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Abstract

This paper examines how specification searching, whereby researchers selectively report the results of certain analyses, has varied across time, disciplines,
and methods. Studies by researchers affiliated with economics departments appear to exhibit more bias than those affiliated with schools of public health or
medicine, but less than has been observed for other social sciences. Most of
this gap appears related to the methods used. Randomized controlled trials, in
particular, exhibit less specification searching than studies using other methods.
Increased skepticism of results from quasi-experimental studies may paradoxically have led to more extreme specification searching among them over time.

1

1

Introduction
Specification searching is a concern for all quantitative disciplines. However, it is not

clear when it is likely to happen. Researchers working in different academic ecosystems
might face different pressures leading to distinct patterns of specification searching. This
paper considers several types of studies and finds that specification searching varies by discipline, time period, and methodology.
Specification searching or the related issue of publication bias has long been seen to be
a problem in medicine (e.g. Begg and Berlin, 1988; Simes, 1986) and psychology (Simmons
and Simonsohn, 2011; Bastardi, Uhlmann and Ross, 2011). There has been growing interest
as well in the social sciences (Franco, Malhotra and Simonovits, 2014), including political
science (Gerber and Malhotra, 2008a), sociology (Gerber and Malhotra, 2008b), and economics (Brodeur et al., 2012). This paper exploits a database of 705 published articles and
unpublished working papers relating to international development. The data provide a longrun view of how these biases might evolve over time due to different pressures. Since both
economists and researchers in other fields such as health are represented in this database,
often studying the same types of interventions, the data also provide the opportunity to test
the hypothesis that different disciplines suffer from different biases.
These disciplines tend to use different methods, with economists relying more on quasiexperimental methods and health researchers relying more on randomized controlled trials
(RCTs). These methods could themselves be associated with different levels of specification
searching. In particular, studies using randomized experiments may be less prone to specification searching due to the method’s emphasis on rigor or the increased odds of publication
independent of results.
Impact evaluations in economics have recently started to grow exponentially, both in
number and in terms of the resources devoted to them. This adds to the importance of
quantifying the biases in them and discovering where they are most likely to appear. While
these studies are still growing, a few thousand are already complete, providing a body of
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work with which to examine to what extent these studies suffer from these kinds of biases.
We find that studies done by researchers affiliated with economics departments show
slightly more signs of specification searching than in health, though less than has been seen in
political science or sociology. Further, randomized controlled trials exhibit less specification
searching than studies using other methods. Interestingly, the biases of quasi-experimental
studies appear to have grown over time, perhaps in response to increased skepticism of
results.

2

Data
This paper primarily uses a database of impact evaluation results collected by AidGrade,

a U.S. non-profit that focuses on gathering the results of impact evaluations and analyzing
the data, including through meta-analysis. Its data on impact evaluation results were collected in the course of its meta-analyses from 2012-2014 (AidGrade, 2014).
To mitigate concerns about selection, the process governing the selection of papers and
extraction of results will be briefly discussed. The reader is referred to Vivalt (2016) for
more detail.
Interventions were selected largely on the basis of there being a sufficient number of studies on that topic for meta-analysis. Five AidGrade staff members each independently made
a preliminary list of interventions for examination; the lists were then combined and searches
done for each topic to determine if there were likely to be enough impact evaluations for a
meta-analysis. The remaining list was voted on by the general public online and partially
randomized (Vivalt, 2016).
A comprehensive literature search was done using a mix of the search aggregators SciVerse, Google Scholar, and EBSCO/PubMed. The online databases of the Abdul Latif
Jameel Poverty Action Lab, Innovations for Poverty Action, the Center for Effective Global
Action and the International Initiative for Impact Evaluation were also searched for com-
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pleteness. Finally, the references of any existing systematic reviews or meta-analyses were
collected.
Any impact evaluation which appeared to be on the intervention in question was included,
barring those in developed countries. Any paper that tried to consider the counterfactual was
considered an impact evaluation. Both published papers and working papers were included.
The search and screening criteria were deliberately broad. The full text of the search terms
and inclusion criteria for all 20 topics in this paper are available online (Vivalt, 2016).
This process resulted in a list of studies predominantly authored by researchers in
economics-related disciplines. The other main discipline represented in the data was health.
To examine field-specific biases, coders were instructed to determine whether a majority of
each paper’s authors were formally affiliated with an economics or economics-related institution, such as a department of agricultural economics. 319 papers met this criterion; 270
did not and are considered here as “non-economics”. These were almost exclusively by researchers affiliated with schools of public health or medicine.
All data were entered independently by two different coders and any discrepancies were
reconciled by a third. Coders followed a convention to extract those results with the fewest
controls in order to minimize bias due to specification searching. Further, where results were
presented separately for multiple subgroups, coders were similarly advised to err on the side
of caution and to collect both the aggregate results and results by subgroup except where
the author appeared to be only including a subgroup because results were significant within
that subgroup. For example, if an author reported results for children aged 8-15 and then
also presented results for children aged 12-13, only the aggregate results would be recorded,
but if the author presented results for children aged 8-9, 10-11, 12-13, and 14-15, all subgroups would be coded as well as the aggregate result when presented. Authors only rarely
reported isolated subgroups, so this was not a major issue in practice. As a result of these
two practices, all results presented here should be considered lower bounds.
To address the time dimension in this paper, two sets of older papers were added to the

4

AidGrade data. The older papers are those based on two large data sets that were available
in the 1980s and 1990s and which had been extensively exploited: the Indonesian Family Life
Survey (IFLS) and data from the International Crops Research Institute for the Semi-Arid
Tropics (ICRISAT).
Any paper citing one of these two data sets as a data source was considered for inclusion.
The other criterion for inclusion was that the paper contained results that were not simply
summarizing the data but attempting to test a hypothesis, bearing in mind that many of
the earlier papers strove to test hypotheses simply by running a regression with controls or
looking for statistically significant correlates of the variables of interest. 116 papers were
included based on these criteria, and data were extracted following the previously described
protocols.

3

Method
This paper examines specification searching by comparing the number of barely signifi-

cant results with the number of barely insignificant results around the conventional cut-off
significance level of 5%. We will argue that if one looks at the distribution of z-statistics in
a body of literature, one should expect to see roughly comparable numbers of results just
on either side of any given threshold when restricting attention to a narrow enough band
centered on that threshold. The paper will then consider the ranges 2.5%, 5%, 10%, 15%
and 20% above and below z=1.96, in turn, and examine whether results follow a binomial
distribution around 1.96 as we would expect in the absence of bias. For example, the 2.5%
range would run from 1.911 to 2.009. This is subsequently referred to as a caliper test.
This approach requires justification. We will first consider the case in which, for every
hypothesis tested in the data, the null hypothesis is true. We will then extend this argument
to deal with the more plausible scenario in which some null hypotheses are false.
If the null hypothesis is always true, it is quickly clear that the z-statistics should be
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equally distributed around a given threshold for a small enough band centered on that
threshold. Briefly, suppose that we consider intervals of width i on either side of a threshold,
z. Under the null, the probability that an observed z-statistic x lies in the nth interval to
the right of any given threshold z is:

P “ ppz ` pn ´ 1qi ď x ď z ` niq

(1)

“ F pz ` niq ´ F pz ` pn ´ 1qiq

(2)

The difference in the probability that x falls in the interval just below z and the probability that x falls in the adjacent interval just above z is:

Pdif f piq “ ppz ` pn ´ 1qi ď x ď z ` niq ´ ppz ` ni ď x ď z ` pn ` 1qiq
“ 2 ¨ F pz ` niq ´ F pz ` pn ´ 1qiq ´ F pz ` pn ` 1qiq

(4)

BPdif f piq
“ 2n ¨ f pz ` niq ´ pn ´ 1q ¨ f pz ` pn ´ 1qiq ´ pn ` 1q ¨ f pz ` pn ` 1qiq
Bi
“

2n ¨ e

´pz`niq2
2

´ pn ´ 1q ¨ e

´pz`pn´1qiq2
2

?
2π

´ pn ` 1q ¨ e

´pz`pn`1qiq2
2

(3)

ą0

(5)
(6)

From this we can see that as i decreases, Pdif f piq decreases. In other words, as the interval width gets smaller, the difference in the probability that x falls in the interval just
below z and the probability that x falls in the adjacent interval just above z also decreases
and approaches 0, so there should be roughly equal numbers of x in each interval.
However, the above only holds for the case in which the null hypothesis is always true.
In the case that the null hypothesis is sometimes false, it is not clear what shape the distribution of z-statistics will take.
We will put forward three arguments that even in the case in which the null hypothesis
is sometimes false, we should not expect to see the distribution of results that we observe in
the absence of specification searching. In particular, the distribution we observe shows more
results above than below the threshold of z=1.96 but does not exhibit this pattern at other
6

placebo thresholds, which we take as evidence of bias towards significant results. Second, in
the absence of bias, it is unclear why RCTs do not show a jump in marginally significant results compared to marginally insignificant results but quasi-experimental studies do. Third,
it does not appear to be the case that studies are being powered just enough so as to yield
significant results, which could also theoretically lead to a jump in the number of marginally
significant results compared to marginally insignificant results; thus, it is more plausible to
ascribe the observed bias to specification searching or publication bias than to selection bias.
The subsequent paragraphs expand on each point.
First, if the z-statistics exhibit a jump at z=1.96 but are otherwise smoothly decreasing
at nearby values, it is hard to see what could explain that other than some kind of bias
towards significant results. In particular, while we might imagine that the distribution of
z-statistics when the null is false could take any number of shapes, we may be willing to
make the assumption that this distribution will be smooth, in the absence of any reason to
believe it not to be. If the distribution is smooth, the difference in the probability that x
falls in the interval just below z and the probability that x falls in the adjacent interval just
above z will still decrease with decreases in i and we should expect to see equal numbers
of z-statistics in each interval for small enough i. Even if we are unwilling to assume the
distribution is smooth, we may be willing to assume that the distribution will not exhibit a
jump at z=1.96 and nowhere else in the absence of bias. If we observe there is a different
pattern of results just where we would expect there to be under bias, it would be reasonable
to take that as evidence of bias.
Figure 1 plots the results of a local polynomial regression that non-parametrically
smooths the p-values obtained by repeated binomial tests shifted by 0.001 increments between z=1.5 and z=2.5. The figure is generated by considering the 2.5% band on either side
of z=1.96 - the range of z-statistics that runs from 1.911 to 2.009 - and shifting this range so
it is alternatively centered at 1.500 (running from 1.451 to 1.549), 1.501, etc., all the way to
2.500. There is a clear dip just at the point at which z=1.96. As the local regression considers

7

Figure 1: Local Polynomial Regression of p-values from Binomial Tests on Threshold zstatistics

This plot reports the results of kernel-weighted local polynomial regressions of p-values from binomial tests
on the z-statistics used as threshold values in those tests. Quartic kernels are used, with a bandwidth of
0.2. The figure is generated by considering the 2.5% band on either side of z=1.96 - the range of z-statistics
that runs from 1.911 to 2.009 - and shifting this range so it is alternatively centered at 1.500 (running from
1.451 to 1.549), 1.501, etc., increasing in 0.001 increments. A vertical line indicates where z=1.96. As can
be seen in the figure, the lowest p-values are obtained when a threshold z-statistic of approximately 1.96 is
used.

a window of values around the threshold z-statistic, the smoothed p-values for the binomial
test of whether there are equal numbers of results just above and below the threshold are
higher than they are when attention is restricted to just the range around z=1.96, and the
dip also naturally extends on either side of z=1.96.
That there is a different pattern of z-statistics just at the threshold for significance can
also be seen by simply plotting the z-statistics. Figure A.1 in the appendix shows such a
figure from Gerber and Malhotra (2008a), and a similar figure that uses our data will later
be discussed.
Second, if there is an alternative story as to why the z-statistics take the distribution
they do, that story should explain the features of the observed data. A priori, we might
expect that RCTs would exhibit fewer traces of specification searching or selection bias due
to their being more likely to be published independent of their results. If some other factor
is driving a spike in z-statistics just above z=1.96, this factor would have to differently affect
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RCTs and non-RCTs.
Finally, we may be concerned that rather than specification searching driving the observed
distribution of z-statistics, it is being caused by selection bias. Namely, it is possible that
researchers are selecting to conduct studies when they believe the effects will be marginally
significant. This is the strongest competing hypothesis that we can imagine, as it could in
theory explain a jump in the density of z-statistics just above z=1.96 and nowhere else as
well as why results for RCTs and non-RCTs exhibit different patterns.
On the one hand, even if the results are driven by selection bias rather than specification
searching, the trajectory and distribution of this bias across disciplines and time periods
would still be interesting and worthy of study. However, we have many reasons to believe
the specific jump in z-statistics at z=1.96 is not being driven by selection bias.
First, the studies in the data set appear underpowered on net. If researchers were selecting projects based on their ability to obtain significant results, the studies ought to be
better-powered. While we do not know the power calculations that researchers might have
made a priori, for a subset of the data we can graph the distribution of effect sizes that
researchers would have had to have had in mind for their studies to have had a power of 0.8
given the sample sizes observed. We can then overlay the distribution of effect sizes actually
found (Figure 2). The two distributions look quite different and suggest the majority of
results are underpowered.
This is not conclusive in itself, as the majority of results could be underpowered while
researchers still select on expected significance in a subset of cases. For example, a study
could be powered to detect effects on one set of outcome variables but also report results for
other outcome variables for which the study does not have adequate power. However, there
are several assumptions underlying the selection bias story that are unlikely to hold. First,
researchers would have to have control over the sample size, effect size, or the standard deviation of the outcome variable. Sample size is often constrained by funding considerations
and not something researchers have fine control over; researchers are even less likely to have
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precise control over the effect size or standard deviation of the outcome variable. Second, in
order to cause a distinct spike at z=1.96 and nowhere else, researchers would have to have
a very clear idea of the effect of the study, within a narrow range of values, before it was
implemented.

Figure 2: Observed vs. Expected Effect Sizes

This figure plots the distribution of effect sizes found among the subset of the data which could be
standardized, i.e. we know the standard deviation of the outcome variable or the results are reported in
terms of standard deviations. A kernel density function is overlaid using an epanechnikov kernel with
bandwidth 0.0212, showing the distribution of effect sizes that researchers would have had to have had in
mind in order to obtain a power of 0.8 given the sample sizes selected, assuming they had control over
sample sizes. Effect sizes larger than 2 are not shown for either distribution for legibility.

We note that in other data, researchers have been shown to have inaccurate priors as
to the effects of various programs, generally over-estimating the effect sizes found. Groh et
al. (2012) survey 136 attendees at research seminars - two at academic institutions and two
in international organizations - as well as readers of the World Bank’s Development Impact
Blog and find that after describing the intervention and setting but before presenting results,
the median guess of each of six treatment effects differs from the true treatment effect by
a minimum of approximately 70%. DellaVigna and Pope (2016) also ask 314 experts from
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behavioral conferences to predict the effects of various behavioral treatments on the effort
exerted by MTurk participants. They provide the experts with the results from three benchmark treatments to help them calibrate how responsive participants were to past incentives
and then ask them to predict the effort participants exert in 15 other treatments. Perhaps
due to some combination of their providing sample past experimental results and the fact
they are estimating behavioral responses, which may have less variance than the treatment
effects of typical development interventions, the average absolute error in individual forecasts of treatment effects is only 8%. However, if one were to test for a difference between
each experimental treatment and the first, basic treatment, even this small difference in forecasted treatment effect would translate to a forecasted z-statistic that differed from the true
z-statistic by an average of 4.1. The smallest magnitude in the error in forecasted z-statistics
among the 15 experimental treatments would be 2.2.
It thus does not seem plausible for researchers to be able to guess the effects of the program so accurately as to select a sample that would result in a z-statistic between 1.96 and
2.009 and so fall within the 2.5% band but above the significance threshold. For the median
study’s sample size of 553 observations, this range of z-statistics corresponds to an effect size
between 0.0833 and 0.0854. We cannot completely rule out selection, but if manipulation
is occurring, it would seem easier for it to occur via specification searching than through
guessing an effect size to this degree of accuracy and precision.
One final consideration relating to caliper tests should be discussed before turning to the
results. When doing the caliper tests used in the rest of the paper, we need to also carefully
consider the issues arising from having multiple coefficients coming from the same papers.
In particular, we would not want a handful of papers to be driving results. Gerber and
Malhotra (2008a; 2008b) address the issue by breaking down their results by the number of
coefficients contributed by each paper, so as to separately show the results for those papers
that contribute one coefficient, two coefficients, and so on. This paper instead aggregates
the results by paper, so that, for example, a paper with four coefficients below the threshold
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and three above it would be counted as “below”. The approach followed in Gerber and Malhotra (2008a; 2008b) retains slightly different information. While it preserves the number of
coefficients on either side of the threshold, it does not reduce the bias that may be present
if one or two of the papers are responsible for much of the effect. By considering a set of
results collapsed by paper, this paper can test if results are sensitive to this.

4

Results
The first results are presented in Table 1. Quasi-experimental studies, which will be

referred to as “non-RCTs”, appear to suffer from bias, but RCTs perform much better. It
should be recalled that since the distribution of the z-statistics is skewed, we should expect
to see fewer results just over as opposed to just under the threshold for significance for a
wide enough band, which is indeed what we see for RCTs. These findings, especially for
RCTs, mark a great departure from Gerber and Malhotra’s findings regarding the political
science (2008a) or sociology (2008b) literature. A direct comparison cannot be made, as the
data collection methods were different, but the difference between these results and their
rows of mostly p ă 0.001 results, reproduced in the appendix (Table A.1), is striking. Relatively recent quasi-experimental studies are the main exception, and these do exhibit a more
pronounced jump in the distribution of z-statistics at z=1.96 (Figure A.2).
Papers written by authors affiliated with economics departments also exhibited more
specification searching than those written by authors from other disciplines (or “noneconomic” disciplines). 2,926 of the 19,469 results in papers by economists were from RCTs;
in contrast, 4,181 of the 6,701 results from other papers were from RCTs. This suggests
caution in interpreting results. However, even when one restricts attention to only RCTs or
only quasi-experimental studies, results from papers written by economists still exhibit more
specification searching than results from papers written by other researchers.1
Turning to the time dimension, results here tell an interesting story. Figure 3 shows the
1

Results available upon request.
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Figure 3: Development of Specification Searching Over Time, By Method and Discipline

This figure shows the percent of results, within each caliper, that fall above the threshold for significance.
0.50 would indicate that 50% of results in that caliper fall above the threshold and 50% fall below, and is
indicated by the line in each subfigure.

percent of results and papers that were just above, as opposed to just below, the threshold
for significance, within various bands. Again, in the absence of bias, we would expect 50%
to fall on either side; perhaps slightly less within the wider bands, due to the natural slope
of results.
In the 1990s, non-RCTs and the few RCTs that existed did not appear to suffer from
much specification searching within these calipers. However, in recent years, specification
searching seems to have stayed roughly the same for RCTs, while increasing for non-RCTs.
Further, non-RCTs report disproportionately more results even in the 15% or 20% caliper.
It thus appears as if non-RCTs try to hide this bias more or are biased in a different way. For
example, it is plausible that if everyone thought a z-statistic of 1.97 was not credible, fewer
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papers would report these kinds of values, but more would report z=2.20. The difference
between RCTs and non-RCTs in 2010-2014 is statistically significant at pă0.05 for the 10%,
15% and 20% calipers.
Results also appear to vary by discipline. The share of results over z=1.96 within a
caliper increased between 1990-1999 and 2000-2009, with mixed changes since.
While Figure 3 provides a good visual illustration of the scope of the problem, it omits
some important information about the number of results contributing to each analysis and
the significance of these results. Tables 2 and 3 provide this. In particular, it should be
noted that the apparent uptick of specification searching among non-economic papers since
2010 is based on only 11 observations, so not much weight should be placed on it.
Analyses collapsing results by paper and disaggregating by publication status are included
in the appendix (Table A.2, Figure A.3). Results exhibit similar trends when collapsing by
paper. The relatively low number of unpublished papers in the database limits the ability
to do subgroup analysis, but results for unpublished papers are nearly identical to those of
published papers on the aggregate. A limitation is that this study cannot speak to papers
that were not only not published but also “file drawered”, i.e. not even available as a working
paper.
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Conclusion
This paper finds that studies using randomized experiments exhibit less specification

searching than those that do not.

Papers written by researchers in economics-related

disciplines also exhibit higher levels of specification searching, even after accounting for
methodology. However, these biases are less pronounced than has previously been found in
some of the other social sciences.
The data include results from both published and unpublished papers, and unpublished
papers show these discrete jumps to the same extent as published papers. Thus, while
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the gap among published papers could be due either to the journals preferring to publish
significant results or to the authors preferring to write up significant results, it seems likely
that the bias ultimately originates with the authors, albeit potentially as a response to
anticipated editorial biases.
A second contribution is that specification searching is shown to not be static, but
something that evolves.

In particular, quasi-experimental studies have exhibited more

pronounced biases over time. There are a few possible intuitive explanations for these
results.

First, it could be the case that standards are becoming relatively higher for

RCTs than for papers using quasi-experimental methods, which are perhaps increasingly
published in lower-ranked journals and facing less scrutiny or attention. Alternatively,
quasi-experimental studies may be facing more pressure to find strongly significant results
in order to be taken seriously. Both possibilities point to the importance of researcher
incentives, which should be taken into consideration to address the problem.
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Table 1: Caliper Tests: By Result
All studies
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
RCTs
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
Non-RCTs
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
Economic
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
Non-Economic
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper

Over Caliper

Under Caliper

p-value

231
410
758
1114
1428

196
381
768
1199
1642

<0.10

79
123
253
376
498

74
135
274
404
543

152
287
505
738
930

122
246
494
795
1099

<0.10
<0.10

173
321
585
857
1079

141
281
572
916
1247

<0.10

58
89
173
257
349

55
100
196
283
395
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<0.10
<0.001

<0.001

<0.001

<0.10

Table 2: Caliper Tests: By Result Over Time, RCTs vs. Non-RCTs
RCTs
1990-1999
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2000-2009
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2010+
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper

Non-RCTs
Over

Under

13
18
34
49
61

14
22
39
50
64

36
55
117
171
237

33
59
122
193
253

28
48
100
153
195

27
54
109
157
219

p-value
1990-1999
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2000-2009
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2010+
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
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Over

Under

p-value

33
75
132
194
248

39
77
161
256
357

<0.01
<0.001

109
187
333
487
618

78
159
313
508
698

10
19
32
46
51

5
10
16
24
31

<0.05

<0.05

<0.05
<0.05
<0.05

Table 3: Caliper Tests: By Result Over Time, Economic vs. Non-Economic
Economic
1990-1999
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2000-2009
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2010+
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper

Non-Economic
Over

Under

29
67
121
173
221

32
64
143
231
311

113
193
349
506
641

81
165
325
532
718

31
55
107
167
204

28
52
100
146
198

p-value
1990-1999
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2000-2009
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
2010+
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper

<0.01
<0.001
<0.05
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Over

Under

p-value

17
26
45
70
88

21
35
57
75
103

<0.01
<0.001

32
49
101
152
214

30
53
110
169
233

7
12
25
32
42

4
12
25
35
52
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Figure A.1: The Distribution of z-statistics in Political Science, Reproduced from Gerber
and Malhotra (2008a)

This figure plots the distribution of z-statistics found in Gerber and Malhotra (2008a). Each bar represents
a 0.2 range of z-statistics, which they consider an approximate 10% caliper. The dashed line in the figure is
drawn at z=1.96.
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Table A.1: Caliper Tests for Political Science, Reproduced from Gerber and Malhotra (2008a)
A. APSR
Vol. 89-101
10% Caliper
15% Caliper
20% Caliper
Vol. 96-101
10% Caliper
15% Caliper
20% Caliper
Vol. 89-95
10% Caliper
15% Caliper
20% Caliper
B. AJPS
Vol. 39-51
10% Caliper
15% Caliper
20% Caliper
Vol. 46-51
10% Caliper
15% Caliper
20% Caliper
Vol. 39-45
10% Caliper
15% Caliper
20% Caliper

Over Caliper

Under Caliper

p-value

49
67
83

15
23
33

ă0.001
ă0.001
ă0.001

36
46
55

11
17
21

ă0.001
ă0.001
ă0.001

13
28
21

4
12
6

0.02
0.008
0.003

90
128
165

38
66
95

ă0.001
ă0.001
ă0.001

56
80
105

25
45
66

ă0.001
0.001
0.002

34
48
60

13
21
29

0.002
ă0.001
ă0.001

This table is reproduced from Gerber and Malhotra (2008a) for the sake of comparison.
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Figure A.2: Recent Quasi-Experimental Studies Show More Signs of Bias

This figure plots the distribution of z-statistics in the data for all studies considered in this paper (left) and
recent non-RCTs (right). A dashed line is drawn at z=1.96 in each plot, and each bar represents a 0.1 range
of z-statistics, starting at 0.06 so as to be able to clearly distinguish the threshold of z=1.96. “Recent” here
is defined as starting in 2005, to subdivide the data into two halves chronologically. It should be noted that
though we find that quasi-experimental studies exhibit signs of specification searching, they still seem to
suffer much less from specification searching than the results reported in Gerber and Malhotra (2008a).
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Table A.2: Caliper Tests: By Paper
All studies
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
RCTs
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
Non-RCTs
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
Economic
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper
Non-Economic
2.5% Caliper
5% Caliper
10% Caliper
15% Caliper
20% Caliper

Over Caliper

Under Caliper

p-value

74
98
101
111
116

58
84
119
144
151

<0.05
<0.05

35
51
59
71
72

36
57
80
91
96

43
53
50
51
54

27
36
48
62
67

47
66
67
70
70

37
47
70
89
94

31
38
39
45
51

22
41
53
60
66
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<0.10
<0.10
<0.10
<0.10

<0.10

<0.10

Figure A.3: Specification Searching by Method, Discipline, and Publication Status

This figure shows the percent of results, within each caliper, that fall above the threshold for significance.
0.50 would indicate that 50% of results in that caliper fall above the threshold and 50% fall below, and is
indicated by the line in each subfigure.
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