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Abstract

Recent literature shows that when regression models are estimated on variables
transformed with ‘log-like’ functions such as the inverse hyperbolic sine or In(Z +1)
transformations, one can obtain (semi-)elasticity estimates of any magnitude by
linearly rescaling the input variable(s) before transformation. We systematically
reanalyze the replication data of 46 papers whose main conclusions are defended
by log-like specifications. First, we find that 14-37% of estimates defending the
papers’ main claims yield different statistical significance conclusions after modest
changes to model specification. Second, we show that for 99.8% of estimates, vari-
ables transformed with log-like functions do not meet data requirements specified
in recent methodological recommendations. Third and finally, we show that 38%
of published test statistics in log-like specifications sit in a ‘sweet spot’ where test
statistics shrink both if transformed variables are scaled up and scaled down. We
conclude with methodological guidelines that advocate for more robust alternative
specifications, such as normalized estimands, Poisson regression, and quantile re-

gression.
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1 Introduction

Researchers examining the relationship between two variables are often interested in es-
timating ‘percentage effects’ or (semi-)elasticities." Standard econometric training em-
phasizes that such estimation can be done by running linear regressions using variables
transformed with the natural logarithm function In(Z), as coefficients from such loga-
rithmic specifications can be used to recover (semi-)elasticity estimates. However, a key
challenge for researchers using this method is that In(Z) is undefined for nonpositive Z.
This means that logarithmic specifications are inestimable for variables with nonpositive
values unless those nonpositive values are dropped, which is undesirable both because of
sample selection concerns and loss of statistical power.

Though (semi-)elasticity estimation with logarithms is challenging for datasets with
nonpositive values, the property that In(Z) is undefined for nonpositive Z is fundamen-
tally related to the suitability of logarithmic specifications for (semi-)elasticity estimation.
Because the percentage change between zero and any real number is undefined, it is logical
that In(Z) is undefined at zero as well. This prevents researchers from effectively claiming
that they can obtain credible percentage effect estimates while ‘dividing by zero.’

To obtain (semi-)elasticity estimates without dropping observations when there are
nonpositive values in the data, researchers have increasingly used log-like transformations
that approximate In(Z), but are defined at or even below zero (Chen & Roth, 2024). Pop-
ular examples of log-like transformations include the In(Z + 1) transformation and the
inverse hyperbolic sine (IHS) transformation. The latter has been particularly popular-
ized by the publication of a recent methodological guideline recommending its use for
(semi-)elasticity estimation; as of 15 February 2026, Bellemare and Wichman (2020) has
651 citations on Web of Science and over 1578 citations on Google Scholar. Figure 1
shows how usage of the term “inverse hyperbolic sine” has varied in National Bureau of
Economic Research working papers since 2000. Usage spikes in 2018 when the working
paper version of Bellemare and Wichman (2020) was released (Bellemare & Wichman,
2018), and remains at around roughly 3% of working papers in all years thereafter. Such
specifications are increasingly appearing in top peer-reviewed publications as well.

Numerous recent econometric critiques have noted key vulnerabilities in log-like speci-

LAn elasticity measures the percent change in one variable in response to a one percent change in
another. A semi-elasticity measures a percent change in one variable in response to a one-unit change.



Bellemare & Wichman (2018)

Released
5%

4%

3%

2%

1%

Proportion of NBER Working Papers
Referencing "Inverse Hyperbolic Sine"

0% L ——
2000 2005 2010 2015 2020 2025

Year

Proportion Type — Citation-Weighted — Length-Adjusted — Raw

Note: Data from https://paulgp.com/econlit-pipeline/search.html for query “inverse hyperbolic sine”,
accessed 13 February 2026. Citation-weighted proportions are weighted by OpenAlex citation counts,
whereas length-adjusted proportions are inverse-weighted by the length of the papers. Bellemare and
Wichman (2018) was available from June 2018 onwards (Bellemare, 2018), though this version is no
longer online. Bellemare and Wichman (2018) is the oldest available version of the working paper still
online, released in September 2018.

Figure 1. Usage of IHS Specifications in the Economics Literature Over Time

fications (Aihounton & Henningsen, 2021; Chen & Roth, 2024; Cohn et al., 2022; Mullahy
& Norton, 2024; Thakral & T6, 2025). These critiques focus on the fact that unlike log-
arithms, differences between log-like-transformed values are scale-variant. This means
that regression coefficients for variables transformed with log-like functions are sensitive
to the measurement units of those variables, and are in some cases arbitrarily sensitive
to this scale. This threatens the validity of log-like specifications for (semi-)elasticity
estimation, as (semi-)elasticities between two variables should not depend on the scale of
those variables.

These identification issues affect both the size and statistical significance of esti-
mated (semi-)elasticities. Chen and Roth (2024) show that when a treatment affects the
extensive-margin probability that some outcome Y exceeds zero, in a regression where
Y is transformed with a log-like function, one can obtain regression coefficients of any
desired magnitude by linearly rescaling Y before transformation. Thakral and Té (2025)
also show theoretically that test statistics in log-like specifications are similarly sensitive
to the scale of Y. Analogous problems arise when the independent variable of interest is

log-like-transformed (Chen & Roth, 2024; Thakral & T6, 2025). Log-like specifications



thus may be responsible for the emergence of many spuriously significant findings in the
economics literature.

This paper reports the results of a large-scale systematic reproducibility and robust-
ness analysis of papers whose main findings are defended by log-like specifications. We
re-examine 46 articles that cite Bellemare and Wichman (2020) as a justification for us-
ing log-like specifications and have publicly available replication data. We then reanalyze
all log-like specifications that defend a main claim mentioned in the abstract of the pa-
per. These articles are predominantly published in top social science and general-interest
journals, and are particularly concentrated in economics journals.

Our replication results motivate the development of new theoretical results concerning
the behavior of test statistics in log-like specifications. We document that test statistics
in log-like specifications often exhibit ‘sweet spots’ in unit scale. L.e., for narrow bands of
unit scales, test statistics in log-like specifications can briefly dip into rejection regions that
change statistical significance conclusions. We provide simulation evidence demonstrating
how this effectively creates an uncontrolled multiple hypothesis testing problem, as there
is no theoretically ‘correct’ unit scale at which to measure a variable. Even in simulated
data with no treatment effect, one can still achieve rejection rates in log-like specifications
well above nominal significance levels by mining over unit scalings. To our knowledge,
we are the first to document this ‘sweet spot’ property, which likely drives considerable
non-robustness and publication bias in published studies employing log-like specifications.

Our robustness replications reveal three empirical findings, the first of which is that a
considerable proportion of log-like transformations are not robust to modest changes in
functional form or unit scaling. Converting log-like-transformed variables back to their
original linear form changes statistical significance conclusions for nearly 37% of regression
estimates. Other reasonable scaling and functional form adjustments change conclusions
for 14-36% of estimates.

Second, we document that researchers routinely neglect methodological recommen-
dations concerning log-like transformations, even from guidelines they cite themselves.
Bellemare and Wichman (2020) recommend that the IHS transformation be applied only
to variables whose minimum value is at least 10. For 99.8% of estimates in our sam-

ple, either an outcome or exposure of interest to the estimation is transformed with a



log-like function despite its minimum nonzero absolute value being strictly less than 10.
Additionally, Bellemare and Wichman (2020) posit that THS specifications may be in-
appropriate if more than one third of the input’s values are zeros. 32% (38%) of the
outcomes (exposures) of interest that are transformed with log-like functions are non-
positive in over one third of observations. Further, the nominal justification for using
log-like transformations rather than the natural logarithmic transformation is that there
are nonpositive values in the data. However, for 13% (41%) of transformed outcome
(exposure) variables, zero values are nonpositive, leaving no justification for using the
log-like transformation over a simple natural logarithm.

Third and finally, we find considerable evidence of publication bias in log-like spec-
ifications. Compared to main results in the causal economics literature documented by
Brodeur et al. (2020), results from the log-like specifications in our sample are over 39%
more likely to be statistically significant at the 10% level, and are 50% more likely to be
statistically significant at the 5% level. Empirically, we find that for 38% of estimates, test
statistics shrink both in specifications that scale variables down by a factor of 1000 and
in those that scale variables up by a factor of 1000. Such estimates — whose test statistics
sit in an empirical ‘sweet spot’ — drive nearly all of the non-robustness documented in
our main reanalyses. Our findings imply that log-like specifications are a considerable
contributor to spuriously significant findings in the social sciences.

Given these findings, we streamline and harmonize the literature’s recommendations
for more robust alternative specifications. Though numerous econometric critiques pub-
lished after Bellemare and Wichman (2020) agree that log-like specifications can pro-
duce misidentified and non-robust (semi-)elasticity estimates, they often disagree on what
should be done to address this (Aihounton & Henningsen, 2021; Chen & Roth, 2024; Cohn
et al., 2022; Mullahy & Norton, 2024; Thakral & T6, 2025). We show that many recently
proposed alternatives do not solve the fundamental theoretical and empirical challenges
of log-like specifications, including power specifications, choosing unit scales with model
selection criteria, extensive-margin calibration, two-part models, and Lee (2009) bounds.
Nonetheless, several proposals in this literature are methodologically robust. In the event
that ‘percentage effects’ are desired, normalized estimands proposed by Chen and Roth

(2024) are a flexible option, and we concur with numerous papers that recommend Pois-

2We focus on minimum nonzero absolute values to accommodate cases where Z takes on negative
values, which Bellemare and Wichman (2020) explicitly ignore; see Section 5.2 for details.



son quasi-maximum likelihood estimation as a useful alternative (Chen & Roth, 2024;
Cohn et al., 2022; Mullahy & Norton, 2024; Thakral & T6, 2025). For binary treatments,
Poisson quasi-maximum likelihood estimation yields treatment effect estimates that can
be unit-interpreted as a percentage of the mean outcome for untreated observations. If
the goal is instead to model nonlinear data-generating processes or reduce the leverage
of outliers, we instead concur with the recommendation of Thakral and T6 (2025) to

implement quantile regression methods.

2 Background

2.1 Log-Like Transformations

Chen and Roth (2024) define a log-like transformation m(Z) as a function which both (i)
is defined when Z = 0 and (ii) asymptotically converges to the natural logarithm. The
latter condition holds when

. om(Z) _
Zh—r>rolo n(z) (1)

This class of transformations includes both the In(Z + ¢) transformation (where ¢ > 0;

usually ¢ = 1) and the IHS transformation
sinh~}(Z) = In (\/22 T1+ Z) . 2)

Log-like transformations have historically been recommended to reduce the influence
of outliers when there are nonpositive values in the data. Researchers often transform
right-skewed variables with logarithmic transformations to reduce the leverage of positive
outliers and secure a more normal distribution for their variables of interest. Log-like
transformations, and the THS transformation in particular, have been recommended for
this purpose when there are nonpositive values in the data for over 90 years (Bartlett,
1947; Beall, 1942; Johnson, 1949; MacKinnon & Magee, 1990; Tippett, 1935). In a
well-cited recommendation, Burbidge et al. (1988) recommend the IHS transformation
primarily for normalizing skewed data, but also point to the THS transformation’s sim-
ilarity to the natural logarithm and argue that slope coefficients on THS-transformed

variables can be interpreted as elasticities.



Explicit recommendations that log-like transformations be used for (semi-)elasticity
estimation are more recent. As in Beall (1942) and Burbidge et al. (1988), these rec-
ommendations focus on the fact that though log-like transformations m(Z2) are defined
for nonpositive Z, they approximate In(Z) for large positive values of Z. Several recent
recommendations thus argue that log-like specifications can generate (semi-)elasticity esti-
mates that sufficiently approximate those generated by logarithmic specifications. Pence
(2006) discusses log-like estimation with the IHS transformation for wealth outcomes,
which often take on economically meaningful negative values. However, Pence (2006) fo-
cuses on a modified version of the THS transformation with an explicit location parameter,
which is to be estimated using median regression.

Bellemare and Wichman (2020) played a particularly important role in the popular-
ization of THS specifications for (semi-)elasticity estimation. Released as a working paper
two years prior (Bellemare & Wichman, 2018), the paper offers formulas for computing
(semi-)elasticity estimates from ordinary least squares (OLS) regression coefficients in-
volving THS-transformed variables. As Figure 1 shows, usage of IHS specifications spiked
in economics working papers after 2018. A few years later, these specifications began
appearing more frequently in top economics publications. From 2021 onwards, 3-4% of
all articles published in American Economic Review, Journal of Political Economy, and
Quarterly Journal of Economics have mentioned IHS specifications.®

However, shortly after the release of Bellemare and Wichman (2020), numerous econo-
metric critiques of log-like specifications were released in rapid succession. Aihounton and
Henningsen (2021) provide simulation evidence showing that IHS specifications are quite
sensitive to the unit scale of variables transformed with the IHS function. Cohn et al.
(2022) conduct simulations showing that by changing unit scale, one can obtain log-like
specification results that yield parameter estimates of the wrong sign in expectation.
Mullahy and Norton (2024), Chen and Roth (2024), and Thakral and T6 (2025) estab-
lish theoretically that log-like specifications do not consistently identify (semi-)elasticities
when there is a mass of zeros in the data; we detail their findings further in Section 2.2.

A unifying theme of these critiques is that differences in log-like-transformed variables
are scale-variant, unlike logarithmically-transformed variables. L.e., letting Z;, Z5,a,c > 0

and a # 1, we have that In(Zs) — In(Z;) = In(aZs) — In(aZ;), and thus differences in

3Data from https://paulgp.com/econlit-pipeline/search.html for query “inverse hyperbolic sine”, ac-
cessed 27 December 2025.



logarithms are scale-invariant. In contrast, In(Zy+c)—In(Z;+c¢) # In(aZs+c)—In(aZ;+c)
and sinh™'(Z,) — sinh™(Z;) # sinh™!(aZ,) — sinh™'(aZ;), meaning that differences in
popular log-like transformations are not scale-invariant.

This scale-variance extends to OLS regression coefficients. E.g., for a # 1, OLS coeffi-
cients stay identical regardless of whether the outcome is In(Y') or In(aY’), but regression
coefficients differ depending on whether the outcome is In(Y + ¢) or In(aY + ¢), and
likewise, sinh (V) or sinh™'(aY’). This is a critical validity issue for (semi-)elasticity
estimation, as (semi-)elasticity and percentage effect estimates should in principle not

depend on the scales of the underlying variables’” units.

2.2 Log-Like Specifications and Their Properties

We define a log-like specification as an OLS regression where one of the variables in the
estimating equation is transformed with a log-like function m(Z). For ease of exposition
and without loss of generality, we focus on the simple case where only the outcome variable

Y > 0 is transformed. The estimating equation can then be written as
m(Y) = XBLL -+ €, (3)

where X is a nx (k+1) covariate matrix whose last column is filled with ones. This can be
an THS specification if m(Y) = sinh™!(Y) or a In(Y +c¢) specification if m(Y") = In(Y +¢).

A researcher could alternatively estimate the linear specification

Y = XBrin + u, (4)
the extensive-margin specification
1[Y > 0] = XBau + 1, (5)
or the logarithmic specification
In(Y) = XPBrog + ¢ (6)

which, if Y includes zeros, is only estimated on the subsample where Y > 0.



Suppose that original outcome variable Y can be scaled by some a > 0 before being
transformed by a log-like function. The rescaled outcome can be written as aY before
transformation and m(aY’) after transformation. We consider how regression coefficients
vary with a and thus respectively define regression coefficient vectors S (a), Brin(a), and

Brog(a). We analogously define t-statistics tir(a), trin(a), trog(a), and tgym.

2.2.1 Coefficients Figure 2 empirically illustrates the behavior of coefficients from log-
like specifications as a — 0 and a — oo. Specifically, we isolate a single log-like specifi-
cation from one of the papers in our replication sample and re-estimate it after rescaling
outcome variable Y before transformation.* Figure 2’s leftmost panel is produced by
running THS specifications over different values of a € {107°,107%9 ...10%}, whereas
the center panel repeats this exercise for In(aY + 1) specifications using the same values
of a.

Chen and Roth (2024) show that if BEM is nonzero and Y > 0, then as a — oo,
BLL(a) ~ In(a) BEM."5 The blue curves in the left and center panels of Figure 2 indeed
show that fir(a)/In(a) converges to Bgy as Y is scaled up by arbitrarily large con-
stants. Though L111_r>1[1) Bru(a) = 0 intuitively (removing all variation from the outcome
will completely attenuate regression coefficients), Thakral and T6 (2025) also show that
(lfi% Bri(a)/a = Bri, which is empirically validated by the red curves in Figure 2. These
findings accord with the insights in Mullahy and Norton (2024), who document that
marginal effect estimates of log-like specifications reflect those of extensive-margin spec-
ifications as a — oo and of linear specifications as a — 0.

These properties combine to imply that in log-like specifications, one can obtain co-
efficients of any magnitude through unit rescaling for any exposure variable where there
exists an extensive-margin relationship with the outcome. (lllgr(l) BLL(a) = 0, and if BEM #0,
then either (}1_{{)10 BLL(a) = 00 if Bgm > 0 or ah_}rgo BLL(a) = —00 if Bpy < 0. As Chen
and Roth (2024) show, because fir(a) is continuous for all a > 0, it follows from the
intermediate value theorem that one can obtain a BLL(a) of any magnitude by changing

a. Intuitively, this result emerges because in log-like specifications, one can obtain a co-

4One benefit of the particular specification we choose is that, in the scale of the figure, the extensive-
margin and rescaled linear coefficients are not so close that differences between them are invisible and
not so far that convergence becomes invisible.

5See Propositions 6 and 7 in the Online Appendix for Chen and Roth (2024), who more specifically
show that Brr(a) = In(a)Bem + o (In(a)). Therefore, Arr,(a) still diverges as a — oo, and for arbitrarily
large BEM, it still holds that BLL(a)/ In(a) — BEM.
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Note: Results from Table 6, Column 1 of Jia et al. (2024). The left two panels show scaled regression
coefficients after rescaling the untransformed outcome (kg SO emitted per 10,000 yuan of output) by
constant a € {10*5, 10749, ... 1020} before retransforming that outcome using either the THS trans-
formation (left panel) or the In(aY + 1) transformation (middle panel). The right panel shows scaled
regression coefficients after using the In(Y + ¢) transformation on the untransformed outcome, applying
different values of ¢ € {10720,107199 ... 10°}. Note that log,,(a) and log,y(c) flip signs from positive
to negative as a or c¢ crosses one from above, which explains the discontinuity in the blue curves at a = 1
and ¢ = 1.

Figure 2. Unit Scale Variance of Coeflicients in Log-Like Specifications

efficient as large as desired by sending a — oo, and one can obtain a coefficient as small
as desired by sending a — 0.

These findings imply that log-like specifications are per se non-robust to unit scaling,
because so long as the exposure has a nonzero extensive-margin relationship with the
outcome, an adversarial analyst can always obtain a (semi-)elasticity estimate as strong
or as weak as desired by linearly rescaling the inputs of variables transformed with log-like
functions. Because measurement units reflect arbitrary scale choices rather than intrinsic
features of the underlying economic relationship, the magnitude of the log-like coefficient
can take arbitrarily large or arbitrarily small values solely as a function of the chosen
measurement scale. When log-like specifications yield seemingly large or small economic
relationships, this may solely be determined by an unconscious, arbitrary choice of the
unit scale in which one measures their variables.

As Mullahy and Norton (2024) highlight, coefficients in In(aY + ¢) specifications are
sensitive not just to scale parameter a, but also to shift parameter c¢. For Figure 2’s
rightmost panel, we revisit the same In(aY + ¢) specification as is explored for the center

panel, but hold a = 1 constant and instead estimate In(Y + ¢) specifications for different
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values of ¢ € {1072°,1071%% ... 10°}. When «a in the center panel and ¢ in the rightmost
panel are placed on the same logarithmic scale, the right two panels are essentially mirror
images of one another over the y-axis. This occurs because when a researcher wishes
to transform data containing zeros using an approximately logarithmic function, the
researcher must find a way to parameterize the distance between the zero and nonzero
values in the dataset. In the IHS transformation, this distance is controlled entirely
through scale parameter a. However, in the In(aY + ¢) transformation, the researcher
can increase the parameterized distance between the zero and nonzero values either by
increasing a or by decreasing c¢. Because one can obtain an arbitrarily large In(aY + ¢)
regression coefficient by setting a to be arbitrarily large (Chen & Roth, 2024), it therefore

follows that one can do the same by setting ¢ to be arbitrarily small.

2.2.2 Scale Variance and Scale Equivariance The properties discussed in Section 2.2.1
imply that coefficients in log-like specifications are neither scale-invariant nor scale-
equivariant. Thakral and T6 (2025) define an estimand ©(Y) : R™*+1D _y RIx(k+1)
to be scale-equivariant if for all a > 0, there exists some function ¢(a) such that
O(aY) = ¢¥(a)O(Y). They further define an estimand to be ezactly scale-equivariant
in the case where ¥(a) = a, and to be scale-invariant in the case where 1(a) = 1.

Most estimators used in empirical social science are either scale-invariant or scale-
equivariant. A common example of an scale-equivariant estimator is an OLS coefficient
from a standard linear specification. Consider a regression of the form in Equation 4 used
to estimate the effect of being randomly assigned to attend a job training program (X)
on one’s income in euros (Y). In this case, BLin(l) is easily interpretable as the effect of
being assigned to the job training program on income in euros. Now suppose that Y is
divided by 1000 to measure income in thousands of euros, and the regression is estimated
again, this time producing Bri,(1/1000). If one wants to know the effect of being assigned
to the job training program in euros, one can simply multiply S (1/1000) by 1000. Le.,
BLin(a) = aﬂALin(l), so OLS estimands are exactly scale-equivariant. Likewise, a common
example of a scale-invariant estimator is an OLS coefficient from a standard logarithmic
specification of the form in Equation 6. When regressing logarithmic income on a set of
covariates, coefficient estimates BLOg(a) do not depend on the scale a in which income is

measured.
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Given their frequency in applied practice, researchers are thus used to estimands with
stable, interpretable coefficients and test statistics, which is a relatively small group of
estimands. Thakral and T6 (2025) establish an equivalence theorem showing that some
coefficient estimates from a specification for variables {1,---k} are scale-equivariant if

and only if:
1. All coefficient estimates for variables {1,-- -k} are scale-equivariant,
2. Some t-statistic for variables {1,-- -k} is scale-invariant,
3. All t-statistics for variables {1,---k} are scale-invariant,

4. Some semi-elasticity estimate between variables {1, ---k} and the outcome is scale-

invariant, and

5. All semi-elasticity estimates between variables {1, - - -k} and the outcome are scale-

invariant,

among other properties.® The equivalence theorem in Thakral and T6 (2025) states that
only two families of transformations satisfy all (and therefore any) of these properties in
linear regression: the logarithmic family log,(Y"), where b > 0, and the power family Y,
where w > 0.

Log-like transformations do not belong to either the power or logarithmic families,
which implies that the results of log-like specifications exhibit a number of fundamental
instabilities. In particular, no coefficient in a log-like specification is scale-equivariant,
and no t-statistic or semi-elasticity arising from a log-like specification is scale-invariant.
This implies that unit scale affects not only the point estimates of relationships between

variables, but also the statistical significance of those estimated relationships.

3 Sweet Spots and Spurious Significance

In this section, we describe the properties of t-statistics in log-like specifications, partic-
ularly, the scale-variance and the emergent property of ‘sweet spots’; i.e., dips or spikes

caused by the nonmonotonicity of the t-statistic. We also show that the t-statistic is not

6The remaining three properties in the equivalence theorem are that (6) the smearing estimate of the
untransformed outcome’s conditional mean is exactly scale-equivariant, (7) the estimate of the conditional
median is exactly scale-equivariant, and (8) m(Y") satisfies functional equation m(aY’) = ¥ (a)m(Y)+h(\)
for some ¢ : Rt -+ R4 and h: Ry —R.
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constrained by the convex hull of the linear and extensive margin. Finally, we provide
simulation evidence that shows that log-like specifications substantially inflate rejection

rates over nominal significance levels.

3.1 Test Statistics in Log-Like Specifications

The behavior of test statistics in log-like specifications as the scale parameter a — 0
or as a — oo is well-established. Figure 3 shows empirically how t-statistics vary with
unit scale in specifications from four papers in our replication sample (see Section 4.1).7
Specifically, we repeat the exercise from the left two panels in Figure 2, rescaling the
untransformed outcome Y by some constant a € {10719, 10799 ---10%°} and running
regressions for THS, In(aY +1), In(aY +1000), and In(aY +1/1000) specifications.® Chen
and Roth (2024) show that, if the extensive-margin coefficient is nonzero and Y > 0,
then ah_)rgo trn(a) = tpum, and Thakral and T6 (2025) show that 1111_1% trn(a) = trim. These
properties are observable in Figure 3. Given that BLL(a) reflects the marginal effects of
an extensive-margin specification as a — oo and reflects those of a linear specification as
a — 0 (Mullahy & Norton, 2024), it is intuitive that the statistical significance of By (a)
reflects that of BEM as a — oo and that of BLin(a) as a — 0.

However, our robustness replications revealed a previously unknown property of t-
statistics in log-like specifications: they can be nonmonotonic in the scale parameter,
giving rise to sweet spots: local optima in ¢y (a). Figure 3 shows four published articles
where t-statistics exhibit peaks and troughs that only briefly dip into rejection regions
at either a 5% or 10% significance level for a small subset of unit scalings. In these four
studies, this sweet spot includes the unit scaling used in the published specification. Crit-
ically, there are values of a at which all four specifications’ t-statistics escape the convex
hull of t1;,(a) and tgy. This implies that the researcher knows neither the minimum nor
the maximum value of ¢y, (a) from theory, and that verifying the robustness of statistical
significance conclusions for a log-like specification would require checking t1y,(a) for all

a > 0, which is practically infeasible.

"We select these four specifications because (1) only the outcome variable is transformed with a
log-like function and (2) these specifications exhibit ¢t-statistic ‘sweet spots’ where t-statistics briefly dip
into rejection regions at either a 5% or 10% significance level for a subset of unit scalings; see Section
6.3 for further details.

8We select 1000 and 1/1000 as alternate choices for ¢ because it renders the curve shifts in Figure 2
sufficiently visible.
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a € {10719,1099,--.10%°}. Dashed red lines indicate 10% critical values (£1.645) whereas solid red
lines indicate 5% critical values (£1.96). Study A is Jia et al. (2024), specifically the coefficient on
Elimination in Table 6, panel B, Column 1. Study B is S. R. Bhalotra et al. (2021), specifically the
coefficient on 1(Diarrhea)x1(Post)x Year in Table 3, column 4. Study C is Hutchins (2023), specifically
the coefficient on > 100km, in panel THS (crop value per acre), Post-treatment. Study D is Daniele et al.
(2023), specifically the coefficient on Poppy xPost2009 in Table 6, Column 2.

Specification

Figure 3. Test Statistic Behavior in Log-Like Specifications

Why are sweet spots possible in log-like specifications? Regression t-statistics are ratio
statistics of the form f3 /SE (B) , so the derivative of the t-statistic in log-like specifications

with respect to unit scale can be written as

3 B (a A ASE(fLL(a)
otnfa)  SE (@) x 25— fy () x ZHG)

da SE (BLL(G))Q

(7)

Fundamentally, sweet spots can emerge whenever t(a) is nonmonotonic in a. Guarantee-
ing (weak) monotonicity of ¢-statistics requires a global (weak) inequality constraint over
the two terms in the numerator for all values of a. Proving that t-statistics in log-like
specifications can be nonmonotonic in a requires just one empirical counterexample where
this global inequality constraint does not hold. Our robustness replications reveal dozens

of counterexamples across numerous published articles, implying that sweet spots are not
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just a theoretical possibility in log-like specifications, but a common property of these
specifications in practice (see Section 6.3). The same conclusion can be drawn from our
simulation evidence in Section 3.2.

Sweet spots cannot arise in most specifications commonly applied in empirical prac-
tice because those estimands are either scale-invariant or scale-equivariant. For scale-
equivariant estimands, 3(a) = ¥ (a)5(1) and thus SE (B(a)) = ¢ (a)SE (B(l)), so Y(a)
is canceled out when 3(a) is divided by SE (5’ (a)). Likewise, for scale-invariant esti-
mands, $(a) = 3(1) and SE <B(a)> = SE (B(l)) for all @ > 0. In both cases, neither a
nor a function of a enters the t-statistic, so the derivative in Equation 7 is always equal
to zero for tri,(a) and treg(a). This necessarily implies that t;,(a) and tiee(a) are in-
variant (and thus weakly monotonic) in a, giving regression t-statistics in most common
specifications a stability which those in log-like specifications lack.

Figure 3 also shows that the scale-variance of t-statistics in In(aY + ¢) specifications
is shift-variant with respect to ¢. In In(aY + ¢) specifications, there are therefore two
distinct parameters through which the resulting ¢-statistic can be varied. The first is by
altering a, which would be equivalent to moving from one point to another along the
solid blue t-curves in Figure 3. The second is by altering ¢, which would be equivalent
to holding a = 1 constant, but shifting the solid blue ¢-curves in Figure 3 to the left (for
smaller ¢) or to the right (for larger ¢). Through either strategy, the reported t-statistic
could be moved to a sweet spot where the result is spuriously significant.

Sweet spots, and the scale/shift-variance of log-like specifications more broadly, cre-
ate avenues for many spuriously significant results to enter the literature because they
yield a completely uncontrolled multiple hypothesis testing problem. There is neither a
theoretically correct nor theoretically incorrect unit scale in which to measure a variable,
nor is there any theoretical justification for a given constant ¢ in In(Z + ¢) specifications.
Log-like specifications thus yield an infinite number of tests that are equally theoretically
valid, yet most will yield different results, and some can yield different conclusions.

Log-like specifications are thus uniquely likely to contribute to supply-side publica-
tion bias. Researchers can easily p-hack log-like specifications by mining over different
scale parameters a or In(Z + ¢) constants ¢ to optimize statistical significance. Be-
cause the choice of unit scalings and/or In(Z + ¢) constants may appear inconsequential

to those unfamiliar with log-like specifications’ scale-variance properties, log-like spec-
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ifications thus provide a potentially hard-to-recognize avenue for p-hacking. However,
supply-side publication bias can emerge even in the absence of such nefarious researcher
behavior. Suppose that many researchers estimate the same relationship using a log-like
specification, and that each researcher honestly and exogenously commits to a particular
scale parameter and/or In(Z+c¢) constant. It is well-established that researchers are more
likely to submit statistically significant results than statistically insignificant results for
publication, a manifestation of the well-known ‘file drawer problem’ (Franco et al., 2014;
Rosenthal, 1979). Through both of these mechanisms, spuriously significant estimates
whose t-statistics sit in sweet spots are the most likely to be released in working papers
and submitted for publication in peer-reviewed journals.

However, even if researchers are on their best behavior, spuriously significant results
are still particularly likely to be represented in published log-like specifications due to
demand-side publication bias. Suppose again that numerous researchers estimate the
same relationship using log-like specifications, and that each researcher uses different,
exogenously-chosen parameters a and/or ¢, but now each researcher credibly commits
to submit the result for publication regardless of its statistical significance. It is also
well-known that journals are significantly more likely to accept statistically significant
results than statistically insignificant results (Brodeur et al., 2023). Therefore, even with
credible commitment devices such as pre-registration, published log-like specifications are
uniquely likely to be comprised of spuriously significant estimates whose t-statistics rest
in sweet spots, with statistically insignificant results arising from other plausible choices
for a and ¢ never making it past peer review. In Section 6.3, we show empirically that
some combination of these supply-side and demand-side mechanisms for publication bias
manifest in published log-like specifications, which are far more likely to be statistically

significant than most published results in the causal economics literature.

3.2 Simulation Evidence

We use simulations to assess Type I error in log-like specifications under a true null of
no treatment effect. Specifically, we evaluate how spurious significance can arise when
different unit scalings of the outcome variable are considered. We randomize a binary
treatment, transform only the outcome Y, and consider settings with many zeros (via

truncation at zero). For each setting, we compute ¢-statistics across a grid of scale factors
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a € {1077,107%9 ... 101} for IHS, linear, extensive-margin, and In(aY +1) specifications.
Appendix A provides full design details.

Table 1 shows that sweet spots and spurious significance frequently emerge even in
simulated data where the true treatment effect is known to be zero. In our simulations,
nonmonotonicity emerges in 60-68% of specifications. As expected, when unit scale is
fixed at @ = 1, rejection rates are near the nominal rate of 5%. However, when the
researcher is allowed to report the most statistically significant result from all possible
scalings, rejection rates can nearly double, ranging from 10-11%. These rejection rates
are quite similar to those which arise if researchers are allowed to choose between the
linear and the extensive-margin specifications and report the specification that is most
statistically significant; these rejection rates range around 9%.

We further report the empirical sweet spot rate, defined as the proportion of draws
where the t-statistic at a given scaling exceeds those from both scaling the outcome up
and down by a factor of 1000. This is the same empirical criterion we apply to published
estimates in our replication data (see Section 6.3). The empirical sweet spot rate at a = 1
ranges from 28-31% across our simulation settings, while the rate across all a ranges from
58-64%.

Excess statistical significance is not entirely explained by researchers effectively choos-
ing between linear and extensive-margin test results through the scaling parameter. As
shown in Figure 3, tr1,(a) can often escape the convex hull of t;,(a) and tgy. Indeed,
in our simulations, this occurs for 58-64% of draws. Though not all #11,(a) which escape
the convex hull necessarily change the conclusions of a study, a considerable number do.
Consider the rejection rate for all tests, which is the rejection rate when the researcher is
able to choose the most statistically significant result from among the linear specification,
the extensive-margin specification, and the log-like specifications over all scaling param-
eters a. The difference between this rejection rate and the rejection rate for the most
significant of the linear and extensive-margin specifications can be attributed entirely to
sweet spots where ¢y (a) escapes the convex hull of t1;,(a) and tgy. Compared to the
rejection rate obtained when researchers can choose the most significant of the linear and
extensive-margin specifications, the property that tyr(a) can escape the convex hull of

trin(a) and tgy increases rejection rates by 1.5-1.8 percentage points.” Because the true

9This is necessarily an underestimate, as we are only able to mine over a discrete number of scaling
parameters a. We thus may have missed values of a for which t1,(a) escapes the convex hull of tr,(a)
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THS In(aY 4+ 1)

Panel A: N = 2,290

Rejection Rate, a = 1 5.34% 5.27%
Rejection Rate, All a 10.75% 10.59%
Rejection Rate, Linear + EM 9.42% 9.42%
Rejection Rate, All Tests 11.22% 11.07%
Nonmonotonicity Rate 67.30% 60.99%
Convex Hull Escape Rate 63.15% 58.68%
Empirical Sweet Spot Rate, a = 1 30.02% 27.86%
Empirical Sweet Spot Rate, All a 63.39% 58.72%
Panel B: N = 22,890
Rejection Rate, a = 1 4.82% 4.94%
Rejection Rate, All a 10.12% 10.01%
Rejection Rate, Linear + EM 8.91% 8.91%
Rejection Rate, All Tests 10.52% 10.41%
Nonmonotonicity Rate 67.87% 60.98%
Convex Hull Escape Rate 63.73% 58.68%
Empirical Sweet Spot Rate, a = 1 31.07% 28.62%
Empirical Sweet Spot Rate, All a 63.85% 58.64%
Panel C: N = 228,900
Rejection Rate, a = 1 4.75% 4.711%
Rejection Rate, All a 9.93% 9.76%
Rejection Rate, Linear + EM 8.79% 8.79%%
Rejection Rate, All Tests 10.45% 10.30%
Nonmonotonicity Rate 67.27% 60.26%
Convex Hull Escape Rate 62.99% 58.12%
Empirical Sweet Spot Rate, a = 1 30.58% 28.28%
Empirical Sweet Spot Rate, All a 63.25% 58.15%

Note: Results for regression t-statistics ¢1,(a) concerning a randomly-assigned placebo treat-
ment dummy, based on 10,000 draws from the simulations described in Appendix A. The re-
jection rate when a = 1 represents the proportion of draws where |t (1)] exceeds the 5%
critical value. The rejection rate for all a represents the proportion of simulated draws for
which max {|t(a)|} > to.975,n—2. The ‘linear + EM’ rejection rate is the rejection rate when
the larggst t-statistic between the linear and extensive-margin specifications is selected. The
rejection rate for all tests is the rejection rate when the largest t-statistic between the linear
specification, the extensive-margin specification, and all log-like specifications over all values of
a is selected. The nonmonotonicity rate represents the proportion of simulated draws which
exhibit local optima in tr1,(a). The ‘convex hull escape rate’ represents the proportion of sim-
ulated draws where there is some value of a for which t1y(a) escapes the convex hull of t1,(a)
and tgy. The empirical sweet spot rate represents the proportion of draws where the t11,(a)
at a given a exceeds those from both scaling the outcome up and down by a factor of 1000,
evaluated at a = 1 and across all a respectively. See Appendix A for precise definitions.

Table 1. Sweet Spots and Spurious Significance in Simulated Data with No Treatment Effect

and tgn.
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treatment effect is known to be zero in our simulated data, the only reason that excess
statistical significance can emerge is because some scalings of the drawn values happen

to fit simulated noise better than others.

4 Data

4.1 Replication Sample

Appendix Figure A1l provides a PRISMA flowchart documenting how articles were se-
lected for our analysis (Haddaway et al., 2022; Page et al., 2021). Though articles typically
do not advertise that they use log-like transformations in searchable fields such as ab-
stracts or keyword lists, we leverage the fact that there are many articles citing Bellemare
and Wichman (2020) as justification for using log-like specifications. We begin with the
sample of all 423 articles identified by Web of Science as citing Bellemare and Wichman
(2020) as of 17 August 2024. We exclude 372 articles for which replication data is either
not publicly available or unsuitable for our analysis, and we exclude five additional papers
where no main claim in the abstract is defended by a log-like specification.

Appendix Table A1 summarizes the 46 articles selected for our analysis after this
sampling process (and, where applicable, additional replication repositories used in our
analysis); most of these articles are found in top economics and general-interest journals.
The median journal in our sample sits in the 95th percentile of Article Influence Scores,
based on Web of Science/Journal Citation Reports data from 2022-2024. For context,
representative journals in the 95th percentile of Article Influence Scores which appear in
our sample include Journal of Development Economics, Research Policy, and Journal of
Economic History. Our sample includes four articles in Top Five economics journals, four
articles in American Economic Association journals, and numerous articles in other top

economics field and general-interest journals.

4.2 Final Sample

For each article selected for reanalysis, we reanalyze all log-like specifications containing
estimates which the paper uses to defend a claim made in the article’s abstract. We focus
on claims in articles’ abstracts to isolate the main claims. In this analysis, an ‘estimate’

is comprised of a single regression coefficient, and a ‘claim’ is some empirical finding.
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Each claim is defended by one or more estimates, and no estimate defends more than
one claim. Therefore, estimates are clustered within claims, which are in turn clustered
within articles. We ultimately reanalyze 596 estimates which defend 137 claims across
the 46 articles in our sample.

For each estimate, we record the outcome and exposure of interest and store whether
the outcome (exposure) is transformed with a log-like function. If so, then we record
the proportion of nonpositive values in the outcome (exposure) and the minimum scaling
necessary to get the original linear scale of the outcome (exposure) to have a minimum
nonpositive absolute value of ten (i.e., the ‘minl0 scale’; see Section 5.2). We additionally
record whether the specification contains other independent variables transformed with
log-like functions besides the exposure of interest.

We then attempt to reproduce the original finding as closely as possible, subject to

0 79.7% of all estimates in our sample

computational and conformability constraints.!
can be exactly reproduced; i.e., we obtain the exact estimate (and associated reported
statistics such as R? or sample size) reported in the article. This is comparable to, though
slightly less than, the roughly 85% computational reproducibility rate in top economics
and political science journals (Brodeur et al., 2024).

After attempting to reproduce each estimate, we execute a series of functional form
and rescaling adjustments, holding all other components of the estimation process as
constant as possible. Such ceteris paribus specifications allow us to identify the effect of
each specification choice on the robustness of the results. The fact that we conduct ceteris
paribus robustness checks also implies that the non-robustness rates we find are lower
bounds, as we do not conduct any other coding corrections or robustness checks even if
clear mistakes are detected. For each estimate, we execute nine robustness checks, which
are detailed in Sections 5.1-5.2 and Appendix B. For each of the ten specifications we
estimate (one reproducibility, nine robustness), we then extract the regression coefficient
B , its standard error SE <B), and the associated two-sided p-value under standard null
hypothesis significance testing p. We ultimately discard three of these robustness checks
from the final sample (see Section 5 for details), leaving us with seven specifications (one

reproducibility, six robustness checks) for each estimate.

1089.8% of our estimates are ‘conformable’, in the sense that we use the same specification documented
in the code or, if the code is not available, the article. Examples of conformability modifications include
using asymptotic rather than bootstrap standard errors when computational runtime becomes unreason-
able, or reporting linear regression coefficients rather than transformed (semi-)elasticity computations.
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The structure of our data allows us to construct an estimate-specification panel
dataset. Each row corresponds to the results of specification s for estimate i. E.g.,
consider a dummy variable indicating statistical significance at the five percent level,
Sig; . = 1 [pi,s < 0.05]. We can record the statistical significance of the relevant regression

coefficient from each specification s for estimate i.

5 Methods

Let a given regression contain kj exposures that are transformed with log-like functions
and kg exposures which are not; k;, may equal zero when there are no log-like-transformed
exposures. For the estimates in our final sample, the relationships of interest to our

analysis are originally estimated in regression models of the form

kL kR
Yi=a+ Z Bem(Z; ) + Z B X + €, (8)
—1 j=1
or of the form
kr kr
m(Y;) =a+ Z @m(ZM) + Z ﬁin,j + €. (9)
=1 j=1

The parameter of interest depends on the specific relationship being considered, but
is always among the set of 3, or 3; regression coefficients. Our analysis assesses the
robustness of this regression coefficient across different specifications.

Some estimates we consider are produced from somewhat different processes. E.g.,
some variables are generated by combining a log-like-transformed variable with another
untransformed variable during pre-processing. When such a variable enters a regression
specification, we consider it a log-like-transformed variable for our purposes. We adjust
such variables for our robustness checks by modifying only the log-like-transformed parts
of these variables.

In addition to the seven robustness checks detailed in Sections 5.1 and 5.2, we ad-
ditionally execute three ‘extensive-margin specifications’ which we omit from the final
sample. We provide details on these specifications in Appendix B. We conducted these
specifications to empirically validate the convergence properties discussed in Section 2.2,

which shows the results of extensive-margin specifications for several papers in our repli-
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cation sample. However, we omit these specifications when examining the robustness
of log-like specifications in practice because extensive-margin specifications are not a
fair comparison to log-like specifications. Discrete extensive-margin relationships have
a different practical interpretation than the continuous relationships that are nominally
supposed to be modeled by log-like specifications, and extensive-margin indicators discard

considerable variation in those relationships.

5.1 Functional Form Adjustments

We first assess the robustness of log-like specifications to different functional forms. We
specifically focus on functional forms which preserve the original sample to ensure that
functional form changes are not confounded with sample changes in our robustness checks.
This rules out the logarithmic specification as a robustness check, as a logarithmic spec-
ification would require dropping all nonpositive values, which arise frequently in the
specifications we reanalyze.

Our first functional form adjustment is a simple linear specification of the form
kL kg
Yi=a+ Z BeZin+ Z BiXi;+ €. (10)
—1 j=1

L.e., we convert all log-like-transformed variables back to their original linear forms, re-
placing all such variables m(Z;) with Z;. This is a natural parameterization, reflecting
the way in which most applied researchers typically estimate linear regression models.
However, one potential concern about the comparability of linear specifications with log-
like specifications is that linear specifications may poorly model nonlinearities captured
by log-like specifications, causing conclusions to change due to poor model fit rather than
due to any fundamental sensitivity of log-like specifications.

To assess robustness to nonlinear functional forms, our second functional form adjust-
ment we employ is the cube root transformation v/Z. Le., our cube root specifications

are estimated on functions of the form

kL kR
Y, = 04—1—255\3/ Zz’,z+Zﬁin,j+€i, (11)
=1 Jj=1
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or if the outcome is also transformed with a log-like function in the original specification,
ki kg

VY =a+ Z Be/ Zie + Z BiXij; + €. (12)
=1 j=1

Though the cube root transformation is seldom applied in empirical research, it has
two properties which make it useful for assessing the robustness of log-like specifications to
minor changes in functional form, the first of which is that it is domain-preserving. Both
the cube root transformation and the THS transformation are defined for all real inputs.
This contrasts with In(Z + ¢), which is undefined for Z — ¢ < 0. Whereas comparing IHS
specifications with In(Z + ¢) specifications would raise questions about whether changes
in conclusions arise due to functional form sensitivity or due to changes in the estimation
sample, this concern does not arise for the cube root transformation because it always
preserves the domain of both transformations. The cube root transformation is the lowest
nontrivial integer root function which satisfies this property.

The second advantage of the cube root transformation is that, like popular log-like
transformations, it is concave throughout its entire domain. The cube root transformation
can thus capture diminishing returns to scale and normalize outliers in a similar fashion to
log-like transformations. To clarify, we do not believe that the cube root transformation
is one which researchers should use in place of log-like transformations, nor that a log-
like analysis is necessarily robust if a researcher obtains the same conclusions from a
log-like specification and a cube root specification; we detail our concerns about these
specifications further in Section 7.1.1. However, these properties together make the cube
root transformation a useful robustness check for our specific analysis.

Finally, following numerous recommendations in the recent literature on log-like spec-
ifications (Chen & Roth, 2024; Cohn et al., 2022; Mullahy & Norton, 2024; Thakral &
To, 2025), we estimate Poisson regressions. Poisson regression is often recommended for
‘percentage effect’ estimation on the grounds that when Y is nonnegative and X is both
binary and randomly assigned, a Poisson quasi-maximum likelihood estimation equation
of the form Y = exp (fpoisX + €) yields an estimate of population parameter (3, which
can be converted by the formula exp(5) — 1 into an estimate of the percentage effect of

X on Y, with reference to the average value of Y in observations for whom X = 0. Our
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Poisson regressions are estimated in models of the form
kr kg
Yi=exp | a+ Z BeZip + Z BiXi;+ €| . (13)
=1 Jj=1

Attempts to estimate Poisson alternatives to the models in our sample were often
unsuccessful. Principally, many popular econometric specifications currently lack compa-

I Further, many Poisson models we attempted to estimate

rable Poisson counterparts.’
did not converge, or are infeasible because outcomes take on negative values. Poisson
regressions were inestimable for 45% of the estimates in our sample, suggesting that data
used in log-like specifications often is not conformable for Poisson regression. In the
final sample discussed in Section 4.2, for estimates for which Poisson regression was in-

estimable, we drop the results from the Poisson specification while retaining results from

all other specifications.

5.2 Scaling Adjustments

We conduct three scaling adjustments to assess the sensitivity of estimates in our sample

to input scaling, estimating models of the form

k‘L kR
Y, =a+ Z Bim(aZ; ) + Z BiXi; + €, (14)
=1 Jj=1

or if the outcome is also transformed with a log-like function in the original specification,

kr, kr
m(aY;) = o+ Z 55777,((121'73) -+ Z 6in,j + €;. (15)
(=1 j=1

L.e., in our scaling adjustments, we retain any log-like transformations on all variables,
but rescale those variables by some constant a > 0 before they are transformed by the

log-like function.

1E.g., one specification we often encountered combines instrumental variables estimation with fixed
effects estimated in panel data, which can be readily estimated in Stata using the xtivreg command.
However, there is no corresponding routine using Poisson regression. Estimation using xtpoisson would
require manual two-stage or control function estimation, the properties of which are not yet established
nor well-understood when combining linear models with nonlinear specifications like Poisson. Likewise,
estimation using ivpoisson would require specifying fixed effects by including dummy variables for each
panel, potentially inducing incidental parameter biases which do not arise in conditional fixed effects
models more tailor-made for Poisson estimation.
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We label our three adjustments ‘mul1000” (a = 1000), ‘div1000’ (a = 1/1000), and
‘minl0’ (a =10/ IZH;A% (|Zl\)) mul1000 and div1000 are relatively arbitrary transforma-
tions, respectively multiplying and dividing the inputs to log-like transformations by 1000
to assess sensitivity. In contrast, the minl0 adjustment guarantees that data conforms to
recent methodological recommendations concerning log-like transformations. Specifically,
Bellemare and Wichman (2020) note that In(Z) and sinh™*(Z) differ by less than 0.5%
when Z > 10'%, and thus recommend that the IHS transformation only be applied on
inputs whose minimum nonzero value > 10. The minl0 transformation guarantees that
the minimum absolute value of nonzero Z is no less than ten; we focus on absolute values
to accommodate the case where the smallest nonzero value of Z is a negative number.
Whenever the outcome (exposure) of interest to an estimation is transformed with a log-
like function in the original specification, we record the rescaling parameter a necessary

to ensure that the minimum absolute nonzero value of that outcome (exposure) > 10.

5.3 Weighting

Estimates can be reweighted to obtain results at the claim level or the article level.
Some claims are defended by more estimates than others, and some articles contain
more estimates than others. By inverse-weighting estimates by the number of estimates
mapped to each claim or article, we safeguard against the possibility that our results are
disproportionately influenced by claims or articles with many, but relatively less robust,

estimates.

6 Results

6.1 Robustness

We use two primary definitions of robustness, the first of which is conclusion agreement.
We specifically focus on on statistical significance conclusions under standard null hy-
pothesis significance testing. Let B@Repm and p; repro respectively be the reproduction
coefficient of interest for estimate ¢ and its associated p-value, and let Bi,s and p; s be the

same coefficient and associated p-value from a given robustness specification s; we define

12Notably this result is only valid if Z > 0, a case when In(Z) can be used.
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conclusion agreement as

1 Dis <« & Sign (Bi,s) = Sign <Bi,Repro>] if Di,Repro <«

Agree; ; = (16)

1 [pi,s Z Oé] if Di,Repro Z 04

L.e., for estimates where the reproduction coefficient is statistically significantly different
from zero, Agree;, is a dummy indicating whether robustness specification s yields a
coefficient that is statistically significantly different from zero in the same direction as
that of the reproduction estimate. In contrast, for estimates where the reproduction
coefficient is not statistically significantly different from zero, Agree; , is instead a dummy
indicating whether robustness specification s yields a coefficient that is not statistically
significantly different from zero. This measure of robustness is akin to those used in other
large-scale replications of results in the social sciences (Camerer et al., 2016, 2018; Open
Science Collaboration, 2015). We compute Agree; , for o € {0.05,0.1}; i.e., we compute
the conclusion agreement indicator for both 5% and 10% significance levels.

Our second robustness measure indicates whether a coefficient is statistically signif-
icantly different from zero. As discussed in Section 4.2, we define significance indicator
Sig; . = 1 [pis < o], which indicates whether the coefficient from specification s for esti-
mate i is statistically significantly different from zero. Given that 71% of reproduction
coefficients are statistically significantly different from zero, it is useful to know how many
relationships claimed to be significant are not robustly so. As for Agree; ., we compute
Sig; , for both 5% and 10% significance levels.

We leverage the clustered structure of the final dataset discussed in Section 4.2 to es-
timate within-estimate effects of specification choice on our robustness measures. Letting

Robust; ; be a measure of robustness, our estimating equations take the form
RObUStZ‘,s = )‘z -+ Vs -+ €i,s5 (17)

where )\; is an estimate fixed effect and ~; is a specification factor where the reproduction
specification is the base group. Because we conduct ceteris paribus robustness checks (see
Section 4.2), 7, identifies the average within-estimate effect of specification choice s on
Robust; s, which can be interpreted as an effect on robustness rates. E.g., when Robust; s

is Agree, ;, a 7, coefficient of -0.2 implies that specification s causes 20% of estimates to
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Note: Points and double-banded confidence intervals respectively represent point estimates and both 90%
and 95% confidence intervals of v, coefficients from the estimate fixed effects specification in Equation 17,
where reproduction specifications are the base category and dependent variables Robust; s are indicated
by color. Standard errors are clustered at the estimate level.

Figure 4. Main Estimates of Non-Robustness to Specification Choice

change statistical significance conclusions.

Figure 4 shows our main estimates of specification effects on robustness rates.'® The
zero coefficients on the reproduction specifications highlight their role as the base cat-
egory; the significance conclusion of the reproduction specification always agrees with
itself. However, our robustness checks frequently change these conclusions.

Removing the log-like transformations entirely and simply analyzing the linear ver-
sions of the transformed variables changes conclusions for nearly 37% of estimates, and
reduces the rate of statistically significant results by over 26 percentage points. If we
instead retransform the linear versions of those variables using the cube root transforma-
tion, non-robustness rates decline but remain highly significant; conclusions change for
roughly 14% of estimates, and the rate of statistically significant estimates declines by 7-8
percentage points. For estimates for which Poisson regressions are estimable using the lin-
ear versions of variables originally transformed with log-like functions, conclusions change
for over 35% of estimates in Poisson regression, and the rate of statistically significant
results declines by over 18 percentage points. When we keep the log-like transformations
but rescale the input variables, conclusions change for 16-30% of estimates, and the rate

of statistically significant estimates declines by 6-19 percentage points.

I3A table version of this figure is provided in Appendix Table A2.
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Appendix Tables A3 and A4 respectively show that these estimate-level results are ro-
bust at the claim and article levels. Specifically, Table A3 (Table A4) reports fixed effects
specifications of the form in Equation 17, where each estimate is weighted by an inverse
weight equal to the reciprocal of the number of estimates mapped to that estimate’s claim
(article). Estimates of specification effects on robustness rates are slightly attenuated at
the upper bound, but the end results are substantively identical. Additionally, though
Poisson specifications are only estimable on a subset of observations, Figure A2 (and its
table version in Appendix Table A5) show that specification effects on robustness are
virtually identical to those in the full sample when analyzing only the subsample of es-
timates for which Poisson specifications are estimable. This subsample analysis further
substantiates that Poisson specifications reveal particularly severe non-robustness in log-
like specifications, and that the large effects of these specifications on robustness that we
observe are not an artefact of sample selection.

Per Equation 16, specification effects on conclusion disagreement can be decomposed
into three channels: (1) originally statistically significant results losing their statistical
significance, (2) originally statistically insignificant results becoming statistically signif-
icant, and (3) originally statistically significant results flipping signs while remaining
statistically significant. Figure 5 displays specification effects on each of these channels
of conclusion disagreement.

Figure 5 shows that specification effects on conclusion disagreement are driven primar-
ily (though not entirely) by initially statistically significant results losing their statistical
significance after we implement our robustness checks. These robustness checks cause
10-31% of reproduction estimates to lose their statistical significance. Conversely, our ro-
bustness checks cause 3-6% of reproduction estimates to attain statistical significance after
previously being statistically insignificant. Additionally, some robustness checks cause a
considerable number of statistically significant reproduction estimates to flip signs while
retaining their statistical significance. E.g., our linear specifications yield significant sign
flips for 12-14% of estimates. That said, significant sign flips emerge for roughly 1% of

estimates for some specifications, such as mul1000 and min10.

14 A table version of this figure can be found in Appendix Table A6.
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Effect on Disagreement Rate
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Reproduction Linear Cube Root Poisson mul1000 div1000 min10
Stat. Significant to + Stat. Insignificant to + Significant Sign
Disagreement Stat. Insignificant, 5% Level Stat. Significant, 5% Level Flip, 5% Level

Measure + Stat. Significant to
Stat.

+ Stat. Insignificant to + Significant Sign
Insignificant, 10% Level Stat. Significant, 10% Level

Flip, 10% Level

Note: Points and double-banded confidence intervals respectively represent point estimates and both 90%
and 95% confidence intervals of v, coefficients from the estimate fixed effects specification in Equation 17,
where reproduction specifications are the base category. ‘Stat. Significant to Stat. Insignificant’ reflects
s coeflicients when Robust; s = 1 [p; Repro < @ and p; s > ). ‘Stat. Insignificant to Stat. Significant’
reflects 7, coefficients when Robust; s = 1 [p; Repro > @ and p; s < «]. ‘Significant Sign Flip’ reflects ~,

coefficients when Robust; ; = 1 [pLRepm <o and p;s <o and sign (st) # sign (ﬁALRepmﬂ. Stan-
dard errors are clustered at the estimate level.

Figure 5. Decomposition of Specification Effects on Conclusion Agreement

6.2 Adherence to Methodological Recommendations

Recognizing that the THS transformation only approximates the natural logarithm for
large input values, Bellemare and Wichman (2020) recommend that IHS specifications
only be used for (semi-)elasticity estimation if the minimum value of the input variable >
10. The min10 specification described in Section 5.2 requires data to conform to (a version
of) this property, rescaling all input variables that are transformed with log-like functions
so that their smallest nonzero absolute value equals ten. Because we store the scaling
parameter a necessary to satisfy this property, we can directly assess how frequently
researchers citing Bellemare and Wichman (2020) comply with their recommendations
on this point.

Figure 6 displays histograms of the scaling parameters necessary for our minl0 trans-
formations, which show that researchers employing log-like specifications almost univer-
sally neglect these unit scale recommendations. For 99.8% of estimates in our sample,
either the outcome or exposure of interest must be scaled up to ensure that its minimum

nonzero absolute value equals ten (i.e., @ > 1 in the minl0 specification). The median
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Note: Histograms display the estimate-level scaling parameter a necessary to ensure the minimum
nonzero absolute values of outcomes and exposures of interest > 10 (see Section 5.2). Scaling parameters
are displayed on a logarithmic scale.

Figure 6. Histograms of Necessary Scaling Parameters for minl0 Specifications

a necessary to scale log-like-transformed variables in the minl0 specification is 16.7 for
outcomes of interest and 100 for exposures of interest.

Bellemare and Wichman (2020) also posit that alternative specifications may be more
appropriate than THS specifications if > 1/3 of the values of a variable are zeros. However,
33.1% (40.1%) of the outcomes (exposures) of interest are nonpositive in over 1/3 of values
before transformation. Figure 7 displays histograms of the proportion of nonpositive
values in outcomes and exposures of interest that are transformed with log-like functions.

Finally, though Bellemare and Wichman (2020) only recommend IHS specifications
for data that have some nonpositive values, Figure 7 highlights that in the modal esti-
mate, log-like outcomes and exposures of interest exhibit a degenerately low proportion
of nonpositive values. For 12.7% (40.1%) of log-like outcomes (exposures) of interest, zero
values are nonpositive. This raises questions as to why log-like specifications were chosen
for these estimates, as logarithmic specifications — which avoid many of the credibility

issues with log-like specifications — were in principle estimable without any sample loss.

6.3 Publication Bias

Statistically significant results are far more common in log-like specifications than in

typical results from top economics journals. Figure 8 shows histograms displaying the
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sures of interest that are transformed with log-like functions.

Figure 7. Histograms of Nonpositive Proportions in Log-Like Outcomes and Exposures of Interest

distributions of absolute ¢-statistics from our reproduction specifications (leftmost panel),
our robustness specifications (center panel), and from main results in causal papers pub-
lished in 25 top economics journals (rightmost panel, based on the replication data of
Brodeur et al., 2020). In log-like specifications, there is a clear dearth of test statistics
smaller than disciplinary statistical significance thresholds, which is not present in the
rest of the economics literature. Though 48% (56%) of estimates in the economics litera-
ture are statistically significantly different from zero at the 5% (10%) level, this statistical
significance rate rises to 72% (78%) in the log-like specifications in our sample, a 49%
(40%) increase.

There is also a large mass of test statistics in our reproduction sample which are
just barely larger than critical values at a 5% significance level. Nearly 6% of absolute
t-statistics in our reproduction sample are in the range [1.96, 2.1). This is 50% higher
than the density of absolute ¢-statistics in the range [1.8, 1.96) and 83% higher than that
density in the range [2.1, 2.25).

As discussed in Section 3.1, one factor that may spuriously drive the statistical sig-
nificance of many log-like estimates is the fact that unit scalings can — and often do — sit
in a sweet spot that optimizes statistical significance. Recall that two of our scaling ad-
justments — mul1000 and div1000 — rescale inputs up and down (respectively) by a factor

of 1000 before transformation with their original log-like functions (see Section 5.2.) For
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Note: Histograms display estimates’ absolute t-statistics. The leftmost and center graphs respectively
display these absolute t-statistics for reproduction and robustness specifications in our sample of log-
like specifications. The rightmost graph displays absolute t-statistics for main estimates in the causal
economics literature from Brodeur et al. (2020) (replicating the top panel of Figure 1 in that paper).
Dashed vertical lines are displayed at 1.645, 1.96, and 2.576, corresponding to asymptotic 10%, 5%, and
1% statistical significance thresholds.

Figure 8. Histograms of Absolute ¢-Statistics from Log-Like Specifications and the Economics Literature

38% of estimates, both the mul1000 and div1000 specifications yield smaller t-statistics
for the relationship of interest than the reproduction specification. This proportion is
higher than that for any other 2x2 combination of inequalities between the mul1000 and
reproduction absolute ¢-statistics and between the div1000 and reproduction absolute t-
statistics. For 87% of estimates, either the mul1000 or div1000 specification yields smaller
t-statistics than the reproduction specification. For 8% of estimates, the statistical sig-
nificance conclusions of both the mul1000 and div1000 specifications differ from those of
the reproduction specifications.

Though we do not know whether the prevalence of sweet spot estimates reflects
demand-side or supply-side publication bias, their widespread presence implies that the
statistical significance of many published results from log-like specifications is either in-
flated or completely spurious. If these sweet spot estimates are selected for publication
due to their statistical significance — either by researchers or journals — then one would
expect that the statistical significance of sweet spot estimates is more sensitive to speci-
fication choice than estimates outside the sweet spot. This is just what the data shows.

Statistical significance is uniquely sensitive to specification choice for estimates in the

sweet spot. Figure 9 shows estimates from models of the form in Equation 17 where the
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Effect on Statistical Significance Rate
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Note: Points and double-banded confidence intervals respectively represent point estimates and both 90%
and 95% confidence intervals of ~, coefficients from the estimate fixed effects specification in Equation
17, where reproduction specifications are the base category and the dependent variable is Sig; ;. The
significance threshold varies between 5% and 10% across models. Our models are estimated either on the
subset of estimates in the sweet spot (i.e., estimates for which Sweetspot; = 1), or on the complement of
this subset. Standard errors are clustered at the estimate level.

Figure 9. Specification Effects on Statistical Significance by Sweet Spot Status

dependent variable is Sig, ;, separately estimated on samples split by sweet spot indicator
Sweetspot, = 1 |t|i,Repro > |t’i,mu11000 and ’ﬂi,Repro > |t|i,div1000 . (18)

Specification effects on statistical significance are only robustly statistically significantly
less than zero for estimates in the sweet spot.

In Table 2, we provide formal evidence that the statistical significance of estimates
in the sweet spot is more sensitive than that of estimates outside the sweet spot. We

specifically estimate models of the form
Sig; ; = Ai + s + 05 X Sweetspot; + €. (19)

In this model, 7, identifies the effect of specification choice on statistical significance rates
for estimates not in the sweet spot. Relative to such estimates, interaction coefficients
0s identify how much more sensitive statistical significance is to specification choice for
estimates in the sweet spot.

Table 2 shows that at the 5% significance level, our robustness specifications erase
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Sigi,sv Sigi,sv Sigi,sv Sigi,s Sigi,s Sigi,s
5% Level 5% Level 5% Level 10% Level 10% Level 10% Level

(1) 2 3) (4) () (6)
Linear -0.176 -0.092 -0.104 -0.203 -0.152 -0.138
(0.028) (0.032) (0.036) (0.027) (0.03) (0.035)
Cube Root -0.035 -0.023 -0.023 -0.038 -0.056 -0.045
(0.018) (0.022) (0.019) (0.018) (0.025) (0.024)
Poisson -0.107 -0.048 -0.034 -0.135 -0.128 -0.114
(0.035) (0.045) (0.055) (0.033) (0.046) (0.055)
mul1000 -0.011 -0.038 -0.045 -0.027 -0.068 -0.052
(0.018) (0.027) (0.039) (0.018) (0.028) (0.039)
div1000 -0.084 -0.011 -0.061 -0.103 -0.063 -0.085
(0.025) (0.03) (0.031) (0.025) (0.03) (0.032)
minl0 -0.014 -0.036 -0.045 -0.022 -0.058 -0.04
(0.016) (0.024) (0.037) (0.018) (0.025) (0.039)
Sweetspot; x Linear -0.231 -0.254 -0.227 -0.191 -0.21 -0.187
(0.044) (0.055) (0.054) (0.043) (0.055) (0.054)
Sweetspot; x Cube Root -0.111 -0.127 -0.14 -0.077 -0.046 -0.041
(0.03) (0.038) (0.038) (0.031) (0.047) (0.036)
Sweetspot,; x Poisson -0.205 -0.245 -0.245 -0.151 -0.189 -0.161
(0.054) (0.067) (0.071) (0.053) (0.07) (0.072)
Sweetspot; x mul1000 -0.188 -0.146 -0.152 -0.106 -0.058 -0.084
(0.032) (0.044) (0.052) (0.029) (0.043) (0.049)
Sweetspot; x div1000 -0.27 -0.291 -0.268 -0.207 -0.229 -0.189
(0.041) (0.051) (0.052) (0.04) (0.053) (0.049)
Sweetspot,; x minl0 -0.137 -0.101 -0.117 -0.093 -0.069 -0.075
(0.029) (0.036) (0.049) (0.028) (0.041) (0.047)
Level Estimate Claim Article Estimate Claim Article
N 3905 3905 3905 3905 3905 3905
# Estimates 596 596 596 596 596 596

Note: Estimates of v, and 05 coefficients from the estimate fixed effects specification in Equation 19 are reported with standard
errors clustered at the estimate level in parentheses. Reproduction specifications are the base category. Estimate-level results arise
from unweighted least squares. Claim-level (article-level) results arise from weighted least squares regressions where estimates are
weighted by an inverse weight equal to the reciprocal of the number of estimates mapped to that estimate’s claim (article).

Table 2. Heightened Specification Sensitivity of Sweet Spot Estimates’ Statistical Significance

the statistical significance of results from original log-like specifications 10-29 percent-
age points more frequently for estimates in the sweet spot. Some of these results are
mechanical — Equation 18 defines an estimate as being in the sweet spot when both
[]; mmuni000 < [tli Repro A1 []; givio00 < [tl; Repror 50 Mul1000 and div1000 specifications will
yield less statistical significance for estimates in the sweet spot than reproduction specifi-
cations almost by construction. However, this mechanical relationship does not exist for
our other robustness specifications, and these sweet spot estimates remain more sensitive
to specification choice even for these other specifications. Even ignoring the rescaling ad-
justments, compared to estimates outside of the sweet spot, estimates in the sweet spot
lose statistical significance at the 5% level 23 percentage points more frequently in our
linear specifications, 11-14 percentage points more frequently in our cube root specifica-

tions, and 21-25 percentage points more frequently in our Poisson specifications. These
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results are robust across models when Sig; ; indicates statistical significance at the 5%
level, but not when Sig, , indicates statistical significance at the 10% level. Therefore,
our strongest evidence for publication bias is consistent with selection of estimates that
are statistically significant at the 5% level. This accords with our observation in Figure

8 of a large mass of absolute t-statistics just beyond the 5% critical value.

7 Recommendations

Our findings show that log-like specifications frequently yield spuriously significant and
non-robust results in practice, considerably contributing to publication bias in economics
and other social sciences. These empirical findings supplement a growing theoretical
literature showing that log-like specifications can wildly misidentify the relationships that
they are supposed to be estimating, and that they are per se non-robust to functional
form because researchers can obtain coefficient estimates of any desired magnitude by
adjusting theoretically arbitrary parameters. Researchers, reviewers, and editors should
insist on the exclusion of log-like specifications in empirical practice.

Though our opposition to log-like specifications echoes a growing econometric liter-
ature (Chen & Roth, 2024; Cohn et al., 2022; Mullahy & Norton, 2024; Thakral & To,
2025), different contributors to this literature often disagree on what alternative empirical
strategies should be implemented in place of log-like specifications. In this section, we
harmonize these recommendations to provide guidance for researchers. In what follows,
our guiding principle is to only recommend methods which ensure stable coefficients and
test statistics while minimizing the capacity for researcher degrees of freedom to yield

spuriously significant results.

7.1 What Does Not Work

7.1.1 Power Transformations Though Thakral and T6 (2025) recommend power trans-
formations of the form Y* (where w > 0) instead of log-like transformations, Mullahy
and Norton (2024) contend that such transformations are as inappropriate as the THS
and In(Z + ¢) transformations. The case for power specifications in Thakral and T6
(2025) is based on the paper’s equivalence theorem, which shows that in OLS regression,
power transformations are one of the only two families of transformations that guaran-

tee (1) scale-equivariant regression coefficients, (2) scale-invariant t-statistics, and (3)
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Note: Regression t-statistics are plotted for power specifications of the form Y = X Bpower + 2. Dashed
red lines indicate 10% critical values (+1.645) whereas solid red lines indicate 5% critical values (£1.96).
Study A is Jia et al. (2024), specifically the coefficient on Elimination in Table 6, panel B, Column
1. Study B is S. R. Bhalotra et al. (2021), specifically the coefficient on 1(Diarrhea)x1(Post)x Year in
Table 3, column 4. Study C is Hutchins (2023), specifically the coefficient on > 100km, in panel THS
(crop value per acre), Post-treatment. Study D is Daniele et al. (2023), specifically the coefficient on
Poppy xPost2009 in Table 6, Column 2.

Figure 10. Test Statistic Behavior in Power Specifications

scale-invariant semi-elasticity estimates. Because the other family is logarithmic trans-
formations, power transformations are the only family that both satisfies these properties
and can be defined for nonpositive values. However, Mullahy and Norton (2024) op-
pose using power transformations in empirical research because there is no theoretical
justification for the choice of a specific power w.

We concur with the perspectives of Mullahy and Norton (2024) because due to the
researcher degree of freedom inherent in choosing power parameter w, power specifications
exhibit many of the same undesirable properties as log-like specifications. Figure 10
displays the behavior of ¢-statistics in power specifications of the form Y = X Bpoyer + €2.
We specifically repeat a version of the exercise underlying Figure 3 for the same four
studies, varying w € {0.001,0.002, - - - 1}.

As Mullahy and Norton (2024) document, for power functions that are concave above
zero, coefficients in power specifications exhibit the same convergence properties as log-
like specifications. As w — 1, Bpower — BLin trivially. As w — 0, Bpower — BEM because
all intensive-margin variation is flattened, leaving only extensive-margin variation in Y.

However, Figure 10 also reveals another property which Mullahy and Norton (2024)
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do not document: in the same way that log-like specifications can exhibit sweet spots in
a and/or ¢, power specifications can exhibit sweet spots in w. Across the four published
specifications we reanalyze, changes in w affect both the sign and statistical significance
of estimates in three different studies. In those three studies, statistical significance
conclusions change for a narrow range of w values.

Many powers w can be justified in practice. Mullahy and Norton (2024) note that
both square root and cube root specifications are often applied in practice. Thakral and
T6 (2025) document numerous published articles that employ both cube root and quartic
root specifications. As shown in Figure 10, such liberty in choosing the specific power
with which the outcome is transformed can considerably contribute to the pollution of
the literature with spuriously significant results.!® This risk exists even if the power w is
exogenously imposed or pre-registered, as w could sit in a sweet spot by sheer coincidence,

which would still risk results being spuriously significant.

7.1.2 Selecting Unit Scalings with Model Selection Criteria Though Aihounton and
Henningsen (2021) focus on the scale-variance of coefficients in log-like specifications,
they do not recommend against log-like specifications, instead recommending choosing
scaling parameter a to optimize model selection criteria. Aihounton and Henningsen
(2021) propose 14 different model selection criteria which a researcher can potentially
choose to optimize through unit scaling. However, they generally prefer the use of the
log-like specification’s R? as a criterion.

There are two problems with this recommendation. First, this approach induces many
researcher degrees of freedom. It is difficult to restrict researchers to use only one model
selection criterion to optimize, and different model selection criteria can yield different
values of a that can be selected for reporting a study’s main results. Likewise, it is also
difficult to restrict the granularity with which researchers mine over different values of
a, which can also influence the value of a that is ultimately selected, and thus — as our

results show — the statistical significance of the results. Second, even if the available

150f note, Thakral and To (2025) provide the tregs Stata command for automatic (semi-)elasticity
estimation in power specifications. However, the function also automatically displays results for the log-
arithmic specification, and allows users to specify an arbitrary number of power specifications (provided
that the specified powers have an odd denominator, or that there are no negative values in the data).
We see this as an undesirable software design feature, as presenting users with test results from multi-
ple specifications necessarily increases the number of tests that are run, which makes multiple testing
problems hard to control and creates selective reporting risks.
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model selection criteria and a values over which to mine are fixed a priori, finding the
unit scaling which happens to make log-like specifications fit the data best is precisely
the kind of specification searching that drives spurious significance. These specification
searching issues also rule out the credibility of choosing power parameters with model

selection criteria (see Section 7.1.1).

7.1.3 Extensive-Margin Calibration One approach recommended in Chen and Roth
(2024) is to estimate logarithmic relationships while ‘calibrating’ the extensive margin.

Focusing on the case where Y > 0, they specifically propose a transformation of the form

In(Y)if Y >0
m(Y) = 7 (20)

—pifY =0

where the researcher selects v themselves. The idea is motivated by a piecewise utility
function where one can explicitly value a change in Y from zero to the positive domain
in relation to a logarithmic intensive-margin change in Y. This relative valuation is
parametrically captured by .

This approach does not resolve the fundamental credibility issues with log-like spec-
ifications. Specifications estimated with the piecewise function in Equation 20 as the
outcome are still a weighted combination of two estimates, now extensive-margin and
logarithmic intensive-margin instead of extensive-margin and linear. These weights are
also not constrained to be convex; the weight on the extensive-margin relationship can be
made infinitely large by sending ¢» — oo. This researcher degree of freedom in choosing

1) consequently yields serious risks of spurious results.

7.1.4 Two-Part Models Mullahy and Norton (2024) recommend two-part models as an
alternative to log-like specifications, and even Bellemare and Wichman (2020) recommend
two-part models to explicitly model the extensive margin when there are ‘too many’ zeros
in the data (see Section 6.2). The idea is to circumvent the selection bias inherent in
dropping nonpositive values from the dataset by explicitly modeling the extensive-margin
relationship between Y and X in a model’s first stage before estimating the intensive-
margin relationship between In(Y) and X, conditional on Y > 0, in the model’s second

stage. Commonly-applied two-part models include the Tobit model (Tobin, 1958), the
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Cragg (1971) hurdle model, and the Heckman (1979) selection model.

Chen and Roth (2024) show that two-part models cannot identify intensive-margin
relationships without making restrictive assumptions about potential outcomes that un-
dercut the motivations for using two-part models in this context. Let X be a binary
indicator, let Y(1) and Y (0) respectively represent the potential outcomes of Y when
X =1land X =0, and let K = Pr(Y(0) = 0 | Y(1) > 0). Chen and Roth (2024)
document that the ‘intensive-margin’ relationship estimated in two-part models can be

decomposed as

Brp =E[n(Y)|Y >0, X =1 —E[In(Y) | Y >0, X = 0] (21)

E
E[In(Y(1)) ~ In(Y(0)) | Y(1) > 0, Y(0) > 0] (22)

J

TV
Intensive-margin relationship

+ R (EI(Y(1) | Y(1) >0, Y(0) = 0] — E[In(Y/(1)) | Y(1) > 0, Y(0) > 0]).

The selection term in Equation 22 is the difference in average values of In(Y (1)) between
‘compliers’ (for whom Y > 0 if and only if X = 1) and ‘always-takers’ (for whom Y > 0
regardless of the value of X). Intuitively, such selection biases arise because two-part
models condition on Y > 0; this is a ‘bad control’ that induces collider bias because X
can affect the probability that Y > 0 (Cinelli et al., 2024). The second-stage estimate in
two-part models thus only identifies intensive-margin relationships if one either assumes
that (1) there is no chance that a treated observation with ¥ > 0 would have Y = 0 if
they were instead untreated (i.e., k = 0), or (2) potential outcomes for treated ‘compliers’
and ‘always-takers’ are exactly identical.

This means that unbiased identification of intensive-margin relationships in two-part
models requires assuming away the exact selection biases that motivate the use of two-
part models in these contexts in the first place. Indeed, if these selection biases do not
exist, then there is little reason not to just run a logarithmic specification and drop
nonpositive values from the dataset. However, the whole reason why such specifications
are unpopular (and thus why log-like specifications are popular) is that most researchers

recognize that such selection biases are quite likely to emerge in practice.
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7.1.5 Lee Bounds An alternative to two-part models for estimating intensive-margin
relationships recommended by Chen and Roth (2024) is to estimate partially-identified
intensive-margin relationships using Lee (2009) bounds. Though Lee (2009) bounds are
primarily used to estimate partially-identified treatment effects in the presence of selective
attrition, they can in principle be used to partially identify relationships in the presence
of any kind of selection. In this case, the selection in question concerns whether an
observation has Y > 0. Specifically, considering the case of a binary exposure X and
following the notation of Tauchmann (2014), let gr (¢¢) be the proportion of observations
for which X =1 (X =0) and Y > 0. The treatment-control imbalance in observations

with Y > 0 can be written as

max {qT, qc} — min {QTa QC}

max (a7, 0} (23)

q:

Let Y, be the value of Y at its ¢’th quantile. The Lee (2009) bounds proposed by Chen
and Roth (2024) to partially identify intensive-margin relationships for observations where

Y > 0 can be written as

B =EMm(Y)|X=1,Y>0,Y>Y]—E[nY)|X=0,Y >0 (24)

Br.=EMm(Y) | X=1,Y>0, Y <Y ]-E[Y)|X=0,Y>0. (25

Unfortunately, the Lee (2009) bounds approach recommended in Chen and Roth
(2024) requires a monotonicity assumption that is both difficult to defend and unlikely
to be heeded in practice. Consistent estimation in the Lee (2009) bounds approach pro-
posed in Chen and Roth (2024) requires a monotonicity assumption which posits that all
observations with ¥ > 0 and X = 0 would also have Y > 0 if it were instead the case
that X = 1. As a motivating case, Chen and Roth (2024) consider a job training experi-
ment; the monotonicity assumption in this case would require that all participants with
positive earnings that did not receive training would counterfactually also have positive
earnings if they did receive the training. This assumption is unlikely to hold even in the
motivating case in Chen and Roth (2024), as people often leave employment to pursue
training. The fact that this assumption can easily fail in practice does not bode well with
our findings in Section 6.2, which show that in this literature, researchers systematically

neglect underlying assumptions about the methods they are applying.
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Chen and Roth (2024) also advise that the partial identification bounds can be tight-
ened by making assumptions about potential outcomes, but this permits a researcher
degree of freedom that can change both the sign and significance of estimates. Applied
researchers have natural incentives to tighten partial identification bounds, as doing so
allows for estimates that are more precise, and therefore more likely to be statistically
significant. Chen and Roth (2024) propose that point-identification can be restored by
assuming that compliers — observations for whom, counterfactually, Y > 0 if and only if
X =1 — have values of the outcome under treatment that are some proportion ¢ lower
than those of always-takers (for whom it would always counterfactually be the case that
Y > 0 regardless of whether X = 1). However, when they use this approach on replica-
tion data from a published study, the empirical results in Chen and Roth (2024) illustrate

exactly why this approach can contribute to selective reporting.

7.2 What Does Work

7.2.1 Normalized Estimands Any credible ‘percentage effect’ estimate must have a
base: what is the ‘percentage effect’ a percentage of? For binary treatments, a natural
choice for the base is some functional of Y’s distribution in the control group, such as
Y’s mean, median, or standard deviation. For nonbinary treatments, one might instead
wish to consider those functionals over the distribution of Y in the entire sample, or an
exogenous constant such as the cost of a given treatment dosage.

Chen and Roth (2024) term the general class of estimands that involve division by
some normalizing constant as normalized estimands. For binary exposures, normalized

estimands takes one of the two following forms:

(26)
Y1) Y(0)

=E|— - —=|. 27

=X 21)

The form in Equation 26 applies for estimands that are divided by d > 0 after estimates
are obtained using the untransformed Y. In contrast, the form in Equation 27 applies for
untransformed estimands that are obtained for transformed outcome Y/d. Both forms
can be interpreted in the same way; 100(f — 1) can be interpreted as the expected group

difference in percentage units of d.
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Normalized estimands of the form in Equation 26 can be flexibly computed in back-
of-the-envelope fashion for a wide range of specifications and data settings. Indeed, such
back-of-the-envelope computation is common practice in experimental economics. Exper-
imental economists frequently obtain estimates of mean differences between groups and
then simply divide those estimates by Y’s mean in the control group, yielding treatment
effect estimates as a percentage of the control group mean. Likewise, for some outcomes,
experimental economists often rescale Y by its standard deviation in the control group be-
fore estimation, ensuring that the resulting treatment effect estimates can be interpreted
as percentages of the control group’s outcome standard deviation. Either approach can
be applied without consequences for statistical inference even if there are negative values
in the data.

Normalized estimands can also be useful for making effect sizes interpretable even
in cases where percentage effect estimates are not desired. E.g., consider the case of a
randomized trial examining the effects of malaria vaccine disbursement (X) on malaria
mortality (Y). The number of lives saved by the disbursement of a single malaria vaccine
might be negligibly small and difficult to interpret. However, the lives saved by the
number of vaccines that can be acquired for 1000 euros might be appreciably large, and
would be easily interpretable as a mortality return on investment. Such an effect size
would be interpretable by setting d equal to the number of vaccines that can be purchased
for 1000 euros at current market prices.

Though there is a researcher degree of freedom inherent in choosing base d, this will not
drive spurious statistical significance for most hypothesis tests so long as the researcher
uses scale-equivariant specifications. A normalized estimand computed via Equation 26
its simply rescaled by a constant; because its standard error would be rescaled by the same
constant to maintain unit scale, t-statistics do not change after normalization. Though
rescaling Y before estimation can change t-statistics if estimates are obtained using spec-
ifications that are not scale-equivariant (see Section 2.2.2), conditional on using a scale-
equivariant specification, t-statistics of normalized estimands computed via Equation 27
will be identical to t-statistics for estimates obtained using untransformed outcomes. Thus
for standard null hypothesis significance tests that assess whether parameters estimated
using scale-equivariant specifications are different from zero, statistical significance con-

clusions cannot change due to effect size normalization. However, for equivalence tests,
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minimum effects tests, and practical significance tests which assess whether estimates are
smaller or larger than some smallest effect size of interest, normalization decisions can
substantially affect significance conclusions. For such applications, see Fitzgerald (2025)

for guidelines on credibly setting smallest effect sizes of interest.

7.2.2 Poisson Regression For binary exposures, a natural choice for a normalizing
constant is E[Y'(0)], and estimands normalized by E [Y(0)] can be directly obtained from
Poisson regression on untransformed outcomes (Chen & Roth, 2024; Gourieroux et al.,
1984; Santos Silva & Tenreyro, 2006). A Poisson quasi-maximum likelihood model of the
form Y = exp(BpoisX +¢) can be estimated when Y > 0, and fp,;s is both scale-invariant

and easily convertible into a normalized estimand as

ePPois _ 1 — E[Y (1) —Y(0)]
EY(0)]

L.e., for binary exposures, Poisson regression consistently estimates the average relation-
ship between the exposure and the outcome as a percentage of the average outcome in
the control group. For these reasons, Poisson regression is a commonly-recommended
alternative to log-like specifications when Y > 0 (Chen & Roth, 2024; Cohn et al., 2022;
Mullahy & Norton, 2024; Thakral & T6, 2025).

One drawback of Poisson regression is that there are few Poisson ‘versions’ of popular
econometric estimation strategies. E.g., though there have long been Poisson adapta-
tions for instrumental variable estimation (Mullahy, 1997; Nichols, 2007), these estima-
tion suites lack common features in many instrumental variables specifications, such as
facilities for (conditional) fixed effects estimation. Additionally, to our knowledge, there
exist no dedicated Poisson suites for regression discontinuity design or synthetic con-
trol methods. However, Poisson methods for difference-in-differences applications have
recently been developed, including in staggered adoption settings (Nagengast & Yotov,
2025; Wooldridge, 2023).

This makes Poisson estimation useful only in a subset of research designs, as in many
applications, researchers would need to sacrifice many desirable robustness properties to
switch estimation strategies to a Poisson alternative. Consider a researcher deciding be-
tween using the state-of-the-art rdrobust suite (Calonico et al., 2017), which does not

accommodate Poisson regression, and using Poisson regression to estimate a simple para-

43



metric regression discontinuity design. A researcher choosing the latter option would be
sacrificing the bias correction and optimal bandwidth selection afforded by the rdrobust
suite to obtain a percentage effect estimate that could have just as easily been computed
in back-of-the-envelope fashion from rdrobust estimates via Equation 26. Given that
normalized estimands are always an option, being able to run Poisson regression should
never be an excuse for using less robust methods.

Poisson regression also cannot be applied to all data currently analyzed with log-like
specifications. Though IHS specifications can be applied to negative outcome values (as
can In(Y + ¢) specifications if ¢ > 1), Poisson specifications are inestimable for outcomes
with negative values. Additionally, unique solutions may not always exist for certain
Poisson specifications in certain datasets, and thus Poisson specifications will not always
converge. Finally, several Poisson counterparts to popular estimation strategies do not

yet exist.

7.2.3 Quantile Regression A common motivation for using logarithmic and log-like
transformations is to reduce the influence of outliers. Indeed, prior to the publication of
Bellemare and Wichman (2020), ‘normalizing’ skewed data and flattening outliers were
primary motivations for applying log-like transformations in historical recommendations
(Bartlett, 1947; Beall, 1942; Burbidge et al., 1988; Johnson, 1949; MacKinnon & Magee,
1990; Tippett, 1935).

If a researcher is considering log-like specifications for these purposes, a more robust
alternative that eliminates the outsized influence of outliers entirely is quantile regression
on untransformed outcomes. Thakral and T6 (2025) recommend quantile regressions of
the form Q(Y|X) = 8,X 4+ (. f,, can be interpreted as the relationship between X; and
Y’s ¢’th quantile. Though researchers can in principle choose quantile ¢, in practice, it
is typically expected that researchers show results for ¢ = 0.5 (i.e., median regression).

Quantile regressions come with numerous advantages. First, /3, ; is per se robust to
the influence of outliers. Second, many popular econometric methods have quantile coun-
terparts, including instrumental variables estimation (Chernozhukov & Hansen, 2005),
difference-in-differences estimation (Athey & Imbens, 2006), and regression discontinuity
design (Frandsen et al., 2012). Third and finally, percentage effects can still be computed

for quantile regression estimates by normalizing [, ; via Equation 26.
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The primary drawback to quantile regression is computational costs. In some appli-
cations, datasets might be so large, and/or models so complex, that quantile regression
is not practically feasible to implement given computational runtime and memory con-
straints. As with Poisson regression, the applicability of quantile regression will depend

on the specific data a given researcher is working with.

8 Conclusion

Our work provides a clear rationale for excluding log-like specifications from standard
empirical practice. We provide empirical evidence in support of past econometric critiques
(Aihounton & Henningsen, 2021; Chen & Roth, 2024; Cohn et al., 2022; Mullahy &
Norton, 2024; Thakral & T6, 2025) and demonstrate that log-like specifications yield
inherently non-robust results that are sensitive to arbitrary unit scaling. This sensitivity,
together with some combination of demand-side and supply-side publication bias, results
in many published log-like estimates resulting sitting in ‘sweet spots’ where variables are
scaled to units that optimize a study’s statistical significance.

In place of log-like specifications, we advocate for the use of Poisson regression when
percentage effects are desired, and the use of quantile regression for flattening outliers.
When neither is feasible, simple back-of-the-envelope calculations can be useful for per-
centage effect estimation when a researcher establishes a credible baseline. We wish to
highlight that there is no one-size-fits-all approach, and that the optimal empirical strat-
egy will depend on the research question asked and the nature of the data. However,

there is no setting in which a log-like specification will be the most credible choice.
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Appendix

A Sweet Spot Simulations

We run three simulations with N € {2290, 22890, 228900}; the middle value corresponds
to the mean sample size for estimates in our replication sample. We generate random
binary treatment X (exposure of interest) such that half of the observations are treated.
We then draw N values of outcome variable Y from the distribution N(10,8) where
any values Y < 0 are replaced with 0. We estimate OLS regressions in the form of
Equation 3 with White (1980) standard errors, with m(Y) € {IHS(aY),In(aY + 1)}, and
a € {1077,107%9 ... ' 10'°}. To ensure reproducibility across machines, we set threshold
tolerance for evaluating differences at 1071,

We obtain eight outcomes of interest.

1. Rejection rate, a = 1: The proportion of simulation draws at scaling @ = 1 in which
the null hypothesis of no treatment effect is rejected at the 5% significance level,

using a two-sided t-test with heteroskedasticity-robust standard errors.

2. Rejection rate, all a: The proportion of simulation draws in which the null hypoth-
esis of no treatment effect is rejected at the 5% significance level, using a two-sided
t-test with heteroskedasticity-robust standard errors at at least one scaling param-

eter a.

3. Rejection rate, linear + EM: Represents the proportion of simulated draws for
which the null hypothesis of no treatment effect is rejected for either the linear or

the extensive-margin specification at a 5% significance level.

4. Rejection rate, all tests: The proportion of simulation draws in which the null
hypothesis of no treatment effect is rejected at a 5% significance level for any of
the following: linear specification, the extensive-margin specification, and log-like

specifications over all values of a.

5. Nonmonotonicity rate: The proportion of simulation draws in which #1y,(a) is non-
monotonic in a, in the sense that there exists some value of a such that at least one
grid point with smaller a and one with larger a yield a strictly larger, or strictly

smaller, t-statistic.



6. Convex hull escape rate: The proportion of simulation draws in which at least one
t-statistic on the grid falls strictly outside the range spanned by the t-statistics from

the linear and extensive margin specifications (tri,(a) and tgy).

7. Empirical sweet spot rate, a = 1. The proportion of simulation draws at scaling
a = 1 in which t-statistics at the grid points corresponding to @ = 102 and a = 10?
are both strictly larger or both strictly smaller. This rate captures the proportion of
simulation draws in which a = 1 would have been classified as sweet spot estimates

under the same criteria applied in our replication data.

8. Empirical sweet spot rate, All a. The proportion of simulation draws in which there
exists some value of a on the grid such that both ¢11,(1073a) and t11,(10%a) are either
strictly larger or strictly smaller than ¢y, (a). This rate captures the proportion of
simulation draws in which at least one value of a exists that would have been
classified as a sweet spot under the same criteria applied in our replication data,

had it been the scale originally chosen by the researcher.

B Extensive Margin Adjustments

To assess the degree to which reported (semi-)elasticity and percentage effect estimates
really reflect extensive-margin relationships (see Section 2), we additionally estimated
extensive-margin relationships. Our first and main extensive-margin specification con-

verts specifications of the form in Equation 8 into that of the form
]CL kR
Yi=a+ Z Bel [Zip # 0] + Z B; Xij; + €, (A1)
=1 j=1
and converts specifications of the form in Equation 9 into that of the form
kr, kR
LY; #0] =+ > Bl[Zig #0]+ > BiXij+ e (A2)
=1 j=1

L.e., we estimate a specification where all log-like-transformed variables are converted
into an ‘extensive margin’ dummy which indicates whether the original input variable is

nonzero. Our second extensive-margin adjustment converts specifications of the form in



9 to those of the form

kr kr
LY, 0] =a+ Y Bm(Zig) + ) B Xij+e (A3)
=1 j=1

L.e., this second adjustment only converts log-like outcomes into an extensive-margin indi-
cator, leaving any log-like-transformed exposures in their original log-like transformations.
This second adjustment is only estimated when Y; is transformed with a log-like function.
The third adjustment similarly only converts log-like exposures into an extensive-margin
indicator, leaving log-like-transformed outcomes in their original transformed form. The

estimation equation for this third adjustment takes the form
kL kR
Yi=a+ Y Bll[Zig#0+ Y BiXi;+e. (A4)
=1 Jj=1
when the original estimating equation is of the form in Equation 8, and takes the form
kr, kR
=1 j=1

when the original estimating equation is of the form in Equation 9. This third adjustment
is only estimated when at least one independent variable is transformed with a log-like
function in the original specification.

We construct the final dataset discussed in Section 4.2 without these extensive margin
specifications. Though extensive margin specifications are useful for diagnosing the extent
to which reported (semi-)elasticity and percentage effect estimates really reflect extensive-
margin relationships, we do not consider them a reasonable alternative specification that
researchers could or should adopt in place of log-like specifications, as they reflect a
parameter with a different practical interpretation. The degree to which conclusions
differ between extensive-margin and log-like specifications is thus not reflective of the

fundamental robustness of log-like specifications.



C Appendix Figures

Identification of new studies via databases and registers

Records removed before screening:

f =
2 Records identified from: Duplicate records (n = 0)
é Databases (n = 423) Records marked as ineligible by automation
ES Registers (n=0) tools (n=0)
ﬁ Records removed for other reasons (n=0)
y
Records screened Records excluded
(n=423) (n=0)
i
Reports sought for retrieval Reports not retrieved
=4 (n=423) (n=0)
b
@
@
Reports excluded:
— Replication data either unavailable
Reports assessed for eligibility P or unsuitable (n = 372)
(n = 423) No abstract-level claims are
defended by log-like specifications (n = 5)
New studies included in review

k: (n = 46)
s Reports of new included studies
£ (n =46

Note: PRISMA 2020 diagram in accordance with Page et al. (2021) produced using the Shiny app at
https://estech.shinyapps.io/prisma_flowdiagram/ (accessed on 24 September 2025), which was developed
by Haddaway et al. (2022). All records are identified from the Web of Science database, and all reports
associated with identified records could be retrieved. We consider each report a separate study for the

purposes of this paper.

Figure A1. PRISMA 2020 Sampling Diagram
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Note: Points and double-banded confidence intervals respectively represent point estimates and both 90%
and 95% confidence intervals of v, coefficients from the estimate fixed effects specification in Equation 17,
where reproduction specifications are the base category and dependent variables Robust; ; are indicated
by color. Data is restricted to the subsample of estimates for which Poisson specifications are estimable.
Standard errors are clustered at the estimate level.

Figure A2. Non-Robustness to Specification Choice for Estimates where Poisson Regression is Estimable



D Appendix Tables

Paper Additional Repositories Journal Article Influence Percentile
Abay et al. (2021) Agr. Econ. 73
Abro et al. (2023) J. Agr. Econ. 72
Afridi et al. (2023) Am. J. Agr. Econ. 87
Ahmed and Sleem (2023) Energy Econ. 91
Asravor et al. (2024b) Asravor et al. (2024a) J. Productivity Analysis 46
Assuncao et al. (2023b) Assungdo et al. (2023a) Am. Econ. J.: Applied Econ. 99
Baker et al. (2022b) Baker et al. (2022a) J. Monetary Econ. 98
Bernard et al. (2023) Macours et al. (2023) Nature Comm ns 98
S. R. Bhalotra et al. (2021) S. Bhalotra et al. (2021) Am. Econ. con. Policy 99
C. N. Brunnschweiler and Poelhekke (2021) C. Brunnschweiler and Poelhekke (2022) J. Environmental Econ. and Management 94
Caprettini and Voth (2023) Caprettini and Voth (2022) Quarterly J. Econ. 100
Chan (2022) J. Development Econ. 95
Chan (2023b) Chan (2023a) J. Econ. Behavior € Organization 79
Chen and Roth (2024) Chen and Roth (2023) Quarterly J. Econ. 100
Chort and Oktem (2024) Am. J. Agr. Econ. 87
Christensen et al. (2021a) Christensen et al. (2021b) Quarterly J. Econ. 100
Cremaschi and Masullo (2024b) Cremaschi and Masullo (2024a) Comparative Political Studies 96
Daniele et al. (2023) Le Moglie et al. (2022) J. Development Econ. 95
Deryugina and Marx (2021) Deryugina and Marx (2021) Am. Econ. Review: Insights 99
Dreher et al. (2021) Review of International Organizations 95
Duarte Recalde et al. (2025a) Duarte Recalde et al. (2025b) Comparative Political Studies 96
Englander (2023b) Englander (2023a) Am. Econ. Journal: Econ. Policy 99
Friedt and Toner-Rodgers (2022a) Friedt and Toner-Rodgers (2022h) J. Development Econ. 95
Hernandez-Cortes and Meng (2023) Hernandez-Cortes and Meng (2022) J. Public Econ. 97
Hutchins (2023) Am. J. Agr. Econ. 87
Jia et al. (2024) Energy Econ. 91
Katovich (2023) Katovich (2024) Environmental Science € Technology 93
A. E. Larsen and Noack (2021) Nature Sustainability 99
A. E. Larsen et al. (2023) A. Larsen, Quandt, et al. (2024) Science of the Total Environment 85
A. E. Larsen ct al. (2024) A. Larsen, Noack, and Powers (2024) Science 100
Merfeld (2023) Agr. Econ. 73
Meierrieks and Schaub (2024) Meierrieks and Schaub (2023) Health Econ. 93
Molina (2022b) Molina (2022a) Ecological Econ. 87
Noack and Costello (2024) Noack (2023) J. Political Econ. 100
Perilla et al. (2024) Perilla et al. (2023) World Development 91
K. A. Preble (2023) K. Preble (2023) Foreign Policy Analysis 74
Ruml et al. (2022) Ruml (2021) Australian J. Agr. and Resource Econ. 54
Schafmeister (2021a) Schafmeister (2021b) Psychological Science 96
Sekabira et al. (2022) PLoS One 67
Y.-H. J. Shr et al. (2023) Y.-H. Shr et al. (2022) Regional Science and Urban Econ. 81
Tabe-Ojong et al. (2023) Tabe-Ojong et al. (2025) Nature Communications 98
Tubiana et al. (2022) Tubiana et al. (2021) Research Policy 95
Wagner and Rork (2023a) Wagner and Rork (2023b) Regional Science and Urban Econ. 81
C. J. Wichman (2024) C. Wichman (2023) Proceedings of the National Academy of Sciences 97
Wren-Lewis et al. (2020b) Wren-Lewis et al. (2020a) Science Advances 98
Xiong and Zhao (2023) Xiong and Zhao (2022) J. Econ. History 95

Note: Article influence percentiles are computed for each journal based on Web of Science/Journal Citation Reports Article Influence Scores, averaged from 2022-2024. Article
Influence Percentiles are accessed from Vrije Universiteit Amsterdam (2025) as of 24 September 2025.

Table Al. Summary of Included Articles



Agree; ., 5% Level Agree, 10% Level Sig; s, 5% Level Sig; ,, 10% Level
(1) (2) (3) (4)
Linear -0.369 -0.367 -0.263 -0.275
(0.02) (0.02) (0.022) (0.021)
Cube Root -0.138 -0.138 -0.077 -0.067
(0.014) (0.014) (0.015) (0.015)
Poisson -0.363 -0.351 -0.183 -0.192
(0.024) (0.024) (0.027) (0.026)
mul1000 -0.193 -0.168 -0.082 -0.067
(0.016) (0.015) (0.015) (0.014)
div1000 -0.295 -0.282 -0.186 -0.181
(0.019) (0.018) (0.021) (0.02)
minl0 -0.159 -0.156 -0.065 -0.057
(0.015) (0.015) (0.014) (0.014)
N 3905 3905 3905 3905
# Estimates 596 596 596 596

Note: Estimates of ~y; coefficients from the estimate fixed effects specification in Equation 17 are reported with standard
errors clustered at the estimate level in parentheses. Reproduction specifications are the base category.

Table A2. Main Estimates of Non-Robustness to Specification Choice

Agree; ., 5% Level Agree, ;, 10% Level Sig; 5, 5% Level Sig; 5, 10% Level
(1) (2) (3) (4)
Linear -0.325 -0.333 -0.185 -0.228
(0.025) (0.026) (0.027) (0.026)
Cube Root -0.143 -0.155 -0.069 -0.073
(0.017) (0.02) (0.018) (0.021)
Poisson -0.348 -0.362 -0.139 -0.198
(0.031) (0.033) (0.034) (0.035)
mul1000 -0.179 -0.162 -0.091 -0.089
(0.021) (0.021) (0.021) (0.021)
div1000 -0.266 -0.266 -0.117 -0.146
(0.023) (0.024) (0.025) (0.026)
minl0 -0.142 -0.15 -0.073 -0.083
(0.018) (0.02) (0.018) (0.02)
N 3905 3905 3905 3905
# Estimates 596 596 596 596

Note: Estimates of ;s coefficients from the estimate fixed effects specification in Equation 17 are reported with standard
errors clustered at the estimate level in parentheses. Reproduction specifications are the base category. Observations
are weighted by an inverse weight equal to the number of estimates defending the claim mapped to that observation’s
estimate.

Table A3. Estimates of Non-Robustness to Specification Choice, Claim-Weighted



Agree,; ., 5% Level Agree

1,87

10% Level Sig; ,, 5% Level Sig; ., 10% Level

1,87

(1) (2) (3) (4)
Linear -0.314 -0.31 -0.187 -0.207
(0.026) (0.027) (0.028) (0.027)
Cube Root -0.131 -0.125 -0.074 -0.06
(0.018) (0.018) (0.017) (0.018)
Poisson -0.351 -0.348 -0.125 -0.175
(0.033) (0.033) (0.039) (0.038)
mull1000 -0.179 -0.161 -0.101 -0.082
(0.026) (0.026) (0.027) (0.027)
div1000 -0.279 -0.254 -0.158 -0.154
(0.025) (0.024) (0.026) (0.025)
minl0 -0.146 -0.147 -0.087 -0.067
(0.025) (0.025) (0.026) (0.026)
N 3905 3905 3905 3905
# Estimates 596 596 596 596

Note: Estimates of ~, coefficients from the estimate fixed effects specification in Equation 17 are reported with standard
errors clustered at the estimate level in parentheses. Reproduction specifications are the base category. Observations are
weighted by an inverse weight equal to the number of estimates contained in the article mapped to that observation’s
estimate.

Table A4. Estimates of Non-Robustness to Specification Choice, Article-Weighted

Agree, ., 5% Level Agree,; ,, 10% Level Sig; ., 5% Level Sig; ., 10% Level

7,87 2,87

(1) (2) (3) (4)
Linear -0.35 -0.347 -0.202 -0.23
(0.026) (0.026) (0.03) (0.029)
Cube Root -0.175 -0.187 -0.097 -0.103
(0.021) (0.022) (0.022) (0.023)
Poisson -0.351 -0.344 -0.173 -0.186
(0.026) (0.026) (0.031) (0.029)
mul1000 -0.136 -0.115 -0.051 -0.042
(0.019) (0.018) (0.02) (0.019)
div1000 -0.305 -0.293 -0.202 -0.187
(0.025) (0.025) (0.028) (0.027)
minl0 -0.118 -0.127 -0.057 -0.054
(0.018) (0.018) (0.019) (0.019)
N 2315 2315 2315 2315
# Estimates 331 331 331 331

Note: Estimates of ;5 coefficients from the estimate fixed effects specification in Equation 17 are reported with standard
errors clustered at the estimate level in parentheses. Data is restricted to the subsample of estimates for which Poisson
specifications are estimable. Reproduction specifications are the base category.

Table A5. Non-Robustness to Specification Choice for Estimates where Poisson Regression is Estimable
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Table A6. Decomposition of Specification Effects on Conclusion Agreement
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