually every 

paper revealed by a search on the American Economic Association (AEA) website that provides 

data and code and allows for randomization inference.  About 75 percent of the 2027 regressions 

are ordinary least squares (OLS)6 and close to 70 percent use clustered or robust covariance  

estimates.  Section III provides background information, including an evaluation of sensitivity to 

outliers and its relation to regression design in my sample, a thumbnail review of randomization 

inference, controlled simulations that show how outliers determine differences between 

randomization and conventional inference, and a simple exposition of the different emphasis of 

joint and single-step multiple testing procedures.  Section IV lays out the results already 

                                                 
6Throughout the paper I use the term regression broadly, allowing it to denote any statistical procedure that 

yields coefficient and standard error estimates. 
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 described above, while Section V concludes. 

All of the results of this research are anonymized.  Thus, no information can be provided, 

in the paper, public use files or private discussion, regarding the significance or insignificance of 

the results of particular papers.  The public use data files of the AEA provide the starting point 

for many potential studies of professional methods, but they are often incomplete as authors 

cannot fully anticipate the needs of potential users.  Hence, studies of this sort must rely upon the 

openness and cooperation of current and future authors.  For the sake of transparency, I provide 

code (in preparation) that shows how each paper was analysed, but the reader eager to know how 

a particular paper fared will have to execute this code themselves.  A Stata ado file, available on 

my website, provides a canned routine for randomization inference suitable for most Stata 

estimation commands, allowing users to call for coefficient p-values and omnibus tests of the 

type presented in this paper in their own research. 

II. The Sample 

 My sample is based upon a search on www.aeaweb.org using the keywords "random" and 

"experiment" restricted to the American Economic Review (AER), American Economic Journal 

(AEJ): Applied Economics and AEJ: Microeconomics which yielded papers up through the 

March 2014 issue of the AER.  I then dropped papers that: 

 (a) did not provide public use data files and Stata do-file code; 
 (b) were not randomized experiments; 

(c) did not have data on participant characteristics; 
 (d) already used randomization inference throughout; 
 (e) had no regressions that could be analyzed using randomization inference.   

Public use data files are necessary to perform any analysis, and I had prior experience with Stata 

and hence could interpret do-files for this programme at relatively low cost.  Stata is by far the 

most popular regression programme in this literature.   

 My definition of a randomized experiment excluded natural experiments (e.g. based upon 

an administrative legal change), but included laboratory experiments (i.e. experiments taking 

place in universities or research centres or recruiting their subjects from such populations).  The 

sessional treatment of laboratory experiments is not generally explicitly randomized, but when 

queried laboratory experimenters indicated that they believed treatment was implicitly 

randomized through the random arrival of participants to different sessions.  I noted that field 
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experiment terminology has crept into laboratory experiments, with a recent paper using the 

phrase "random-assignment" no less than 10 times to describe the random arrival of students to 

sessions, and hence decided to include all laboratory experiments that met the other criteria.7  

Laboratory experiments account for 15 of the 53 papers but only 193 of the 2027 regressions. 

The requirement that the experiment contain data on participant characteristics was 

designed to filter out a sample that would use mainstream multivariate regression techniques with 

estimated coefficients and standard errors.  This removed a number of laboratory experiments, 

which tend to not have data on participant characteristics, use atypical econometric methods and 

whose passive randomization, if they dominated the sample, might raise concerns.  Conditional 

on a paper having public use data on participant characteristics, however, I included all 

estimating equations as long as they produce a coefficient estimate and standard error.  Subject to 

the other criteria, only one paper used randomization inference throughout, and was dropped.  

One other paper used randomization inference for some of its regressions and four papers present 

some exact Wilcoxon rank sum tests.  These papers and their non-randomization regressions 

were retained in the sample. 

 Not every regression presented in papers based on randomized experiments can be 

analyzed using randomization inference.  To allow for randomization inference, the regression 

must contain a common outcome observed under different treatment conditions.  This is often not 

the case.  If participants are randomly given different roles and the potential action sets differ for 

the two roles (e.g. in the dictator-recipient game), then there is no common outcome between the 

two groups that can be examined.  In other cases, participants under different treatment regimes 

do have common outcomes, but authors do not evaluate these in a combined regression.  

Consider for example an experiment with two treatments, denoted by T equal to 0 or 1, and the 

participant characteristic "age".  Under the null of no treatment effect, the regression  

 (1) y = α + βTT + βageage + βT*ageT*age + ε 

can be analysed by re-randomizing treatment T across participants, repeatedly estimating the 

coefficients βT and βT*age, and comparing their distribution to the experimentally estimated 

                                                 
7A couple of lab papers tried to randomize explicitly, by assigning students to sessions, but found that they 

had to adjust assignment based upon the wishes of participants.  Thus, these papers are effectively randomizing 
implicitly based upon students’ selection of sessions, and I treat them as such in my analysis. 
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coefficients.  In many cases, however, authors present this regression as a paired set of "side-by-

side" regressions of the form y = α + βageage + ε for the two treatment regimes.  These regressions 

are compared and discussed, but there is no formal statistical procedure given for testing the 

significance of coefficient differences across regressions.  Within each regression there is no 

coefficient associated with treatment, and hence no way to implement randomization inference.  

One could, of course, develop appropriate conventional and randomization tests by stacking the 

regressions into the form given by (1), but this implicitly involves an interpretation of the 

authors’ intent in presenting the side-by-side regressions, which could lead to disputes.8  I make it 

a point to always, without exception, adhere to the precise regression presented in tables. 

 Within papers, regressions were selected if they allow for randomization inference and: 

 (f) appear in a table and involve a coefficient estimate and standard error or a p-value; 
 (g) pertain to treatment effects and not to an analysis of randomization balance, sample 

attrition, or non-experimental cohorts; 

while tests were done on the null that: 

 (h) randomized treatment has no effect, but participant characteristics or other non-
randomized treatment conditions might have an influence.  

In many tables means are presented, without standard errors or p-values, i.e. without any attempt 

at statistical inference.  I do not consider these regressions.  Alternative specifications for 

regressions presented in tables are often discussed in surrounding text, but catching all such 

references, and ensuring that I interpret the specification correctly is extremely difficult (see the 

discussion of do-file inaccuracies below).  Consequently, I limited myself to specifications 

presented in tables.  Papers often include tables devoted to an analysis of randomization balance 

or sample attrition, with the intent of showing that treatment was uncorrelated with either.  I do 

not include any of these in my analysis.  Similarly, I drop regressions projecting the behaviour of 

non-treatment cohorts on treatment measures, which are typically used by authors to, again, 

reinforce the internal validity of the experiment.  In difference in difference equations, I only test 

the treatment coefficients associated with differences during the treatment period.  

                                                 
8Stacking the regressions often raises additional issues.  For example, there might be more clusters than 

regressors in each equation, but fewer clusters than regressors in the combined equation.  Individually, the 
covariance matrix of each side-by-side regression is non-singular, but if one stacks the regressions one ends up with 
a highly singular covariance matrix.  This issue (i.e. more regressors than clusters) is present in many papers which 
use the clustered covariance matrix.  One could argue that it implicitly exists in this side-by-side example as well, but 
only if one assumes that the stacked regression was the authors’ actual intent. 
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I test, universally, the null of no randomized treatment effect, while allowing  

non-randomized elements to influence behaviour.  Consider, for example, the regression 

 εage*Tβage*TβTβαy(2) 1ageT0ageTT 10
++++=  

where T is a 0/1 measure of treatment and T0 and T1 are dummies for the different treatment 

regimes.  The null of no treatment effect is given by re-expressing the regression as (1) earlier 

above and testing βT = βT*age=0, while allowing α and βage to take on any value.9  In more 

complicated situations the paper might contain randomized overall treatments (e.g. the 

environmental information provided to participants) combined with other experimental 

conditions which were not randomized (e.g. whether the participant is offered a convex or linear 

payoff in each round).  As long as the action space is the same under the different randomized 

treatments, I am able to test the null of no randomized treatment effect by re-randomizing this 

aspect across participants, while keeping the non-randomized elements constant.10  Such cases 

are quite rare, however, appearing in only two or three papers.  In most cases all experimental 

terms appearing in the regression were clearly randomized and all remaining regressors are clear 

non-experimental participant characteristics. 

 Having established (a)-(h) as my explicit sample selection guidelines, to avoid any 

implicit (and unknown) sample selection I did not allow myself the luxury of dropping papers or 

regressions as it suited me.  This led to uneven levels of effort across papers.  The randomization 

and bootstrap for some papers could be performed in less than an hour; for others, because of 

sample sizes and procedures, it took more than a year of dedicated workstation computing power.  

The do-files for many papers are remarkably clear and produce, exactly, the regressions reported 

in the papers.  Other do-files produce regressions that are utterly different from those reported in 

the published paper, while yet others involve extraordinarily convoluted code (aimlessly loading, 

formatting, dropping, reloading and reformatting data again and again) that could never be 

implemented 10000 times (in randomization).  In between, there are gradations of error and 

complexity.  Rather than allowing myself to choose which papers were “too hard” to work 

                                                 
9In these cases I am "changing" the regression specification, but the change is nominal.  I must also confess 

that in the case of one paper the set of treatments and coefficients was so complex and restrictive that I could not see 
what the null of no treatment effect was (or if it was even allowed), and so dropped that paper from my analysis.   

10Thus, in the example just given, I test the null that the informational conditions had no effect, while 
allowing the payment scheme to have an effect. 
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through, I adopted the procedure of using the do-files, good or bad, as a guideline to developing 

shortened code and data files that would produce, almost exactly, the regressions and standard 

errors reported in the tables of the paper.  There are only a handful of regressions, across three 

papers, that I could not reproduce and include in my sample.11 

Regressions as they appear in the published tables of journals in many cases do not follow 

the explanations in the papers.  To give a few examples: 

(a) a table indicates date fixed effects or location fixed effects were added to the regression, 
when what is actually added is the numerical code for the date or location. 

(b) regressions are stacked, but not all independent variables are duplicated in the stacked 
regression. 

(c) clustering is done on variables other than those mentioned, these variables changing from 
table to table. 

(d) unmentioned treatment and non-treatment variables are added or removed between 
columns of a table. 

(e) cluster fixed effects are added in a regression where aspects of treatment are applied at the 
cluster level, so those treatment coefficients are identified by two observations which 
miscoded treatment for a cluster (I drop those treatment measures from the analysis). 

In addition, covariance matrices are very often singular, and in many cases Stata notes this 

explicitly, either by telling the user that the estimation procedure did not converge or that the 

covariance matrix is remarkably singular.  Initiating a dialogue with authors about these issues, as 

well as the many cases where the do-file code does not produce the regressions in the paper, 

would have generated needless conflict, created a moving specification target, and added yet 

more time to the three years spent in preparing the estimates of this paper.  The programming 

errors inflicted on authors by their research assistants are enough to drive a perfectionist to 

distraction, but have no relevance for this paper, which concerns itself with statistical inference 

and not the appropriateness of regression specifications.  I mention these issues to forestall 

criticism that the regressions I analyse are not those described in the papers.  This paper analyses 

statistical inference in regressions as they appear in tables in the journals of the profession, 

recognizing that in some cases these regressions may not reflect the intent of the authors. 

To permute the randomization outcomes of a paper, one needs information on  

                                                 
11One additional paper had only one treatment regression, which I could not come anywhere near 

reproducing.  It is dropped from my sample. 
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Table I:  Characteristics of the Sample 

                   53 papers         2027 regressions 
location journal Type covariance 

38 
15 

field 
lab 

29 
20 
4 

AER 
AEJ: Applied Economics 
AEJ: Microeconomics 

1513  
327  
187  

ordinary least squares 
maximum likelihood 
other 

447  
1363 
126  
91 

default 
clustered/robust 
bootstrap 
other 

stratification (if any was used) and the code and methods that produced complicated treatment 

measures distributed across different data files.  Stratification variables are often not given in 

public use files nor adequately or, upon careful examination, correctly described in the paper.  

Code producing treatment measures is often unavailable, and it is often impossible to link data 

files, as the same sampling units are referenced with different codes or without codes at all.  I 

have called on a large number of authors who have generously answered questions and provided 

code and data files to identify randomization strata, create treatment measures and link data files.  

Knowing no more than that I was working on a paper on experiments, these authors have 

displayed an extraordinary degree of scientific openness and integrity.  Only two papers, and an 

additional segment from another paper, were dropped from my sample because authors could not 

provide the information necessary to re-randomize treatment outcomes. 

 Table I above summarizes the characteristics of my final sample, after reduction based 

upon the criteria described above.  I examine 53 papers, 15 of which are laboratory experiments 

and 38 of which are field experiments.  A common characteristic of laboratory experiments, 

which recruit their subjects from a narrow academic population, is that treatment is almost always 

administered at the sessional level and implicitly randomized, as noted earlier, through the 

random arrival of subjects to sessions.  29 of the papers in my final sample appeared in the AER, 

20 in the AEJ: Applied Economics, and only 4 in the AEJ: Microeconomics.  Turning to the 2027 

regressions, 75 percent of these are ordinary least squares regressions and 16 percent are 

maximum likelihood estimates (mostly discrete choice models), while the remaining 9 percent 

includes handfuls of generalized least squares, quantile regressions, t-tests with unequal 

variances, two-step Heckman models, and other methods.  A little over one-fifth of the 

regressions in my sample make use of Stata's default covariance matrix calculation.  Close to 70  
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percent, however, avail themselves of the cluster estimate of covariance or its single observation 

robust counterpart.  Clustering below treatment level is fairly common.  In 170 regressions in 12 

papers (9 lab, 3 field) treatment is applied to groups, but the authors either do not cluster at all or 

cluster at a lower level of aggregation.  In another 5 papers (3 lab, 2 field), the authors generally 

cluster at treatment level, but fail to cluster 120 regressions.12  This is not considered best 

practice, as correlations between the residuals for individuals playing games together in a lab or 

living in the same geographical region are quite likely.  Bootstrap and "other" covariance 

estimation methods (such as the jackknife and the hc3 and brl corrections of the robust and 

cluster options) make up the remainder of the sample.13 

III:  Issues and Methods 

(a) Problems of Conventional Inference in Practical Application 

 One of the central characteristics of conventional inference, in practical application, is its 

remarkable sensitivity to outliers.  Panel (a) of Figure I above plots the maximum and minimum 

coefficient p-values found when one deletes one cluster or observation from each regression in 

my sample against the p-value found with the full sample.14  With the removal of just one 
                                                 

12In my study of instrumental variables papers noted earlier above, I find that when instrument “treatment” is 
applied in blocks of observations, authors always cluster at that level.  

13These are, unfortunately, often applied with gross programming errors, and hence do not improve matters. 
14As elsewhere in this paper, I follow authors’ methods.  Where they do not cluster, I delete individual 

observations; where they cluster, I delete clusters.  In the case of 120 regressions in papers which otherwise cluster 
(as described above), I delete cluster groupings. 
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observation, .26 of reported results that are .01 significant can be rendered insignificant at that 

level, while .08 of reported results that are .01 insignificant can be found to be significant.  Panel 

(b) of the figure graphs the difference between these maximum and minimum values against the 

number of clusters/observations in the regression.  The average difference between the maximum 

and minimum delete-one p-values is .24.  To be sure, the problem is more acute in smaller 

samples, but surprising sensitivity can be found in samples with 1000 clusters or observations and 

even in the very largest regressions in my sample, with more than 50000 observations. 

 A few simple formulas identify the sources of delete-one sensitivity.  In OLS regressions, 

which make up most of my sample, the coefficient estimate with observation i removed (i~β̂ ) is 

related to the coefficient estimate from the full sample (β̂ ) through the formula: 
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where ix~ denotes the ith residual from the projection of independent variable x on the other 

regressors in the n x k matrix of regressors X, iε̂ the ith residual of the full regression, and hii, 

commonly known as leverage, is the ith diagonal element of the hat matrix XX)XX(H 1 ′′= − .15  

The robust variance estimate can be expressed as  
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might be termed coefficient leverage, because it is the ith diagonal element of the hat matrix 

x)xx(xH 1 ′= − ~~'~~~
 for the partitioned regression.  As seen in (3) and (4), when coefficient leverage 

is concentrated in a few observations, coefficient and standard error estimates, depending upon 

the realization of residuals, are potentially sensitive to the deletion of those observations.  

Moreover, when standard error estimates depend heavily on a reduced subset of stochastic 

disturbances they become intrinsically more volatile, producing t-statistic distributions that are 

more dispersed than recognized by nominal degrees of freedom.  Thus, sensitivity to the 

modification of the sample and accuracy of inference for a given sample are related problems. 

                                                 
15So-called because .ˆ Hyy =   When hii equals 1, one of the regressors is in effect determined by observation i.  

As long as this is not the regressor of interest, its coefficient estimate is unaffected by the deletion of the observation.  
The formula for the deletion of vector i of clustered observations is ).~~/(ˆ)(~ˆˆ 1 xxεHIx iiiiii~ ′−′−= −ββ   In this case, 
if there are cluster dummies so that Ii - Hii is singular, one modifies the formula by calculating Hii using the residuals 
of the other regressors projected on the cluster dummies. 
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Table II: Shares of Squared Residuals & Coefficient Leverage of Treatment Variables 

 squared residuals coefficient leverage 
coefficient leverage 
without covariates 

 max 1% 5% 10% max 1% 5% 10% max 1% 5% 10% 

all OLS (N=3914) .087 .163 .336 .464 .050 .100 .268 .409 .048 .098 .269 .413 

 binary dependent (1541) 
 other dependent (2373) 

.044 

.114 
.087 
.213 

.236 

.400 
.368 
.526 

.049 

.051 
.100 
.101 

.267 

.269 
.417 
.405 

.048 

.048 
.098 
.098 

.269 

.270 
.419 
.410 

 with interactions (1940) 
 without inter. (1974) 

.101 

.073 
.185 
.142 

.359 

.313 
.486 
.442 

.063 

.038 
.128 
.074 

.329 

.209 
.480 
.340 

.064 

.033 
.133 
.064 

.351 

.189 
.511 
.317 

 first table (766) 
 other tables (3148) 

.065 

.092 
.129 
.171 

.318 

.340 
.451 
.467 

.028 

.056 
.069 
.108 

.214 

.282 
.358 
.422 

.025 

.054 
.065 
.106 

.208 

.284 
.356 
.427 

 default covariance (819) 
 other covariance (3095) 

.056 

.095 
.148 
.167 

.314 

.341 
.442 
.469 

.035 

.055 
.088 
.104 

.238 

.277 
.368 
.420 

.032 

.052 
.083 
.102 

.225 

.281 
.352 
.430 

   Notes:   Numbers in parentheses denote number of coefficient observations.  Otherwise, reported figures 
represent averages across treatment coefficients.  The third column calculates treatment coefficient leverage 
without considering non-treatment covariates other than the constant term. 

 Table II reports the average shares of squared residuals and coefficient leverage 

accounted for by the largest and the 1st, 5th and 10th largest percentiles of the clusters or 

observations of the OLS regressions in my sample.  On average, the largest residual accounts for 

.087 of squared residuals, with the largest 1st percentile accounting for .163 and the largest 10th 

.464.  Coefficient leverage is similarly unbalanced, with the largest observation having a .050 

average share and the top 1st and 10th percentiles accounting for .100 and .409 of total leverage, 

respectively.16  Figure II below graphs these shares against the number of clusters/observations.  

Once again, the problem is more acute in small samples, but it is surprising how severe it can be 

in large samples, with 5th and 10th percentile shares in excess of .5 and even approaching 1.0 

appearing routinely in regressions with 1000 to 50000 observations.  For delete-one sensitivity, 

only the shares of the maximum observation matter, but these high percentile shares point to a 

more general delete-n sensitivity and to the unrecognized volatility of robust and clustered 

covariance estimates, which depend heavily upon a very reduced subset of residuals. 

                                                 
16High percentile shares can be generated by a small number of observations, e.g. the max,1st, 5th and 10th 

percentile shares for a sample with four observations are all .25.  This is not the cause of the results presented above.  
With equal shares for each observation in each regression, the average max, 1st, 5th and 10th percentile shares for all 
regressions reported in the table would be .009, .016, .055, and .105. 
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 The different rows and columns of Table II explore the causes of the concentrated 

leverage and dominant residuals found in my sample.  In the second and third rows we see that 

the share of the largest observation and 1st percentile of squared residuals in regressions with a 

binary dependent variable is close to ⅓ of that found where the dependent variable takes on more 

values, suggesting that winsorizing or otherwise censoring data could substantially alleviate this 

problem.  The largest and 1st percentile shares of coefficient leverage of treatment variables is 

almost twice as high in regressions which interact treatment with non-treatment covariates than it 

is in those which do not (rows 4 & 5), and roughly ½ as large in the first table where authors 

present their main results than it is in other tables (rows 6 & 7).  Nevertheless, even in first tables 

and regressions without interactions, just .1 of observations on average account for more than ⅓ 

of total leverage.  Regressions which use the default covariance estimate have both less extreme 

residuals and less extreme concentration of coefficient leverage.  The third column of the table 

calculates coefficient leverage without covariates, i.e. using the residuals of the regression of 

each treatment variable on other treatment measures (including treatment interactions with other 

covariates) and a constant, but leaving out other non-treatment regressors.  These measures are at 
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best only slightly lower than those calculated using all covariates, so one can conclude that high 

coefficient leverage is principally due to treatment design in the regression. 

 A few examples illustrate how regression design can lead to uneven coefficient leverage.  

Binary treatment, applied 50/50 to the entire sample, produces uniform leverage, with shares 

equal to percentile values.  Apply three binary treatments and control each to ¼ of the population, 

and in a joint regression each treatment arm concentrates the entirety of leverage in ½ of the 

observations.  The clustered/robust covariance estimate is now based on only half of the residuals 

and consequently has a volatility (degrees of freedom) and sensitivity to outliers consistent with 

half the sample size.  Run, as is often done, a regression using only one of the three treatment 

measures as a right hand side variable, so that binary treatment in the regression is applied in 

25/75 proportions, and .25 of observations account for .75 of leverage.  Apply 50/50 binary 

treatment, and create a second treatment measure by interacting it with a participant characteristic 

that rises uniformly in even discrete increments within treatment and control, and .20 of 

observations account for about .60 of coefficient leverage for the binary treatment measure (even 

without the non-treatment characteristic in the regression).  Seemingly innocuous adjustments in 

regression design away from the binary 50/50 baseline generate substantially unbalanced 

leverage, producing coefficient estimates and clustered/robust covariance estimates that are 

sensitive to residuals and t-statistic distributions which are more dispersed than recognized. 

 In the OLS sample of Table II, the share of .01 significant results that are delete-one 

sensitive in regressions with binary dependent variables, in first tables, without interactions or 

with the default covariance estimate is .21, .21, .25 and .14, respectively, while the share of 

significant results that are delete-one sensitive in regressions with non-binary dependent 

variables, in other tables, with interactions or using other covariance estimates is .35, .32, .34 and 

.30, respectively.  In regressions presented in the on-line appendix, however, I find that none of 

these variables is a robust determinant of delete-one sensitivity once coefficient leverage, the 

concentration of residuals and sample size, or paper fixed effects, are introduced into the 

regression.  Coefficient leverage is the only variable that is a consistently .01 significant 

determinant of delete-one sensitivity across all specifications.  Regression design is superior in 

certain types of regressions and this produces results that are less sensitive to outliers and, as 

shown further below, more robust to the use of alternative inferential procedures.  
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(b) Randomization Statistical Inference 

Randomization statistical inference provides exact tests of sharp (i.e. precise) hypotheses  

no matter what the sample size, regression design or characteristics of the disturbance term.  The 

typical experimental regression can be described as yi = ti′βt + xi′βx + εi, where ti is a vector of 

treatment variables (including interactions with non-treatment covariates) and xi a vector of other 

causal determinants of yi, the dependent variable of interest.  Conventional econometrics 

describes the statistical distribution of the estimated βs as coming from the stochastic draw of the 

disturbance term εi, and possibly the regressors, from a population distribution.  In contrast, in 

randomization inference the motivating thought experiment is that, given the sample of 

experimental participants, the only stochastic element determining the realization of outcomes is 

the randomized allocation of treatment.  For each participant, yi is conceived as a determinate 

function of treatment yi(ti) following the equation given above and the stochastic realization of ti 

determines the statistical distribution of the estimated βs.  As such, it allows the testing of 

hypotheses which specify the treatment effect for each participant, because sharp hypotheses of 

this sort allow the calculation of what the estimated βs would be for any potential random 

allocation of treatment. The Fisherian null of no treatment effects is that yi(ti) = yi(0) for all i and 

all treatment vectors ti, i.e. the experiment has absolutely no effect on any participant. 

An exact test of a Fisherian null can be constructed by calculating all possible realizations 

of a test statistic and rejecting if the observed realization in the experiment itself is extreme 

enough.  Specifically, let the matrix TE composed of the row vectors ti′ denote the treatment 

allocation in the experiment.  In the typical experiment this matrix has a finite universe Ω of 

potential realizations.  Say there are S elements in Ω, with Tn denoting a particular element.  Let 

f(Tn) be a statistic calculated by inserting matrix Tn into the estimating equation given earlier 

above, and let f(TE) denote the same statistic calculated using the actual treatment applied in the 

experiment.  Under the null of no treatment effect, yi = xi′βx + εi is the same no matter which 

treatment is applied, i.e. experimental outcomes would have been exactly the same regardless of 

the specific randomized draw of TE from Ω, so f(Tn) can be calculated by regressing the fixed 

observed values of yi on the fixed regressors xi and randomly varied treatment vector ti.
17  The 

                                                 
17More generally, for non-zero nulls, one subtracts the sharp null values times treatment measures from the 

dependent variable, re-randomizes, adds back in the null treatment effects, and re-estimates the equation.   
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p-value of the experiment’s test statistic is given by: 
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where In(>TE) and In(=TE) are indicator functions for f(Tn) > f(TE) and f(Tn) = f(TE), respectively, 

and U  is a random variable drawn from the uniform distribution.  In words, the p-value of the 

randomization test equals the fraction of potential outcomes that have a more extreme test 

statistic added to the fraction that have an equal test statistic times a uniformly distributed random 

number.  In the on-line appendix I prove that this p-value is always uniformly distributed, i.e. the 

test is exact, regardless of the sample size or the characteristics of yi, xi and εi. 

Calculating (5), evaluating f(Tn) for all possible treatment realizations in Ω, is generally 

impractical.  However, under the null random sampling with replacement from Ω allows the 

calculation of an equally exact p-value provided the original treatment result is automatically 

counted as a tie with itself.  Specifically, with N additional draws (beyond the original treatment) 

from Ω, the p-value of the experimental result is given by: 
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In the on-line I appendix I show that this p-value is uniformly distributed regardless of the 

number of draws N used to evaluate the test statistic.18  This establishes that size always equals 

its nominal value.  However, power, provided it is a concave function of the nominal size of the 

test, is increasing in N (Jockel 1986).  Intuitively, as the number of draws increases the procedure 

is better able to identify what constitutes an outlier outcome in the distribution of the test statistic 

f().  In my analysis, I use 10000 draws to evaluate (6).  When compared with results calculated 

with fewer draws, I find no appreciable change in rejection rates beyond 2000 draws. 

 I make use of two randomization based test statistics, which find counterparts in 

commonly used bootstrap tests.  The first is based upon the comparison of the Wald statistics of  

the conventional test of no treatment effects, as given by )(ˆ)(ˆ)(ˆ
nt

1
ntnt Tβ)TβV(Tβ

−′ , where tβ̂ and  

)βV( t
ˆ are the regression’s treatment coefficients and the estimated variance of those coefficients. 

This method in effect calculates the probability 

                                                 
18The proof is a straightforward generalization of Jockel’s (1986) result for nominal size equal to an integer 

multiple of 1/(N+1).   
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 )ˆˆ(ˆ)(ˆ)(ˆ)(ˆ)7( Et
1

EtEtnt
1

ntnt (Tβ))(Tβ)V(TβTβ)TβV(Tβ −− ′≥′ . 

I use the notation (Tn) to emphasize that both the coefficients and covariance matrix are 

calculated for each realization of the randomized draw Tn from Ω.  In the univariate case the 

statistic reduces to a comparison of the squared t-statistics, and consequently I dub this test the 

randomization-t.  It corresponds to bootstrap tests based upon the percentiles of Wald statistics. 

 An alternative test of no treatment effects is to compare the relative values of 

)(ˆ)(ˆ)(ˆ
nt

1
tnt Tβ)ΩβV(Tβ

−′ , where )ΩβV( t )(ˆ  is the covariance of tβ̂  across the universe of potential 

treatment draws in Ω.  In this case, a fixed covariance matrix is used to evaluate the coefficients 

produced by each randomized draw Tn from Ω, calculating the probability 

 )(ˆ)(ˆ)(ˆ)(ˆ)(ˆ)(ˆ)8( Et
1

tEtnt
1

tnt Tβ)ΩβV(TβTβ)ΩβV(Tβ
−− ′≥′ . 

In the univariate case, this reduces to the square of the coefficients divided by a common variance 

and, after eliminating the common denominator, is simply a comparison of squared coefficients.  

Hence, I refer to this comparison as the randomization-c.  It corresponds to bootstrap tests which 

use the distribution of bootstrapped coefficients to calculate the covariance matrix.  I use the 

coefficient covariance across the 10000 randomization draws to approximate )ΩβV( t )(ˆ .19  

The randomization-c allows for an easy omnibus test of overall statistical significance 

across multiple or all regressions in an experimental paper.  One simply stacks all treatment 

coefficients into tβ̂ , draws repeated randomization treatments Tn from Ω, and calculates (8) 

above.  The estimated covariance of these coefficients in the universe Ω is calculated from their 

joint realizations.  An omnibus version of the randomization-t is much more difficult, as it 

requires iteration specific estimates of the covariance of coefficients across multiple equations.20  

 While randomization inference is exact ex ante the allocation of treatment, it is important 

to note that it is not exact ex post the allocation of treatment in a population sampling world with 

                                                 
19Strictly speaking, in multi-coefficient tests the test statistics f(Tn) are now a function of the joint realization 

of the randomization draw, so the proof of exactness for a finite number of draws in the on-line appendix is no longer 
valid.  My intent, however, is to provide a counterpart to the common bootstrap technique; with 10000 draws I 
should have a fairly close approximation of the true coefficient covariance matrix; and in tests of an individual 
coefficient the variance cancels from both sides of (8), so the proof of exactness remains valid. 

20White (1982) showed that an asymptotically valid estimate of the covariance matrix for coefficients 
estimated in multiple equations is given by a multi-equation version of the robust covariance estimate that uses 
equation level scores (see also Weesie 1999).  However, most papers present the relevant data in multiple, differently 
organized, data files, so the cross-product of scores is extraordinarily difficult to form.  Moreover, when scores can 
be calculated within a single data file, the resulting covariance matrices are often hopelessly singular. 
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stochastic disturbances.  Consider the case of the randomization-c.  The variance of a treatment 

coefficient under population sampling depends upon the sum of the squared residuals of the 

treatment measure projected on the other covariates.  Consequently, with any other covariates in 

the regression, each potential realization of randomized treatment will lead to a different variance 

of treatment results under population sampling from stochastic disturbances.  If the allocation of 

treatment is such that the residual variance of the treatment regressor is high, the coefficients will 

have a lower variance than is the case for other treatment outcomes.  As the randomization-c 

randomizes across those other potential outcomes, it will find that on average, across the 

realizations of the disturbances, they generate more dispersed coefficients, leading to a rejection 

rate of the null lower than nominal value.  Conversely, for an allocation of treatment where the 

residual variance of treatment is unusually low, rejection rates will be higher than nominal value.  

This problem is clearly greater in the randomization-c, which does not divide by the regression 

specific covariance estimate, but with inaccurate population-sampling covariance estimation it 

can arise in the randomization-t as well.  For a sharp null, randomization inference is exact ex 

ante the stochastic allocation of treatment no matter what the residuals.  Consequently, it is exact 

ex ante the allocation of treatment across all stochastic realizations of the residuals.  It is not, 

however, necessarily exact ex post the allocation of treatment, where treatment is now fixed and 

the distribution is integrated only across the potential realizations of the disturbances.   

 The on-line appendix provides practical details on how I executed randomization 

inference for my sample.  One issue, however, deserves mention here.  As noted above, 12 papers 

systematically clustered at a level of aggregation below that in which treatment was applied.  

These papers in effect make the statement that the grouping of observations in laboratory sessions 

or geographical areas is meaningless.  For these papers, I randomize treatment at the level at 

which authors clustered (or didn’t), treating the actual treatment grouping as irrelevant.  Results 

with randomization at the treatment level, reported in the on-line appendix, find far fewer 

significant coefficients.  For papers which generally clustered at treatment level but did not 

cluster subsets of equations, I consistently randomize at the treatment level as this is necessary to 

calculate the joint distribution of coefficients across equations.21   

                                                 
21Seven papers clustered at least some of their regressions at a level of aggregation greater than treatment, but 

the units so described contain heterogeneous treatment in uneven numbers, so it is not possible to re-randomize in a 
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(c) Randomization and Conventional Inference in the Context of Outliers 

 In this section I use two examples to show how differences between randomization and 

conventional inference centre on the issue of outliers.  In the first, binary treatment is applied 

50/50 to the sample, so that coefficient leverage is uniform.  In the second, binary treatment is 

once again applied 50/50 to the sample, but is also interacted with a participant characteristic that 

increases uniformly within the sample in discrete increments.  Binary treatment is randomly 

applied but, as noted earlier above, the presence of the characteristic interacted with treatment in 

the regression can produce substantially concentrated coefficient leverage.  In both examples the 

dependent variable is standard normal, i.e. independent of all regressors, and I focus on the 

statistical significance of the coefficient on the binary treatment variable.  I perform 10,000 

simulations with samples of 20, 100 and 1000 observations. 

 Figure III shows that in the case of uniform leverage randomization and conventional 

inference with the default covariance matrix produce virtually identical results, whether in small 

or large samples.  With concentrated leverage, however, the two differ markedly with only 20 

observations, but these differences disappear in large samples.  Table III identifies the reason 

behind these similarities and differences.  The columns of the table divide the results into groups 

depending upon whether the conventional-t and randomization-t reject the null of no treatment 

effects at the .01 level.  Within each category I report the fraction of results which are 

conventionally delete-one sensitive, i.e. where the deletion of one observation overturns the 

conventional significance or insignificance of the coefficient, and the number of observations that 

fit in the category.  The sum of observations in columns (1) and (2) is the number of times  
                                                                                                                                                              
fashion consistent with the clustering.  Two papers clustered across portions of different treatment units, mainly due 
to coding errors (e.g. the cluster designations were not unique). 
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(c) 20 observations

Figure III: Randomization Inference vs. Conventional Inference with IID Normal Errors

Regression with Uniform Leverage Regression with Concentrated Leverage
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(d) 1000 observations
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(a) 20 observations
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(b) 1000 observations

    Notes:  Conventional p-value calculated with default covariance estimate.  Uniform leverage: regression with random 50/50 binary treatment and a constant.  Concentrated
leverage: regression with random 50/50 binary treatment, uniformly distributed subject characteristic, binary treatment interacted with characteristic, and constant.  All p-values
refer to coefficient on binary treatment.  Dependent variable is standard normal.
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Table III: Shares That Are Delete-One Sensitive By Rejection of Null on Binary Treatment 

 statistically significant using conventional-t, randomization-t 

 (1) yes, yes (2) yes, no (3) no, no (4) no, yes 

Binary treatment is the only regressor 

default-t, randomization-t 
 20 observations 
 100 observations 
 1000 observations 

 
.43 (N=93) 
.45 (N=94) 
.20 (N=84) 

 
1.0 (N=8) 
1.0 (N=9) 

 .80 (N=10) 

 
.03 (N=9888) 
.01 (N=9883) 
.00 (N=9895) 

 
1.0 (N=11) 
1.0 (N=14) 
.82 (N=11) 

Regression includes uniformly distributed participant characteristic interacted with binary treatment 

default-t, randomization-t 
 20 observations 
 100 observations 
 1000 observations 

 
.74 (N=54) 
.47 (N=77) 
.28 (N=83) 

 
.83 (N=42) 
1.0 (N=24) 
.90 (N=10) 

 
.03 (N=9863) 
.02 (N=9874) 
.00 (N=9890) 

 
.71 (N=41) 
.88 (N=25) 
.88 (N=17) 

robust-t, randomization-t 
 20 observations 
 100 observations 
 1000 observations 

 
.52 (N=87) 
.27 (N=91) 
.28 (N=90) 

  
  .90 (N=144) 
1.0 (N=30) 
1.0 (N=10) 

 
.09 (N=9762) 
.03 (N=9874) 
.01 (N=9892) 

 
.86 (N=7) 
1.0 (N=5) 
1.0 (N=8) 

   Notes:  Dependent variable is standard normal and independent of all regressors.  N = number of 
observations in the cell, i.e. underlying the calculation of the share that are delete-one sensitive. 

 

conventional inference rejects the null, while the sum of columns (1) and (4) represents the 

frequency with which randomization inference rejects the null.   

 As shown in the table, in all cases when randomization inference disagrees with 

conventional inference the conventional result is usually delete-one sensitive.  Thus, the 

similarities and differences graphed in Figure III are largely a function of whether or not the 

conventional results depend upon outliers.  With concentrated leverage, conventional results are 

more frequently sensitive to outliers, and so randomization inference disagrees more frequently 

with conventional results.  Comparing the sum of columns (1) and (2) to the sum of columns (1) 

and (4) in Table III, we see that when the default covariance estimate is used, so that both 

randomization inference and conventional inference are exact, both methods reject roughly .01 of 

the time (allowing for simulation variation).  Randomization inference simply substitutes some 

cases where the conventional failure to reject is dependent upon one observation (column 4) for 

cases where the conventional rejection of the null depends upon only one observation (column 2).  

As the number of observations grows, the sensitivity of conventional results to outliers falls, and 

randomization and conventional inference are in closer agreement.  In the case of conventional 
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inference with the robust covariance estimate, with disproportionate weight placed on a small 

subset of residuals the distribution of the t-statistic is more dispersed than recognized, so in small 

samples the conventional test rejects more than .01 of the time.22  Randomization inference once 

again disagrees mostly in cases where conventional rejections are delete-one sensitive. 

 The preceding results can be understood by considering the mechanics underlying 

randomization inference.  Randomization inference operates by considering the universe of 

potential experimental outcomes.  In both examples above, this consists of the N choose N/2 

possible allocations of the 50/50 binary treatment across the sample of N observations.  When a 

significant conventional result depends upon relatively few observations, however, most of these 

allocations do not matter; all that matters is the allocation given to the critical observations, and 

there are relatively few such possible outcomes.  The actual allocation of treatment is now one of 

only a few possible outcomes, so randomization inference concludes that a large t-statistic or 

coefficient is a fairly common occurrence and, relative to the conventional result, raises the p-

value.   In contrast, when an insignificant conventional result depends upon relatively few 

observations, randomization inference, based upon the limited universe of outcomes generated by 

allocations to those observations, finds that the potential distribution of t-statistics is shifted 

toward smaller t-statistics, producing a lower p-value than the conventional result. 

 (d) Joint vs Multiple Hypothesis Testing 

 I use Wald statistics to test the joint hypothesis that all of the treatment coefficients in an 

equation or paper are equal to zero.  This test either cannot reject the null, accepting the notion 

that all coefficients are zero, or rejects the null, allowing the conclusion that some unspecified 

subset of coefficients is not equal to zero.  An alternative approach is to simultaneously test 

whether each coefficient is equal to zero, allowing for the rejection of the null for each coefficient 

individually, but taking into account the growing possibility of Type I errors created by the 

repeated drawing of test statistics.  Since multiple testing of this sort increases power in the 

identification of alternatives that might be of greater interest to authors, I use it to complement 

joint tests in the analysis below. 

                                                 
22As the sample size increases, even if the proportionate reduction in the number of residuals used to calculate 

the covariance matrix remains constant, size distortions fall because the gap between the t-distribution with N and cN 
(c < 1) degrees of freedom falls as N increases. 
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Figure IV illustrates the case where one is interested in testing the significance of two 

coefficients whose distribution is known to be normal and independent of each other.23  The oval 

drawn in the figure is the Wald acceptance region for the joint significance of the two 

coefficients, while the rectangle is the acceptance region for the two coefficients tested 

individually.  In the multiple testing framework, to keep the probability of one or more Type I 

errors across the two tests at level α, one could select a size η for each test such that 1-(1-η)2 = α.  

The probability of no rejections, under the null, given by the integral of the probability density 

inside the rectangle, then equals 1-α.  The integral of the probability density inside the Wald 

ellipse is also 1-α.  The Wald ellipse, however, has the property that it is the minimum 

translation-invariant24 area such that the probability of falling in the acceptance region is 1-α.  It 

achieves this, relative to the multiple testing rectangle, by dropping corners, where the probability 

of two extreme outcomes is low, and increasing the acceptance region along the axes.  If one 

thinks of alternatives as randomly falling anywhere in the two-dimensional space, the ability 

(power) of the joint testing framework to achieve a rejection when the joint null is false is higher, 

because of its smaller overall acceptance region.  If one thinks of alternatives as falling along the 

axes, i.e. some nulls are true while others are false, the ability of the multiple testing framework 

to achieve a rejection when the joint null is false is higher, because of the smaller length of the 

acceptance region along the axes.  As shown shortly, multiple testing frameworks may possess 

                                                 
23A version of this diagram can be found in Savin (1984). 
24That is, such that if one adds a constant to both the point estimate and the null one remains in the confidence 

region.  Stein (1962) provides examples of smaller areas that do not satisfy this requirement.   

β1 

β2 

Figure IV:  Acceptance Regions for Joint and Multiple Testing with Independent Estimates 

Joint 

Multiple 
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more or less power than suggested by this stylized example, but the basic intuition provided by 

the diagram, that Wald joint tests try to maximize power for general alternatives and multiple 

testing frameworks try to maximize power for alternatives that lie along the axes, both while 

controlling the probability of a Type I error under the null, carries through.  

Multiple testing is an evolving literature.  The classical Bonferroni method is a single step 

procedure that keeps the probability of a Type I error in N tests at or below α by appealing to 

Boole’s probability inequality and evaluating each test at the α/N level.  Holm (1979) introduced 

a step-down procedure that sorts p-values in ascending order p1 ≤ p2 ... ≤ pN and moves through 

the list, evaluating each pj against α/(N+j-1), and stopping on the first failure to reject.  Step-

downs of this sort, however, are not used in this paper.  With randomization inference the 

distribution of each treatment test statistic generally depends upon the null for others in the same 

equation, as these values are subtracted from the dependent variable as treatment is re-

randomized.  Moving through the step-down procedure requires either inconsistently maintaining 

the belief that the parameters just rejected equal their null values or the costly or infeasible 

recalculation of p-values based upon the reduced subset of hypotheses.25  Step-down procedures 

are more easily applied when p-values are subset pivotal (Westfall & Young 1993), i.e. do not 

depend upon the null for other tests, as in when each regression contains only one treatment 

measure and samples do not overlap across regressions.26  Unfortunately, this is generally not the 

case in the papers I study.  My interest in multiple testing is as a comparison, with different 

power properties, to joint tests.  For this purpose, it is enough to note whether any rejection 

occurs, not how many or which rejections occur.  For its very first rejection decision, Holm’s 

method uses the same α/N cutoff as Bonferroni.27  The α/N cutoff, however, provides a 

                                                 
25In the case of multiple treatments in one equation, one can follow Romano & Wolf’s (2005a) suggestion and 

permute only the treatments within the set of null hypotheses currently tested (but this is only consistent if the 
dropped treatments do not appear in other equations).  Otherwise, or when a given treatment appears multiple times 
(through interactions with participant characteristics) in a given regression, one needs to recalculate the p-values of 
remaining hypotheses for least favourable values of the parameters whose nulls have been rejected, including 
allowing for alternatives such as sharp heterogeneous effects, i.e. effects that vary by observation.   

26Romano & Wolf (2005a) show that a more general requirement, trivially met by subset pivotality, is that 
critical values are weakly monotonic in subsets of hypotheses, but in most cases this is hard to confirm. 

27Similarly, control of the false discovery rate at rate α using Benjamini & Hochberg’s (1995) step-down 
procedure imposes a rejection criterion of α/N for the first step.  While this procedure has greater power than Holm’s 
method after the first rejection, with regards to the question of whether at least one rejection occurs, it provides 
exactly the same answer as Bonferroni-Holm. 
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substantial relaxation on the axes relative to joint tests.  For example, with N equal to 2 or 10 the 

Bonferonni-Holm cutoffs at the .01 level are z-stats of 2.8 and 3.3, respectively, while the 

equivalent cutoffs along the axes for the joint testing ellipse are z-stats of 3.0 and 4.8.   

Bonferroni’s method does not make use of information on the covariance of p-values and 

 hence is conservative, i.e. the probability of a Type I error is generally below the nominal size of 

the test.  Westfall & Young (1993) suggested using bootstrap or randomization inference to 

calculate the joint-distribution of p-values and then using the αth percentile of the minimum as the 

single-step cutoff value.  It is instructive to apply this method to the problem examined in Figure 

IV.  Since the coefficient estimates are independent, the uniform distributions of the calculated p-

values will be independent.  The probability their minimum is less than or equal to η is thus given 

by 1-(1-η)2.  To attain size α, one must select an η such that 1-(1-η)2 = α.  This is precisely the 

cutoff described earlier.  It is easily confirmed that, for all N > 1, η = 1-(1-α)1/N > α/N, so the 

rejection region for the coefficient with the lowest p-value is wider than in Bonferroni’s method.  

Practically speaking, however, these differences are miniscule.  The value of the Westfall-Young 

procedure is greater when the p-values are correlated, because in this case a larger rejection 

region can be used.  For example, if the p-values are perfectly correlated, then, under the null, α 

is the αth percentile of their minimum and hence provides an α probability of a Type I error.  As 

N increases, adjustments of this sort can provide a very substantial improvement over the 

Bonferroni α/N cutoff.  Randomization or bootstrap inference to calculate the joint distribution of 

p-values is essential in this improved multiple testing procedure.  Westfall & Young also allowed 

for step-down methods (see also Romano & Wolf 2005b), but, as noted above, they are not 

relevant for this paper. 

While multiple testing has a reputation for reducing power, this is not necessarily the case 

for the manner in which I use it, where the focus is on the existence of any rejection of the null of 

treatment irrelevance.  Bonferroni and Westfall & Young’s single-step cutoffs, or the ordered p-

value cutoff values in Holm’s step-down procedure, mechanically ensure that the probability of 

rejecting the null for a given coefficient cannot increase as additional tests are added.  The 

probability of a rejection of the null by any coefficient, however, can rise or fall, depending upon 

whether the power of the additional tests offsets the loss of power in existing tests.  The same is 

true in joint tests, where adding additional dimensions to the test increases the acceptance region 
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for pre-existing variables, but may nevertheless, depending upon power in the added dimensions, 

increase the probability of rejecting the null.  In results below I show that the frequency with 

which the null of no treatment effects is rejected rises when the poor quality, but voluminous, 

information in later tables is added to the high quality, but limited, information in first tables. 

Joint and multiple tests should be organized around a common theme or null hypothesis 

where the finding of significant results will change beliefs.  There is no point in combining tests 

of unrelated nulls into a joint test, as, in the event of a positive result, one does not know which 

has been rejected.  Similarly, in multiple testing there is no point of saddling the investigation of 

one null hypothesis with tighter rejection regions to maintain overall Type I error rate control 

with an unrelated null hypothesis.  Control of Type I error is most meaningful, and clearly 

interpretable, in the investigation of a unified theme.  This is all the more true when the emphasis 

is on the existence of any rejection of the coefficient nulls, and not the number per se.  Later in 

this paper I organize joint and multiple tests around the themes presented by the authors 

themselves in their regressions and in their organization of results into tables.  

IV:  Results 

 (a) Significance Rates at the Coefficient Level 

Table IV reports the statistical significance of treatment effects using different methods.  

In the upper left-hand panel we see that of the 5792 treatment coefficients appearing in the 53 

papers, using authors’ methods 719 and 1411 are found to be significant at the .01 and .05 levels, 

respectively.  When evaluated using the randomization-t and randomization-c, the number of 

significant coefficients falls to .81 and .86, respectively, of the original rate at the .01 level and 

.90 and .89 at the .05 level.  Significance rates fall less for coefficients presented in the first table 

with main results, and somewhat more in later tables.  Treatment coefficients in regressions with 

covariate interactions do particularly badly, with significance rates falling to .7 of the original 

level at the .01 level.  In OLS regressions with the default covariance matrix there is no 

systematic difference between conventional and randomization results.  Table IV also shows that 

the bootstrap-t and jackknife28 produce significance rates that are generally similar to those of 

randomization inference, while the bootstrap-c universally rejects more often, albeit usually  less 
                                                 

28 I conduct two sided tests using the bootstrapped percentiles of the squared values of t-statistics and 
coefficients, and the jackknifed standard error estimate using the t-distribution with N -1 degrees of freedom. 
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 Table IV:  Statistical Significance of Treatment Effects at the Coefficient Level 

 .01 .05 .01 .05 .01 .05 

 
all tables 

(5792 coefficients) 
first table 

(1127 coefficients) 
other tables 

(4665 coefficients) 

authors’ method 719 1411 271 411 448 1000 

randomization-t 
randomization-c 

.81 

.86 
.90 
.89 

.86 

.86 
.96 
.96 

.78 

.86 
.88 
.86 

bootstrap-t 
bootstrap-c 
jackknife 

.86 

.92 

.83 

.88 

.94 

.86 

.87 

.96 

.91 

.92 

.98 

.92 

.85 

.89 

.78 

.86 

.93 

.84 

 
covariate interactions 
(2333 coefficients) 

 without interactions 
(3459 coefficients) 

OLS default covariance 
(819 coefficients) 

authors’ method 220 529 499 882 73 143 

randomization-t 
randomization-c 

.70 

.73 
.86 
.82 

.86 

.92 
.93 
.93 

.97 
1.05 

.99 
1.05 

bootstrap-t 
bootstrap-c 
jackknife 

.82 

.88 

.75 

.81 

.92 

.84 

.88 

.93 

.87 

.92 

.96 

.88 

1.16 
1.26 
1.03 

1.09 
1.13 
1.01 

   Notes:  .01/.05 = level of the test.  Top row reports number of significant results evaluated using authors’ 
methods; values in lower rows are number of significant results evaluated using indicated method divided by 
the top row.  Authors’ method = p-value evaluated using authors’ chosen covariance estimate and distribution (t 
or normal).  Interactions = treatment measures in regressions which interact randomized treatment with 
participant characteristics or other non-treatment covariates. 

 

than conventional tests.  Bootstrapping using the pivotal t-statistic is generally considered to be 

superior to bootstrapping using the non-pivotal coefficient distribution, as the coverage error of 

the former converges to zero more rapidly (Hall 1992). 

Figure V graphs the randomization-t and -c p-values against those calculated using 

authors’ methods.  As shown, randomization inference often changes p-values dramatically.  In 

the case of results which are conventionally significant, in particular, the changes are substantial.  

Among coefficients whose .01 (.05) conventionally significant p-value is found to be 

insignificant using randomization methods, the average p-value rises from .004 (.024) with 

conventional inference to .058 (.138) using the randomization-t and .069 (.129) using the 

randomization-c.29  Using the randomization-c, where it is less costly to calculate multiple 

                                                 
29In the frequentist world of the *s, **s and ***s reported in economics journals, such comparisons have no 

meaning.  A p-value of .011 is no more significant at the .01 level than a p-value of .11, so all that matters are the 0/1 
changes in significance rates reported in Table IV.  Seminar participants and referees, however, often ask whether p-
value changes are substantial, reflecting, presumably, quasi-Bayesian calculations involving the likelihood of 
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versions of tests, I find that ⅓ of coefficients whose significance is changed at the .01 level 

actually cannot reject the null that the treatment effect is equal in magnitude and opposite in sign 

to that reported by authors.  Given the sensitivity to outliers shown earlier in Figure I, the 

magnitude of these changes is perhaps not all that surprising. 

Table V examines the characteristics of regressions where the randomization test agrees 

and disagrees with the conventional test, focusing on tests at the .01 level using the 

randomization-t (comparisons for the .05 level and the randomization-c are similar and are 

reported in the on-line appendix).  As shown, samples sizes tend to be smaller when the 

randomization test disagrees with the conventional test.  In ¾ of the cases where the 

randomization test reverses a conventionally significant result, the conventional result can be 

changed by deleting only one or two clusters/observations, while the same is true for virtually all 

cases where the randomization test reverses an insignificant conventional result.30  Focusing on 

OLS regressions alone, Table V shows that the concentration of coefficient leverage is higher 

when the randomization test renders significant conventional results insignificant, and the 

concentration of residuals is much larger when the randomization test finds conventionally 

insignificant results to be significant.  Tests for treatment related heteroskedasticity, regressing 

                                                                                                                                                              
outcomes under different hypotheses.  In a similar vein, in a frequentist world a failure to reject doesn’t actually 
confirm the null, but in a Bayesian world large p-values increase its posterior probability, which explains why 
authors emphasize the statistical insignificance of treatment coefficients in regressions related to randomization 
balance and sample attrition. 

30As calculation of the full range of delete-two p-values is extremely costly, I only do so for cases where the 
randomization and conventional results disagree.  When I examine delete-three sensitivity in computationally cheap 
equations with less than 500 observations (about .15 of the remaining cases), I find that all are delete-three sensitive.  
Of the remaining cases where results disagree and are not delete-one or two sensitive, about ½ are in a single paper 
which uses 10 to 18 treatment measures per equation.   

0 0.2 0.4 0.6 0.8 1

conventional p-value

0

0.2

0.4

0.6

0.8

1
ra

nd
om

iz
at

io
n-

t 
p-

va
lu

e

(a) randomization-t

0 0.2 0.4 0.6 0.8 1

conventional p-value

0

0.2

0.4

0.6

0.8

1

ra
nd

om
iz

at
io

n-
c 

p-
va

lu
e

(b) randomization-c

Figure V: Randomization and Conventional P-values
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Table V:  Average Characteristics by Change of Significance at the .01 Level 

 
statistically significant using 

 authors’ method, randomization-t 

 yes, yes yes, no no, no no, yes 

All Regressions N = 548 N = 171 N = 5041 N = 32 

number of clusters/observations 1702 441 1440 418 

delete-one sensitive 
delete-one or -two sensitive 

.159 
 

.585 

.731 
.075 

 
.719 
.938 

OLS Regressions N = 399 N = 90 N = 3401 N = 24 

number of clusters/observations 522 378 845 196 

delete-one sensitive 
delete-one or -two sensitive 

.188 
 

.667 

.778 
.083 

 
.833 
.917 

share of coefficient leverage 
  largest cluster/observation 
  1st percentile 
  5th percentile 
  10th percentile 

 
.040 
.076 
.216 
.359 

 
.101 
.161 
.351 
.520 

 
.050 
.102 
.273 
.413 

 
.027 
.046 
.164 
.266 

share of squared residuals 
  largest cluster/observation 
  1st percentile 
  5th percentile 
  10th percentile 

 
.057 
.122 
.315 
.454 

 
.078 
.144 
.307 
.432 

 
.088 
.166 
.336 
.463 

 
.489 
.548 
.723 
.789 

 treatment related heteroskedasticity  .546 .378 .273 .083 

   Notes:  N = number of coefficients in the cell, otherwise each number is the average for observations in that 
cell.  The following are 0/1 indicators:  delete-one or two sensitive (conventional statistical significance changes 
with such deletions); treatment related heteroskedasticity (coefficient resides in a regression which rejects the 
homoscedastic null at the .01 level). 

the squared residuals on treatment variables, find that the homoskedastic null is rejected less 

frequently in regressions where the randomization test disagrees with the conventional.31  Since 

average but varying treatment effects produce heteroskedasticity that is associated with treatment 

variables, this makes it hard to dismiss differences between randomization and conventional 

results as reflecting problems of randomization inference in the presence of heterogeneous 

treatment effects.    

Regression analysis, in the on-line appendix, finds that delete-one sensitivity and the 
                                                 

31I report results using Koenker’s (1981) test.  Results with Wooldridge’s (2013) F-test are virtually identical.  
The Breusch-Pagan (1979) test produces rejection rates of (moving left to right in the columns of the table) .67, .56, 
.46 and .96, but its distribution is based upon the null of iid and normal disturbances.   
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percentile shares of coefficient leverage are robust determinants of disagreement between 

randomization and conventional results when the latter are significant, while delete-one 

sensitivity and the percentile shares of residuals are robust determinants of disagreement when 

conventional results are insignificant.  When included alongside these measures, the number of 

clusters/observations and dummy variables for a first table, treatment interaction with participant 

characteristics or a default covariance matrix are easily rendered statistically insignificant.  Thus, 

differences along such dimensions reported in Tables IV and V can be ascribed to the 

concentration of leverage and residuals and delete-one sensitivity.   

It would be nice to argue that the agreement of randomization and conventional results in 

OLS regressions with default covariance estimates in Table IV indicates that Type I errors on the 

part of conventional inference explain the difference between randomization and conventional 

results.  When authors believe that the nature of residuals allows them to apply methods that are 

accurate in small samples, randomization and conventional results agree, not only on average, but 

in the specifics as well.32  The problem with this argument is that regression design is 

systematically superior in OLS regressions of this type and, as shown by the analysis mentioned 

in the previous paragraph, this can explain the similarity of randomization and conventional 

results in this case.  Concentrated leverage produces a sensitivity to outliers, generating 

disagreement between conventional and randomization results, and systematic bias in favour of 

rejection when using robust and clustered covariance estimates.  Given that the problems are 

highly correlated, regression analysis of the causes of conventional/randomization disagreement 

does not generate results that are robust enough to specification changes to convince a sceptic. 

One can argue that the bootstrap shows that average differences between randomization 

and conventional inference can largely be attributed to the Type I errors of conventional tests 

under population sampling.  The bootstrap samples from the experimental data, where the 

population moment is known, to calculate the distribution of test statistics around null values.  

Insofar as these distributions, when used to evaluate the original results, reduce the frequency of 

significant results close to those found using randomization tests, they suggest that false 

                                                 
32In OLS regressions that use the default covariance matrix, the randomization-t only renders a conventionally 

significant result insignificant in 4 of 72 cases at the .01 level and 3 of 143 cases at the .05 level, and these are offset, 
in both cases, by a randomization finding that 2 results that were conventionally insignificant are significant (with all 
cases being delete-one or two sensitive).   
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rejections of the null can explain the discrepancy between randomization and conventional 

results.  The bootstrap-t, which is the asymptotically more accurate version of the two bootstraps 

(Hall 1992), produces average rejection rates that are very close to those of randomization 

inference.  However, a sceptic might note that using an asymptotically accurate method, albeit 

one that is asymptotically more accurate, to establish the small sample distortions of other 

asymptotically accurate methods is, if not humorous, at the very least not utterly compelling. 

 Another approach is to re-evaluate significance in clustered/robust OLS regressions using 

“effective degrees of freedom” adjustments which correct for the excess variability in standard 

error estimates brought on by concentrated leverage and, as shown in Young (2016) in 

simulations with iid normal disturbances using the OLS equations of this sample, render 

statistical inference using these methods nearly exact.  I find that these corrections lower 

significance rates in clustered/robust OLS regressions by the same amount as the randomization-

t.  Moreover, the two methods agree as to which of the authors’ significant coefficients should be 

reclassified as insignificant in more than 70 percent of cases.  Of course, the actual disturbances 

in the data are not iid-normal, so one can question these results as well. 

The alternative is to argue that the average differences between conventional and 

randomization results in Table IV reflect Type II errors, i.e. a relative lack of randomization 

power.  The size distortions of authors’ methods, a flaw when the null is true, are a positive 

feature when it is false, as they increase power.  If randomization tests are less sensitive to 

outliers, it is also likely that they will be less able to detect heterogeneous treatment effects.  The 

problem with this argument is that most of the cases where randomization inference disagrees 

with conventionally significant results are delete-one or –two sensitive.  If these are Type II 

randomization errors, they indicate extremely skewed outcomes, raising very serious questions 

about the positive and normative interpretation of results.  It is doubtful that these are the sort of 

“average” treatment effects that most authors, had they been aware of this sensitivity, would want 

to hang their hats on.   

(a) Significance Rates using Joint and Multiple Testing Procedures 

In this section I report the frequency with which any rejection of any null is found using 

joint and multiple testing procedures.  I organize this testing in the way results are presented by 

authors.  First, at the regression level, I ask whether any treatment measure had a non-zero effect  
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Table VI:  Statistical Significance of Joint Tests at the Regression Level 
(regressions with multiple treatment regressors) 

 .01 .05 .01 .05 .01 .05 

 
all tables 

(998 regressions) 
first table 

(218 regressions) 
other tables 

(780 regressions) 

significant coef. 
conventional F 

348 
.89 

576 
.75 

109 
.83 

144 
.84 

239 
.91 

432 
.72 

randomization-t 
randomization-c 

.69 

.73 
.62 
.61 

.74 

.77 
.75 
.74 

.66 

.71 
.57 
.57 

bootstrap-t 
bootstrap-c 
jackknife 

.66 

.84 

.78 

.60 

.70 

.65 

.74 

.83 

.81 

.75 

.81 

.77 

.62 

.85 

.77 

.55 

.66 

.62 

 
covariate interactions 

(464 regressions) 
 without interactions 

(534 regressions) 
default covariance 
(201 regressions) 

significant coef. 
conventional F 

151 
.93 

278 
.74 

197 
.86 

298 
.75 

72 
.85 

122 
.66 

randomization-t 
randomization-c 

.59 

.66 
.58 
.55 

.76 

.78 
.65 
.67 

.76 

.86 
.58 
.66 

bootstrap-t 
bootstrap-c 
jackknife 

.57 

.80 

.72 

.53 

.66 

.59 

.73 

.87 

.83 

.66 

.74 

.71 

.81 

.97 

.90 

.61 

.69 

.66 

   Notes: top row in each panel indicates number of regressions with one or more conventionally significant 
coefficients at the level specified; lower rows reports number of regressions which reject the joint null as a 
fraction of top row. 

 

on the outcome of the regression.  This corrects for the fact that authors are, often quite explicitly, 

examining whether any of multiple treatment measures had an impact on the dependent variable.  

Second, at the table level, I ask whether one can reject the null that all treatment measures, in all 

regressions presented in a given table, have zero effects.  Authors organize their tables around a 

theme, e.g. “Did treatment have any effect on any of the following list of outcomes?” or “What is 

the evidence that treatment, examined using a variety of regression specifications, had an effect 

on a key outcome of interest?”  Readers need some way to evaluate the multiple results that are 

presented, taking into account their joint distribution within and across regressions.  Finally, at 

the paper level, I stack all treatment coefficients in all regressions and ask whether it is possible 

to reject the null that treatment had no effect anywhere, i.e. is simply irrelevant. 

Table VI presents the statistical significance of treatment effects in joint tests at the 
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regression level in regressions with more than one treatment regressor.  In the top-line of each 

panel I report the number of regressions where at least one significant coefficient is found at the 

level specified, leading the reader, given the almost universal absence of a reported F-test, to 

conclude that treatment was having a significant effect on the dependent variable.  When a 

conventional F-test is applied, the number of regressions that can reject the null of no treatment 

effects falls by .11 at the .01 level and .25 at the .05 level.  Randomization versions of these tests 

lower significance rates further, by about .3 and .4 of the original level at the .01 and .05 levels, 

respectively.33  Regressions in first tables do better, with only a .25 reduction in significance rates 

at both levels using randomization tests.  Regressions outside of first tables, or in tables which 

interact treatment with non-treatment characteristics, do especially badly, with .3 to .4 and .4 to 

.45 reductions in significance rates at the .01 and .05 levels, respectively.  In regressions which 

use the default covariance estimate, the conventional F-test reduces significance rates 

substantially with results that, once again, are quite close to those found using randomization 

inference.  Bootstrap and jackknife results are in rough agreement with randomization inference, 

with the bootstrap-c once again providing the most generous results.   

 The greater resiliency to joint testing of regressions in first tables can be attributed to two 

factors.  First, to begin with, these regressions have less extreme coefficient leverage and 

residuals, and consequently have conventional p-values which are less subject to size distortions 

and less sensitive to outliers.  In Table VI the rejection rate of joint randomization tests is 

approximately .9 that of the conventional F test in regressions from first tables, whereas it is 

between .65 and .8 of the conventional F in regressions from other tables or with covariate 

interactions.  Second, there is, quite simply, much less multiple testing in first tables.  When they 

have at least one significant result and more than one treatment variable, regressions outside of 

first tables have an average of 6.1 treatment variables.  In contrast, in such cases regressions in 

first tables have an average of 4.8 treatment variables.  Results presented in first tables are more 

reliable, with less extreme leverage and residuals, sensitivity to outliers and multiple testing.  

Table VII presents significance rates for joint tests at the table and paper level.  Once  

                                                 
33As in the case of coefficients earlier, most changes are not trivial.  Where a regression has a minimum 

conventional p-value below .01 (.05), but the randomization joint test does not reject at that level, the average 
randomization-t p-value rises to .12 (.21), while that of the randomization-c rises to .18 (.25). 
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Table VII:  Statistical Significance of Joint Tests at Table & Paper Level by Level of Test 

 .01 .05 .01 .05 .01 .05 

 
all tables 

(203 tables) 
first table 
(53 tables) 

other tables 
(150 tables) 

significant coef. 126 168 37 45 89 123 

randomization-c .45 .51 .46 .53 .44 .50 

bootstrap-c  .54 .50 .54 .56 .54 .48 

 
no interactions 

(120 tables) 
with interactions 

(83 tables) 
paper level 
(53 papers) 

significant coef. 72 97 54 71 50 52 

randomization-c .46 .54 .44 .48 .48 .58 

bootstrap-c  .63 .56 .43 .42 .54 .71 

  Notes: as in Table VI, except the unit of analysis is the table or paper. 

 

again the top row of each panel reports the number of tables or papers where at least one 

conventionally significant result can be found, and lower rows report the relative number of 

significant results found using the randomization-c and bootstrap-c.  All of these tests are 

“omnibus” tests, in that they stack the coefficients from multiple regressions, including, 

depending upon how the authors have organized their results into tables, multiple dependent 

variables (i.e. outcomes). As shown, no matter whether in all tables, first tables, other tables, or 

tables without or with interactions, the frequency with which randomization tests reject the null 

of zero treatment effects at the .01 and .05 level is only about .45 and .50, respectively, of the rate 

at which at least one conventionally significant treatment effect is found somewhere in the table.  

As elsewhere, the bootstrap-c is often more generous, but nevertheless still dramatically reduces 

the number of significant results. 

 Table VII brings to light three interesting facts.  First, in only 37 of 53 first tables with 

main results do authors report a statistically significant effect at the .01 level.  Overall, however, 

authors find .01 significant effects in 50 of the 53 papers.  Thus, in many cases strong 

conventional evidence of statistical significance at the coefficient level is only found later in 

regressions with more leverage and more treatment measures.  Second, randomization inference 

finds that in only 17 (.46 of 37) of the 53 papers is there sufficient evidence in the first table to 
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reject the null that treatment is having no effect at the .01 level.34  Thus, in the tables where 

authors address, presumably, the issues of greatest economic significance using regressions 

which are econometrically most reliable, there is limited evidence that treatment matters.  Third, 

while the information presented in later tables is less reliable on a case by case basis than that 

given in first tables, it is cumulatively important.  First tables typically have 21.3 treatment 

regressors in 9.1 regressions covering 2.8 outcomes.  Later tables have an average of 31.1 

treatment regressors in 10.3 regressions covering 3.8 different outcomes.  While each coefficient 

p-value is less reliable, there is a greater quantity of information and this leads to similar relative 

randomization and bootstrap rejection rates of the null that treatment is having no effects. 

With this background, it is possible to understand why the omnibus test applied at the 

paper level, as is done in the last panel of Table VII, is not prejudiced against authors’ results.  

The randomization omnibus test at the paper level finds that 24 of the 53 papers reject the null at 

the .01 level.  15 of the 17 rejections of treatment irrelevance using first table information alone 

are retained, and 9 additional rejections are found. 35  The many regressions presented in later 

tables do not saddle the joint test with low powered results or tests of patently true nulls.  Rather, 

while individually unreliable, they cumulatively provide additional evidence that experimental 

treatment is not irrelevant.  A joint hypothesis test merely asks if anything is going on, not what 

is going on, and in this context the addition of all of the information presented on the common 

theme of treatment effects in a paper is a boon, not a tax.  Although authors find .01 significant 

treatment effects in 50 of the 53 papers, and randomization inference finds them in only 24, this 

is not because the omnibus test dilutes strong evidence with noise.  Rather, it is because in their 

most important and highest quality regressions, in their first tables, authors present relatively little 

evidence of significant treatment effects, so that additional support must come from poorer 

quality, highly leveraged, regressions which explore treatment interactions with participant 

characteristics.  Such was, no doubt, the original intent of authors in presenting these additional 

specifications, and the omnibus test of experimental significance, at the paper level, makes use of 

this information in precisely that manner. 
                                                 

34Once again, the p-value changes are very large.  Where a first table has a conventional p-value that is below 
.01 (.05), but the omnibus test does not reject at that level, the average omnibus randomization p-value is .27 (.39).   

35However, in papers that report at least one result with a p-value less than .01 (.05) but randomization 
inference does not reject at that level, the omnibus paper randomization p-value remains high, averaging .27 (.37). 
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Table VIII:  Presence of at Least One Significant Coefficient at Regression Level 
with Multiple Testing Type I Error Rate Control 
(regressions with multiple treatment measures) 

 .01 .05 .01 .05 .01 .05 

 
all tables 

(998 regressions) 
first table 

(218 regressions) 
other tables 

(780 regressions) 

significant coef. 348 576 109 144 239 432 

   Bonferroni: 
randomization-t p-value 
randomization-c p-value 
bootstrap-t p-value 
bootstrap-c p-value 
jackknife p-value 

 
.58 
.62 
.63 
.67 
.62 

 
.56 
.58 
.59 
.64 
.58 

 
.62 
.68 
.69 
.74 
.72 

 
.77 
.78 
.76 
.83 
.78 

 
.56 
.59 
.60 
.63 
.57 

 
.49 
.52 
.54 
.58 
.51 

   Westfall-Young: 
randomization-t p-value 
randomization-c p-value 
bootstrap-t p-value 
bootstrap-c p-value 

  
.58 
.63 
.64 
.70 

 
.59 
.60 
.61 
.68 

 
.62 
.69 
.71 
.77 

 
.78 
.80 
.79 
.85 

 
.56 
.61 
.62 
.66 

 
.52 
.54 
.55 
.62 

   Notes: as in Table VI, except lower rows indicate number of regressions with at least one significant 
coefficient using multiple testing procedures as a fraction of top row. 

 

One possible criticism of the joint tests presented above is that they dissipate power by 

combining treatment regressors that the authors believed might have positive effects with 

treatment regressors that were introduced, along with control, merely to demonstrate their 

insignificance.  Thus, while accepting that the many regressions and specifications presented in 

tables after the first contribute to the rejection of the null, one might still argue that the joint tests 

listed above reduce power by combining treatment placebos with genuine treatment.  Absent pre- 

analysis plans, which are not reported in any paper, there is no way to objectively evaluate the 

validity of this argument.  One can give it maximum credence, however, by using multiple testing 

procedures, increasing, as noted earlier above, power to reject the null along the axes at the 

expense of power when multiple coefficients take on non-zero values.  Such tests are presented in 

Tables VIII and IX.  As usual, the top row reports the number of regressions, tables or papers 

where at least one significant coefficient is found, leading readers to conclude, absent multiple 

testing corrections, that treatment was having significant effects.  The lower rows report the 

number of cases where at least one significant coefficient is found using multiple testing 

procedures as a share of this baseline value.  I concern myself only with whether any significant  
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Table IX:  Presence of at Least One Significant Coefficient at Table & Paper Level with  
Multiple Testing Type I Error Rate Control 

 .01 .05 .01 .05 .01 .05 .01 .05 

 
all tables 

(203 tables) 
first table 
(53 tables) 

other tables 
(150 tables) 

paper 
 (53 papers) 

significant coef. 126 168 37 45 89 123 50 52 

   Bonferroni: 
randomization-t p 
randomization-c p 
bootstrap-t p 
bootstrap-c p 
jackknife p 

 
.37 
.40 
.40 
.52 
.43 

 
.49 
.50 
.48 
.55 
.50 

 
.41 
.46 
.46 
.68 
.51 

 
.64 
.64 
.58 
.64 
.62 

 
.35 
.38 
.37 
.45 
.39 

 
.43 
.45 
.44 
.51 
.46 

 
.42 
.48 
.42 
.58 
.46 

 
.65 
.65 
.58 
.63 
.63 

   Westfall-Young: 
randomization-t p 
randomization-c p 
bootstrap-t p 
bootstrap-c p 

 
.44 
.45 
.43 
.55 

 
.56 
.58 
.53 
.60 

 
.51 
.51 
.51 
.68 

 
.71 
.73 
.62 
.73 

 
.40 
.43 
.39 
.49 

 
.50 
.52 
.50 
.54 

 
.44 
.50 
.44 
.58 

 
.69 
.69 
.65 
.77 

   Notes:  as in Table VIII, except the unit of analysis is the table or paper.   

effect is found, not how many, as the finding of even one significant coefficient is sufficient to 

reject the null that all treatment was irrelevant.  

Tables VIII and IX show that, by and large, multiple testing procedures produce fewer 

rejections of the null of no treatment effects than joint tests.  At the regression level (Table VIII), 

Bonferroni and Westfall-Young multiple testing procedures using randomization inference p-

values produce around .6 of the number of rejections suggested by the minimum reported 

conventional p-value in all tables, .6 to .8 of authors’ rejections in first tables, and .5 to .6 in other 

tables.  This generally compares poorly with the ratios of .6 to .7 in all tables, .75 in first tables, 

and .6 to .7 in other tables reported earlier in Table VI’s joint tests at the regression level.  At the 

table and paper level (Table IX), multiple tests based upon randomization inference have .01 

relative rejection rates that often fall below the minimum of .44 for the randomization-c found 

earlier in Table VII’s joint-analysis.  The only appreciable improvement is an increase in the .05 

relative rejection rate for first tables and in the omnibus paper-level test from approximately .55 

in Table VII to .65 or .7 with multiple testing procedures.  As expected, Westfall-Young’s 

procedure, which substitutes the estimated joint distribution of p-values for Bonferonni’s 

conservative use of Boole’s probability inequality, produces systematically higher rejection rates, 
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particularly when large numbers of comparisons are made in tables and papers.  Outside of .05 

size for first tables and complete papers, however, these remain at or below the level found with 

joint tests.  In sum, with some exceptions, shifting power to the axes either lowers or does not 

improve the rate at which significant treatment effects are found.  Dismissing ex-post joint and 

multiple testing adjustments as inappropriate on the grounds that ex-ante some treatment 

measures and regressions were intended to matter while all others were considered irrelevant 

placebos, mischaracterizes the actual pattern of results found in my sample, where more often 

than not rejections of the null are found when tests emphasize the possibility of multiple 

treatment measures having moderate, if individually insignificant, effects. 

V.  Conclusion 

The results presented above do not reflect negatively, in any way, on the authors in my 

sample or randomized experiments in general.  Conventionally significant results which are 

sensitive to outliers and overturned with resampling methods is not a problem unique to these 

papers, and may be much worse in other fields, as shown by my study of instrumental variables 

regressions mentioned earlier.  The virtual universal absence of joint or multiple tests at any level 

in papers that have passed through numerous seminar presentations and the scrutiny of 

knowledgeable referees points, again, to problems with professional practice, rather than 

individual deficiencies.  That said, there is no reason not to address these issues as their practical 

relevance becomes increasingly apparent.  Randomized experiments aspire to achieve the highest 

standards of identification.  They can equally aspire for the highest standards of inference which, 

in finite samples, absent the chimera of iid normal errors, can only be attained through 

randomization tests of individual, joint and multiple sharp nulls. 

Beyond advocating randomization inference, the results of this paper, and the on-going 

research of others, suggest there is value added in paying attention to regression and experimental 

design.  Balanced designs lead to uniform leverage with conventional results that are less 

sensitive to outliers, less subject to size distortions with robust/clustered covariance estimates, 

and more similar to randomization inference.  Balanced designs also enhance the asymptotic 

properties of randomization inference in the presence of heterogeneous treatment effects (Janssen 

1997, Chung & Romano 2013, Bugni, Canay & Shaikh 2017).  As noted earlier, regressions with 
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multiple treatments and treatment interactions with participant characteristics generate 

concentrated leverage, producing coefficients and clustered/robust standard errors that depend 

heavily upon a limited set of observations.  Rather than maintain the fiction that identification 

and inference comes from the full sample, more robust finite sample and asymptotic results can 

be achieved by breaking the experiment and regression into groups (e.g. based on treatment 

regime or participant characteristics), each with a balanced treatment design. 

Consideration of experimental and regression design can also play a role in joint and 

multiple testing.  While the omnibus and single-step procedures used in this paper can evaluate 

the general question of treatment relevance, more discerning results can be achieved if 

regressions are designed in a fashion that allows step-down procedures to control the Type I error 

or false discovery rate (e.g. Holm 1979, Westfall & Young 1993, and Benjamini & Hochberg 

1995).  Practically speaking, to allow for this tests have to be set up in a fashion that allows 

subset pivotality (Westfall & Young 1993), where the distribution of each randomization test 

statistic is independent of the nulls for other treatment results.  Dividing regressions into mutually 

exclusive samples is a trivially easy way to ensure this.  Where it is desirable to explore multiple 

related specifications in a single sample, an omnibus joint test can be used to generate a 

combined p-value and these results then incorporated into step-down procedures.   

Pre-analysis plans, as in Neumark (2001) and Casey, Glennerster & Miguel (2012), are 

increasingly seen as a means of enhancing research credibility by figuratively tying researchers’ 

hands.  Randomization inference both liberates and burdens the design of such plans.  On the one 

hand, it is not actually necessary to pre-specify the details of each regression, as explicit search 

algorithms that learn from and adapt to the data can be used, with the finite sample distribution of 

such results under sharp nulls reliably uncovered by rerandomizing and repeating the algorithm.  

On the other hand, in pre-specifying an analytical approach careful consideration needs to be 

given to whether the resulting regression designs will be balanced and whether it is advantageous 

to fashion them so as to allow step-down procedures. 
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