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Abstract

| follow R.A. Fisher’s The Design of Experimentsjng randomization statistical
inference to test the null hypothesis of no treatinedfect in a comprehensive sample of 2003
regressions in 53 experimental papers drawn framaihrnals of the American Economic
Association. Randomization F/Wald tests of thaisicance of treatment coefficients find that
30 to 40 percent of equations with an individualiynificant coefficient cannot reject the null of
no treatment effect. An omnibus randomization ¢éstverall experimental significance that
incorporates all of the regressions in each pdpds fthat only 25 to 50 percent of experimental
papers, depending upon the significance level asi] &re able to reject the null of no treatment
effect anywhere. Bootstrap and simulation mettsagigport and confirm these results.
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Nikiforakis, Rohini Pande, Michael Keith Price, dtiman Robinson, Dan-Olof Rooth, Jeremy Tobacmanistiin
Vossler, Roberto A. Weber, and Homa Zarghamee.



I: Introduction

In contemporary economics, randomized experimam@seen as solving the problem of
endogeneity, allowing for the identification andimestion of causal effects. Randomization,
however, has an additional strength: it allowstlfi@r construction of exact test statistics, i.et. tes
statistics whose distribution does not depend wgsymptotic theorems or distributional
assumptions and is known in each and every sanifd@domized experiments rarely make use
of such methods, relying instead upon conventienahometrics and its asymptotic theorems.
In this paper | apply randomization tests to ranidech experiments, using them to construct
counterparts to conventional F and Wald testsgfficance within regressions and, more
ambitiously, an exact omnibus test of overall digance that combines all of the regressions in a
paper in a manner that is, practically speakinigasible in conventional econometrics. | find
that randomization F/Wald tests at the equatioellesduce the number of regression
specifications with statistically significant tresnt effects by 30 to 40 percent, while the
omnibus test finds that, when all treatment outceopgations are combined, only 25 to 50
percent of papers can reject the null of no treatraffect. These results relate, purely, to
statistical inference, as | do not modify publishedressions in any way. | confirm them with
bootstrap statistical inference, present empisgallations of the bias of conventional methods,
and show that the equation level power of randotitizdests is virtually identical to that of
conventional methods in idealized situations wiemreventional methods are also exact.

Two factors lie behind the discrepancy betweernrdialts reported in journals and those
produced in this paper. First, published papealsdaonsider the multiplicity of tests impliciti
the many treatment coefficients within regressiand the many regressions presented in each
paper. About half of the regressions presentekperimental papers contain multiple treatment
regressors, representing indicators for differezdtinent regimes or interactions of treatment
with participant characteristics. When these regjoss contain a .01 level significant
coefficient, there are on average 5.8 treatmensnreg, of which only 1.7 are significant. | find
treatment measures within regressions are genenailyally orthogonal, so the finding of a
significant coefficient in a regression should lmed as the outcome of multiple independent
rolls of 20-sided or 100-sided dice. However, ddilyof 1036 regressions with multiple

treatment measures report a conventional F- or Wésldof the joint significance of all treatment



variables within the regressionWhen tests of joint significance are applied féaver

regressions show significant effects. | find thdtlitional significant results appear, as additiona
treatment regressors are added to equations va#pars, at a rate comparable to that implied by
random chance under the null of no treatment eff€gtecification search, as measured by the
numbers of treatment regressors, produces addisagraficant results at a rate that is consistent
with spurious correlation.

While treatment coefficients within regressions largely orthogonal, treatment
coefficients across regressions, particularly sigamt regressions, are highly correlated. The
typical paper reports 10 regressions with a treatroeefficient that is significant at the .01 level
and 28 regressions with no treatment coefficieat ih significant at this levél.| find that the
randomized and bootstrapped distribution of théfments and p-values of significant
regressions are highly correlated across equatwamte the insignificant regressions are much
more independent. Thus, the typical paper preseats/ independent tests that show no
treatment effect and a small set of correlated tigsit show a treatment effect. When combined,
this information suggests that most experiment mavsignificant effects. | should note that
this result is unchanged when | restrict attentinly to regressions with dependent variables that
produce a significant treatment coefficient inestdt one regression. Thus, it is not a
consequence of combining the results of regressibwariables that are never significantly
correlated with treatment with those concerningaldes that are consistently correlated with
treatment. Dependent variables that are foune teignificantly related to treatment in a subset
of highly correlated specifications are not sigrafitly related to treatment in many other,
statistically independent, specifications.

The second factor explaining the lower signifiaafevels found in this paper is the fact

that published papers make heavy use of statiggchhiques that rely upon asymptotic theorems

These occur in two papers. In an additional 8assjpns in two other papers the authors make emptt
to test the joint significance of multiple treatrhemeasures, but accidentally leave out some tredgtmeasures. In
another paper the authors test whether a lineabica@tion of all treatment effects in 28 regressieqaals zero,
which is not a test of the null of no treatmenteff but is closer. F-tests of the equality ohtneent effects across
treatment regimes (excluding control) or in noneoue regressions (e.g. tests of randomization bajaare more
common.

“Naturally, | only include treatment outcome regiess in these calculations and exclude regressions
related to randomization balance (participant ottarsstics) or attrition, which, by demonstratimg torthogonality
of treatment with these measures, confirm the iiatevalidity of the random experiment.
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that are largely invalidated and rendered systealitibiased in favour of rejection by their
regression design. Chief amongst these methodbarebust and clustered estimates of
variance, which are designed to deal with unspatifieteroskedasticity and correlation across
observations. The theorems that underlie thesetrat asymptotic methods depend upon
maximal leverage in the regression going to zewbjrbthe typical regression design it is actually
much closer to its upper limit of 1. High leverag®ws for a greater spread in the bias of
covariance estimates and an increase in theirn@jgroducing an unaccounted for thickening
of the tails of test distributions, which leadgégection rates greater than nominal size. The
failure and potential bias of asymptotic methodperhaps, most immediately recognized by
noting that no less than one fifth of the equatmrel coefficient covariance matrices in my
sample are singular, implying that their covariaesgmate of some linear combination of
coefficients is zero, i.e. a downward bias of 1@€cpnt. | show that the conventional test
statistics of my experimental papers, when corcefiiethe actual thickness of the tails of their
distributions, produce significant results at rates are close to those of randomization tests.

Conventional econometrics, in effect, cannot mieetdtemands placed on it by the
regressions of published papers. Maximal leverapegh in the typical paper because the
authors condition on a number of participant obaleles, either to improve the precision with
which treatment effects are estimated or conviceptical referees and readers that their results
are robust. These efforts, however, underminaslyenptotic theorems the authors rely on,
producing test statistics that are biased in fawfwejecting the null hypothesis of no treatment
effect when it is true. Randomization inferenaaybver, remains exact regardless of the
regression specification. Moreover, randomizairdarence allows the construction of omnibus
Wald tests that easily combine all of the equateamd coefficient estimates in a paper. In finite
samples such tests are a bridge too far for cora@iteconometrics, producing hopelessly
singular covariance estimates and biased tesstatativhen they are attempted. Thus,
randomization inference plays a key role in essaliig the validity of both themes in this paper,
the bias of conventional methods and the importaheggregating the multiplicity of tests
implicitly presented in papers.

The reader looking for a definitive breakdown df tiesults between the contribution of

the multiplicity of tests and the contribution bEktfinite sample bias of asymptotic methods
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should be forewarned that a unique deconstructidhi®sort simply does not exist. The reason
for this is that the coverage bias, i.e. rejecpombability greater than nominal size, of
conventional tests increases with the dimensignefithe test | find, both in actual results and
in size simulations, that the gap between conveatiand randomization/bootstrap tests is small
at the coefficient level, larger at the equatiorel§combining coefficients) and enormous at the
paper level (combining all equations and coeffitsem the few instances where this is possible
using conventional techniques). If one first usasventional methods to move from coefficients
to equations to paper level tests (where it isiptesso implement them conventionally) and then
compares the paper level results with randomizagests, one concludes that the issue of
multiplicity is of modest relevance and the gapasetn conventional and randomization
inference (evaluated at the paper level) explaiostrof the results. If, however, one first
compares conventional and randomization resultseatoefficient level and then uses
randomization inference to move from coefficiemt®¢uations to paper level tests, one
concludes that the gap between randomization andecional inference is small, and
multiplicity (as captured in the rapidly declinisggnificance of randomization tests at higher
levels of aggregation) is all important. The ewdilon of these differing paths is further
complicated by the fact that power also compounitts thhe dimensionality of the test, and that
tests with excess size typically have greater ppwhkich, depending upon whether one wishes to
give the benefit of the doubt to the null or theemdative, alters ones view of conventional and
randomization tests.

Although | report results at all levels of aggregat | handle these issues by focusing on
presenting the path of results with maximum créidybi F/Wald tests of the overall significance
of multiple coefficients within an equation are eemntly familiar and easily verifiable, so | take
as the first step the conventional comparison dividual coefficient versus equation level

significance. The application of conventional F/\d#dsts to equations with multiple treatment

3A possible reason for this lies in the fact thaterage bias relative to nominal size for each iiotial
coefficient is greater at smaller nominal probaieii, i.e. the ratio of tail probabilities is greaat more extreme
outcomes. In the Wald tests below, after the foangation afforded by the inverse of the coeffitcieavariance
matrix, the test statistic is interpreted as beéhegsum of independently distributed squared randamables. As
the number of such variables increases, the dritadae for rejection is increased. This requitesyever, an
accurate assessment of the probability each squaneldm variable can, by itself, attain increasiregttreme
values. As the dimensionality of the test incregbés assessment is proportionately increasingbng and the
overall rejection probability rises.
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measures finds that 12 and 26 percent of equatairiee .01 and .05 level, respectively) that
have at least one significant treatment coefficestfound to have, overall, no significant
treatment effect. Allowing for single treatmenteficcient equations whose significance is
unchanged, these conventional tests reduce theerurhlbquations with significant treatment
effects by 8 to 17 percent at the .01 and .05 $vekpectively. Moving further, from the
equation to the paper level, using conventionahdance estimates for systems of seemingly
unrelated equations is largely infeasible, as thegance matrices produced by this method are
usually utterly singular. | am able to calculatelsa conventional test for only 9 papers, and
simulations show that the test statistics haveaextlinarily biased coverage (i.e. a .30 rejection
probability at the .01 level). Hence, it is notdible to advance to the paper level analysis using
conventional methods.

I find, in simulations, that the power of randontiaa tests at the equation level is almost
identical to that of conventional methods. Consedly, the next step in the presentation of
results is the movement from conventional F/Wasdstat the equation level to comparable
randomization tests. | find that these reducentimaber of significant treatment effects further,
for a cumulative reduction (from the coefficientdd) of 35 to 40 percent in equations with more
than one treatment measure and 30 percent in thre sample. Thus, up to this point, the
difference between conventional and randomiza#sults accounts for % to % of the reduction
in significance levels, with the multiplicity ofsts, as embodied in the conventional F/Wald test,
accounting for %2 to ¥. The final step in the patthe movement from equation to paper level,
where | employ an omnibus Wald randomization téstverall significance which stacks all of
the treatment coefficients of all outcome regrassioHere, between %2 and % of papers cannot
reject the null of no treatment effect. | compime power of these tests to conventional
counterparts for the easily simulated and calcdlafeecial case where the cross-equation
correlation of coefficients is zero, and find thesbe weaker. If, however, | restrict attention to
the 36 to 40 papers where the power of the randatiniz test is very close to that of a
conventional counterpart, I still find that ¥2%toof papers cannot reject the null of no treatment
effects at the .01 level, while .4 to .6 cannogcethe null at the .05 level. Based upon the path

just described, about half of this final result t@nattributed to accounting for the multiplicitly o



tests implicitly present in reported results anduthalf to the difference between randomization
and conventional results.

The bootstrap, which confirms the randomizatiomltss plays an important supporting
role in this paper. Randomization tests are elracause they are based upon Fisherian thought
experiments regarding experimental outcomes foreml fexperimental sample. Readers raised
on Neyman'’s population sampling approach to steséisinference might find more credibility in
the population resampling of the bootstrap. Thet&toap distributions not only confirm the
randomization results on statistical significartmg, also the within and cross equation correlation
of coefficients that provides intuition for resuylés noted above. In the paper | present
simulations using ideal disturbances applied toegtenating equations of my sample papers
which show that conventional methods produce rigiectates that are greater than nominal size.
| then show that these simulated distributions,wiheed to evaluate the papers’ conventional test
statistics, produce significant results at a r&teoat identical to that of randomization inference,
I.e. that the error and bias in the evaluatiorhefdistribution of conventional test statistics
explains almost all of the discrepancy in resuRgaders might doubt these, seeking more
realistic simulations that reproduce the complexedation of errors across observations and
equations and the mixture of no treatment effeatsactual treatment effects (nulls and
alternatives) present in the data. For these, tieeg look no further than the bootstrap results,
which use the experimental samples to simulateligtebution of the test statistics under the
conditions actually present in the population, asdnoted already, reproduce the outcomes of
the randomization tests.

Notwithstanding its results, this paper confiring value of randomized experiments.

The methods used by authors of experimental paperstandard in the profession and present
throughout its journals. Randomized statisticlr@nce provides a solution to the problems
identified in this paper, avoiding a dependencasymptotic theorems that produce inaccurate
and biased finite sample statistical inferenceatving the simple calculation of omnibus tests
that incorporate all of the regressions and testsir an analysis. While, to date, it rarely appea

in experimental papers, which generally rely upaditional econometric methods, can easily

*Of the 54 experimental papers that otherwise nieettiteria for inclusion in my sample (discussed
below), only one uses randomization statisticatri@fce throughout (and hence is not included irfitiad sample),
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be incorporated into their analysis. As proverLbimann (1959), only a permutation test, and
none other, can provide a finite sample exactdeatmean difference between two populations
that does not depend upon knowledge of the chaistits of the disturbancésThus,
randomized experiments are ideally placed to sbbta the problem of identification and the
problem of accurate statistical inference, makhegr doubly reliable as an investigative tool.
The paper proceeds as follows: Section Il explénat the 53 paper/2003 regression
sample is as comprehensive and non-discrimina®poasible, using virtually every paper
published in the American Economic Review, AmeriEaonomic Journal: Applied Economics
and American Economic Journal: Microeconomics reagehy a search on the American
Economic Association (AEA) website that satisfiesetof criteria derived from the needs and
objectives of the analysis (i.e. public use datafilés, data on participant characteristics that a
used to condition regressions, and regressionsifieatonventional statistical inference but can
be analysed using randomization techniques). ABOudercent of the regressions are ordinary
least squares (OLSand about 70 percent use the clustered or roltistate of covariance.
Section Ill provides a thumbnail review of the thethat underlies later empirical results.
| show that an asymptotic maximum leverage of pdags a role in many asymptotic theorems
and that much of the sample is far from this idedtty an average maximum leverage of .491
and .616 in robust and clustered OLS regressiespectively. | argue, and later show, that
maximal leverage determines the coverage biasstf tesing the robust and clustered covariance

matrices. The theory underlying randomization bodtstrap statistical inference is reviewed

while one other uses randomization inference tdyaraesults in some regressions and one moreatadi¢hat they
confirmed the significance of results with randoaian tests. Wilcoxon rank sum tests are repdrtddur other
papers. These non-parametric tests are not ramdtom tests, although Stata describes them asdav
randomization based Fisher exact distributions.cloulate the distribution of a test statisticdzhapon
randomization inference, one must replicate thelmarization process. Stata’s Wilcoxon test reshafffeatment at
the observation level (under the assumption ofpedeence within groups), but these tests are umspdgers which
applied treatment in groups or stratified treatmdiénce, the distributions used to evaluate thed@tistic are not
the distributions that could have been producedtutite randomization null.

*This integrating result, proving the importance~@herian inference in a Neyman population sampling
setting, is of relevance to a potential criticistmandomization inference. Randomization inferealtews exact
tests of sharp hypotheses, i.e. hypotheses theif\gpeprecise treatment effect for each partictdanthe case of
this paper, a zero effect for all participantd)ddes not provide exact tests of non-sharp hypethee.g. a mean
average treatment effect of zero with unknown ittistion across participants. That said, other m@shdo not
provide distribution free exact tests either (a&ytepend upon knowledge of the distribution ofatrer term
which, if the average treatment effect has an unkndistribution, becomes heteroskedastic in an anknfashion).

®Throughout the paper | use the term regressiordbypallowing it to denote any statistical proceeltinat
yields coefficient and standard error estimates.
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and several alternative measures, with differembrétical properties, are presented. In
particular, | note that Stata’s (and authors’) dé#fenethod of calculating the bootstrap is based
upon a method whose rejection probability convetgesminal size at a rate O(f), i.e. no
better than that of standard asymptotic normal@pprations. In contrast, a well-known
refinement of the bootstrap, based upon pivotdissizs, converges at a rate Gjrand, in
application, produces systematically higher p-val{ie. lower significance levels).

Section IV presents the main empirical resultbedin by reviewing the results on
statistical significance and within and across équacoefficient correlation discussed above. |
then present size simulations, using data based apersion of each regression in which
treatment has no effect and the disturbances e& iid, and show that the robust and clustered
covariance matrices produce test statistics thieat01 level have average rejection probabilities
of .02 to .03 in OLS samples and .045 in non-Olgdassions when the null is true. Rejection
probabilities of .5 or .6, at the .01 nominal le\agpear in particular regressions. These results
carryover to environments where the disturbancegaarfrom ideal, i.e. cluster correlated or
heteroskedastic. | show that maximal leveragewatsdor virtually all of the average size bias
of tests based upon the robust and clustered @naaimatrices in situations with ideal or non-
ideal disturbances. When the distributions produmesize simulations are used to evaluate the
conventional test statistics in my experimental gi@ntheir significance levels move close to
those of randomization tests. In sum, coverage, biae to the unaccounted for excess thickness
of the tails of distributions based upon robust eladtered covariance estimates, can explain
virtually all of the discrepancy between random@aatnd conventional results.

While randomization inference is exact when thi¢isurue, experimenters might be
concerned about its performance when the nulllsgfaTo address these fears, Section IV
includes simulations of power based upon data wtaké each regression’s estimated treatment
effects as part of the data generating procefiad that with ideal iid errors the equation level
power of randomization tests is, for all intentsl @irposes, identical to that of OLS regressions
using the default covariance matrix. Thus, intaagion where both conventional and
randomization inference are exact and have accsiatethey have identical power as well.
However, in non-OLS settings | find the power aidamization tests is slightly lower than that

of conventional methods. When the authors’ comaeaestimation methods, with their
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systematic underestimation of test statistic vemmtare substituted, the gap in power becomes
greater, but is still very small compared to thiéedences that appear when conventional and
randomization tests are applied to the papers thlwes As noted earlier, power differences are
much larger at the paper level. Neverthelesséf @stricts the implementation of the omnibus
test of overall experimental significance to casbsre the power of the randomization test is
within .01 of that of conventional tests in simidat one still finds that %2 &% of my sample
cannot reject the null of no treatment effecthat.01 level. In sum, power does not explain the
results reported in this paper. Section V condude

This paper follows R.A. Fisher, who in The DesajrExperiments (1935) introduced the
dual concepts of randomization tests and null Hygsas, arguing that permutations of possible
treatments provided a “reasoned basis” of testiegiull hypothesis of no effect without resort to
distributional assumptions such as normality. &ishargument can be brought 80 years up to
date simply by noting that it avoids dependencasymptotic theorems as well. Randomized
allocation of treatment has played a role in meditals and social research for decadeésit the
growth of randomized experiments in economics aemn years is largely due to Kremer and
Miguel (2004), whose seminal field experiment spdrlan enormous literature in development
and other areas of economics. Duflo, Glennerstdrkaemer (2008) provide a useful overview
of methods. The growing dominance of randomizqekarments in development research has
inevitably led to a debate about its merits, with examples, Deaton (2010) providing a thought-
provoking critique arguing that randomized expenisdace conventional econometric problems
and Imbens (2010) making the case for the impoetafiedentification and the accuracy of
randomization inference. This paper affirms badwpoints, showing just how seriously biases
in conventional econometric methods can undernmfeeénce in randomized experiments, while
arguing that randomization inference, availableyd@althese papers, provides a natural solution
to such problems.

The tendency of White’s (1980) robust covarian@rix to underestimate the sampling
variance of coefficients and produce rejectiongdtigher than nominal size was quickly

recognized by MacKinnon and White (1985). The rataextension of White’s single

"For a description of some of the early social eixpents, and the problems they faced, see Burtl3a5)
and Heckman and Smith (1995).
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observation method to correlated group data, theteted covariance matrix, has also been found
to produce excessively high rejection rates in stnens by Bertrand, Duflo and Mullainathan
(2004) and Donald and Lang (2007). This papergmsssimulations, with iid and non-iid errors,
for 2000 published regressions with the robust camae matrix and 1000 regressions with the
clustered covariance structure, affirming theseltesn a broad practical setting. Chesher and
Jewitt (1987) identified the link between maximuemdrage and bias bounds for robust
covariance matrices, while Chesher (1989) extettidednalysis by showing how maximal
leverage determines bounds on the variance of asgand, hence, the thickness of the tails of
the test statistic distributions. In this paperdvide systematic evidence that leverage, and not
sample size, determines the empirical coveragedbitest statistics based upon robust and
clustered covariance estimates. The idea of etrafuthese test statistics using the distributions
generated under ideal iid disturbances is pregergrious forms, in Kott (1996), Bell and
McCaffrey (2002) and Young (2016), and has beemesedl by Imbens and Kolesar (2015). In
Young (2016), in particular, | show that this geates nearly exact inference on individual
coefficients in my experimental sample in simuladédations where the disturbances are far
from ideal. In this paper | show that the actuaientional F/Wald statistics of my experimental
sample, when evaluated using these ideal distabstiproduce significance rates that are very
close to those generated by randomization metfasdalready noted above.

The addition of multiple treatment measures amerattions to estimating equations is a
form of specification search. The need to find samay to evaluate, in its entirety, the
information generated by specification searchesfustsaised by Leamer (1978), who
addressed the problem using Bayesian methods. p@per follows Leamer in recognizing that
specification search is in many respects a napawlof scientific inquiry and should be neither
condemned nor ignored completely, but instead pm@ted in some fashion into our evaluation
of evidence. | use F/Wald tests of multiple treattincoefficients to combine the information
implicit in multiple tests within equations. | ex@ne the rate at which the progressive addition of
more treatment measures and interactions, withpensa produces additional significant results
and compare it to that generated by random chamderdhe null. | use an omnibus test to
combine all the treatment information in all of tiegressions run in a paper. In this last, the

integrity of authors in the presentation of the snapecifications they ran allows, through the
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explicit consideration of the covariance of all g#giations, a null hypothesis test that fully
incorporates all of the information generated bgcsjcation search.

All of the results of this research are anonymiz&tus, no information can be provided,
in the paper, public use files or private discussregarding the significance or insignificance of
the results of particular papers. The public wse files of the AEA provide the starting point
for many potential studies of professional methads they are often incomplete as authors
cannot fully anticipate the needs of potential ssétlence, studies of this sort must rely upon the
openness and cooperation of current and futureoesuthFor the sake of transparency, | provide
code and notes (in preparation) that show how paplr was analysed, but the reader eager to
know how a particular paper fared will have to exedhis code themselves. Public use data
files (in preparation) provide the results and @ipal characteristics of each regression and
anonymized paper, allowing researchers to reprothecables in this paper and use the

randomization, bootstrap and simulation data ithimranalysis.

ll. The Sample

My sample is based upon a search on www.aeawebsang the keywords "random"” and
"experiment” restricted to the American Economiwiee, American Economic Journal:
Applied Economics and American Economic Journakrgieconomics which, at the time of its
last implementation, yielded papers up throughMlaech 2014 issue of the AER. | then dropped
papers that:

(a) did not provide public use data files or Stidfile codé;

(b) were not randomized experiments;

(c) did not have data on participant charactesstic

(d) already used randomization inference throughou

(e) had no regressions that could be analyzedywamdomization inference.

Public use data files are necessary to performaaalysis, and | had prior experience with Stata
and hence could interpret do-files for this prognaerat relatively low cost. Stata appears to be
by far the most popular regression programme mlitarature.

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

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

gConditional on a Stata do-file, a non-Stata fordwth file (e.g. in a spreadsheet or text file) aesepted.
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place in universities or research centres or réngitheir subjects from such populatiois}he
sessional treatment of laboratory experiments iganerally explicitly randomized, but when
queried laboratory experimenters indicated thay thedieved treatment was implicitly

randomized through the random arrival of partictpan different sessions. | noted that field
experiment terminology has gradually crept intoolabory experiments, with a recent paper
using the phrase "random-assignment” no less t@dimks to describe the random arrival of
students to different sessions, and hence decodedlude all laboratory experiments that met
the other criterid® Laboratory experiments account for 15 of the &8gus but only 197 of the
2003 regressions. The results for laboratory expats are not substantially different than those
for field experiments.

The requirement that the experiment contain datpaoticipant characteristics was
designed to filter out a sample that would use ste@am multivariate regression techniques with
estimated coefficients and standard errors. Tdred me the task of working through a large
number of laboratory experiments, which tend toheate data on participant characteristics, use
atypical econometric methods and whose passiveorazation might raise concerns, while
leaving enough lab papers and regressions to slee iesults generalized to this sample as well.
Conditional on a paper having public use data atigi@ant characteristics, however, | included
all regressions in a non-discriminatory fashiomjuding uncommon methods such as t-tests with
unequal variances and test of differences of ptapws, as long as they produce a
coefficient/parameter estimate and standard eiBoibject to the other criteria, only one paper
used randomization inference throughout, and wagp#rd. One other paper used randomization
inference for some of its regressions, and thigpapd its non-randomization regressions were
retained in the sample.

Not every regression presented in papers baseaholomized experiments can be
analyzed using randomization inference. For randaton inference to be possible the

regression must contain a common outcome obsemeer wifferent treatment conditions. This

°A grey area is experiments that take place in fileldoratories”. If the experimental population is
recruited from universities, | term these lab ekpents (two papers), despite their location off pam

%A couple of lab papers tried to randomize expljgilly assigning students to sessions, but fourictiiey
had to adjust assignment based upon the wishesrtifipants. Thus, these papers are effectivelgaomizing
implicitly based upon students’ selection of sessj@and | treat them as such in my analysis.
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Is often not the case. If participants are rangognlen different roles and the potential action
sets differ for the two roles (e.g. in the dictatecipient game), then there is no common
outcome between the two groups that can be examimeother cases, participants under
different treatment regimes do have common outcomésauthors do not evaluate these in a
combined regression. Consider for example an @xpeet with two treatments, denoted by T
equal to 0 or 1, and the participant characteristie". Under the null of no treatment effect, the

regression
(1) y =a +BrT + Bagaige +Pragel “age +e

can be analysed by re-randomizing treatment T agradicipants, repeatedly estimating the
coefficientspr andpr+age, @nd comparing their distribution to the experitaéiy estimated
coefficients. In many cases, however, authorsgmtebis regression as a paired set of "side-by-
side" regressions of the form yo=+ Bygage +¢ for the two treatment regimes. These regressions
are compared and discussed, but there is no fata@dtical procedure given for testing the
significance of coefficient differences across esgions. Within each regression there is no
coefficient associated with treatment, and hencevapto implement randomization inference.
One could, of course, develop appropriate convaatiand randomization tests by stacking the
regressions into the form given by (1), but thipligitly involves an interpretation of the
authors’ intent in presenting the side-by-side @sgions, which could lead to disputéd. make
it a point to always, without exception, adheré¢h® precise regression presented in tables.
Within papers, regressions were selected if, vahg (e) above, they allow for
randomization inference and:

(f) appear in a table and either involve a cogdfit estimate and standard error or a p-
value;

(g9) pertain to treatment effects and not to aryamaof randomization balance, non-
experimental cohorts, sample attrition or firstgsgtaegressions that do not involve
treatment outcomes analysed elsewhere in the paper;

while tests were done on the null that:

Ystacking the regressions very often also raiseiiadal issues. For example, there might be more
clusters than regressors in each equation, butrfelvsters than regressors in the combined equatiwdividually,
the covariance matrix of each side-by-side regoesisi non-singular, but if one stacks the regressame ends up
with a singular covariance matrix. This issue. (im®re regressors than clusters) is present in rpapgrs which use
the clustered covariance matrix. One could argagit implicitly exists in this side-by-side exalmms well, but
only if one agrees that the stacked regressiontheaauthors’ actual intent.
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(h) randomized treatment has no effect, but ppeid characteristics or other non-
randomized treatment conditions might have an anfae.

In many tables means are presented, without stdretesrs or p-values, i.e. without any attempt
at statistical inference. | do not consider theggessions. Alternative specifications for
regressions presented in tables are often discuissetrounding text, but catching all such
references, and ensuring that | interpret the fipation correctly is extremely difficult (see the
discussion of do-file inaccuracies below). Consedly, | limited myself to specifications
presented in tables. If coefficients appear acnugi$iple columns, but pertain to a single
statistical procedure, they are treated as onessgm. Papers often include tables devoted to an
analysis of randomization balance or sample attrjtwith the intent of showing that treatment
was uncorrelated with either. | do not include ahthese in my analysis. This is of course
particularly relevant to the omnibus tests of ollergperimental significance. To include
regressions specifically designed to show thataemdation successfully led to orthogonality
between treatment and participant characteristidsadirition in the omnibus test of experimental
significance would be decidedly inappropriate Isbalrop 14 first-stage regressions (in iv
presentations) that relate to dependent variabbdsarenot analysed as treatment outcomes
elsewhere in the paper. As discussed later, thexdain to cases, such as take-up of an offered
opportunity, where the influence of treatment canhg construction, be in doubt (e.g. one
cannot take up an opportunity unless one is offédredhance to do so).

I, universally, test the null of no randomizedatraent effect, while allowing
non-randomized elements to influence behaviour. ekample, a paper might contain

a regression of the form

(2) y =a + BrT + Proagel 0*age +Priagel 1*age +e

where T is a 0/1 measure of treatment anpdnid T, are dummies for the different treatment
regimes. The null of no treatment effect is gibgre-expressing the regression as (1) earlier
above and testingr = Brage=0, While allowinga andfageto take on any valu®. In more

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

%n these cases | am "changing” the regression fagation, but the change is nominal. | must alenofess
that in the case of one paper the set of treatnamtoefficients was so restrictive that | coudd see what the null
of no treatment effect was (or if it was even akolly and so dropped that paper from my analysis.
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environmental information provided to participantenbined with other experimental
conditions which were not randomized (e.g. whetherparticipant is offered a convex or linear
payoff in each round). As long as the action spatlee same under the different randomized
treatments, | am able to test the null of no randethtreatment effect by re-randomizing this
aspect across participants, while keeping the aodemized elements constahtSuch cases
are quite rare, however, appearing in only twdhoe¢ papers. In most cases all experimental
terms appearing in the regression were clearlyaamzied and all remaining regressors are clear
non-experimental participant characteristics.

Having established (a)-(h) as my explicit samplection guidelines, to avoid any
implicit (and unknown) sample selection | did ntddw myself the luxury of dropping papers or
regressions as it suited me. This led to unewesideof effort across papers. The randomization,
bootstrap and size analysis for some papers caufgeldormed in less than an hour; for others,
because of sample sizes and procedures, it too& than a year of dedicated workstation
computing power. The do-files for many papersranearkably clear and produce, exactly, the
regressions reported in the papers. Other doffileduce regressions that are utterly different
from those reported in the published paper, whateoghers involve extraordinarily convoluted
code (loading, reloading and reformatting dataragaid again) that could never be implemented
10000 times (in randomization). In between, treeegradations of error and complexity.
Rather than allowing myself to choose which paperse “too hard” to work through, | adopted
the procedure of using the do-files, good or bady guideline to developing shortened code and
data files that would produce, almost exactlthe regressions and standard errors reportectin th
tables of the paper. There are only a handfuégfassions, across three papers, that | could not

reproduce and include in my sample.

¥Thus, in the example just given, | test the nuittihe informational conditions had no effect, whil
allowing the payment scheme to have an effect.

“That is, differing at most in rounding error on soooefficients or standard errors or in the valtiernty
one isolated coefficient or another. Often, in@xgamination, | found that coefficients had beentahkisnly placed
in incorrect columns or rows. | also found thathaus that took the AEA’s instructions to providede that
produced tables too literally, i.e. by having thefille try to extract the coefficients and put thema table,
generated the greatest number of errors. Codenisrglly much more accurate when it simply prodeécssreen
output that the user can interpret.

*0One additional paper had only one treatment reigneswhich | could not come anywhere near
reproducing. It is dropped from my sample.
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Regressions as they appear in the published tabjearnals in many cases do not follow
the explanations in the papers. To give a few glasn

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

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

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

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

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

In addition, as noted earlier, covariance matraresvery often singular, and in many cases Stata
notes this explicitly, either by telling the uskat the estimation procedure did not converge or
that the covariance matrix is remarkably singulartiating a dialogue with authors about these
issues, as well as the many cases where the dosfile does not produce the regressions in the
paper, would have generated needless conflicttedeamoving specification target, and added
yet more time to the three years spent in prepdhiagstimates of this paper. The programming
errors inflicted on authors by their research &asts are enough to drive a perfectionist to
distraction, but have no relevance for this paptiich concerns itself with statistical inference
and not the appropriateness of regression speudiica | mention the above examples to
forestall criticism that the regressions | analgsenot those described in the papers. This paper
analyses statistical inference in regressionse@sdppear in tables in the journals of the
profession, recognizing that in some cases thegessions may not reflect the intent of the
authors.

To permute the randomization outcomes of a paer needs information on
stratification (if any was used) and the code amthods that produced complicated treatment
measures distributed across different data fiftsatification variables are often not given in
public use files nor adequately or correctly ddsamliin the paper. Code producing treatment
measures is often unavailable, and it is often ssjie to link data files, as the same sampling

units are referenced with different codes or withmdes at all. | have called on a large number
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of authors who have generously answered questimhprvided code and data files to identify
randomization strata, create treatment measureBrindata files. Knowing no more than that |
was working on a paper on experiments, these autrawe displayed an extraordinary degree of
scientific openness and integrity. Only two paparsl an additional segment from another
paper, were dropped from my sample because autbatg not provide the information on
randomization strata and units necessary to reerarm treatment outcomes.

Table | below summarizes the characteristics ofimal sample, after reduction based
upon the criteria described above. | examine f& 15 of which are laboratory experiments
and 38 of which are field experiments. A commoaralteristic of laboratory experiments,
which recruit their subjects from a narrow acadepapulation, is that treatment is almost always
administered at the sessional level and implicatydomized, as noted earlier, through the
random arrival of subjects to sessions. 29 optygers in my final sample appeared in the
American Economic Review, 20 in the American Ecommdournal: Applied Economics, and
only 4 in the American Economic Journal: Microecamgs. Turning to the 2003 regressions,
almost 70 percent of these are ordinary least sguagressions and an additional 15 percent are
maximum likelihood estimates (mostly discrete ckamodels). Generalized least squares, in the
form of weighted regressions (based upon a preategisstimate of heteroskedasticity) or
random effects models, make up 3 percent moreeo$déimple, and instrumental variables
account for another 3 percent. | develop a meftbocandomization inference with instrumental
variables, as explained below, but not for ovenided two stage least squares, so | exclude the
latter from my sample. The final residual categ8ogher”, accounts for 9 percent of regressions
and includes quantile regressions, weighted avdraganent effects, population weighted
regressions, seemingly unrelated estimates, tvoostinary least squares regression estimates,
non-maximum likelihood two step Heckman modelgste$ difference of proportions and t-tests
with unequal variance®.

A little under a quarter of the regressions ingaynple make use of Stata's standard or
default covariance matrix calculation. Almost haflfall regressions, however, avail themselves

of the cluster estimate of covariance and abouthe@n@0 percent use the robust option, which is

'8 include t-tests with equal variances, as wekag other Stata command that can be re-expressad as
ordinary least squares regression, under the Otegjagy.
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Table I: Characteristics of the Sample

53 papers 2003 regressio
location journal Type covariance
38 field 29 AER 1378 ordinary least squares 447 standard
15 lab 20 AEJ: Applied Economics 322 maximum likelihood 995 clustered
4 AEJ: Microeconomics 67 generalized least squares 344 robust
55 instrumental variables 126 bootstrap
181 other 91 other

Notes: AER = American Economic Review; AEJ = Ait&n Economic Journal.

a single observation version of the clustered matridiscuss and analyse robust covariance
estimates separately from clustered because thpigigpof observations in clusters makes the
sampling distribution of the test statistic departdgoon a somewhat different measure of
maximal leverage, as explained in the next sectBootstrap and "other" methods (consisting of
the jackknife and the hc3 and brl bias correctioinge robust and cluster options) make up the

remainder of the sample.

lll: Theory

In this section | provide a thumbnail sketch a #tonometric issues and techniques that
underlie later empirical results, focusing on statal inference. First, | lay out the argumerattth
the design of the typical experimental regressimalidates appeals to asymptotic theorems. In
particular, | argue that maximal leverage providesetric of how "asymptotic" the sample is and
that, on this measure, the typical experimentalessjon is indeed very far from asymptopia.
link maximal leverage to variation in the bias aadiance of the clustered and robust covariance
estimates and later show that maximal leveragenahdample size, explains nearly all of the
average empirical coverage bias of tests based tingse covariance matrices. The discussion in
this part is limited to OLS regressions, which astdor 70 percent of all regressions in my
sample. Extensions to some non-OLS frameworkp@ssible, but involve additional
complexity.

Second, having established that there are probhkathsonventional statistical inference

in my sample papers, | present a thumbnail sketttheotheory and methods underlying

"with a respectful tip of the hat to Leamer (2010).
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randomization statistical inference which, givendamization, allows test statistics with
distributions that are exact (i.e. known) regarsliessample size, regression design or the
characteristics of the error term. | establisimiapblogy and describe alternative measures whose
relative power has been theoretically explorediarmbrne out in later empirical simulations.
Finally, as the bootstrap also features in expertaigpapers and provides an alternative
sampling-based procedure for inference, | reviag/iiethod as well. As in the case of
randomization inference, the bootstrap can be Gkdiin a number of ways. | note that the
method implemented by Stata and its users is thieallg known to be less accurate and

systematically biased in favour of rejecting nylpbtheses.

(a) Leverage and the Road to Asymptopia

Consider the regression moget Xp + €, whereg is an n x 1 vector of (possibly non-
normal) disturbances with covariance ma&ix® The hat matrix (Hoaglin and Welsch 1978) is
given by H =X(X'X)™ X' and derives its name from the fact that it putsteomy as
y= Xﬁ = X(X'X) X'y =Hy . The elemenh;; is the derivative of the predicted valueypfvith
respect to observation h;, the influence of observatighon its own predicted value, is known
as the leverage of observatiorH.is symmetric and idempotent, so we have

@ hy =3 =i+ 2 0>,

from which it follows thatl= h, 2 0. Average leverage is given by k/n as

@Hh =%Zhi = Lirace(H) =%trace(X(X'X)‘1X') =%trace(X'X(X'X)‘1) =§.

i n

As the number of observations increases, averagedge falls. However, the maximum

leverage in the samplé&™, need not. For example, if the regression costaidummy variable
for a particular cluster, thg; in that cluster (and by extension the maxinmynalways remains

above 1/g where g equals the number of observations in the clusmum™® Since

'8 follow conventional notation, using bold capietters to denote matrices, bold lower case letters
denote column vectors and lower case letters witiseripts to denote elements of vectors and matrice

®Removing the dummy variable for cluster g from liseof regressors, Ie& denote the residuals of the
remaining regressors projected on that dummy @etare, this means that the values within clusteaeg their
cluster mean removed and all other non-g valuesigehanged). Then, using results on partitionettioes, we
find that for any i in cluster g; = 1/n, + zi’(Z’Z)'lzi > 1/ny, wherez' is the i" observation row oZ.
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h™ >h, =k/n, maximum leverage cannot go to zero unless but n-. co does not
guaranteen™ - 0. As can be seen from (3), when maximum levegags to zero all off-
diagonal elements iH go to zero as well.

Maximum leverage plays a critical, if largely uaserole in standard econometric
theorems. Textbook proofs of the asymptotic cdesisy or normality (in the presence of non-
normal disturbances) clA} for example, typically start by assuming thatlihet as n— « of
X'X/n =Q, a positive definite matrix. As shown in the amelappendix, a necessary condition
for this is thath!™ go to 0. When this condition does not hold, rieraktive proof of
consistency and normality exists, as Huber (198tjved that iflim ,__ h™ >0 then at least
one element oﬁ is in fact not a consistent estimator of the cgpomding element ifi and, in
the presence of non-normal disturbances, is nohpsytically normally distributed® The
intuition for these results is trivial. With noregligible maximum leverage, the predicted value
for some observations is moving with the error ®for those observations. This can only
happen if some of the estimated parametefsdre moving as well. Consequently, it is not
possible for the probability that all elementsﬁoﬂeviate fromp by more than epsilon to fall to
zero, as some must always remain dependent up@tdatigastic realization of a small number of
disturbances. Moreover, the dependence upon d sumaber of disturbances eliminates the
averaging implicit in central limit theorems, soys®elements oﬁ retain the distributional
characteristics of non-normal errors.

Maximum leverage also plays a role in determinhgfinite sample behaviour of the
robust and clustered covariance estimates. Withstochastic regressors, the estimated

coefficients of the regression model described aeliave the well-known covariance matrix
(5) V =EB-B)B-B) = E[(X'X) ™ X'ee'X(X'X) ] = (X'X) " X'EX(X'X) ™

The robust and clustered covariance matrices dcalated using the formulas:
(6) Vi = Co(XX)  X{EIX(X'X) ™ Vg = 6o (X'X) "X {EEIX(X'X) ™

wherec denotes a finite sample adjustment, subscriptakeservation and g a cluster,

“Huber actually showed that that some of the fiffgedicted) values of; will neither be consistent nor, in
the event of non-normal disturbances, normal. &the fitted values are a fixed linear combinatbthe
coefficients, it follows that at least one coeffict must not be consistent or normal.
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& andg, the estimated residuals of observation i and dlusteespectively, and where | use the
notation {a} to denote a diagonal or block diagomatrix with diagonal elements a. White
(1980) argued that, under certain assumptigrds a consistent estimator ¥fwhenX is
diagonal, and&/¢ is a natural extension of his work to the caserefids block diagonal by
cluster. White (1980) assumed that the limit asa of X"X/n =Q, a positive definite matrix,
so it is perhaps not surprising to find that legeralays a key role in determining the bias and
variance of the robust and clustered covariancmasss.

In Young (2016) | show that whenis distributed iid normal bounds on the bias @f th
robust and clustered estimates of the varianceyfiaear combinationv of the estimated

coefficientsﬁ are given by:

(7) cr@-h™) < <cr@-N"), Cq A=A ({H ) <

B vl BVl ¢ ¢ -2 ((H )
where h™ and h™" are the maximum and minimum diagonal elementseftt matrix

(leverage) and™™{{Hy}) and A™"({Hyg}) the maximum and minimum eigenvalues of the block
diagonal matrix made up of the sub-matrices othidematrix associated with the cluster
observations. In referring to clustered covariagstamates, | shall use the term “maximal
leverage”, somewhat loosely, to dendt&{{Hyg}), as in theoretical results this is the cluster
counterpart ofh™.

Intuition for this bias result can be found by ddesing the way in which least squares
fitting results in an uneven downward bias in tize ®f residuals. To this end, let the symmetric
and idempotent matril = | — H denote the “residual maker”, as the estimatediveds are
given bye =y -y =My = M(XB +¢&) =Me. Consequentlyg, =m's, wherem; is the 1" row of
M?! and the expected value of tffesiquared residual has a downward bias determined by
leverage a£(¢?) = E(mige'm ) =m{o*}m, = o°m, = o*(L-h,), where | have made use of the
fact thatM is idempotent and the assumption that distributed iid. The conventional OLS
estimate of variance treats all residuals symmadtyicsumming them and dividing by n-k. This

yields an unbiased estimateddfas (n-k)'Zs*(1-hi) = (n-k)'s*(n-k) =c* The robust covariance

'm is the I" column ofM, but asM is symmetric,m! is also the'f row.
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estimate, however, is an unevenly weighted funatiotie residuals, which allows a bias that is
determined by the range of the bias of the resgdull the case of the clustered covariance
estimate, which places uneven weight on clusterssifluals, the range of bias is greater as
AM{Hggh) > h™ andi™"({Hgg)) < h™ (as proven in Young 2016). In practicd)"({ Hgg)

and h™" vary little, as they must lie between 0 and k/nilei™{{Hyg}) and h™ vary a lot, as
they lie between k/n and 1. Thus, variation in et leverage is the principal determinant of
the range of potential bigs.

Leverage also plays a role in determining thearaxe of the robust or clustered
covariance estimate and hence, by extension, itkntss of the tails of the distribution of the
test statistic. Consider the linear combinatiocaéfficients given by = x;, wherex;' is the in
observation row oK. In this case, the robust estimate of the vaeian‘(w’ﬁ is given byw'Vgw
= e X (X'X)TXLERX(X'X) %, = cshi{£%}h, , whereh;' is the I" row of H. Ash;, the leverage of
observation i, increases, all the othg(j # i) elements oh; go to zero, as can be seen in (3)
above. Consequently, the covariance estimate plaeght on a smaller and smaller subset of
residuals and, in the limit, depends upon only @sgdual. This reduced dimensionality
increases the variance of the variance estimata) astimate made up of a smaller number of
random variables is more variable. In Young (201é3tablish the following bounds on the
“effective degrees of freedom” that characterizedrstribution of the t-statistic for any
hypothesis test based upon a linear combinatidheoéstimated coefficients using the robust and

clustered covariance estimates when the errorrdisbees are iid normal:

® n-k=zedfy >max( (h™)™ -1), min(n-1,n-k)=edf, =max@A™ {H} ™ -1
wheren. is the number of clustefs. The n-k and a1 degrees of freedom typically used to
evaluate test statistics based upon these covarraatrices are the upper bound on the realized
distributions, i.e. actual tails can only be thick®an is customarily assumed.

Equations (7) and (8) describe bounds. If, howewee thinks of different hypothesis

?’Across my sample of 1378 OLS regressions, the atdrdeviation ofy,™" is .027, while that off;™ is
.383; similarly, across the 827 OLS regressionstvisiuster, the standard deviatioBf'({ Hyg}) is .001, while
that of A"({Hg}) is .616.

**The bounds for robust covariance estimates inr{@)(&) can be found in Chesher and Jewitt (198@) an
Chesher (1989). Those for the clustered case wamextension of their results.
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tests as producing results that randomly rangeimitiese bounds, it is easy to see why high
maximal leverage leads to biased statistical imiege As maximal leverage rises, the range of
bias increases, producing over and under estimatéth good finite sample correctioog and

cal, the covariance estimates may remain, on aveuaigased” However, since they appear in
the denominator of test statistics, their variatiojm Jensen’s inequality, increases the average
absolute value of test statistics which tends iserthe average rejection rate across all
hypothesis tests. High maximal leverage also aleffective degrees of freedom to fall, i.e. the
higher variance of the covariance estimate prodtigeker tails than indicated by the n-k gfIn
degrees of freedom used to evaluate the testtgtgtigising rejection rates above the putative
nominal size of the test. This effect tends tadpice higher than nominal rejection rates in all
hypothesis tests. Because of a strongly positiblged covariance estimate, it is possible that
actual size remains less than nominal value inpamiicular test, but, on average, across all
hypothesis tests, the variation in bias and exeasation in the covariance estimate produce
higher than nominal rejection rates.

The practical relevance of the theoretical issugsudsed above is shown in Table II,
which summarizes key features of OLS regressioigdes my sample of experimental papers.
As shown in the top row, the dependent variablectlly takes on very few values and in 43
percent of regressions is, in fact, a 0/1 dichotasnaariabl€”®> The share of the modal y value is
also typically quite high, exceeding .5 in %2 ofnegsions and, extraordinarily, .96 in 1726f the

sample?® Not surprisingly, tests of the normality of rasids reject the null, at the 1 percent

?since, with iid errors, thdiresidual underestimates its own variance by, the average residual
underestimates its own variance B{(iL-h;) = (n-k)/n. This suggests an n/(n-k) finite saenpbrrection, which is
what is typically used fovg. | find, in Young (2016), that when applied tb@LS regressions in my sample this
produces an average bias in the estimate of thengar of individual treatment coefficients of .9. the case of
Vi, Stata applies an (n-1JM-k)(n-1) correction in the case of the reg or areg ehest commands, which, for large
n and B, is approximately equal to n/(n-k). | find thhist produces an average bias in the estimate ofatiance of
individual treatment coefficients in the cluster@dS regressions of my sample of .98. In the césleeoxtreg fe
clustered command, however, Stata uses (d{bYa+k)(n--1), where k is the number of fixed effects. This
produces systematically lower p-values than therettse identical areg command. Three papers iisanyple use
the xtreg fe clustered command in 100 regressindd éind that the alternative degrees of freedaljustment
reduces the variance estimate by .85 on averagesdanane instance.

*These are linear probability models, not probitogits.

“Including two regressions with 33103 observationwhich the y variable takes on an alternate védue
only 4 observations and 7 other regressions, withtd 840 observations each, in which the y vaeiadkes on an
alternate value in 1 observation alone.
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Table II: Regression Design in the Sample Pap&8gDLS regressions)
meanmin .01 .05 .10 .25 50 .75 .90 .95 .99 max

Cumulative distribution of y values and normalifyresiduals
#ofyvalues | 325 2 2 2 2 2 12 135 500 2545 13€
Modal share | .4673€* .001 .005 .021 .125 .528 .735 .917 .963 .993 .9999
Normalityof € [.011 0 0 0 O 0 0 1& e6e* .011 .422 .848

Cumulative distribution of leverage

h, 051 2¢° 1¢* 1€® .002 .008 .026 .058 .148 .207 .330 .533

hi™ 383 4¢> 2¢* .002 .008 .025 .196 .729 1 1 1 1

Vg h™ 491 .001 .001 .002 .011 .170 .404 1 1 1 1 1

Ve h™ 409 4e® 26* .002 .006 .031 .251 1 1 1 1 1

Vo AM™{Hyg) | 616 96* 016 .038 .053 221 .725 1 1 1 1 1

Notes: astands for a*10 Normality = p-value in Stata's sktest of nornyatif residuals based on skewness
and kurtosis. ¥ & V¢ = leverage distribution measures calculated ferli4 and 827 OLS regressions,
respectively, which use the robust or clustereiinese of covarianceh, and h™, average and maximum
leverage.A"*{{ Hygt)= maximum eigenvalue of the block diagonal matriade up of the elements of the hat
matrix associated with the cluster groups.

level, 94.8 percent of the time. This discretersess consequent non-normality of coefficient
estimates impairs the accuracy of conventionaliiigmce tests as the F and &distributions
do not properly describe the distribution of teatistics. Using the simulated and bootstrapped
distribution of coefficients, | find, however, thabn-normality does not generate any systematic
bias, as the variance adjusted tails of the nomabcoefficients are not systematically thicker
than those implied by the normal distribution. €equently, | relegate formal analysis of this
issue, which concerns accuracy but not bias, tothine appendix. Discreteness also generates
heteroskedasticity and within this paper | makeafdais feature to highlight the failings of
robust covariance estimates.

Moving to the independent variables, we see tiatypical paper has an average
leverage of .051, indicating about 20 observatarsregressor, with about 5 percent of the
sample showing an average leverage greater thae..2ss than 5 observations per regressor.

Despite having an average of 5300 seemingly asytopibservations per regression, maximal
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leverage tends to be quite high, averaging .383eandeding .729 in one quarter of regressions.
These results have implications for the normalftgstimated coefficients. The third row
examines the 164 OLS regressions which use thest@stimate of covarianc¥g), where
leverage affects both normality and the accuradh®fcovariance estimate. Here, unfortunately,
maximal leverage is higher, averaging .491 and léggdl. in 32 percent of the robust covariance
estimate sample. In the 827 OLS regressions wiselthe clustered estimate of covariance
(Va), the situation is, effectively, much worse. VW¢hihe average maximum observation
leverage is .409, the average maximal eigenvaldleeoblocks of the hat matrix associated with
the cluster groups, which is what matters for thasaérices, is .616, with 39 percent of the
sample showing a maximum eigenvalue of 1.

Readers familiar with leverage will know thatdtpossible to make too much of high
leverage values. Just as the influence of levepagestimated coefficients depends upon its
interaction with residual§, so does its influence on consistency, normality esvariance
estimation. Consider the case where regressiakes on the value of 1 for observation #1, and
0 for all others. The estimated residual for obaton #1 will always be zero and its leverage,
and the maximum leverage in the regression, edualhe estimated coeﬁicierfil onx; will be
inconsistent and, if the disturbance is non-normah-normal as well. However, none of this
matters at all for the remainder of the regressidrere the estimated coefficients, residuals and
standard errors (robust or otherwise) are complatelependent of observation #4,and ,[A3’1.
Consequently, assuming asymptotically vanishingtdage in the remaining observations, they
are consistent and normal with a covariance métakis asymptotically consistently estimated
by the unbiased robust or clustered covarianceixnafihis extreme example may have some
relevance, as | find that regressions with a makieveerage of 1 in my sample do not have as
much coverage bias as a linear extrapolation eteffmight suggest. They remain, however,
substantially biased in favour of rejecting thelnul

Huber (1981, p. 162), in his study of robust stats, advised

...large values difi; should serve as warning signals that theliservation may have a
decisive, yet hardly checkable, influence. Vallaes 0.2 appear to be safe, values
between 0.2 and 0.5 are risky, and if we can cotiteodesign at all, we had better avoid
values above 0.5.

"For a discussion see Fox (2008).
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Huber's concern was the sensitivity of coefficiestimates to particular observations. In this
paper | take coefficient estimates as inviolatel facus on the accuracy of tests of significance.
The bounds presented above show how badly leveaybias statistical inference. With a
maximal leverage of .5, the downward bias of theacance estimate can be as high 50 percent
and the effective degrees of freedom reduced ite.1distributional tails with a thickness equal to
that reached when n-k = 1. In this context, Hebesutionary advice is perhaps worth

considering.

(c) Randomization Statistical Inference

Randomization statistical inference provides exests of sharp (i.e. precise) hypotheses
no matter what the sample size, regression desighavacteristics of the disturbance term. The
typical experimental regression can be describegas'p: + Xi'Bx + &, wheret; is a vector of
treatment variablé8 andx; a vector of other causal determinants;pthe dependent variable of
interest. Conventional econometrics describestigstical distribution of the estimatfd as
coming from the stochastic draw of the disturbaecm ¢;, and possibly the regressors, from a
population distribution. In contrast, in randontiaa inference the motivating thought
experiment is that, given the sample of experimedeicipants, the only stochastic element
determining the realization of outcomes is the canided allocation of treatment. For each
participant, yis conceived as a determinate function of treatméty) following the equation
given above and the stochastic realizatioty détermines the statistical distribution of the
estimatedds. As such, it allows the testing of sharp hypséisenvhich specify the treatment
effect for each participant, because sharp hypethetkthis sort allow the calculation of the
realization of the estimates for any potential random allocation of treatmditie Fisherian
null hypothesis of no treatment effect is thét )y= yi(0) for all i and all treatment vectotsi.e.
the experiment has absolutely no effect on anygyeant. This is not a null of zero average
treatment effect, it is a null of no effect whatsereon any participant.

An exact test of the Fisherian null can be consediby calculating all of the possible

realizations of a test statistic and rejectindnd bbserved realization in the experiment itself is

“Which may contain interactions with non-treatmemracteristics, as in the caseBpfgl*age in (1)
earlier above.
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extreme enough. Specifically, let the maffixcomposed of the column vectdrslenote the
treatment allocation in the experiment. In thadgpexperiment this matrix has a countable
universeQ of potential realizations. Say there are N elesen®, with T, denoting a particular
element. Let f(,) be a statistic calculated by inserting mafrjinto the estimating equation
given earlier above, and lefl) denote the same statistic calculated using theabtreatment
applied in the experiment. Under the null of reatment effect,;y= x;'Bx + &; is the same no
matter which treatment is applied, i.e. experimeotdcomes would have been exactly the same
regardless of the specific randomized draw pfrom Q, so f(T,) can be calculated by
regressing the fixed observed values;ajrythe fixed regressoxs and randomly varied

treatment vectot;. The p-value of the experiment’s test statigigiven by:
13 1Y
(9) randomizabn p-value = NZIn(>TE) + U*NZIH(:TE)
=1 n=1

where }(>Tg) and K(=Tg) are indicator functions for fgJ > f(Tg) and f(T,) = f(Tg), respectively,
and U is a random variable drawn from the unifoistrdbution. In words, the p-value of the
randomization test equals the fraction of potemtiatomes that have a more extreme test
statistic added to the fraction that have an etpstlstatistic times a uniformly distributed random
number. In the on-line appendix | prove that gmgalue is always uniformly distributed, i.e. the
test is exact.

The randomization p-value in (9) above is baséelyson the null hypothesis of no
treatment effect, and the fact that treatment waw/d randomly fronf2. Consequently, under
the null its distribution does not depend upon darsjze or any assumptions regarding the
characteristics of;yx ande;. This makes it vastly more robust than convemti@sonometric
technigue. Moreover, its power against alternatigevirtually identical to that of conventional
tests in situations where they are exact, as statgnin the paper. The use of random draws to
resolve ties, however, can be awkward from a ptasenal perspective. In my sample, a
presentationally relevafitnumber of ties appear in the case of only one ianghe test, two

papers. Consequently, | remove those papers terdiscussion and analysis in later sections

2By “presentationally relevant” | mean ties thatssahe .01 or .05 levels used in the discussides fhat
are above these cutoff points, e.g. the p-valigedmewhere between .7 and .8, are not presergtyioelevant
because, regardless of the draw of U, the testatlireject the null at the selected significareeel.
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and set U = 0 in all other cases, i.e. resolved¢h®ining (minimal) ties fully in favour of
rejecting the null of no treatment effect.

In the analysis below, for theoretical reasons@ssed with both randomization
inference and the bootstrap, | make use of thregormization based test statistics. The first is
based upon the comparison of the Wald statistitee€onventional econometric test of the null
hypothesis of no treatment effect. The Wald diatfer the conventional test is given by
ﬁ; (Tn)V(ﬁt (Tn))‘lﬁt (T.), wheref}t andV(ﬁt) are the regression’s coefficient estimate of the
treatment effect and the estimated variance ofdbefficient estimate, so this method in effect
calculates the probability

L0) By (T,)V(B.(T,) B, (T,) > B (Te)V(B,(Te) "B (Te).
| use the notation(,) to emphasize that both the coefficients and daxmae matrix are
calculated for each realization of the randomizedhd ,, from Q. Since the p-values of Wald
tests are monotonic in the test statistic, thizasically a comparison of the p-value of the Wald
test of no effect performed on the original sanggainst the distribution of p-values produced by
the universe of randomized iterations, and heneé tlub this test the randomization-p.

An alternative test of no treatment effects, saimib some bootstrap techniques, is to
compare the relative values ﬁ{f(Tn)V(ﬁt (Q))‘lﬁt (T.). whereV(ﬁt ()) is the covariance of
ﬁt produced by the universe of potential draWsIn this case, a fixed covariance matrix is used
to evaluate the coefficients produced by each marzed drawT , from Q, calculating the

probability
@D B (T,)V(B, () B (T,) > BL(T)V(B, () B, (Te).

In the univariate case, this reduces to the squfaitee coefficients divided by a common variance
and hence, after eliminating the common denominaftboth sides, is basically a comparison of
squared coefficients. | refer to this comparisbonaefficients as the randomization-c.

Between the randomization-p and randomizatioms &n intermediate case in which the
standard errors of individual coefficients are a#dted for each randomized drdw, but their

full covariance matrix is not. The test statisti¢his case calculates the probability

12 t, (T,)pB. (@)t (T,)>t, (TP, ()L, (Te)
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wheret, (T,) is the vector of t-statistics for the treatmergfticientsp; associated with
realizationT, and p(ﬁt (Q)) is the correlation matrix of, produced by the universe of potential
drawsQ. This intermediate case allows for studentizealyais in multi-equation cases where
individual coefficient standard errors are easdynputed for eacfi, but the calculation of the

full multi-equation coefficient covariance matrixproblemati¢’ In the univariate casg,is

simply the scalar 1, and this reduces to a compaua$ the squared t-statistics. Hence, | call this
comparison of studentized coefficient estimateganelomization-t.

Any randomization test is exact, so the choiceesf statistic should be based upon
something other than size, such as power. Lehr(f859) showed that in the simple test of
mean differences between treatment and cofititeé randomization-t and randomization-p
(which are identical in this univariate case) amgarmly most powerful and asymptotically
identical to the conventional t-test of no treatteffect. This result may be more general than
Lehmann’s specific case suggests as | find, in kitimns with iid errors further below, when the
null of no treatment effect is actually false theadomization-p is more powerful than the
randomization-c, while the power of the randomiadi (in multivariate cases) lies between the
two. The differences, however, are quite smaltro&s most of the analysis, | find the different
randomization tests produce very similar resultse same cannot be said, however, for
analogous bootstrap tests, which have differersdsiand produce systematically different
results.

The randomization-c and -t allow for an easy omsitast of the overall statistical
significance of all of the regressions in an expental paper. One simply stacks all the
treatment coefficients from all of the regressigoaions, draws repeated randomization
treatmentd , from ©, and calculates (11) and (12) above, vﬁ;handtm now denoting all

treatment coefficients and t-statistics from afjressions. The estimated variance and correlation

%To clarify, calculation of the covariance matrix fmefficients within an equation or all coeffictsrin the
paper using the universe of realized randomizeddter, bootstrapped) iterations is always triyiglossible. The
issue here is calculation of the iteration spe@8timate of the covariance of all coefficientsisTis straightforward
for coefficients within individual equations butarenigh impossible for coefficients across multiptpiations
estimated using different data files. The randatiim-t, thus, is an intermediate computation, gisire iteration
specific equation standard errors to produce stimkghcoefficients and the universe of realizedhiiens to
calculate the full multi-equation coefficient cdeon matrix.

$iEquivalently, the significance of treatment in gresssion with a treatment dummy and a constant.
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of these coefficients in the univer€eis simply calculated from their joint realizationan
omnibus version of the randomization-p is much ntbiffecult, as it requires an iteration by
iteration estimate o‘ﬁ/(ﬁt (T,)) . including the covariance of coefficients acroggagions. In a
single equation setting, as already noted, | fiedy\ittle difference in the simulated power and
test outcomes of the randomization-p, -t and -c.

I conclude this presentation by noting some ofdétils of my methods. First, in
calculating thel , specific coefficient covariance matrix, | deferth@ decisions made by authors
and use their covariance estimation methods ncemiadtv complex, computationally intensive
or, to my eye, flawed they may Be.This maintains my rule of following author metiscabs
closely as possible in assessing their resultsveder, in simulations | also present results using
alternative covariance calculation methods. Secwngroducing the randomization distribution
| do not calculate one equation at a time, butenatipply the randomized experimental treatment
draw T, to the entire experimental data set, and therutzke all equations together. This allows
the calculation of the cross-equation covariancallategression coefficients that allows me to
calculate the omnibus randomization test descriiexde. As | apply the randomized treatment
outcome to the sample, | recalculate all variabites are contingent upon that realization, e.g.
participant characteristics interacted with treatthrmutcomes. | also reproduce any coding errors
in the original do-files that affect treatment me®as, e.g. a line of code that unintentionally
drops half the sample or another piece that intémdscode individuals of a limited type to have
a zero x-variable but unintentionally recodesradlividuals in broader groups to have that zero x-
variable. All of this follows the Fisherian nuléll procedures and outcomes in the experiment
are invariant with respect to who received whatttreent.

Third, in executing randomization iteratiShsaccept an iteration, even if the covariance
matrix is singular, as long as Stata produces Hicieat estimate and standard error for each

treatment variable and can deliver a p-value otthreventional Wald test of overall treatment

%2Thus, in the three papers where authors boots@@p df iterations for their estimate of covariariago
the same for each of the 10000 iterations of thdwaization-t and -p. In another case, the authsesan incorrect
code for calculating the biased-reduced lineaiirafbrl) estimate of covariance which unfortunataigo executes
extraordinarily slowly. Rather than substitute awn faster brl code (which | wrote to confirm threoes) |
implement their code time and again. Producingaimelomization estimates alone for each of theperngaakes 6
months of workstation time.

*0r bootstrap iterations or size and power simutatiof the bootstrap and randomization statistics.

30



significance. | state this to avoid criticism thatse inappropriate coefficient estimates. In my
sample no less than one-fifth of the original regirens have singular covariance matrices. This
generally arises because of maximal leverage pfrabust and clustered covariance matrices,
but it also occurs because maximum likelihood padaces do not converge and/or authors
estimate equations that are guaranteed to havelamgpvariance matrices (e.g. probit equations
where they do not let Stata drop observationsatreatompletely determined by regressors).
Stata usually warns the user that the procedureatidonverge, or when the covariance matrix is
highly singular and suspect. Coefficients anddaat errors produced by these methods are
accepted and reported in journal tables. In orlé&e able to analyse the sample, and in the spirit
of the Fisherian null that all procedures and owtes are invariant with respect to randomization,
| follow authors’ procedures and accept result#ta is able to deliver them, no matter how
badly conditioned the covariance matrix is.

Fourth, in making randomization draws from thevense of potential treatmen@s|
restrict my draws to the subgtthat has the same treatment balancEzashe experimental
draw. This subtle distinction, irrelevant from gheint of view of the exactness of the
randomization test statistic, avoids my making wessary, and potentially inaccurate, inferences
about the alternative balance of treatments thghttiave arisen. For example, a number of
experiments applied treatment by taking random drfa@m a distribution (e.g. drawing a chit
from a bag). Rather than trying to replicate thderlying distribution, | take the realized
outcomes and randomly reallocate them across patits. | adopted this procedure after
observing that in some papers the distributionut€@mes does not actually follow the
description of the underlying process given ingaper. A few papers note problems in
implementation, and one or two authors, in corragpace, noted that even after they selected a
particular randomized allocation of treatment,diagents did not always implement it
accurately. | follow the papers in taking all bése errors in implementation as part of the
random allocation of treatment. Under the randation hypothesis, strongly maintained in
every paper, treatment quantities, even if nohegroportions intended by the authors, could in
principle have been applied to any participantugisubject only to the stratification scheme,

clarified by detailed examination of the data and@&spondence with the authors, | shuffle
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realized treatment outcomes across participaht3his shuffling amounts to drawing the
treatment vector$, in Q that share the same treatment balancg:-a3

Calculation of f{ ) for all possible realizations af, in  is usually computationally
infeasible. Random sampling with replacement f@mareates a simulated universe of potential
outcomes. The p-values produced by using a fimiteber of draws to simulaf® are not
necessarily uniformly distributed; that is, areloiger exact. However, the precision with which
the actual p-value is uncovered by simulation cacdntrolled by the number of draws fr&n
| use 10000 iterations, and find almost no changeValues beyond the 2B@raw. Simple
examples indicate that tail probabilities may beessively large with a small number of drdws
producing excessively large rejection probabilitiast this bias rapidly becomes negligible.

Finally, I should note that | test instrumentatiables regressions using the implied intent
to treat regressions. In these regressions tredtvaeiables are used as instruments, most of the
time representing an opportunity that is offered fmarticipant that is then taken up or not. The
null here cannot be that the instrument has naeffie the instrumented variable, as this is
obviously false (e.g. one can only take up an oty if one is offered the chance to do so).
Consequently, one cannot shuffle treatment outcandgerun the first stage regression.
However, a reasonable null, and the relationshipgdoested in the second-stage regression, is
that the instrumented variable has no effect oal fmutcomes of interest. Combined with the
exogeneity assumption used to identify the regoessn an iv setting this implies that there
exists no linear relationship between the outcoareable and the treatment variables

themselves, i.e. no significant relation in thesitto treat regressiofh. Consequently, | test the

**This, of course, is done in the units of treatmer, field villages or lab sessions.

%To keep the presentation familiar, | have descritz@diomization tests as sampling from a population
potential outcomes. A more general presentatian Romano 1989) argues that under the null outcares
invariant with respect to all transformations Gttimap fromQ to Q. The shuffling or rearranging of outcomes
across participants is precisely such a mapping.

%Consider the simplest case, in whikhis evaluated with one draW from Q. If the number of potential
draws is large (so the probability of ties is ngifplie), there is a 50/50 chance thatd( will be greater or smaller
than f(T;). Consequently, 50 percent of the time the pealill be 0 and 50 percent of the time it will be At the
.01 and .05 level, this procedure rejects the yiulif the time.

*In other words, dropping (for brevity) error terrtise iv regression;y B,'z + p«'x, wherez; is an mx1
vector of endogenous variables that are lineaifted to an mx1 treatment vectpthroughz = I't; (with T' an mxm
non-zero matrix of coefficients), implies the lingalation y = g,'T't; + B'X; = Bi'ti + Bx'X;. The nullp, = 0 impliesp,
=0 in the regression of ynt; andx;, and this is what | test. | should note that #pproach is not applicable to
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significance of instrumental variables regressioysunning the implied intention to treat
regression for the experiment and then comparsgaéefficients and p-values to those produced
through the randomization distribution under th# tinat final outcomes are invariant with

respect to the actual realization of treatniént.

(d) Bootstrap Statistical Inference

While randomization statistical inference is basadhought experiments concerning the
stochastic allocation of treatment to a fixed ekpental population, conventional statistical
inference revolves around the notion of stocha&r@tion brought about by random sampling
from a larger population. To forestall the mistakenclusion that the results of this paper stem
from this philosophical difference, | complement tandomization analysis below with results
based on the bootstrap. Conventional econometsies assumptions and asymptotic theorems to
infer the distribution of a statistic f calculattdm a sample with empirical distribution Brawn
from an infinite parent population with distributiéy, which can be described as fiff). In
contrast, the bootstrap estimates the distribudidi(F1|Fy) by drawing random samples ffom
the population distribution;Fand observing the distribution of §{F;) (Hall 1992). Iffis a
smooth function of the sample, then asymptoticdié/bootstrapped distribution converges to the
true distribution (Lehmann and Romano 2005), dsijtinely, the outcomes observed when
sampling i from an infinite sample Fapproach those arrived at from samplindrbm the
actual population & The bootstrap is another asymptotically accumaehod which in finite
samples has problems of its own, but | make usebaicause it allows me to provide supporting
evidence, based on sampling rather than randomizatethods, regarding statistical significance
and the cross-coefficient and cross-equation catrosl of coefficients.

The finite sample difficulties faced by the bomagtbecome clearer if one explicitly

overidentified two stage least squares, where mplsi linear projection of,yont; is implied, so | do not include
these in my analysis.

¥Sometimes authors present first-stage regresslong aith iv results. | skip these if they involae
dependent variable that is never used as a treattuome elsewhere in the paper. In total, #dgls me to drop
14 first stage regressions in three papers, whietathof form described above, where the dependerigble is
trivially determined by treatment. On the othendhal retain first stage regressions where theasttaving used
the dependent variable as a treatment outcome leésevin the paper, now use it as an instrumentgdblea in
determining some other treatment outcome.
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characterizes the samples at each level. Conidernn the ideal OLS regression model, the
regression sample is drawn from a population charaed by
a3 F,:y =p'%x +¢&,
withE(g) =0, E(x,£) =0, E(¢°) =0?, E(5¢,)=0,

whereas the bootstrapped sample is drawn from al@iign characterized by

A

@4 Fy =v'x+m, v=B 17,=¢
with E(7,) =0, E(x,/3) =0, E(7°)=my0”, E(7.7,) =m;0”

wherem; andmy; are the elements M (the residual maker). The original sample is dréwem
a population Fin which the linear relation betweenandx; is an unknown vectd; the
bootstrapped sample is drawn from a populatipimkvhich the linear relation is known to equal
ﬁ, the estimated coefficients of the original regren. Both the original and bootstrapped
samples are drawn from populations in which thererare mean zero and uncorrelated with the
regressors. However, while the errors graFe homoskedastic and uncorrelated,,ithEy are
heteroskedastic and correlated. Most importaagyy; = 1-h;; is less than 1, the error process in
F1 has less variation than that ip Broducing bootstrapped coefficients which vassléhan the
coefficients estimated in the original regressidinese problems are once again related to
leverage, as when maximal leverage goes to k&re] (the identity matrix), and the error
process in Fis homoskedastic, uncorrelated and has the sanaga as that of -

As in the case of randomization tests, there argipte possible ways of calculating the
bootstrap. | shall focus on three which, pardtiehe randomization tests described above, can
be called the bootstrap-c, -p and -t. Bgtdenote the bootstrap sample randomly drawn from
population F, lAi(Bn )andV(ﬁ(Bn))the coefficient and coefficient covariance estimdte that
sample, and/(fi(lzl)) the covariance oﬁ(Bn) across the entire universe of bootstrapped
samples from £ The original experimental sample, the parenupaimn, can be denoted IBg.

In testing the null hypothesfg=0, the bootstrap-c calculates the probability

15 [B(B,) ~B(BL)I'V(B(R)) “[B(B,) - B(BL)] > B(BL) V(B(R)) *B(Be).-

The test is centred arourit(BE) because this is the null that is true for the papepulation .
Again, for the special case of just one variabies can ignore the fixed variance term that

appears in both denominators and see that this mistmcomparing the squared variation
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around the population value of the bootstrappedficant to the square of the originally
estimated coefficient. The bootstrap-p, in confre@mpares the distributions of the estimated
Wald statistics (or Wald p-values)

16) [B(B,) -B(BITV(B(B,))“[B(B,) -B(B:)I >B(B:) V(B(BL)) *B(Be),
while the bootstrap-t compares the distributiothef estimated t-statistics around the
bootstrapped coefficient correlation matrix

a7 [t(B,) ~tB)I'pB(F) [t(B,)-t(B )] >t(B.)p(B(R)) "t(Be).

As in the case of the randomization-t, this congmariof studentized coefficient estimates allows
for computation in situations where standard erforsndividual coefficients are easily
estimated on a sample-by-sample basis, but caileglsample specific estimates of the full
covariance of all coefficients is much more difficul will use the bootstrap-t, in particular, to
implement, in parallel with the omnibus randomiaattest, an omnibus bootstrap test of the
significance of all coefficients estimated in apesmental paper.

As explained by Hall (1992), while the coverag®em a one-sided hypothesis test of a
single coefficient of the bootstrap-t (and equindlg in this univariate case, the bootstrap-p)
converges to its nominal size at a rate €)(ithe coverage error of the bootstrap-c conveages
rate of only O(f1), i.e. no better than the standard root-n converg@f asymptotic normal
approximations. The reason for this is that tistridiution of the studentized coefficient is
asymptotically pivotal, i.e. has a distribution wiidoes not depend upon unknowns. In contrast,
the distribution of the coefficient is not pivotak it depends upon the estimation of its variance,
which imparts additional inaccuracy. Asymptotisgda, because the error process;ih&s less
variation than that ind; bootstrapped coefficients tend to have less samphbriation and hence
inferring the variance of the original coefficiefitsm the bootstrapped coefficient distribution,
as is done by the bootstrap-c, biases tests inufasforejecting the null. This bias is absenthia t
bootstrap-t and -p, which compare the distributbthe original t statistic or Wald p-value, i.e.
pivotal values which do not depend upon the le¥@noestimated variance. In my bootstrap
analysis of the sample regressions further beldimdithat the bootstrap-c produces a lower p-

value than the bootstrap-p in 1230 of 2003 instanaed a higher p-value in only 616 caSes.

*In contrast, the bootstrap-t produces a lower pev#than the -p in 971 cases and a higher p-val8&6n
cases.
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In the three papers where authors use the bootstray sample, they defer to Stata's
default approach, which is a form of the bootsitapith the addition of a normality assumption.
Stata draws random samples from the regressionlsaagiculates the covariance matrix of the
bootstrapped coefficients and uses it to reporstaedard errors and, based on the normal
distribution, p-values of individual coefficient3.he covariance matrix is also used, along with
the Chf distribution, to perform Wald tests of linear hyipeses. If the bootstrapped coefficients
are actually normally distributed, these p-value®ant to calculating the probability

(8 [B(B,) - E(B(R)I'V(B(R)) [B(B,) - E(B(R))] > B(Be)'V(B(R)) B(Be)
which is essentially the bootstrag’c Thus, Stata's default approach employs an asyivaity
less accurate, systematically biased method amdatiés to its inaccuracy by assuming
normality** and dropping all of the information collected ahar moments of the bootstrap
distribution?? This unfortunate mixture stems from Stata’s rieegrovide flexibility to users.
Not knowing what the user wants to test, Statautales a bootstrap covariance matrix which is
retained in memory for whatever post-estimatiotstdse user wants to perform. The “saving”
option in the bootstrap line command allows usersalve elements calculated from bootstrap
iterations, and the "bsample” line command, as @faatlarger user written programme, allows
the flexibility to calculate more complicated tesdtistics in general. Unfortunately, in the one
case in my sample where authors avail themselvdsesé commands, they use them to calculate
Stata’s bootstrap, i.e. the bootstrap-c evaluaséuua normal distribution. In sum, the default
bootstrap method in Stata, adopted for reasonsogframme flexibility, appears to have been
absorbed by its users. As noted, | find it systerally produces lower p-values than other well-

known alternative&®

“*The only difference being the centering of theribistion around its mean rather than the paranaftere
parent population, but in practice | find the diéfece is usually negligible.

“IEven if the disturbances in the original regressimnnormal, the regressors need not be, andahis ¢
produce non-normally distributed bootstrapped doieffts.

“2pdditional inaccuracy is imparted by another featof Stata's bootstrap. When a regressor is dtbppe
(for example, because of colinearity in the boaigled sample) Stata usually drops that iteratinrihe case of
some commands, however, it stores a coefficientevaf O for that iteration and retains the itenafio the
calculation of the covariance matrix. When thejimal coefficient is near zero, this tends to reglits estimated
variance; when it is far from zero, it tends torewse its variance estimate.

“3cameron and Trivedi (2010), for example, in thektion Microeconometrics Using Stata, specifically
suggest using the percentiles of studentized aieffis (i.e. the bootstrap-t).
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Regarding practical methods, | implement the boapsin a manner that allows me to
calculate the covariance of coefficients acrossagquos for the omnibus test of significance.
Thus, rather than bootstrap each equation sepgratekach iteration | bootstrap an entire
experimental sample and run all of the estimatopgagions for that sample. | sample at the
cluster level, if the paper clusters, or the trestitriievel, if that is a higher level of aggregation
Thus, for example, in the case of laboratory expent papers, where treatment varies by
session, | sample sessions whether or not the ghsters at that level. If a paper administers
treatment at the level of the individual observatiand does not cluster, | sample individual
observations. lIteration specific covariance edtsior the bootstrap-t and -p are calculated

using authors’ method$.

I\VV: Empirical Results

(a) Statistical Significance
Table Il summarizes the statistical significané¢h@ regressions in experimental papers
calculated using different criteria. It identifiego factors that lead to a systematic overstatémen
of statistical significance in these papers: lj@)dbsence of a summary evaluation of the
combined significance of the multiplicity of tesk&t produce individually significant results; (b)
the systematic overstatement of significance broagbut by the use of test statistics whose
distribution is only asymptotically known. In comhtion, these two effects produce a dramatic
overstatement of the statistical significance gdegknental treatments, with 30 to 40 percent of
seemingly significant regressions, i.e. regressionghich at least some aspect of experimental
treatment is reported as having a statisticallpificant effect, failing to reject the overall nuaf
no effect whatsoever. Although there are 53 pajpemsy sample, the table drops one paper in
which there are a large numbers of presentationalévant “ties” in the randomization tést.
The remaining 10 or so relevant ties are resoladdvour of rejecting the null (setting U in (9)

equal to 0).

“Thus, in the particular case where the authorshesbootstrap, | bootstrap the bootstrap.

“°As noted earlier, by presentationally relevant kmeases where the lower and upper bounds of the
probability defined by (9) cross over the .01 &bl cutoffs. Ties which occur above these cutdadfg.(the p-value
lies between .333 and .666) do occur, but | docoosider these “relevant”, as regardless of thevafaJ these
regressions are insignificant. | should note thahe case of the one paper | drop the lower gmtubounds are 0
to .333, so if | were to apply (9) and draw a randwmber U for each regression most would be fdarize
insignificant at the .01 and .05 levels.
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Table Ill: Statistical Significance of Treatmerffdets Based Upon Different Criteria
(number of significant regressions by level of test

1036 regressions with

all 1965 regressions > 1 treatment variable

.01 .05 .01 .05
(1) significant coefficient 530 918 366 604
(2) standard Wald test 485 760 321 446
(3) randomization-p 374 643 239 364
(4) randomization-t 370 641 235 362
(5) randomization-c 389 648 252 366
(6) bootstrap-p 342 629 221 351
(7) bootstrap-t 347 639 224 362
(8) bootstrap-c 418 699 287 410

Notes: "significant coefficient": at least omedtment coefficient significant at the level sfiedi
Standard Wald test: test using the F or@stribution (depending on which Stata uses) Wfaid
statistic calculated using the regression covadanatrix computed in the paper. Randomizationgt an
-p and bootstrap-t and -p calculated using the i@awee matrix method used in the paper.

Beginning with the top row of the table, we sed tifdahe 1965 regressions in the 52
papers, 530 contain at least one treatment cosfitievhich is significant at the .01 level and 918
contain at least one treatment coefficient whickigmificant at the .05 level. As noted in the
Introduction, virtually none of these regressiamdude tests of the overall significance of
multiple treatment coefficients, i.e. of the ovégradjnificance of experimental treatment. When
conventional F/Wald tests of this sort are appliedhe second row of the table, one finds that
fewer regressions are significant. As the Waltlyedds the same significance level as that of
the individual coefficient when there is only oneatment variable, this is most clearly illustrated
in the right-hand panel of the table, where | festttention to regression specifications with
more than one treatment variable. Of the 1036essyons of this sort, 604 contain at least one
coefficient which is significant at the .05 leviglading the reader to believe that experimental
treatment was having some significant effect, asi®n some dimension. However, when the
overall significance of treatment is tested, o 4pecifications reject the null of no overall
treatment effect at the .05 level. Thus, fully seemingly .05 significant regression

specifications cannot reject the null of no oveniahtment effect at the same leffelAt the .01

“*Regressions in which no individual coefficientiigrsficant can be found to be overall significant.
However, this is only true for 16 of the 446 sigraht Wald tests in the right-hand panel. Thusabg large here,
and in most other cases in the table, the numbeigafficant results found to be insignificant sstly greater than
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Table IV: Regression Equations by Joint Statisgnificance of Treatment Effects
(all regressions with more than 1 treatment vaepbl

at .01 level at .05 level

Wald test with diagonalized covariance matrix
No Yes Total No Yes Total
Standard No 644 71 715 No 509 81 590
Waldtest| ves 76 245 321 Yes 45 401 446
Total 720 316 1036 Total 554 482 1036

level, the gap is smaller, with 12 percent fewgression specifications found to be significant.
Tables IV and V provide some insight into the tielabetween individually significant
results, the F/Wald test results and the multipliof treatment measures. In Table IV |
recalculate the Wald p-values using diagonalizedigas of the estimated covariance matrices,
I.e. matrices where the off-diagonal covariancegeare set to zero. As shown, there is a
remarkable similarity between the p-values caledatsing these artificial covariance matrices
and those calculated using the estimated covariaatex. In 1036 regressions with more than
one treatment variable, statistical significancky aliffers in 147 cases at the .01 level and 126
cases at the .05 level. The mean p-value usingdtiemated covariance matrix is .227, using the
diagonalized covariance matrix it is .237, anddbeelation between the two is .911. This tells
us that the typical treatment covariance matredase to being diagonal, that is, the typical
regression treatment design basically involvesiasef mutually orthogon&i regressors
producing a series of uncorrelated test statistiesegressions with more than one treatment
variable there are on average 4.9 treatment megsuith a median of 3 and with 25 percent of
these regressions having 6 or more and 5 percemda6 or more treatment measures. Table
IV shows that, under the null the .01 and .05 cokfifit significance levels reported in these
papers represent multiple independent rolls of did@éd and 20-sided dice, and should be

discounted accordingly.

the converse. So, it does not do too much injestiche results to speak of the lower rows oftdiide as
representing subsets of the top row, althoughishiet strictly correct.

“"More precisely, the residuals of the treatment messregressed on the non-treatment right-hand side
variables are mutually orthogonal.
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Table V explores the relationship between theterie of a .01 or .05 level significant
coefficient in a regression and the number of inegit regressors using a simple model of
specification search. LepBerepresent the fundamental probability a paperfseament will
yield detectably significant results, said probi&pibeing the product of the probability the
treatment has real effects and the underlying p@ivére sample to detect such effects. Further,
let PByaperbe independent of the number of treatment regresbat are added by the investigator;
true effects are detectable or not, but maniputatiothe regression does not improve the chances
of doing so. As treatment measures are addecktetiression, the probability of rejecting the
null of no effects rises, but this is driven purblythe level of the test, and has no relatiorheo t
underlying significance of the experiment. Thixg probability of finding at least one
significant result at the .0i level (i = 1 or 5)msitually orthogonal treatment regressors are added
Is given by

(19) Poapert (1'Ppape)*(1'(1'-Oi)number of treatment regressprs
with the second term representing the growing goditaof rejecting the null brought on by
specification search. Linearizing aroungg= number = 0, we find that the expected value of a
0/1 indicator il of at least one significant result is given by Pyaper— In(1-.0i)*number of
treatment regressors. This motivates the linegression of such indicators on paper fixed
effects and the number of treatment regressoralnelV. A natural extension of the model is to
consider the possibility that treatment has sigaift effects on some dependent variables and not
others, so Table V also presents regressions \ajplenx dependent variable fixed effects.

Table V shows that as additional treatment vagslalre added to regressions significant
effects appear at a rate approximately equal toikizcated by the level of the test. In column
(1) we see that the coefficient on treatment resgnessfor .01 significant results is .012, which is
not significantly larger than the .010 = -In(1-.@i¥dicted by random chance. With paper x
dependent variable fixed effects, in column (3¢, ploint estimate falls to .006. For .05
significant effects, the point estimates with papepaper x variable fixed effects, .028 and .025
in columns (2) and (4), are both substantially tess the predicted .051 = -In(1-.05). In all four
columns, however, the “constant term” or averagatgrcept (equal to the mean ofilinus
Brumbertimes the mean of the number of treatment regressowell above zero, indicating that

Poaperis typically substantially positive. If one lim&ses (19) around a positive value gfR; the

40



Table V: Significant Results Regressed on Numlbdreatment Measures (N=1965)
actual results random probability
DL @k L @A OR OGRFB (OR @R

number 012 .028 .006 .025 .007 .019  .006  .019
(.008) (.007) (.006) (.007)

y-intercept  .233  .382 252 392 234 400 .252  .409
(.023) (.021) (.019) (.021)

paper f.e. yes yes yes yes
variable f.e. yes yes yes yes
R 206 .239 605 613 1.00 .995 1.00  .997
Notes: = indicator for a significant coefficient at th# level; R = calculated probability of a significant

coefficient at the .0i level using (19) above wWihpe given by the estimated fixed effects of columns(é); N

= number of observations; number = number of treatmegressors; y-intercept = mean of the dependent
variable minug,umpertimes mean of number; paper f.e. = paper fixedotst variable f.e. = paper x dependent
variable fixed effects. Standard errors clustexietthe paper level.

coefficient on the number of treatment regressalts o -(1-Rape)In(1-.0i). To see how far this
goes in explaining the results, in columns (5)}@&)n regressions using artificial probability data
that exactly matches equation (19), with B set at the values estimated by the fixed effects o
columns (1)-(4). The “Rs of columns (5)-(8) are all nearly 1, showingtttte linearized
equation fits the non-linear data generating proeasremely welf? The estimated y-intercepts
are also quite close to those in columns (1)-#hally, and most significantly, the coefficients
on the number of treatment regressors are allardidlow those found in the actual data,
particularly in the specifications with paper x iadte fixed effects. In sum, the rate at which
significant effects appear as additional treatnme@asures are added to regressions within papers
is approximately consistent with a data genergpirogess in which results are either significant
or not and additional regressors add “significarated rate equal to, or only slightly better than,
that predicted by the level of the test.

Returning to Table I, | use randomization anaistrap tests to show that accepted
econometric practice leads to an overstatemertatgscal significance. As shown in the third

row of the table, when randomization Wald-testsaquglied, experimental treatment appears to

“8This is not a consequence of fitting the variafiothe large number of fixed effects. If | set R for all
papers and dependent variables in the data gempaticess equal to the y-intercepts in columng4)land run the
regressions without fixed effects, thésRor columns (5)-(8) are .999, .982, .999 and ,98&pectively. The
coefficients on number in these regressions (.@22, .007, and .021, respectively) are larger thase reported in
columns (5)-(8) and hence even closer to the estsria columns (1)-(4).
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be much less significant than indicated by Waldstesing the estimated covariance matrices.
While 485 regressions reject the null at the .@&ll@sing the conventionally calculated Wald
test, only 374 reject the null of no effect at s#aene level using the randomization-p criterion.
Similarly, while 760 regressions reject the nulhofoverall treatment effect at the .05 level using
conventional econometrics, only 643 reject the saollewhen the percentiles of realized Wald
p-values are calculated using the randomizatio@pmparing the Stand & rows in the left-
hand panel of the table, one sees that in totalts®® percent of all regressions in which the
reader might be led, by the presence of a convegitiosignificant treatment coefficient, to
believe that the experiment was having some eftewt,cannot reject the Fisherian null that the
experiment had absolutely no effect, whatsoeveamnparticipant. Comparing th& and &
rows in the right-hand panel of the table, one $katsthis discrepancy rises to 35 to 40 percent if
one focuses on regressions with more than onentegatcoefficient?

Table Il also reports results based upon the odentized randomization-c, which
relies upon the covariance of the randomized adeffts, and the randomization-t, whose use of
studentized coefficient estimates and the coefito®rrelation matrix places it between the
randomization-p and randomization-c (see Sectihn As noted earlier, Lehmann (1959) found
that the randomization-p was uniformly most powkeiritthe simple comparison of treatment
means. In simulations below, I find that whenniod is false the randomization-p on average
produces lower p-values and higher rejection priitiab than the randomization-c, with the
randomization-t lying between the two, althoughdiféerences are very small. In application to
the actual experiments themselves, however, tlsame such ranking of rejection probabilities, as
shown in Table Ill, or the mean p-values of the-tpand -c (.278, .283, and .278, respectively).
Of course, if the null is often true the threeddstve the same distribution and any minor power

ranking of p-values and rejection probabilitieslwehd to disappear.

“SAlthough Table 11l uses 10000 draws from the ureeof potential randomized outcomes to simulate the
randomization distribution as accurately as possiblppears that far fewer are necessary. Tl pesalues
across the 1965 regressions calculated using 1@0,590, 1000, and 10000 draws in the randomizgtiare .278,
.279, .279, .278 and .278, respectively. The tatioms of the p-values with 100, 200, 500 andQLOfaws with
those computed with 10000 draws are .994, .99B, &8d .999, respectively. The number of rejestiith 100,
200, 500, 1000 and 10000 draws at the .01 (.0%) ke 411 (625), 384 (635), 381 (640), 372 (638aY 375 (641),
respectively. Based upon these results, | used2®@s in power simulations further below.
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Randomization tests of regressions in randomizeemxents should be compelling, as
they are exact (i.e. have precisely known sizeuady possible distribution of the error term
and, as shown further below, have power whichnslar to that of conventional econometric
tests. Nevertheless, to provide additional evidentthe bottom rows of Table 11l | report
supporting results based upon bootstrap statistiteience. Tests of the overall significance of
treatment based upon Wald tests using the boopsicapercentiles of the Wald test, the
bootstrap-p, or the studentized bootstrap-t, refecnull of no treatment effect even less often
than randomization tests, while tests based upmedbfficient bootstrap, the bootstrap-c, reject
the null somewhat more often. Theoretically, aedearlier, the bootstrap-p and -t are more
accurate than the bootstrap-c. All of the boogstests, however, reject the null of no treatment
effect less often than Wald tests calculated usaxh regression’s estimated covariance matrix.
Hence, whatever their relative merits, togethey #teongly support randomization tests in
indicating that statistical inference based up@ndbwvariance matrices calculated in the sample
papers systematically overstates the significaficesults.

Table VI provides a breakdown of the discrepandyben the significance of
conventionally calculated Wald tests and their comded and bootstrapped counterparts by the
form of the covariance matrix used in the regrassi@/hile results with the default covariance
matrix, i.e. the standard covariance matrix fot tegression type computed by Stata, are fairly
close to randomization and bootstrap outcomesfdte optional covariance forms selected by
authors do poorly, be they clustered, robust, liagiped or “other®® The last category
encompasses bias adjustments of the clusteredbostroovariance matrices designed to correct
their known failings which unfortunately do not a&ap to do particularly weftt Authors’ choice
of covariance matrix is, however, endogenous t@tbelems they face in their regressions, so

this table, while reporting results readers woulabably like to see, is not necessarily

**The reader might note that the bootstrap-c prodiovesr rejection rates than Stata’s bootstrap, tvisca
variant of the bootrstrap-c with the normality asgtion. In using the bootstrap | make full usetaf percentiles of
the bootstrapped coefficient distribution. In tegressions in the bootstrap column, variance tsjusils are
thicker than implied by the normal distributionpgducing lower rejection rates.

*In Young (2016) | apply the hc3, brl and other kidfustments in simulations with the entire samte
show that by themselves they do poorly. Bias aftkttive degrees of freedom” corrections, adjugsfor the
excess thickness of distribution tails, howevendes test statistics with the robust and clustemdriance
estimates nearly exact. | use such distributiadfustments further below to re-evaluate the cotiweal test
statistics calculated using non-default methods.
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Table VI: Significance by Form of the Wald TesR&gression Covariance Estimate

default clustered robust bootstrap other
N =417 N =987 N =344 N =126 N =91

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

(1) standard Wald 84 133 273 436 99 132 16 31 13 28
(2) randomization-p 72 119 218 388 73 96 8 24 3 16
(3) randomization-t 74 120 226 401 58 77 10 28 2 15
(4) randomization-c 77 129 245 403 58 84 8 20 1 12
(5) bootstrap-p 81 131 173 339 73 113 10 23 5 23
(6) bootstrap-t 84 138 168 338 86 122 5 22 4 19
(7) bootstrap-c 89 141 231 399 82 111 11 25 5 23

Notes: N = number of regressions; .01/.05 = sigaift at this level. “Bootstrap” in the columndits
Stata’s bootstrap, i.e. the bootstrap-c with thditaah of a normality assumption.

informative. To establish more clearly the probsemh conventionally calculated covariance
matrices, in the next section | use size simulatwith known error processes. These show that
statistical inference based upon the covarianceeeatused in these papers is systematically
biased in favour of rejecting the null and thasthias can explain most of the difference between
randomization and conventional results.

Table VII presents the results of the omnibus (&dfrandomization and bootstrap tests
of overall experimental significance. When thistte applied to the 53 papers in my
experimental sample, presentationally relevant@amdation ties occur in the case of the paper
noted above and one further paper (both laboraopgrimentsf? The results for the remaining
51 papers are presented in the table. In theduisimn of panel A | apply the omnibus test to all
treatment outcome regression specifications. \Wigéhrandomization-t only 14 papers are found
to be significant at the .01 level and 20 at thele¥el. The randomization-c provides better
results, with 19 and 24 papers significant at tHesgels, but still leaves the conclusion that only
40 to 50 percent of experiments, when all of teattnent regressions are evaluated together,
reject the null of no experimental effect whatsaevEhe bootstrap confirms these results, with
the different bootstraps once again bracketinga@heomization results. A critic might argue

that these tests are somewhat unfair, as theydaautcomes that the authors did not

*’Based on the ties, the randomization p-valueshiese papers lie between 0 and .333/.335. This,the
case of Table IlI, if | resolved these ties witk tiraw of a random number, the two papers wouklyaeject at the
.01 or .05 level.
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Table VII: Omnibus Test of Experimental Significan
(51papers, excluding 2 papers with substantial ties)

(A) # of papers meeting significance level

1) (2) (3) 4)

all treatment .05 significant .01 significant  block diagonalized
outcomes treatment outcometreatment outcomes  covariance

.01 .05 .01 .05 .01 .05 .01 .05
randomization-t 14 20 15 21 17 24 28 36
randomization-c 19 24 21 27 23 28 31 38
bootstrap-t 7 15 9 20 9 18 26 32
bootstrap-c 30 34 31 35 29 35 38 44
aer (N = 28) ~aer (N =23) lab (N = 13) ~ lab<188)

.01 .05 .01 .05 .01 .05 .01 .05
randomization-t 8 12 6 8 2 5 12 15
randomization-c 9 12 10 12 3 3 16 21
bootstrap-t 3 7 4 8 3 3 4 12
bootstrap-c 15 18 15 16 10 11 20 23

(B) average cross-coefficient correlation
all within equations between equations
all <.01 >01 al <.01 >01 al <.01 >01

randomization .119 .226 .100 .016 .039 -.022 124 .236 .108
bootstrap 111 .196 104  -.009 .004 -.029 118 .204 113

(C) average cross-equation Wald p-value correlation

all <.01 > .01
randomization .218 406 153
bootstrap .218 .366 .169

Notes: .05 and .01 treatment outcomes = ormpding regressions with a dependent variable that
generates a significant treatment coefficient at lavel in some regression specification; bloagdinalized
covariance = cross equation coefficient covariaset$o 0; 01/.05 = # of papers significant at thiel; N =
total number of papers in this category; all =esfimating equations;.01 (>.01) = equations with at least
one (no) coefficient reported significant at thelédel.

actually expect, ex ante, to be influenced by expemtal treatment: To allow for this, in the
second and third columns of panel (A) I restriet #malysis to equations that include dependent

variables that show at least one statisticallyifigant treatment effect at the .05 or .01 level in

**As noted earlier above, | limit the analysis inuroh (1) to regressions with treatment effects as th
dependent variable, and hence exclude regressssosiated with randomization balance or attritmmwell as 14
first stage regressions where the instrumente@biris not used as a treatment outcome elsewhéhe paper and
treatment affects the instrumented independenabkrivirtually by construction (see the discussibiv methods
earlier above). | also exclude regressions assatigith non-experimental cohorts.
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some specification. Thus, these columns excluertrent outcomes that are never associated
with a significant treatment coefficient anywhemehe paper. As shown, this improves the
results only minimally, adding 3 or 4 significarggers at best. The omnibus finding that most
papers do not have statistically significant treatireffects is not due to the presence of outcome
variables that are never found to be significd®ather, it is a consequence of the fact that
outcomes that generate statistically significagatiment coefficients in some specifications
generate insignificant coefficients in many otheffie lower part of panel A shows that
significance rates, using all treatment outcomesat differ much between AER and non-AER
papers, and that laboratory papers show somewvat kignificance rates than non-laboratory
papers, but the sample sizes are so small theehifes are meaningless. | present this
information only to assure the reader that thelteswe not concentrated in one particular sub-
group or the other.

The fourth column of panel A uses an equation-lel@tk diagonalized covariance
matrix to calculate the omnibus test of statistgighificance with all treatment outcomes. In
stark contrast with the similar within-equation eoige in Table IV, this artificial calculation
substantially increases the number of significapgrs. Thus, cross-equation correlation plays a
very big role in producing lower statistical sigoénce, while cross-coefficient correlation within
equations (earlier in Table IV) played no role ataefmining significance. Panels B and C of the
table explain why. In panel B | examine the averagpss (treatment) coefficient correlation
calculated across randomization or bootstrap iterat For the randomization iterations, this is
.119 across all coefficients, .016 when calculatétin equations, and .124 when calculated
across equations (i.e. excluding the within equeatioefficient correlations). Thus, on average
treatment coefficients within equations are undategl, while treatment coefficients between
equations are correlated. Performing the samaelledilons for equations that have a coefficient
that is significant at the .01 level and, sepayadjuations that do not have a coefficient that is
significant at the .01 level, we see that treatnoeefficients are much more correlated between
significant equations (.236) than between insigatfit equations (.108). The bootstrap shows
very similar patterns. Panel C of the table exawithe correlation across randomization and
bootstrap iterations of the p-values of the equaléwel Wald tests of statistical significance

(calculated, in each case, using the covarianchadeathosen by the authors). Again, in the case
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of randomization iterations, the average corretatibp-values across equations is .218, but this
rises to .406 if one restricts attention to equetiovith a statistically significant treatment
coefficient, and falls to .153 if one only consslequations without a statistically significant
treatment coefficient. Bootstrap correlations aonfthis in a population sampling framework.

The average paper in the 51 paper sample of Tableag 10 treatment outcome
equations with at least one .01 level statisticaiiynificant treatment coefficient and 28 equations
without a statistically significant coefficient. shanels B and C of Table VIl show, the treatment
results produced in equations with statisticalgngicant coefficients are highly correlated, while
the treatment results in equations without sigaificcoefficients are relatively uncorrelated.
Thus, the large number of insignificant equatiors/gles much more information about the lack
of experimental significance than the small nundfesignificant equations. The results of the
omnibus randomization and bootstrap tests reftest t

An equivalent, conventional, test of overall experntal significance is theoretically
possible, but practically difficult to implemenghite (1982) showed that an asymptotically
accurate estimate of the covariance matrix foofalhe coefficients estimated in multiple
estimation equations is given by yet another saclwovariance matrix, with the block diagonal
default covariance matrix of the individual equati@as the bread and the outer product of the
equation level scores as the filling (see also I¢eE399). Stata’s suest (seemingly unrelated
estimation) command provides such estimates. Taaipal barriers to its implementation,
however, are staggering. Many estimation procesddoenot produce scores and hence are not
supported by Stata’s command. Many papers présemelevant data in multiple, differently
organized, data files, so the cross-product ofesc extraordinarily difficult to form. When
scores can be calculated within a single datatfile resulting covariance matrices, calculated
across all of the equations and their coefficiéhtsffen exceed the 11k x 11k limitations of Stata
and, when they do not, are often hopelessly simgeleen within the sub-matrices defined only

by treatment variables. In all, | am able to cktaia suest test which does not drop treatment

*n contrast, in implementing the randomization andtstrap omnibus tests | need only calculate the
covariance of the realized (in each randomizatiobamtstrap iterationfreatment coefficients and t-statistics, as
opposed to trying to calculate a measure thatgindard conventional fashion, depends uglbnegressors (recall,
for example X'X™).
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Table VIII: Aggregation and Statistical Significan(at the.01 level)

52 papers of Table 1l 9 papers with successfussue
5041 coefficients 1036 equations 154 equations 9 papers
conventional 605 321 96 7
randomization-t 474 235 87 3
bootstrap-t 509 224 88 1
rand-t/conventional .78 73 91 43
boot-t/conventional .84 .70 .92 14

variables (because of singularity in the subséhefcovariance matrix associated with treatment
coefficients) for only 9 of the 51 papers examimediable VII. The conventional omnibus test
finds that 7 of these 9 papers are significanh@t®1 and .05 levels. In contrast, in the omnibus
test of the upper-left hand corner of Table Vliite .01 level only 3 of these papers reject the
null in the randomization-t and 1 in the bootsttagk conventional omnibus test is generally
impossible to implement and, where possible, dessgdramatically with randomization and
bootstrap inference. In the size simulation ofribgt section | show that the suest test is
extraordinarily biased, rejecting the null of neatment effect, when it is true, an average of .30
of the time at the .01 level in this sample of §gra.

The results of the preceding paragraph highlighdiat made in the Introduction, namely
that the gap between conventional and randomizatiahbootstrap tests rises with the level of
aggregation. This is illustrated in Table VIIExamining the 5041 coefficients that appear in
1036 equations with more than one treatment vaiebthe 52 paper sample of Table Il earlier,
significance rates at the .01 level in the randatmn-t and bootstrap-t are .78 and .84,
respectively, of those achieved by the conventititest. When the significance of these
coefficients is tested at the equation level, havethe randomization-t and bootstrap-t only
show .73 and .70 the significance rate of the cohweal F or Wald test. In the 154 equations of
the 9 papers in which it is possible to succesgftdimplete a conventional seemingly unrelated
omnibus test of overall significance, the relasignificance rate of the randomization-t and
bootstrap-t Wald tests is just above .9. At theepdevel, however, their relative significance
rate is just .43 and .14, respectively. Excessaizfrom a different perspective, greater power

compounds as multiple tests are implicitly combinégresent systematic evidence of this in
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both the size and power simulations below. Fa tbason, after evaluating the relative power of
the randomization omnibus test further below, inudttely restrict attention to those papers where
simulation evidence shows that it has power equd#idt of conventional tests. | still find that %2
to % of papers cannot reject the null of no treatméieceat the .01 level.
(b) Size

In this section | use simulations to show thatakgmptotically-valid covariance
estimation methods typically used in published psgenerate empirical coverage, i.e. rejection
rates when the null is true, that is systematiogitBater than nominal size. My focus is on the
clustered and robust covariance matrices, whiclherenost popular methods. | show that
coverage using these techniques is biased, both winers are ideal and when they contain the
pathologies these methods are supposed to addressstems from the way, as noted earlier
above and developed further in Young (2016), hypsithtests interact with regression design in
these methods to place uneven weight on a limitexher of residuals (reducing effective
degrees of freedom) which have, due to leveraggehnior lower than average variance
(generating variation in bias that, through Jerseréquality, raises average t-statistics). | show
that maximum leverage is a better predictor of cage bias than sample size, establishing that
leverage is a clearer measure of how “asymptotie’sample is. When simulations designed to
capture the impact of regression design on theiloigton of the test statistic are used to evaluate
the conventional test statistics of my sample pamegnificance rates move close to those of
randomization inference.

| begin by simulating size with ideal errors, usbageline no-treatment regressions to
parameterize a data generating process in whichuhéypothesis of no treatment effect is
literally true. To illustrate with OLS, as notedrker the typical experimental regression is & th
form y; = ti'B: + Xi'Bx + &, wheret; andx; are vectors of treatment and non-treatment vasabhd
B: andpy their associated coefficients. Under the asswonpif no treatment effect, | run the
regression jy= Xi'Bx + &, and then use the predicted values and normattyilgited iid
disturbances with a variance equal to the estimeaednce of; to create 10000 simulated sets
of data. On these | then run the full regressidh tihe treatment measures added and perform
Wald tests of their significance using the covacteamatrix selected by the authors. If, instead,

the authors run a random effects regression ofioiime y; = t;;'B: + X;'Bx + Vi + &j, where y
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denotes a group random effect apdn individual observation error, | rug ¥ X;'Bx + Vi + &jj
anduse the predicted values plus random shocks bgsedtbe estimated variances pande;

to produce simulated data. If the authors use mawi likelihood techniques, | simulate the data
using the likelihood equation. If they use weightegression to correct for known
heteroskedasticity, | use the estimated variand¢eeofegression and the weights to create
heteroskedastic error terms which are then madebkadastic by the GLS transform. In each
case | create simulated data based upon a regrassiavithout treatment effects and error terms
that are ideal within the context of the regressimdel, i.e. are iid and normally distributed
except insofar as the regression equation its@li@ity posits an alternative distribution. A ful
description of methods is provided in the on-lippendix. | drop 103 regressions where it is
unclear, from the method used, what would constitisteal” errors>®

The results of these simulations are reportedainld 1X. For each regression | calculate
the frequency with which the null of no treatmetiieet is rejected at the .01 and .05 levels and
then report the mean, standard deviation, minimnchraaximum, across all of the regressions,
of this statistic. The first line of panel A praes a useful benchmark, as it relates to OLS
regressions calculated using the default covariamateix which in this case, with fixed
regressors and normally distributed iid residualgxact. As shown, average rejection
probabilities at the .01 and .05 level are pregisdiat they should be and the standard deviation
of size, at .001 and .002 at the two levels, isit&h and exactly what should be expected from
simulations with 10000 iterations per equation.

Moving down the table to the other OLS regressiong immediately sees the rejection
bias of the clustered and robust covariance matrighich on average reject .024 and .028 of the
time, respectively, at the .01 level, with the mgsctacular outcomes showing rejection
probabilities of the null (when it is actually tjuef .662 and .502. At the .01 level, the standard

deviation of size using these methods is 48 oiéd higher than the simulation induced error

*These include 26 quantile regressions, 16 seemingklated estimations of equation systems, and 58
two step regressions, as well as 3 more equati@id tould not simulate because of technical gwisl with the
original estimating equation. If | simulate theagtile regressions using an OLS iid normal basedijeation and
the seemingly unrelated estimations by simulatimgpendent OLS errors by equation, they have agegjgction
rates at the .01 level of .013 and .154, respdgtivEhe two step regressions and many of the dleargigressions
were bootstrapped, so | combine the remaining Ch@dtrapped results (all from one paper) with tinergasbord
of “other” techniques in the tables below.
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Table IX: Empirical Coverage/Size by Type of Regres and Covariance Estimate
(model specific ideal iid error terms, 10000 sintiolas per regression)

at .01 level at .05 level
# mean sd min  max mean sd min  max

(A) based on covariance matrix used in paper

default 328 .010 .001 .007 .013 .050 .002 .044 .056

@ clustered 827 .024 .048 .002 .662 .077 .066 .017 .744
O robust 164 .028 .076 .008 .502 .077 .092 .041 .636
other 59 .017 .004 .008 .026 .063 .009 .039 .080
default 110 .018 .027 .000 .226 .065 .041 .006 .308

A clustered 152 .045 .068 .000 .389 .102 .088 .009 .508
(,3 robust 180 .011 .004 .001 .031 .054 .011 .018 .113
other 80 .018 .003 .008 .028 .064 .005 .045 .076

(B) substituting default covariance matrix

o Clustered 827 .010 .001 .007 .014 .050 .002 .045 .061
6 robust 164 .010 .001 .008 .014 .050 .002 .045 .056
other 59 .010 .001 .007 .013 .050 .002 .044 .057

n clustered 152 .010 .002 .001 .015 .051 .005 .023 .067
5' robust 180 .010 .002 .002 .030 .051 .007 .030 .111
U other 80 .010 .001 .006 .013 .050 .003 .041 .055

Notes: # = number of regression specificatioBther data reported are the mean, standard davjati
minimum and maximum rejection probability at thegfied level. ~OLS = not ordinary least squares.
“other” includes bootstrap, jackknife, robust hefialustered bias reduced linearization.

for the default OLS covariance matrix. “Other”thmads, made up of the bootstrap, jackknife
hc3 and brl corrections of the robust and clustemdriance estimates, do better, but are still
biased in favour of rejection. The results of t@+OLS simulations are even more
discouraging. Here, the default covariance mattespite the fact that the errors exactly match
the regression model, has a mean rejection pratyatil.018 at the .01 level, reaching a
maximum of .226 in one case. The clustered coneganatrix is strongly biased, averaging a
.045 rejection probability at the .01 level witlstandard deviation 68 times that of the default
method OLS simulations at the top of the tableth&9’ methods continue to do poorly, while
the robust method, in this sample, is variabledmuaverage only slightly biased.

Panel B of Table IX highlights the role the choadecovariance matrix plays in these
results by recalculating, for the regressions diginot use default methods, rejection

probabilities when Wald tests are calculated usiiegdefault covariance matrix. As expected,
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average coverage is exact, with the predicted sinoul variation, in each group of OLS papers.
More interestingly, in non-OLS papers average cagelis generally very close to nominal size
and the standard deviation of coverage is quiteecto that for OLS simulations. Thus, the
coverage bias in non-OLS regressions that useddfailt covariance matrix (shown in panel A)
is unusual in that generally default methods, inftite of ideal errors, perform quite wéll.

Table X below extends the analysis by consideltegtype of departure from ideal errors
that the clustered covariance matrix is designembtoect, namely correlation within clusters,
which | model with cluster level random effectshelsample excludes regressions where the
baseline specification includes cluster fixed a@Bemr explicitly models cluster level random
effects and the results are divided by the shatbeofotal error variance accounted for by the
random effect. Once again | use a data generptingess parameterized by baseline no-
treatment equations. Thus, if the original regoesss a regular OLS specificationyt;'p; +
Xi'Bx + &, | run the preliminary regression=yx;'px + ¢ to gather predicted values and an estimate
of the error variance®. | then divides into an iid componery; and a cluster level component
Uy (g denoting the cluster group) witko,%/( o,°+0,%) indicating the share of the total residual
variance accounted for by the cluster level ranedfiect. If the baseline regression included
non-cluster random effects, | include these, bairatpke the estimate of the residual variasfce
and divide it into iid and cluster disturbancebkthé original specification was maximum
likelihood with iid errors, | take the distributially imposed observation level variance and
divide it into an iid shock and a cluster leveltdibance. In each case, the cluster level
disturbance represents an unknown shock from thet pbview of the regression specification,
the type of unknown shock that clustering is supddse address.

As shown in the table, the excess size of cludtergressions does not improve, in any
way, in the presence of unknown cluster level ditnces. Moving down the table, we see that
asp goes from 0 to .8 the mean rejection probabitityd its standard deviation, actually rises

ever so slightly as more extreme outcomes, witkctgn probabilities of .753 and .908 at the .01

*The non-OLS regressions using default methodspiteatuced unusually high rejection probabilities in
panel A are interval regressions, heckman seletiim® models, maximum likelihood estimated randdfeces
regressions and multinomial logit models. The @S regressions not using the default methods @oatanuch
greater representation of probit & logit model®(of the regressions versus .28 in the earliergrand these have
default mean coverage that is almost identicabtminal size.
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Table X: Coverage of Clustered Regressions withd@anEffects at the Cluster Level
(653 OLS & 127 non-OLS Regressions, 1000 simulatjper equation)

at .01 level at .05 level

p=ol(c’+c?) mean sd min  max mean  sd Min  max

with clustered covariance matrix

.0 .027 .051 .002 .410 .081 .070 .020 .597
2 .030 .053 .001 .497 .08 .073 .032 .670
4 .030 .056 .001 .753 .086 .075 .030 .857
.6 .030 .057 .001 .862 .087 .076 .031 .927
.8 .030 .057 .001 .908 .087 .075 .030 .961
with default covariance matrix
.0 .010 .003 .002 .021 .050 .007 .033 .072
2 215 200 .003 .816 .313 .216 .029 .880
4 313  .246 .001 905 411 252 .022 944
.6 377 268 .001 .943 472 267 .021 .969
.8 425 281 000 .963 515 276 .015 .983

Notes: p = share of total error variance due to randomceff©therwise, see Table IX.

level, appear. While noting the shortcomings ef ¢hustered covariance estimate, it is
nevertheless important to recognize the even grpatds of not clustering or explicitly
modelling random effects in situations where ranadfacts might arise. In the bottom panel of
Table X | run the same regressions using the dedavbriance matrix. As shown, average
rejection probabilities when the null is true axéraordinarily high. This point was made by
Moulton (1986), who showed that the proportionatdarestimation of coefficient variation
using the default OLS covariance matrix was indreas the within group correlation of the
independent variable. Within group correlatiorireiitment is greatest when treatment is,
literally, applied to groups of observations. Thappens in 36 papers in my sampleOf these,
25 cluster or explicitly model random effects atttrouped level or at a greater degree of data
aggregation in at least some of their regressidrisof these papers, however, either do not

cluster at all or cluster at a lower level of agggon. While the clustered covariance matrix

"By which | mean treatment is applied in groups atiicas appear in regressions. Thus, if treatreent i
applied to a male and female couple, but each segne is done one sex at a time, treatment is pteal to
grouped data. Conversely, if treatment is appleiddividuals, but multiple observations for eaectiividual appear
in a regression, then treatment is applied to gedugata.
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generally overstates the statistical significanfoeesults, using the default covariance estimate, i
situations where random effects at the group treatdevel might arise, is not necessarily a
better choice, as shown in Table X.

Table Xl below illustrates the ineffectivenesslod robust covariance matrix in situations
it is designed to handle using two examples. Tiseis population weighted regressions.
Population weighted regressions are similar to gdized least squares weighted regressions, in
that both the dependent and independent variabdemaltiplied by the inverse of the weights.
However, in GLS the weights represent an estimbtieeoproportional heteroskedasticity of the
different observations, so the GLS transform predutomoskedastic errors. In contrast, in
population weighted regressions weights are us#dtive intention of arriving at a population-
weighted average estimate of the coefficientghdforiginal error was homoskedastic, the error
in the weighted regression becomes heteroskeddStnsequently, the standard approach in
population weighted regressions is to use the talmsariance estimate. One can easily,
however, calculate the same regression with theulteDLS covariance estimate, i.e. ignoring
the heteroskedasticity in the error tetn.

One paper in my sample makes extensive use ofigopuweighted regressions. In
Table IX earlier | followed my baseline procedwsenulating size for this paper by adding
homoskedastic disturbances to the point estimatetuped by a non-treatment estimating
equation. When subsequently estimated using ptpualaeights, these regressions contain
intrinsically heteroskedastic errors. There argdadly two population groups in this paper, and
the weights used create an error variance in tienty group (about 20 percent of the sample)
that is 1.6 to 1.7 times that of the majority grolganel A of Table Xl extracts, from the grouped
data of Table IX, the default and robust simulagifor this paper. As shown, the default OLS
estimate of covariance produces coverage whiclistly biased in favour of rejection, but still
close to nominal value. When the robust covariastenate is applied to solve the inference
problem, rejection probabilities actually rise d&retome more variable.

A second example, again motivated by my sampliedinear regression model. As

noted earlier, in approximately 40 percent of the&S@egressions in my sample the dependent

*%Specifying aweights rather than pweights in Statalpces the same weighted coefficients but with the
default covariance estimate.
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Table XI: Coverage of Baseline and Robust Metheitls Heteroskedasticity
by Type of Covariance Estimate (OLS regression8pQGimulations per regression)

at .01 level at .05 level
# mean sd min  max mean sd min  max

(A) population weighted regressions

default 44 011 .002 .008 .016 .052 .005 .044 .065
robust 44 015 .003 .011 .022 .064 .007 .054 .084
(B) regressions with binary y values (linear prabglmodel)
default 591 .014 .044 .000 .976 .057 .050 .000 .986
robust 591 .026 .078 .000 .694 .070 .080 .000 .706

Notes: See Table IX.

variable is dichotomous, taking on 0/1 values. ebinprobability models of this type are
inherently heteroskedastic as, given the underlgiogel y = xi'Bx + &, the error variance of
observation i is given by (2'Bx)xi'Bx. In the size simulations in Table IX above, hoemrV
added homoskedastic normal disturbances basedthpatandard error of the non-treatment
equation to point estimates, producing normallyriisted dependent variables Y now correct
this, explicitly simulating a 0/1 dichotomous véii@ based upon the non-treatment regression,
producing heteroskedastic errors.

Panel B of Table XI shows how the default and sbtlmovariance matrices fare in these
circumstance®® The standard OLS covariance matrix is biasedoir of rejection, with
coverage of .014 at the .01 level, and a standevation of coverage (.044) which is 44 times
larger than that found when using standard metbadsomoskedastic errors (Table 1X earlier).

However, when the robust covariance matrix is &opin these regressions, things get much

*t is not possible to generate simulated data usiaquthors’ linear probability models, as thenpoi
estimates these produce grossly violate the assomspf the linear model. To illustrate, | notattthe maximum
absolute residual error exceeds 1 in 205 of theds®lnal regressions the authors performed. tfeoto be able to
simulate a random 0/1 dependent variable withittealt model it is necessary that the point estimatehe baseline
equation lie between the dependent variable vdlwesd 1, and this restriction is clearly not migy approach is to
estimate a probit equation using the non-treatmegressors and use the predicted probabilitieseoptobit to
produce simulated data. This simulation is somewtiterent than the others, as the data no losgestly satisfy
the non-treatment equation=yx;'yx + ¢; (instead the;'gx must be taken as the linearization of the undeglyrobit
equation). However, it is still the case thathia tlata generating process the treatment varibblesno effect on
the dependent variable, so it is still a simulatbdsize.

The robust covariance matrix was not necessarigjrally used in these particular regressionsml a
simply applying it to illustrate its effects in adader sample.
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worse. The rejection probability at the .01 |lesshost doubles, to .026, as does the standard
deviation of coverage (to .078). In sum, as showthe two examples in Table XI, when
confronted with the type of problem it is putativelesigned to solve, i.e. heteroskedastic errors
which are not accounted for in the regression $igation, the performance of the robust
covariance matrix is, both in an absolute sensaaative to the default estimate of covariance,
highly variable and systematically biased in favolrejecting the null.

Tables XllI and XIII below show that maximum leveeagxplains most of the average
coverage bias of test statistics based upon thest@mnd clustered covariance matrices. In each
panel the dependent variable is In empirical (satad) size at the .01 level in the Wald test of
treatment coefficients divided by .01, so a valti® ;epresents unbiased coverage. Comparison
of the constant term or intercept of these regoesswith the mean value of the dependent
variable shows how much of mean bias is explainethé regressors, excluding any fixed
effects®® For regressions with maximum leverage, in paldiguhe intercept indicates the bias
when maximum leverage attains its minimum valueesb. 827 OLS regressions in my sample
use the clustered covariance matrix, but only 1€ithe robust covariance matrix, so | expand
that sample by running simulations with the robuatrix for all 1378 OLS regressions.

Table XII begins with an analysis of the bias d@t$ebased on the robust covariance
matrix in simulations with normally distributed idid errors (the entire OLS sample in Table
IX) or heteroskedastic errors produced by dichotesmbependent variables (as featured in Table
Xl above). As shown in columns 1-3 and 6-8, samsfde has no significant relation to coverage
bias. Point estimates are often of the wrong ggsitive), and when negative are easily
rendered utterly insignificant with the additionpaper fixed effects or maximal leverage as
regressors. Columns 3-5 show that maximal leveisaggnificantly correlated with coverage
bias, especially when paper fixed effects are adodide regression in column 5, where it
accounts for pretty much all of mean coverage @iasthe intercept is near zero). As noted
earlier, a maximal leverage of 1 might be the ftesiuéxtreme regressors with little relevance for
areas of interest in the regression. There iseend of this in the sample. When the regressions

are run in the right-hand panel without observatiatth h™* = 1, the estimated effect of

®n columns with fixed effects the reported intercispghe mean value of y minus the mean value ®f th
independent variables (excluding fixed effects)einheir coefficients.
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Table XII: Determinants of Coverage Bias in OLSJRssions with Robust Covariandatrix
(dependent variable = In(rejection probabilityGit level/.01)

@@ @@ 6 4 6 6 O @6 © 40

(A) ideal iid errors

1378 observations 1032 observations with!™< 1
#ofobs -1.16° -3.0¢" -8.3¢ -1.1e® -2.7¢" -5.6¢’
(5.7€") (1.26° (5.7¢") (5.16") (1.0€% (4.8¢€")
hoe 135 142 462 .683 .691 .986
(.036) (.036) (.042) (.062) (.062) (.062)

intercept 163 .159 110 103 -020 .172 .166 .037 .031 -.026
(.015) (.013) (.020) (.020) (.019) (.015) (.013) (.019) (.018) (.015)

paper f.e. no yes no no yes no yes no no yes
Hy 157 157 157 157 157 .165 .165 .165 .165 .165
R .003 414 .013 .011 .464 .005 464 .108 .107 571

(B) dichotomous vy, heteroskedastic errors

589 observations 452 observations witlh™ < 1
#ofobs 7.56" 1.9¢° 1.1¢€° 6.2¢" 1.8e® 1.5¢°
(8.9¢") (2.1€% (9.0€") (8.8¢") (2.1€% (8.2¢")
" 212 197 554 1.34 130 157
(.084) (.083) (.100) (.153) (.152) (.155)

intercept  -247 238 167 .181 049 .281 269 .034 .055 .008
(034) (.032) (.047) (.045) (.046) (.039) (.037) (.046) (.044) (.039)

paper f.e. no yes no no yes no yes no no yes
Hy 253 263 253 .253 .253 .287 .287 .287 .287 .287
R .001 .368 .012 .010 .400 .001 .375 .147 141 495

Notes: intercept = mean of dependent variableumcoefficient times mean of independent variables
(excluding fixed effects). paper f.e. = paper dadfects;u, = mean of dependent variable. F test statistics
calculated using Stata’s n/(n-k) finite sample atiiient and n-k denominator degrees of freedom.

maximal leverage rises dramatically and accountslfoost all of coverage bias, even without
paper fixed effects (columns 8-10). Once regresswith h,"™= 1 are dropped, the?Rvith just
maximal leverage in the regression is .107 initheample and .141 in the heteroskedastic
sample. | should note that coverage bias in regres withh™ = 1 is greater than in
regressions in which this condition does not hd@3 vs. .015 at the .01 level with ideal errors),
it is simply less than a In-linear extrapolatioreffiects might otherwise suggest.

Table Xl examines the bias of tests based orcihgtered covariance estimate in

simulations with iid errors (the clustered samgdl&able 1X) and unknown random effects
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Table XllI: Determinants of Coverage Bias in Regiens with Clustered Covariance Matrix
(dependent variable = In(rejection probabilityt level/.01)

@ @ 6 4 6 6 OO 6 (O do

(A) ideal iid errors

827 observations 506 observations with™((H }) <1
# of clusters -1.66* -3.66° 4.2¢° -1.7¢* -8.8¢" -2.4¢°
(5.9¢°) (1.4€% (1.4€% (4.26°) (9.9¢°) (8.1¢°)
e -.333 -.153
(.100) (.123)
A™({H o h 752 261 495 1.30 893 1.23
(.108) (.065) (.077) (.100) (.069) (.078)

441 414 070 245 101 466 444 -030 .089 -.035

INercept — 028) (035) (061) (047) (050) (.025) (.030) (.039) (.032) (032)
paper f.e.  no yes  yes no yes no yes  yes no yes
" 406 406 406 406 406 422 422 422 422 422
R’ 009 458 492 019 485 032 499 671 248  .669

(B) cluster correlated errors (random effects)
655 observations 506 observations with™({H }) <1

p=0 p=.2 p=4 p=6 p=.8 p=0 p=.2 p=4 p=6 p=.8

A™(H,)) 686 692 702 742 760 967 111 111 114 116
(.068) (.067) (.068) (.068) (.068) (.085) (.081) (.083) (.084) (.082)
070 182 176 .152 .134 .000 .079 .076 .054 .036

intercept
! P (.043) (.042) (.043) (.043) (.042) (.040) (.038) (.039) (.039) (.038)
paper f.e. no no no no no no no no no no
Ly 423 .539 .538 534 .525 .360 492 .488 478 467
R? 134 .140 .140 .155 162 .204 272 .262 .268 .281

Notes: intercept = mean of dependent variableuscoefficient times mean of independent variables
(excluding fixed effects). paper f.e. = with pafired effectsjuy = mean of dependent variable. F test statistics
calculated using Stata’s(n-1)/(n-1)(n-K) finite sample adjustment ang hdenominator degrees of freedom,
where n is the number of clusters.

(Table X)® When entered on its own, the number of clusge®nsistently negatively
correlated with bias (panel A, columns 1, 2, 6 @ydalthough in the broadest sample its

statistical significance does not survive the addiof paper fixed effects. In a horse race with

®2Stata’s xtreg fe cluster command, as noted eadjgslies a different finite sample adjustment ttan
reg/areg commands. In Table IX | accept Statatgogts, as my objective is to illustrate size far thethods used by
authors (xtreg fe cluster regressions do not appeBable X as they all have cluster fixed effects) Table XlI, to
analyse the role of leverage in creating biastlgmerything on a equal footing and use the reg/ahester finite
sample adjustment for all regressions and Statfault n-1 F denominator degrees of freedom, which is the
theoretical maximum effective degrees of freedomirfterence with clustered covariance matrices (8g@bove).
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max

paper fixed effects between the number of clustaeximal leveragé,

, and the maximum
eigenvalue of the block diagonal cluster elemeht@hat matrixA™({H }) (panel A,

columns 3 and 8), only the last remains signifiGard of the correct sign. As argued earlier,
these eigenvalues, and not maximal leverage parsayhat determines bias in the clustered
covariance estimate. Columns 4, 5, 9 and 10 shaithis relation exists with and without fixed
effects and, as in the previous table, is strongee extreme cases with*({H }) =1 are
removed where, without paper fixed effects({H}) alone produces ar’Rf .248. Coverage
bias in regressions with™({H ,}) = 1 is much higher than in those without (.032.043 at the
.01 level with ideal errors), but less than migatidicated by a In-linear extrapolation of effects
Panel B of the table shows that the maximum eideevaf the block diagonal elements of the
hat matrix is also a significant determinant of th@erage bias of the clustered covariance matrix
in the presence of unknown (or unmodelled) randffeces, with Rs ranging from .140 to .281.
As in the earlier table, excluding extreme caseb wi**({H }) =1, coverage bias pretty much
disappears when maximal leverage for clusteredssgins /™ ({H }) , is zero (intercepts in
panel A, columns 9-10, panel B, columns 6-10, caegbavith the mean of y). In sum,
maximum leverage, and not sample size, providebéBeindicator of the accuracy of statistical
inference based upon the robust and clustered iaoear matrices. Despite an average of 5300
observations and 216 clusters, in the typical arpemtal regression this is rather poor.

The preceding tables and regressions show thegsgign design affects the distribution
of test statistics using the robust and clusteoe@igance matrices in a systematic fashion. This
suggests the possibility, promoted by Kott (1983l and McCaffrey (2002), Imbens and
Kolesar (2015) and Young (2016), of using the knalstribution of these test statistics with
ideal errors to evaluate values calculated in fralcpplied situation®® In Table XIV | apply
this idea to all test statistics calculated witmiuzfault methods (most of which are robust,
clustered or corrections thereof), using the idead simulations of Table 1X, where the null of
no treatment effect in the regression is true bystriction, to evaluate the Wald test statistics of

no treatment effect in each regression. As shaw®LS regressions switching from Stata’s

®*These papers actually concern themselves with @siranalytical “effective degrees of freedom”
approximation of the distribution of a single linemmbination of coefficients when disturbancesideal iid
normal. In the case of the F/Wald grouped testaufiple linear constraints examined in this papersuch simple
approximation exists, but simulation provides aaraltive approximation of the distribution.
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Table XIV: Statistical Significance of Treatmerftdets
(number of significant regressions by level of test

1042 OLS regressions 412 non-OLS regressions

.01 .05 .01 .05

standard Wald test

evaluated by Stata 264 437 121 168

evaluated by simulation 212 386 99 147
randomization Wald test

randomization-p 210 393 85 115

randomization-t 215 397 75 106

randomization-c 235 401 71 102

evaluation of the conventional test statistic t® phavalue implied by the statistics’ position irth
ideal simulated distribution immediately brings eentional results completely in line with those
produced by randomization statistical inferenaethke case of the smaller number of non-OLS
regressions, the adjustment is less successfulingiing betweer: and% of the gap between
conventional and randomization res(ftseflecting, perhaps, the fact that leverage isasot
clearly an immutable characteristic of regressiesigh in non-OLS settinds. Altogether,
however, the results of Table XIV show that thearage bias reported in Table IX can explain
most of the difference between conventional andwarization results in regressions using non-
default covariance estimation methods which, asrdehed earlier in Table VI, account for most
of the observed differences between conventiordrandomization tests.

| conclude this section by presenting, as promisethmary statistics that show how
coverage bias compounds with the number of impiests. In Table XV | compare average
rejection rates at the coefficient, equation angepdevel using the simulations with ideal errors

of Table IX earlier. As seemingly unrelated estioratechniques are generally impossible to

®These results relate to regressions reported iteTXbwhich, as noted earlier, exclude regression
specifications where the notion of an “ideal” erimtess clear. For the quantile regressions aacthingly unrelated
systems which | also simulated but did not includ@able IX (as noted in an earlier footnote),hie 86 regressions
which do not use default covariance methods, 10caned to be significant at the .01 level using tbaventionally
evaluated Wald statistic. If evaluated using theutated distribution, however, the number of seignificant
results falls to 5, which agrees closely with tHe&nd by the randomization-p and —t and 6 foundhey
randomization-c.

®Thus, for example, in a random effects regressimaan define a leverage measure using the GLS
transformed independent variables that functionshmbe same way, allowing the robust or clustemadance
estimates, depending upon the hypothesis testate pineven weight on particular residuals. Théasore,
however, now depends upon the estimated randormtgfiad is not an intrinsic feature of regressiesigh.
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Table XV: Average Coverage Bias at Different Leved Aggregation
using default covariance using paper’s covariance

estimation method estimation method
# of obs .01 .05 .01 .05
coefficient 5552 .0103 .0507 .0142 .0578
equation 1900 .0105 .0511 .0217 .0706
paper 53 .0200 .0675 .1845 .2740
seemingly unrelated estimation
paper 9 2972 .3902

Note: Coverage calculated using 10000 ideal lsitimins and then averaged across the reported
number of coefficient, equation or paper observetio

implement, | generate a conventional omnibus tsalf 53 papers by using a block diagonal
covariance matrix with the equation covariance io@gron the diagonal, evaluating the test
statistic with a chi-squared distribution. Thisyanance matrix incorporates the fact that the
equation level disturbances in the simulationsdaagvn independently, so the true covariance
matrix is known to be block diagonal. As showrfadé covariance methods, in this sample of
OLS and non-OLS regressions, produce slightly bizeeerage at the coefficient level, which
increases as one moves up to the equation and lgapér However, as the bias at the coefficient
level is miniscule (e.g. .0103 at.01 putative si#ie@ bias at the paper level remains small (.0200
at .01). In contrast, the more substantial bigdhatoefficient level found using each paper’s
covariance estimation method (.0142 at.01), comgsto an average .1845 rejection rate for .01
nominal size at the paper level. Biases which appmall at the coefficient level become
shockingly large when on average more than 10(ficaefts are combined to evaluate the
complete paper. The bottom row of the table ewakithe bias of Stata’s seemingly unrelated
estimation technique in the 9 papers where | wés abthe earlier section, to apply the method
to the papers themselves. With independent equbgiel errors, the suest command, in
attempting to calculate the cross-equation covagarsing the equation level scores, produces

average rejection rates of .2972 and .3902 atnfl1G5 nominal size, respectivéfy.

®Confirmation of this substantial bias is given hg L6 seemingly unrelated estimation systems irofne
my sample papers which, with an average of 11rreat variables per system, produce average rejecies of
.154 at the .01 level, as noted in an earlier fon
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(c) Power

Table XVI below shows that the equation level poaferandomization tests is very close
to that of unbiased conventional econometric methadkk in the case of the explorations of size
in Table IX earlier, | produce simulated data bage@quations estimated using the actual data in
the papers, but this time | include all treatmdfeats in the predicted values. Thus, these
simulations represent cases were, by construdtiemull of no treatment effects is false and the
alternative, of treatment effects in the amountcated by the authors' equations, is true. As
before, all error terms are ideal within the cohtexthe regression model, i.e. are iid and
normally distributed except insofar as the regmessiquation itself explicitly posits an alternative
distribution. The variance of each equation'sulisince is determined by the original estimating
equation and the disturbances are independentsaegostions and iterations. Because
randomization simulations are computationally istee, | conduct only 100 simulations per
regression with 200 randomizations used in eachlstion to determine randomization p-values.
My work with the original data found little changep-values or rejection probabilities between
200 and 10000 randomization iterations, as disclissan earlier footnote.

The left-hand side of Table XVI uses Stata's défaavariance estimation method to
calculate test statistics for both the conventidald test and the randomization-p and -t. These
covariance matrices, without robust, clusteredtbeiocorrections, are the correct covariance
matrices, insofar as the error terms are idealsatidfy the baseline assumptions of the
estimating equation. We see that when the nddlls® the average p-value of the Wald test
(using the F-distribution) for OLS regressionsli&83, while for the randomization-p it is .165.
The correlation of the average p-value of the Wedd and the randomization-p by estimating
equation is .998; the correlation at the iteratewel of the p-value (i.e. in each individual
simulation) is, extraordinarily, .990. The Waldtteejects .462 of the time at the .01 level and
.586 at the .05 level, while the randomization-phabilities of rejection are .471 and .585,
respectively. For all intents and purposes, theqguaf the randomization-p is identical to that of
conventional econometrics in OLS regressions. Llaimis result regarding the asymptotic
equality of the power of t- and randomization téista simple single coefficient regression, noted

earlier, is, for all intents and purposes, a fis@éple result that extends to a vast array of
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Table XVI. Power, 1340 OLS and 522 Non-OLS Regoessin 52 papers
(100 simulations per regression, 200 randomizatmansimulation)

using default covariance using paper’s covariance
estimation method estimation method
(A) OLS (B) ~OLS (C) OLS (D) ~ OLS

p-values when His true
L pe po KL PE P K  PE P K PE P

Wald test .163 .182 .159 178

randomization-p | .165 .998 .990|.191 .995 .971|.168 .989 .985|.193 .991 .970
randomization-t | .167 .978 .976|.216 .844 .870|.170 .970 .971|.216 .847 .872
randomization-c | .172 .954 .960|.237 .758 .801|.172 .954 .958|.236 .761 .804

rejection probabilities whenqHs true (by nominal size of the test)
.01 .05 .01 .05 .01 .05 .01 .05

Wald test 462 .586 445 .556 AT75 .596 458 .565
randomization-p | .471 .585 415 .525 .455 574 404 513
randomization-t 468 .581 374 479 457 573 377 .480
randomization-c | .462 575 .351 450 462 574 .354 451

Notes: ~ OLS: not ordinary least squates; mean (calculated across means by equatiers;
correlation of mean p-values at the equation lewtd those of the conventional Wald test= correlation
of p-values at the equation x iteration level whibse of the conventional Wald test. This tablduwdes
the one paper which was excluded earlier from THB#eanalysis of significance at the regressiewnd|
because of the large number of significant randatidn ties at the equation level. Rejection prdlies
with randomization techniques differ between colsrdevoted to default vs paper’s covariance methods
because (a) the -p and -t use the different metimotieir calculation and (b) averages are caledlaicross
iterations where Stata, using the covariance mettesdribed, is able to deliver a test of all trestm
measures in the regression.

regression specifications and sample sizeldowever, column (B) of Table XVI shows that
Lehmann’s result does not quite generalize to nbB-€ettings, as the power of randomization
tests appears to be slightly lower than that agdewsing conventional tests based upon the
default covariance estimate, with the randomizagi@howing an average p-value that is .009
greater and a rejection probability that is .03%lat the .01 and .05 levels than that achieved by
conventional tests.

Columns (A) and (B) of Table XVI compare randontiza tests to Stata’s default
conventional estimate of covariance which, as shiovearlier size simulations, even in non-OLS
cases generally has very little bias in favourepéction. To give the papers in my sample the

benefit of the doubt, columns (C) and (D) of theléacompare the power of randomization tests

®’Sample sizes in these regression range from 48@060D observations. In 19200 iterations across 192
regressions with less than 100 observations, ttenmevalue of the conventional Wald test and tineloanization-p
are .360 and .361, respectively, with a correlafairthe iteration level) of .972.
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to that achieved using the actual covariance matg#od (default, robust, clustered, etc) used
by the papers. As shown earlier, these methodiupeorejection probabilities higher than
nominal size. This “weakness”, when the null iseirbecomes a “feature” when the null is false.
As might be expected, in Table XVI these methodglpce systematically lower p-values and
higher rejection probabilities than their defawdvariance counterparts.

Columns (C) and (D) show, however, that even @ wiishes to give experimental papers
the benefit of the doubt, power alone cannot comyavhere near to explaining the discrepancy
between conventional and randomization resultsth&t01 level, using the covariance methods
selected by authors, conventional OLS methodstre}&é of the time, while the randomization-
p only rejects .455 of the time. Thus, if treatineasis the effects estimated in the papers and ideal
errors with variance based on that present in shienating equations, randomization methods
reject the null when it is false .96 as often asrtlethods selected by the authors. In my analysis
of actual OLS regressions in the papers (Tabledtlier) | find that 310 regression specifications
reject the null at the .01 level using the convamdl Wald test of treatment significance, but only
251 reject the null at that level using the rand@tion-p. This is a relative rejection frequency
of .81. Table XV shows that in non-OLS settings tlovariance methods selected by authors
reject the null when it is false .458 of the timdaile the randomization-p only rejects .404 of the
time, for a relative rejection rate of .88. Anahgsthe actual non-OLS regressions in the papers,
| find that conventional Wald tests of treatmegngicance reject the null in 175 cases at the .01
level, while the randomization-p only rejects 1R8ds at that level of significance. This is a
relative rejection probability of .70. Even if oméshes to give the benefit of the doubt to each
paper by selecting their covariance calculationho@s, the large discrepancy between the
rejection rates achieved in conventional teststhade recorded by the randomization-p cannot
be attributed to a lack of power in randomizatitatistical inference.

Table XVI also allows a comparison of the relatpoaver of different randomization
methods. In Table XVI the power of the randomi@aip is systematically greater than that of
the -t, which in turn is more powerful than thedamization-c, as average p-values are always
lower and rejection probabilities, in almost eveage, higher, although the differences are

relatively small. This, again, suggests that Lehn's&result that the randomization-t/-p was
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Table XVII: Number of Omnibus Rejections Whenisl True
(100 iterations per paper, tests based upon l@gonal covariance matrix)

default covariance estimate  paper’s covariantmate

.01 level .05 level .01 level .05 level
(1) conventional Wald test .959 973 .963 975
(2) randomization-t .835 .884 .825 .876
(3) randomization-c .860 .895 .861 .895

Notes: Tests are calculated using a covariaratex (for all coefficients in the paper) thatick
diagonal by estimating equation, as the disturbafmeeach equation are by construction independ€his
table excludes the two papers which were earlielueled from Table VIII's analysis of overall expaental
significance because of presentationally relevandomization ties. Nevertheless, there are a langeber
of small ties (with an average width of .0028, fsatjuently extending across the .01 and .05 boues)ar|
resolve all of these by drawing uniformly distriedtrandom numbers, as in (9) earlier.

uniformly most powerful in the case of a singlefticeent OLS regression may be more general
than his limited example suggests.

Table XVII evaluates the relative power of randeation tests in the omnibus test of
experimental significance. Since it is generaitypossible to implement the multi-equation
seemingly unrelated estimation test of overall ificgnce as a benchmark, | use a conventional
chi-squared test based upon a block diagonal cvegimatrix made up of the individually
estimated equation level covariance matrices, asdwae in the simulations of size earlier in
Table XV. Since the simulation disturbances farreaquation are independent of each other, the
Cross equation covariance matrix is, actually, bidiagonal. | make use of the same
information/restriction in the randomization andtsirap Wald calculations, to place them on an
equal footing with the conventional benchmark.

As shown in the table, whether evaluated againdt\tésts calculated using the default
estimate of covariance or using the authors’ owthous, the relative power of omnibus
randomization tests is substantially lower. Wisbaventional tests reject the null of no
treatment effect between .96 and .98 of the tintheatO1 and .05 levels, the power of
randomization tests ranges from .83 to .90. Téssiit is merely the power version of the
aggregation problem discussed earlier above. ady seen in Table XVI, the power of
randomization tests is slightly less than thatafwentional tests at the equation level,
particularly in non-OLS settings. As multiple etjoas are aggregated to the paper level, this

difference becomes more pronounced.
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The average differences in power reported in TXM# reflect large differences in a
limited number of papers. Consequently, | considerimpact of restricting the sample to those
papers where the rejection frequencies at theeNd bf the randomization tests are no more than
.01 less than those attained in Table XVII usirggdhthors’ own covariance estimation methods.
For the randomization-t, this level of power isafeed in 36 papers. Among these, only 12 and
16 reject the null of no treatment effect at theadd .05 levels, respectively, in the omnibus
randomization-t analysis of the actual experimeiiisese are rejection rates of .33 and .44. For
the randomization-c, relative power within .01 af@amnibus conventional Wald test is reached
in 40 papers. Only 19 and 24 of these reject thleafi no treatment effect at the .01 and .05
levels, respectively, in the randomization-c analgs the actual experiments. These are
rejection rates of .48 and .60. While power migkplain some of the omnibus results, it does
not explain them all. Between Y2 a#df papers cannot reject the null of no treatméfeceat
the .01 level, even when the sample is restriciqhpers where randomization tests have power
equal to that of conventional tests.

The power simulations in Table XVII, based upostalibances that are independent
across equations, do not reproduce the high crpsatien correlation of coefficients and p-
values that is present in my sample. This aréfity, however, highlights the principal reason
for low rejection rates in the actual sample. Ppbwer of the randomization-t and -c at the .01
level, when restricted to those papers where theyahin .01 of the power of conventional tests
is, on average .96. These are rejection ratedaietliusing the coefficient estimates of the
papers and the equation specific estimates ofrbatice variation. The fact that these tests in
application to the actual experiments themselves lh@amarkably lower rejection rates reflects
the large discounting of significant results crdatg the strong cross-equation correlation of
significant coefficients discussed earlier aboVée reader seeking more realistic simulations
producing cross-equation correlations that matokehn the data need look no further than the
omnibus bootstrap test results presented eafTike bootstrap distributions, in effect, simulate
the sampling variation and cross equation cor@tagictually present in the data. These

simulations confirm the results of the omnibus @nation tests.
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V. Conclusion

The discrepancy between randomization and convaadtresults in my sample of
experimental papers is a natural consequence ofgconwomists, as a profession, perform
research. Armed with an idea and a data set, arelséor statistically significant relations,
examining the relationship between dependent atebiendent variables that are of interest to
us. Having found a significant relation, we theorkvenergetically to convince seminar
participants, referees and editors that it is rgbagding more and more right-hand side variables
and employing universal “corrections” to deal withknown problems with the error disturbance.
This paper suggests that this dialogue betweemnobes as authors and our roles as sceptical
readers may be misdirected. Correlations betweeertlent and independent variables may
reflect the role of omitted variables, but they nadéso be the result of completely random
correlation. This is unlikely to be revealed byled additional non-random right-hand side
variables. Moreover, the high maximal leveragedpoed by these conditioning relations,
combined with the use of leverage dependent asyiogtandard error corrections, produces a
systematic bias in favour of finding significansudts in finite samples. A much better indication
of random correlation is the number of attemptesgimficant specifications that accompanied
the finding of a significant result. A large numioé statistically independent insignificant
results contain much more information than a segei@h correlated variations on a limited
number of significant specifications. This factast in our professional dialogue, with its focus
on testing the robustness of significant relations.

The lack of omnibus tests that link equations ingagnple of published papers is not
surprising, as these tests are near nigh impossibieplement using conventional methods. The
almost complete lack of F-tests within equatiorsyéver, is much more revealing of
professional practice. Regressions with an indi&ily .01 level significant coefficient have an
average of 5.8 treatment measures, representingpiauteatments and the interaction of
treatment with participant characteristics, of whon average 4.1 are insignificant. The fact that
the multiple tests implicit in these regressiors@most never jointly evaluated cannot be
blamed on authors, because these papers havenaltiymugh the scrutiny of seminar

participants, referees and editors. Instead, gtrha seen as reflecting a professional focus on
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disproving significant results and inability to sakthe information embodied in the insignificant
results that are laid out in front of us.

Only one paper in my sample emphasizes the laskatiktically significant treatment
effects. The present paper suggests that thisichmmore widespread than the results of
individual regressions might lead one to believe, many experimental treatments appear to be
having no effect on participants. | arrive at thasiclusion not by modifying equations and
testing the robustness of coefficients, but by doimly the evidence presented honestly and
forthrightly by the authors of these papers. Alatstatistically significant results is typically
seen as a barrier to publication, but, as the afergioned paper indicates, this need not be the
case. To an economist reading these papers itssgema facie obvious that the manipulations
and treatments presented therein should have sasiib effect on participants. The fact that in
S0 many cases there do not appear to be any i &atistically significant effects is, in many
respects, much more stimulating than the confiromadif pre-existing beliefs. A greater
emphasis on statistically insignificant resultsthbio the evaluation of evidence and in the
consideration of the value of papers, might be fieilaé To quote R.A. Fisher (1935):

The liberation of the human intellect must, howevemain incomplete so long as it
is free only to work out the consequences of agoifesd body of dogmatic data, and is
denied the access to unsuspected truths, whichdmglgt observation can give.

Randomized experiments, with their potential fazuaate and unbiased finite sample statistical

inference, may reveal such truths.
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