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Abstract

Quantitative research relies heavily on coding, and coding errors are relatively com-
mon even in published research. In this paper, we examine whether individuals are
more or less likely to check their code depending on the results they obtain. We test
this hypothesis in a randomized experiment embedded in the recruitment process for
research positions at a large international economic organization. In a coding task de-
signed to assess candidates’ programming abilities, we randomize whether participants
obtain an expected or unexpected result if they commit a simple coding error. We
find that individuals are 20% more likely to detect coding errors when they lead to
unexpected results. This asymmetry in error detection depending on the results they
generate suggests that coding errors may lead to biased findings in scientific research.

JEL Codes: C81, C80, C93

1 Introduction

There is growing concern about the lack of reproducibility in scientific research, both
in economics and other fields (Ankel-Peters et al. (2023)), Brodeur et al. (2024e,c, |2025)),
Camerer et al. (2016, [2019), Campbell et al. (2024), |Chang and Li (2022), Christensen and
Miguel (2018), Dewald et al.| (1986)), Drazen et al.| (2021)), (Gertler et al. (2018), [Hamermesh
(2007)), Lang (2025)), McCullough et al. (2006),|Open Science Collaboration (2015)), |Pérignon
et al.| (2024), Vilhuber| (2019), Wood et al.| (2018])). Several factors contribute to this problem,
including the unavailability or poor documentation of data and code (Anderson et al. (2008]),
Chang and Li (2022)), Dewald et al.| (1986), |Gertler et al.| (2018), McCullough| (2007)), Vilhuber
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(2019)), p-hacking and publication bias (Adda et al| (2020)), Andrews and Kasy| (2019),
Ashenfelter et al,| (1999), Ashenfelter and Greenstone, (2004), Begg and Mazumdar| (1994),
Blanco-Perez and Brodeur| (2020)), Brodeur et al, (2016] 2020} [2022| 2023 [2024d/alb)),
et al| (2019), Camerer et al| (2016), Campbell et al| (2024)), Card and Krueger| (1995,
\Chopra et al| (2024), DellaVigna and Linos| (2022)), De Long and Lang] (1992)), Doucouliagos|
land Stanley| (2013), Dreber et al. (2024)), [Elliott et al.| (2022)), Franco et al. (2014)), Gerber|
land Malhotral (2008)), (Gerber et al. (2008, 2010), [Havranek| (2015)), Henry (2009), Ioannidis|
(2005)), Toannidis et al.| (2017)), Kepes et al.| (2022), Leamer and Leonard, (1983)), McCloskey|
(1985)), |(O’'Boyle Jr et al.| (2017), Olsen et al. (2019), Rosenthal (1979), |Stanley (2005} 2008)),
(2019)), excessive researcher degrees of freedom in data construction and analysis
(Huntington-Klein et al.| (2021}, 2025)), Landy et al.| (2020)), Menkveld et al.| (2024)), |Silberzahn|
et al| (2018), Simmons et al.| (2011))), and coding errors that can alter empirical conclusions
(Anderson et al.| (2008)), Brodeur et al. (2024e), McCullough et al. (2006]), McCullough!
(2007)). In some cases, coding errors have led to widely cited but incorrect findings—for
example, the paper by Reinhart and Rogoff (2010)) on debt and growth, which omitted data

due to a spreadsheet error, or replications of published articles that uncovered computational

mistakes affecting key results (Herndon et al|(2014))). Beyond these anecdotal examples, in

a mass replication study, Brodeur et al.| (2024¢)) find that one quarter of studies published

after 2022 in nine leading economics journals and three leading political science journals had

some coding errors, showing that coding errors are highly prevalent.

If coding errors are independent of the results they generate, they would not lead to
systematic bias, although they would still contribute to the excess dispersion of estimates
observed in empirical research. In this case, it would just be part of what some have called
“nonstandard errors” (Huntington-Klein et al.| (2021, [2025)), Menkveld et al.| (2024)), |Sil-|
berzahn et al| (2018)). This variation goes beyond what is typically captured by standard

model- or design-based measures of uncertainty and may arise from researcher practices and
flexibility in analytical choices, where the possibility of coding errors would be one of the rea-
sons why different groups of researchers may end up with different results. In contrast, if the
likelihood of detecting coding errors depends on the results those errors produce, then, in ad-
dition to increasing dispersion, even well-intentioned researchers may unknowingly introduce

systematic bias into their estimates due to coding errors.

In this paper, we test the hypothesis that the probability of detecting a coding error
depends on the outcome the error generates. We do so through a randomized experiment
embedded in the recruitment process for research positions at a large international economic
organization. As part of a coding task designed to assess candidates’ programming ability,

we randomize whether a simple coding mistake leads to an expected or unexpected result.
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The coding mistake is whether individuals take into account that the value 99 in the out-
come variable codes missing values. Failing to take into account the missing values leads to
wrong results that can be expected or unexpected, depending on the group candidates were
randomly allocated. This design allows us to estimate whether individuals are less likely to
detect and correct coding errors when the resulting outcome aligns with their expectations.
We find that individuals are 20% more likely to detect coding errors when they generate
unexpected results. This asymmetry in error detection suggests that coding mistakes may
lead not only to an increase in dispersion that is not captured by usual standard errors but

also to bias in empirical research.

Our findings contribute to several strands of the literature. First, we add to the grow-
ing body of work on the reproducibility crisis in economics by highlighting a novel behavioral
mechanism—selective error detection—that can undermine the reliability of empirical find-
ings even in the absence of intentional misconduct. Second, we speak to the literature
on nonstandard errors showing that undetected coding errors may be an underappreciated
source of excess variation in empirical estimates, showing it can affect not only dispersion
but also introduce bias on estimators. Finally, our results echo themes from the literature
on confirmation bias (Kunda (1990), Nickerson| (1998)), suggesting that researchers may be

more likely to overlook errors that produce results aligned with prior expectations.

2 Experimental Design

2.1 Setting and sample

The study takes place in a recruitment process for research assistants and for a research-
oriented fellowship program within the Development Economics (DEC) Vice Presidency of
the World Bank in two separate waves in 2024 and 2025. As part of the recruitment process,
candidates are asked to perform a simple data task to evaluate their coding abilities. The

experiment takes place within this data task.

The data task was the last component of the first screening performed by the recruiters.
Completion of the task was encouraged, but it was not a requirement[l] At the start of the
test, individuals could decide whether to share their data from the test for research purposes.
The decision had no impact on how the data task was used for the recruitment process.

Pooling the two waves, we have results for 1,065 task takers who agreed to share their data

'Some positions did not require coding, therefore the coding task was not mandatory.



for research purposesE]

2.2 Data task

The data task presented candidates with a scenario in which they had to analyze
data from a hypothetical RCT intervention that tailored educational content to students’
appropriate level—an intervention inspired by studies such as|Banerjee et al.| (2007)), Cabezas
et al| (2011), Duflo et al. (2011) and Banerjee et al. (2016). The main objective was to
manipulate whether a coding error would lead to an expected or unexpected result, allowing
us to evaluate whether participants are more likely to debug their code when they observe an
unexpected outcome. To do so, we create datasets in which missing values for the outcome
variable (test scores) were coded as 99—an information disclosed in the data dictionary.
We then experimentally varied whether including students with missing outcomes in the
regressions would produce expected or unexpected results. We describe the data task in
detail below, highlighting the features relevant to our research design. In Appendix [C|, we
reproduce the data task.

The data task began with a set of initial demographic questions, including gender,
education level, whether the candidate had taken an econometrics course, and the language
in which they intended to complete the task. These variables were used as individual-level

controls and to conduct heterogeneity analysis.

Next, candidates were presented with results from six randomized controlled trials
that evaluated the impact of programs tailoring educational content to students’ appropriate
level | The estimated effects ranged from 0.08 to 0.16 standard deviations—each positive
and statistically significant at the 5% level. These results served to anchor participants’

beliefs, reinforcing the expectation of positive effects from interventions of this type.

We then presented a hypothetical RCT of an intervention that, inspired by the litera-
ture, tailored educational content to students’ appropriate level. We explained that 5th-grade
teachers in treated schools received materials and training to implement the tailored pro-
gram, while instruction in control schools remained unchanged. At this stage, participants
were asked to report their best guess of the approximate effect of such an RCT on language
proficiency, measured 12 months after the start of the intervention. Using a slider, they

could select values between —0.30 and 0.30 standard deviations. Consistent with the anchor-

2In total, 1,230 task takers completed the data task. Among them, 165 (13.4%) opted to not share their
data.

3The results were drawn from the following papers: Banerjee et al.| (2007), Cabezas et al.| (2011), [Duflo
et al.| (2011)), and [Banerjee et al.| (2016). All candidates observe the results from all articles.



ing provided by existing evidence, more than 86% of task-takers reported priors between
0.08 and 0.16 standard deviations.

After collecting participants’ priors, each candidate received a dataset corresponding
to the hypothetical experiment. Each task taker was randomly assigned a version of the
dataset, which included three files: student-level data from 480 schools participating in the
RCT across two distinct states (one file per state), and a data dictionary. Candidates were
informed that they would answer four questions based on these datasets. Each question
appeared on a separate page, and once they proceeded to the next question, they could not
return to change previous answers. However, they were told in advance that they would have
the opportunity to review and revise their responses after completing all questions. While
only the final answers were used for the screening process, we rely on the initial responses
for the purposes of our experimentﬁ The questions required either a numerical answer (e.g.,
a point estimate with three decimal places) or a written response involving interpretation or

reasoning.

The first question (Q1) requires task takers to manipulate the data and answer ques-
tions related to counts, means, and conditional means based on the provided dataset. The
second question (Q2) asks participants to run an OLS regression to assess the balance of
the hypothetical RCT. Importantly, the variables used in these two questions do not contain
missing values, as the outcome variable (test scores), which contains the missing values coded
as 99, is not used. We refer to the scores obtained in these initial questions (Q1-Q2) as a
measure of initial coding ability, as they evaluate whether individuals can perform basic data
manipulations and run a standard OLS regression. As specified in our pre-analysis plan, our

main analyses are restricted to individuals who demonstrate basic coding proﬁciency.ﬂ

The third question (Q3) asks participants to estimate the effect of the hypothetical
intervention on language scores in one of the two states (e.g., State 1). Task takers are
instructed to run a specific OLS regression, using the standardized language score as the
outcome and regressing it on a constant and a treatment indicator. We record their sub-
mitted point estimate, standard error, and p-value for the treatment effect, as well as their
interpretation of the result. The fourth question (Q4) mirrors this task for the other state
(e.g., State 2). That is, if a participant answered Q3 using data from State 1, Q4 asks about
State 2, and vice versa. In these two questions, participants are exposed to a common coding

error: failing to account for the fact that missing test scores are recorded as 99. The data

4As we explain in detail in Section this design ensures the experiment is fair to participants both
ex-ante and ex-post.

®The main reason for this restriction is that we depend on individuals knowing how to run an OLS
regression in order to correctly identify whether they have spotted the coding error.



dictionary explicitly informed them that a value of 99 corresponds to missing outcomes.

The key experimental variation lies in the construction of the datasets provided to
candidates: they differ in the results participants would obtain if they do not account for the
coding of missing values. In the treatment group, failing to drop the 99s leads to a significant
negative estimated effect of the program in Q3 (an unexpected result given their priors),
followed by a significant positive effect in Q4 (an expected result). In contrast, the control
group encounters the reverse: a significant positive result in Q3 and a significant negative
result in Q4, if the 99 values are mistakenly included in the regressions. If the missing values
are appropriately taken into account, then the estimated effects are approximately zero in
both groups. Table [I| shows the average point estimate candidates would obtain in both

questions if they include the 99 values or not.

Table 1: Experimental Design

Treated Control

Panel A. Keeping missing values (99)

Question 3 —0.1602*** 0.1488***
Question 4 0.1488*** —0.1602***

Panel B. Removing missing values (99)

Question 3 -0.0042 0.0068
Question 4 0.0068 -0.0042

Notes: The table shows the average value of the ex-
pected coeflicient test takers would obtain in questions
3 and 4, depending on whether they were randomized
into the treatment or control group, and whether they
have removed the missing values (coded as 99).

On the final page of the data task, candidates are shown all their previous answers
and are given the opportunity to revise them before submission. For instance, a candidate
who notices the issue with the 99s only in Q4 could still revise their answer to Q3 before
submitting. Importantly, for the purposes of our experiment, we analyze the sequential
responses prior to these final adjustments. In contrast, the screening process considers only

the final submitted answers.

2.3 Identification

The main goal of the experiment is to identify the proportion of individuals who only

spot the coding error when this leads to an unexpected result. Our experiment design, with



variation on whether the unexpected result (in case the coding error is not spotted) appears

in Q3 or Q4 allows us to identify this proportion in two different ways.

We classify the individuals according to four latent types:

1. Always-spot (AS): those who always spot the error, irrespectively of the result;
2. Never-spot (NS): those who never spot the error, irrespectively of the result;
3. Complier I (CI): those who spot the coding error if it leads to unexpected results;

4. Complier II (CII): those who spot the coding error if they find conflicting results
between the two answers (that is, Q3 had a positive effect while Q4 had a negative

one, or vice-versa).

Figure [I] presents the observed outcomes for questions Q3 and Q4 for each of these latent
types, depending on whether they are in the treated or in the control groupﬂ Given that,
we have two ways of identifying the proportion of CI types.

Figure 1: Latent types and identification
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The first approach uses only data from Q3. In the control group, only the AS type
would spot the error at this stage, while in the treated both the AS and the CI types would
spot the error. Therefore, we can identify the proportion of CI types by comparing the

proportion of participants who answered correctly Q3 between the treated and the control

groups.

6This classification would not allow individuals to detect the problem in Q3, but not detect it in Q4.
Reassuringly, we find that only 2 out of 1065 subjects presented this pattern.



Another alternative is to consider participants who did not spot the error in 3, but
did spot the error in Q4. As presented in Figure[l], in the treated group, only type CII would
present this observed pattern, while in the control group this pattern would be observed
for both CI and CII types. Therefore, a comparison of the proportion of participants that
exhibit this observed pattern between the control and the treated groups would provide
another way of identifying the proportion of individuals who debug when they observe an
unexpected result[] While we did not pre-specify the use of this variation for identifying the
proportion of CI types, we observed afterwards that this provides a clean and more precise

identification of the parameter of interest.

2.4 Fairness and ethical concerns

In addition to helping with the identification, the use of questions Q3 and Q4 plays a
crucial role in guaranteeing that the experiment is not only ex-ante fair for all candidates—
which is accomplished given that all candidates had the same probability of being assigned
to the treatment or the control group), but also that the experiment is ez-post fair—that
is, we wanted to place candidates in analogous situations, irrespectively of the results of the
randomization. Suppose we had only one question. The main concern was that, if CI types
are prevalent in the pool of candidates, then those assigned to the treatment group would

have an advantage, as they would be more likely to answer this question correctly.

With questions Q3 and Q4, we still have the issue that CI types assigned to the
treatment group would realize the 99 issue in Q3—so they would be able to answer correctly
Q3 and Q4, whereas those assigned to the control group would only answer correctly Q4.
However, candidates are able to edit their answers before submitting them, this eliminates
this problem. More specifically, CI types assigned to the control group would only realize
that 99 values represent missing values when answering Q4. And then they would be able
to edit their answer to Q3 before submitting it for the screening process. The fact that
only final answers were used for the screening process, while we rely on initial responses for
the experiment, allows the experiment to be ex-post fair while still providing the relevant
information for identification of the proportion of participants who only spot the error when

it leads to an unexpected result.

We also piloted the experiment in four different recruitment processes with a different
partner and a similar design. Results did not show any statistical difference in final recruit-

ment scores between treated and control individuals. The pre-analysis plan presents the

"Here we assume that the order individuals obtain the wrong results, including the 99s, does not matter.
In Appendix [B| we expand the analysis for the cases where this might not hold.
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results for these pilots. In the experiment we also obtain the same result that there is no
statistically significant difference in the final score across the two groups. It is also worth
mentioning that the recruitment process already measured coding proficiency with random-
ized questions. The only manipulation for this RCT was on the structure of the dataset and

questions.

2.5 Descriptive Statistics

Our total sample comprises 1,065 task takers. Among them, 655 (61.5%) completed
the data task in the 2024 wave, and 410 (38.5%) in the 2025 wave. Every time a candidate
started the task, they would be randomized into the control or treatment group. A total
of 558 task takers (52.4%) were randomized into the control group, and 507 (47.6%) were
randomized into treatment. In order to correctly identify whether individuals saw the 99 as
coding missing values or not, we depend on individuals knowing how to run a regression.
Therefore, we define a subset of our sample, the qualified sample, which correctly estimated
an OLS regression in question 2, the question preceding the two questions we use in the
experiment. A total of 805 (75.6%) candidates are in the qualified sample. Our pre-analysis

plan specified at least 800 observations in the qualified sample.

Table [2| shows descriptive statistics of the sample. The first three columns show the
overall mean value, mean for the control group, and mean for the treated group for each
variable. The next two columns show the estimated difference and p-value for the regression-
adjusted balance test of equality of means. The last column shows the number of observations
with non-missing information. We can see that 38.6% of the sample are female, 92.8% have
a master’s degree or are enrolled in a master’s program, and 85.9% have already taken an
Econometrics course. In terms of computational language, 51.4% use Stata, 29.0% R, and
16.1% Python, and the remaining 3.5% use other software. In terms of beliefs about the
effects of the hypothetical RCT, the average value is 0.125 standard deviations, in the middle
of the interval of the presented papers. Figure shows the histogram for these priors. The
average score in the initial two coding questions was 4.12 out of 6 possible points. Consistent
with the randomization protocol, we do not find significant differences between treated and
control groups in terms of these covariates. The p-value of a joint test that means of all
these variables are the same between these two groups is 0.857. Table reproduces these
results for the qualified sample.ﬂ

8The p-value of a joint test that means of all covariates are the same between treated and control groups
is 0.282 for the qualified sample. We do find, however, statistically significant differences in the proportions
of individuals with master’s degree or higher and females. As pre-specified in the PAP, we include these (and
the other covariates) as controls in our main specifications. Reassuringly, all results remain similar upon the



Table 2: Descriptive statistics and balance

Overall Control Treated P-value

Variable Mean Mean Mean Diff Diff N Obs
Female 0.386 0.364 0.410 0.046 0.124 1050
(0.487) (0.481) (0.492) [0.030]

Master 0.928 0.917 0.941 0.024 0.132 1060
(0.258) (0.276) (0.236) [0.016]

Econometrics 0.859 0.851 0.868 0.017 0.429 1064
(0.348) (0.356) (0.339) [0.021]

Stata 0.514 0.529 0.497 -0.032 0.303 1065
(0.500) (0.500) (0.500) [0.031]

R 0.290 0.283 0.298 0.015 0.599 1065
(0.454) (0.451) (0.458) [0.028]

Python 0.161 0.149 0.174 0.025 0.272 1065
(0.367) (0.356) (0.379) [0.023]

Prior effect 0.125 0.126 0.124 -0.002 0.474 956
(0.049) (0.048) (0.050) [0.003]

Score Q1-Q2 4.123 4.034 4.222 0.188 0.144 1065

(2.101)  (2.174)  (2.016)  [0.128]

P-value joint test 0.860

Notes: The table shows the overall average, the average for the control group, the average for the
treated group, the difference between the treated and control groups, the regression-adjusted p-value
testing the equality of means for the treated and control groups, and the number of observations
with non-missing values for each variable. The number in parenthesis is the standard deviation
for each variable. The number in brackets shows the standard error of the regression-adjusted
difference. The last row shows the p-value for the joint test that means of all these variables are
the same between treated and control groups. Number of observations for each variable varies due
to non-response to the specific question. Non-response rates are balanced between treated and
control groups.

3 Empirical Strategy

Our empirical strategy explores directly the random assignment of the ordering of the
negative-positive results on questions 3 and 4. Let YiQ3 be the indicator for whether the
candidate i spotted the error in the first question to estimate the causal effects (question 3).

Candidate 7 is treated, T; = 1, if she receives the negative estimate in the first question. We

inclusion of covariates. Additionally, Tables [5| and show results conditioning on these variables.
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estimate our treatment effects in a specification that interacts the treatment indicator with

the demeaned control variables and wave indicators, as suggested by |Lin (20fmenk13]),

Y% =y + BT+ X + %W + 6LX + uLiWi + 3 XiW; + %6 TX Wi + & (1)

=a1+ 0T +7Z + &,

where X; are all demeaned covariates: gender, whether the candidate took an econometrics
course, whether the candidate has a master’s degree or above, and the initial score in the
screening questions. In addition to the above covariates, we include a control for (demeaned)
wave indicator (W;) and the interaction of all covariates and the wave indicator, to account
for the potential different sets of candidates in each wave. The second line uses the variable
Z for a short notation of all these variables. a; measures the proportion of individuals in the
control group who spot the error. 5y is our coefficient of interest, measuring the differential
probability of detecting the coding error for individuals observing the negative effect in the
first question. We will estimate Equation |1} using OLS with robust standard errors. This
is the equation and estimation method pre-specified in our pre-analysis plan. In the pre-
analysis plan, we also specified that we would conduct inference using a unilateral hypothesis

test. For completeness, we present p-values for both unilateral and bilateral tests.

As discussed in Section [2.3] it is also possible to identify the proportion of individuals
who only spot the coding error when this leads to an unexpected result by comparing the
proportion of individuals who only spot the error in question 4 in the control and treated
groups (importantly, in this case it is the proportion of controls minus the proportion of
treated). In practice, we can implement this identification strategy using the following

regression:

Y =+ B(1-Ti) +6Z + e, (2)
where we define Y;** as one if individual i spotted the error for the first time in Q4 (thus,
not in Q3). The coefficient as measures the proportion of individuals in the treated sample
who spot the error because they saw the flipped results, that is CII, while [y is still the
same coefficient of interest in measuring the proportion of individuals who spot the error
only because they see the negative result that is the CI type. We also estimate Equation
with OLS with robust standard errors.

As both /31 and BQ are different estimators of the same parameter of interest, we can
combine their estimations to achieve a more efficient estimator. We do it in two ways. The

first estimator combines both estimates, choosing the weights that minimize the variance.
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That is,

6combined = Wﬁl + (1 - w)/BQ- (3>
Where w is chosen to minimize the variance of @Combined. That is

o Var(B) = Cov(ph, B) |
Var(fy) + Var(8;) — 2Cov(5y, )

To take into account that w uses estimated variances and covariances, we use bootstrap

(4)

at the individual level to conduct inference for Bcombined. At every bootstrap iteration, we
compute 51 and BQ, their variance-covariance matrix, and then the combined estimator. The
resulting bootstrap p-values are very close to the analytical ones obtained ignoring how w

uses estimated variances and covariances.

Another approach to obtain a more efficient estimator is to jointly estimate Equations
and [2| imposing the same coefficient 5. We do it using a GMM estimator that stacks the
moments of the two equations together. As in the OLS estimator, the moments are that the
covariances of residuals and all variables are zero. Estimators BQ, Bcombined and BGMM were
not in our pre-analysis plan as we have not planned to use the data from Q4. After the
implementation, we saw how it provides as useful and clean variation as the first question,

with a very minimal additional assumption.

4 Results

4.1 Main Result

Table |3| presents the main results. In the first column, we present the estimates using
the first estimator (presented in Equation . In the first panel, we only add the wave fixed
effects. We can see that only 7.6% of the control group identifies the 99 in Q3 (the intercept
from Equation [If). For the treatment group, the proportion spotting the error is 1.00pp
higher, increasing it to 8.6%, although this estimate is not statistically significant. The next
two panels add, sequentially, all the control variables: all demographic controls (Panel B)
and test measures (computational language used, and initial proficiency scores) in Panel C.
The results are all very similar; the point estimate ranges between 0.95pp and 1.02pp, with

relatively large standard errors.

In the second column, we implement the OLS estimator using the data from question 4.

The intercept from this regression reveals that only 0.5% of individuals in the treated group
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Table 3: Main results

Estimator Bl BQ Bcombined BGMM
(1) (2) (3) (4)
Panel A - Controls for wave
Treat 0.0100 0.0143 0.0138 0.0138
(s.e.) (0.0194) (0.0076) (0.0072) (0.0072)
[p-value] [0.6090] [0.0603] [0.0498] [0.0554]
{p-value2} {0.3045} {0.0301} {0.0270} {0.0277}
N Obs 805 805 805 805

Panel B - Controls for wave and demographics

Treat 0.0095 0.0154 0.0146 0.0145
(s.e.) (0.0193)  (0.0079)  (0.0074)  (0.0075)
[p-value] [0.6237] [0.0507] [0.0408] [0.0530]
(pvalue2}  {0.3119)  {0.0254)  {0.0227}  {0.0265}
N Obs 805 805 805 805

Panel C - Controls for wave, demographics, and test variables

Treat 0.0102 0.0142 0.0137 0.0137
(s.e.) (0.0193) (0.0078) (0.0073) (0.0075)
[p-value] [0.5966] [0.0679] [0.0592] [0.0687]
{p-value2} {0.2983} {0.0340} {0.0317} {0.0343}
N Obs 805 805 805 805
Intercept 0.076 0.005 - -

Notes: The table presents the estimates for the four main estimators, each in one
column. The three panels differ according to the control variables included in the
estimation procedure: only wave indicators (panel A), adding demographics controls
(panel B), and adding test variables (panel C). The numbers in parentheses are the
robust standard errors. In brackets and curly brackets, the p-values for the bilateral and
unilateral tests. For the third column (combined estimators), p-values were obtained
using bootstrap with 30,000 replications. For columns 1 and 2 (OLS estimators), we also
display the intercept of the regression (control mean and treated mean, respectively).
The intercept in Column 1 provides an estimator for the proportion of candidates who
always spot the coding errors, regardless of the results they generate. The intercept in
Column 2 provides an estimator for the proportion of candidates that spot the errors
if they produce conflicting results.
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spot the error only in this question (that is, those who detect the error when they see the
flipped result). In the control group, the proportion that only spots the error in Q4 is higher,
yielding a Bg equal to 1.43pp. It is remarkable how close this estimate is to the estimate using
only the first question (1.00pp). Moreover, this estimator is considerably more precise than
the previous one. This happens because the proportion of treated individuals who only spot
in the second question is very close to zero. Even without additional controls, this estimate is
marginally significant with a p-value of 0.0603 for a bilateral test (and statistically significant
at 5% when we consider a unilateral test, with a p-value of 0.0301). When we add controls
in the next panels, the estimate is very stable, ranging from 1.42pp to 1.54pp, with p-values
for the bilateral test in the interval 5.0%-6.8%.

Results in the third column combine optimally the two estimators, given their variances
and covariances. The estimate without additional controls is 1.38pp. This is an 18.2%
increase over the baseline detection probability. Including all controls does not change the
result. The estimates are between 1.37 and 1.46 pp with p-values ranging between 4.1%
and 5.9%. The results using the GMM estimator, which also combines both sources of

identification, are very similar (column 4).

The results so far used the qualified sample, that is, the sample of individuals who
know how to run a regression. Table [4|shows our main estimates for two alternative samples.
Column 2 shows the results for the sample of all individuals. As expected, the proportion of
control individuals spotting the error in the first question is smaller (5.9% compared to 7.6%
in the qualified sample). The point estimate is also smaller (0.86pp versus 1.38pp). That
is also expected; we cannot identify whether these new individuals correctly spot the 99 or
not, because they likely do not know how to run OLS regressions, as they failed question
number 2. Indeed, we find that only 16.9% of the unqualified sample provided a correct OLS
point estimator (whether taking the 99 values into account or not), compared to 85.5% for
the qualified sample. In the third column, we drop from the qualified sample individuals
who report negative values for the prior effect, as pre-specified in the PAP. The results look
very similar, as only 3 individuals in the sample reported negative values. Lastly, in the
fourth column, we restrict the qualified sample to the individuals who had priors close to
the presented studies. Here, we consider those who reported priors in the interval 0.08-
0.16 standard deviations. The point estimate is slightly larger, 1.53pp versus 1.38pp in the
baseline estimation. We would expect this number to be larger as these individuals have
priors aligned with the literature, and were, therefore, expecting positive results with the

same magnitude that we present them.
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Table 4: Alternative Samples

Non-negative

Sample Qualified All Prior Correct Prior
(1) (2) (3) (4)
Effect 0.0138 0.0086 0.0138 0.0153
(s.e.) (0.0072) (0.0057) (0.0072) (0.0081)
[p-value] [0.0498] [0.1285] [0.0510] [0.0534]
{p-value2} {0.0270} {0.0636 } {0.0291} {0.0299}
N Obs 805 1.065 802 704
Spotted First 0.076 0.059 0.076 0.084
Spotted Second 0.005 0.006 0.005 0.006

Notes: Table presents the results for the combined estimator for four different samples. The first

column presents the results for the benchmark sample, defined in the main text as the qualified
sample — with all test takers who know how to run an OLS regression. The second column
uses the entire sample. The third sample drops individuals with negative priors and the fourth
column uses the sample of individuals who had prior beliefs between 0.08 and 0.16 standard
deviations. The numbers in parentheses are the robust standard errors. In brackets and curly
brackets, the p-values for the bilateral and unilateral tests were obtained using bootstrap with
30,000 replications.

4.2 Heterogeneity

In this section, we investigate whether we have evidence of heterogeneous effects along
some dimensions we observe in the data. For this exercise we use the entire sample for two
main reasons. First to have larger groups when we split the analysis in sub-samples. Second,
some exercises aim to compare individuals with lower or higher coding ability and skills,
and therefore it would be inconsistent to already select on those that scored some screening
questions correctly, as we do in the qualified sample. Nevertheless, Table show the same
results for the qualified sample. The first two columns of Table |5 show results separately for
men and women. We see very similar results, with women displaying slightly lower baseline

detection probability and slightly larger treatment effects.

The remaining columns investigate heterogeneity by correctly clustering standard errors
in the screening questions (columns 3 and 4), and above or below median score in Q1-Q2
(columns 5 and 6). Along these dimensions, the results are very similar. Groups we expect
to have better performance (who know how to cluster standard errors and with higher initial
scores) have higher probabilities of correctly taking the 99 missing values regardless of the

results the coding error would generate. However, these advantages do not make them less
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Table 5: Heterogeneities

Gender Clustered ses? Score in Q1-Q2
Men Women No Yes Belt?w Abgve
median median
(1) (2) (3) (4) (5) (6)
Effect 0.0074 0.0126 —0.0041 0.0134 0.0045 0.0130
(s.e.) (0.0063) (0.0109) (0.0073) (0.0071) (0.0074) (0.0082)
[p-value] [0.2191] [0.2545] [0.4469] [0.0545] [0.5269] [0.0936]
{p-value2} {0.1062} {0.1257} {0.8466} {0.0283} {0.2519} {0.0514}
N Obs 645 405 257 808 533 532
p-value
(across 0.680 0.087 0.442
subsamples)
Spotted-1st 0.066 0.050 0.007 0.076 0.028 0.091
Spotted-2nd 0.003 0.010 0.008 0.005 0.008 0.004

Notes: Table presents the results for the combined estimator for different samples. Each column represents
the estimates for a different sub-sample, displaying heterogeneity by gender (columns 1 and 2), by whether
they clustered the standard errors in the screening questions (3 and 4), and below/above the median score in
the first two questions (5 and 6). The numbers in parentheses are the robust standard errors. In brackets and
curly brackets, the p-values for the bilateral and unilateral tests were obtained using bootstrap with 30,000
replications.

vulnerable to the bias. On the contrary, the point estimates are larger for the more trained
subgroups although the differences are only significant at 10% for the comparison between
those who did or did not correctly clustered the standard errors). Table shows the
results for the sub-sample with master’s degree or above and for those who have taken an
econometrics course and we see similar resultsf’] In addition to these results, Appendix Table
shows results separately for each wave.

5 Discussion

Our main result shows that individuals are significantly more likely to detect coding

errors when those errors lead to unexpected results. This suggests that error detection is

9We do not show the results for the sub-samples without master’s and without an econometrics course
because they are very small. Only 38 individuals do not have a master’s degree or above and 75 have not
taken an econometrics course.
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not a neutral process: it depends on whether the output aligns with prior expectations.
In our setting, where the same coding error leads to either an expected or unexpected
result depending on random assignment, we find that the unexpected result prompts greater

debugging effort.

While our experimental design focuses on whether coding errors lead to expected or
unexpected results, a natural conjecture is that this mechanism may also extend to favorable
results—that is, results that researchers view as more likely to be published or that support
their hypotheses. If researchers are less inclined to scrutinize favorable outcomes, then coding
errors that generate such results may be less likely to be detected, potentially introducing

systematic bias into the published literature.

Our findings are particularly relevant for placebo tests, where researchers typically
expect to find no significant effects—and where expected results are often also seen as fa-
vorable. In such cases, if a coding error leads to a statistically insignificant placebo result,
researchers may interpret this as confirmation that the test “worked” and may forgo further
scrutiny. As a consequence, coding errors may lead to an excess of false-negative findings,
masking potential violations of identifying assumptions even when researchers are acting in
good faith.

More broadly, our results indicate that debugging is a costly activity, and thus the
amount of effort researchers invest in it may depend on both their expectations and their
incentives. Institutional practices—such as requiring code disclosure or pre-publication code
review—may therefore significantly influence researchers’ debugging efforts by altering their
incentives. By increasing anticipated scrutiny, such practices could encourage more thorough

error detection, potentially reducing biases arising from undetected mistakes.

6 Conclusion

In recent years, the Economics profession has seen increased concerns about the repro-
ducibility and replicability of research findings. Many journals set up policies requiring data
and code availability to increase research transparency. In this paper, we experimentally test
whether individuals are more likely to find coding errors when they lead to non-expected
results. We find that the probability of spotting a simple and frequent coding error increases
by 20% when the error leads to an unexpected result. This indicates that coding errors may
not only increase the dispersion of results observed in empirical research but may bias the
scientific inquiry. The results reinforce the necessity of policies that increase transparency

in empirical science.
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Online Appendices

A Additional figures and tables
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Figure A.1: Prior effect

Notes: The figure shows a histogram of the prior effect reported by the task takers. Each bar corresponds
to the proportion of individuals reporting a prior at a given value, with a bandwidth of 1%.
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Table A.1: Descriptive statistics and balance — Qualified sample

Overall

Control

Treated

p-value

Variable Mean Mean Mean Diff Diff N Obs
Female 0.387 0.359 0.418 0.059 0.089 798
(0.487) (0.480) (0.494) [0.035]

Master 0.953 0.933 0.974 0.041 0.005 04
(0.212) (0.250) (0.159) [0.015]

Econometrics 0.907 0.897 0.917 0.020 0.329 804
(0.291) (0.304) (0.276) [0.020]

Stata 0.542 0.547 0.536 -0.010 0.771 05
(0.499) (0.498) (0.499) [0.035]

R 0.306 0.308 0.303 -0.005 0.884 805
(0.461) (0.462) (0.460) [0.033]

Python 0.140 0.129 0.153 0.024 0.330 805
(0.348) (0.335) (0.360) [0.025]

Prior effect 0.130 0.131 0.128 -0.003 0.298 769
(0.034) (0.030) (0.038) [0.002]

Score Q1-Q2 5.127 5.112 5.143 0.031 0.674 805
(1.042) (1.036) (1.050) [0.074]

P-value joint test 0.282

Notes: The table shows the overall average, the average for the control group, the average for the
treated group, the difference between the treated and control groups, the regression-adjusted p-value
testing the equality of means for the treated and control groups, and the number of observations
with non-missing values for each variable. The number in parenthesis is the standard deviation
for each variable. The number in brackets shows the standard error of the regression-adjusted
difference. The last row shows the p-value for the joint test that means of all these variables
are the same between treated and control groups restricted to the qualified sample. Number of

observations for each variable varies due to non-response to the specific question.
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Table A.2: Non-response rates

Control  Treated P-value

Variable Moan Mean Diff Dif N Obs

Female 0.014 0.014 -0.001 0.942 1065
[0.007]

Master 0.007 0.002 -0.005 0.203 1065
[0.004]

Econometrics 0.002 0.000 -0.002 0.318 1065
[0.002]

Prior effect 0.108 0.097 -0.011 0.558 1065
[0.019]

Notes: The table shows the non-response rates for the control and treatment
groups, the differential rate between the treated and control groups, the regression-
adjusted p-value testing the equality of means for the treated and control groups,
and the number of observations for each variable. The number in brackets shows
the standard error of the regression-adjusted difference.

Table A.3: Results separately by wave

Sample All Wave 2024  Wave 2025
(1) (2)

Effect 0.0138 0.0167 0.0092

(s.e.) (0.0072) (0.0076) (0.0134)

[p-value] [0.0498] [0.0228] [0.4718]

{p-value2}  {0.0270} {0.0211} {0.2282}

N Obs 805 463 342

Notes: Table presents the results for the combined estimator for
two different samples. The first column presents the results for the
2024 wave sample and the second column for the 2025 wave. The
numbers in parentheses are the robust standard errors. In brackets
and curly brackets, the p-values for the bilateral and unilateral tests
were obtained using bootstrap with 30,000 replications.
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Table A.4: Heterogeneities - qualified sample

No Below Above
Men Women Clust Clustered median median
Hster FS12 FS12
(1) (2) (3) (4) (5) (6)
Effect 0.0098 0.0218 0.0000 0.0142 0.0125 0.0140
(s.e.) (0.0083) (0.0134) - (0.0075) (0.0090) (0.0108)
[p-value] [0.2183] [0.1035] - [0.0525] [0.1849] [0.1423]
{p-value2} {0.1068} {0.0541} - {0.0272} {0.0941} {0.0690}
N Obs 489 309 41 764 403 402
Spotted-1st 0.086 0.060 0.000 0.080 0.042 0.113
Spotted-2nd 0.004 0.006 0.000 0.006 0.005 0.005

Notes: Table presents the results for the combined estimator for different sub-samples of the qualified data.
Each column represents the estimates for a different sub-sample, displaying heterogeneity by gender (columns
1 and 2), whether they clustered the standard errors in the screening questions (3 and 4), and below/above
the median score in the first two questions (5 and 6). The numbers in parentheses are the robust standard
errors. In brackets and curly brackets, the p-values for the bilateral and unilateral tests were obtained using
bootstrap with 30,000 replications.

Table A.5: Additional Heterogeneities

Sample Benchmark Master Econometrics

(1) (2) (3)
Effect 0.0138 0.0151 0.0152
(s.e.) (0.0072) (0.0076) (0.0079)
[p-value] [0.0498] [0.0449] [0.0496]
{p-value2} {0.0270} {0.0251} {0.0278}
N Obs 805 766 729

Notes: Table presents the results for the combined estimator for three
different samples. The first column presents the results for the bench-
mark results (qualified sample). The second and third columns restrict
the sample for individuals with master’s degree or above and for those
that had already taken an econometrics course. We do not present the
results for those without a master’s degree or without an econometrics
course because these groups are very small. For the qualified sample
only 38 individuals do not have a master’s degree and 75 did not take
an econometrics course. The numbers in parentheses are the robust
standard errors. In brackets and curly brackets, the p-values for the
bilateral and unilateral tests were obtained using bootstrap with 30,000
replications.
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B Latent types expanded

In the main text we present our identification strategy, classifying individuals into four
latent types. In this appendix we expand this classification in order to relax the hypothesis
the Complier II type (CII) detects the error irrespectively of the order of results. For this
we sub-divide this type into three exhaustive cases. In this case, we consider that there are

six latent types:

1. Always-spot (AS): those who always spot the error, irrespectively of the result;
2. Never-spot (NS): those who never spot the error, irrespectively of the result;
3. Complier I (CI): those who spot the coding error if it leads to unexpected results;

4. Complier 1T (CII): those who spot the coding error if they find conflicting results

between the two answers

e CII-A: spot the error if they find conflicting results between the two answers

irrespectively of their signs

e CII-B: spot the error if they find conflicting results between the two answers, if
the first is the positive and the second is the negative one. But not the other way

around.

e CII-C: spot the error if they find conflicting results between the two answers, if
the first is the negative and the second is the positive one. But not the other way

around.

Figure shows all the latent types by their respective results in Q3 and Q4 if they
are in the treatment or control group. First, note that our first source of identification —
which compares the proportion of treated and controls who spotted the error in Q3 — is not

affected by the presence of the sub-categories of CII types.
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Figure A.2: Latent types and identification (expanded)

Control Treated
Q4 Q4
Spotted Not Spotted Spotted Not Spotted
= =
& &
s AS - B AS, CI -
o8 o8
n n
(a2 (a0
(@A (@
s s
2| CI CILA, CILB | NS, CII-C &| CILA, CILC NS, CIL-B
B B
Z Z

For the second identification approach — which contrasts those spotting only in Q4

between treatment and control, we would identify the following quantity As:

Ay = (CI + CII-A + CII-B) — (CII-A — CII-C)) 5
5
= CI + (CII-B — CII-C).

That is, we would identify the proportion of CI types, plus the difference between CII-B and
CII-C types in the population. Therefore, this approach recovers the proportion of CI if these
two types have the same proportion (or do not exist). If CII-B < CII-C, that is, it is more
likely to spot the error after seeing negative-positive, than positive-negative results, then we
would underestimate our target parameter. If CII-B > CII-C, we would overestimate the
proportion of CI types. Note however, that this difference is also manifested by individuals
with differential debugging probabilities based on the results they face, exactly what we
want to test with this RCT. Therefore, we do not see that as necessarily a bias, but as an
evidence that the debugging probabilities depend on the observed outcome when there is a
coding error. Additionally, it is worth mentioning that the proportion of the sum of CII-A
and CII-C types is identified by the proportion of individuals spotting only in Q4 in the

treatment group. Since this proportion is very small (0.5%), this implies that the proportion
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of CII-C is also very small.

C Data Task

Figures A.14] below reproduce the six parts of the data task as seen by the task

takers.

Demographics

How would you describe your gender?

«

What is the highest degree you obtained or that you are current enrolled in?

<

Have you taken or are you currently taking an Econometrics course?

O Yes
O No

Figure A.3: Part I - Demographics
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Initial information

The data task can be completed using any software/ programming language. Please,
make sure you dre using a computer where you can open the software of your choice and
analyzed small datasets.

On the next page, we will provide a description of the problem and the data files for
download.
Please, download the files to your computer.

Note that a summary of the problem and the link to the data will also be displayed on alll
subsequent pages.

Even though you cannot go back to a previous page, at the end, you will be able to review
and edit all your answers. Only the final answers will be graded.

For the test you will be required to open two small csv files (around 700kb each),
nmanipulate the data and perform simple econometric analysis. In which language do you
intend to execute there analysis?

O stata

ORr

@, Python

@ Other

Figure A.4: Part I - Computational Language
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Problem Description

Learning levels in primary school are a challenge in several developing countries. Students
with low proficiency in math and language create challenges for teachers and peers.

To address this pressing problem, several initiatives have tried to tailor content to student's
appropriate levels. This can take several formats, such as remedial education for selected
students, tutoring, adaptation of material, dividing students into groups with similar
proficiency, and many other activities.

Researchers evaluated these interventions in several developing countries using
randomized control protocols. The results of selected studies are presented below:

For the purpose of this test, you are not required, and there is no benefit of knowing
or reading any of these studies.

Figure A.5: Part II - Literature (I)
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Tailoring Instruction to Students' Level

Main effects from Selected Randomized Contred Trials in Several Countries

Banerjee, Banerji, Berry, Duflo, Kannan,
Mukherji, Shotland, and Walton (2016) 111

Banerjee, Banerji, Berry, Duflo, Kannan,
Mukherji, Shotland, and Walton (2016) 1T

Banerjee, Banerji, Berry, Duflo, Kannan,
Mukherji, Shotland , and Walton (2016) 1

Duflo, Dupas, and Kremer (2011)

Cabezas, Cuesta, and Gallego (2011)

Banerjee, Cole, Duflo, and Linden (2007) . 2

0300 0250 0200 0150 -0.100 0050 0000 005 0100 015 0200 0250 0300
Effect Size (in standard deviations)

The points denote the main effect (in standard deviations) for each smdy. The solid lines the 90% Confidence Intervals.

Figure A.6: Part II - Literature (II)
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This box will be displayed on all screens
You are required to analyze data from a fictitious randomized control trial (RCT) that,
inspired by the literature reviewed above, tailored instructions to students in 5th grade in a

developing country.

The experiment took place in two different states within the same country: State 1 and
State 2, which are very much dlike.

In each state, 480 schools were invited and accepted to participate in the program. Each
school was randomly allocated to treatment or control.

In treated schools, 5th-grade teachers received material and training to implement the
tailored program.

In control schools, instruction for 5th-grade students remained the same.

You will access data that includes student-level data on language scores administered
12 months after the program started.

Figure A.7: Part III - The example

Based only on the description of the program and the graph summarizing the literature. In
our opinion, what would be, approximately, the expected effect of such RCT on language
proficiency (measured in standard deviations) ?

-0.3 -0.25 -02 -0.15 =01 -0.05 0 0.05 01 015 0.2 025 0.3
Effect Size (in O
standard
deviations)

Figure A.8: Part III - Eliciting priors
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Data
You have access to the data (csv files) for state | (data state 1.csv) and for
state 2 (data state 2.csv), and the codebook (txt file). Download them here: Data

You should use 3 decimal digits, rounding the numbers either up or down. Please
use a dot as the decimal separator.

¢ The number 1.8765980 should be inputted as 1.876 or 1.877.
e The number 98.31% should be inputted as 0.983 or 0.984.

Input all answers here to be graded. Even though you cannot go back to a
previous page, at the end, you will be able to review and EDIT all your answers.
Only the final answers are scored.

Figure A.9: Part IV - The data

Question 1 - For this question, consider only the data for State 1, that is, the
file data state 1l.csv

Remember:

* The number 1.8765980 should be inputted as 1.876 or 1.877.
¢ The number 98.31% should be inputted as 0.983 or 0.984.

A) What is the
proportion of female
students?

B) Among male
students in treated
schools, what is the
average age?

C) Find the school with
the largest number of
students aged 12 years
old. What is the number
of 12 year-old students
in this school?

Figure A.10: Part IV - Question 1
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Question 2 - For this question, consider only the data for State 1, that is, the
file data_state _l.csv

Remember:

e The number 1.8765980 should be inputted as 1.876 or 1.877.
e The number 98.31% should be inputted as 0.983 or 0.984.

We are interested in assessing the balance of the experiment, that is, whether treated and
control studets have similar age. Estimate the balance according to these instructions:

* Run a regression of age (variable AGE) on a constant and the treatment indicator
(variable TREATED).
* You should cluster your standard errors dt the school level

Now, answer the following questions regarding the coefficient for the treatment
indicator (variable TREATED).

A) What is the
estimated
coefficient?

B) What is the standard
error?

C) What is the p-
value?

Figure A.11: Part IV - Question 2
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Question 3
We are interested in estimating the effect of the program on language proficiency,
comparing students in treated and control schools.

We will start with data from _ Estimate the effects according to these
instructions:

* Run a regression of language score (variable LANGUAGE SCORE_STD) on a constant
and the treatment indicator (variable TREATED).

e The outcome variable LANGUAGE SCORE_STD is already standardized, ranging from -6
to 6

¢ You should cluster your standard errors at the school level

Now, answer the following questions regarding the coefficient for the treatment
indicator (variable TREATED).

A) What is the
estimated
coefficient?

B) What is the standard
error?

C) What is the p-
value?

D) In no more than 1-2 sentences, how do you interpret your result?

Figure A.12: Part V - Question 3
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Question 4
We are interested in estimating the effect of the program on language proficiency,
comparing students in treated and control schools.

Now, we will compute the same results, but using data from _ Estimate
the effects according to these instructions:

* Run a regression of language score (variable LANGUAGE _SCORE_STD) on a constant
and the treatment indicator (variable TREATED).

e The outcome variable LANGUAGE SCORE_STD is already standardized, ranging from -6
to 6

* You should cluster your standard errors at the school level

Now, answer the following questions regarding the coefficient for the treatment
indicator (variable TREATED).

A) What is the
estimated
coefficient?

B) What is the standard
error?

C) What is the p-
value?

D) In no more than 1-2 sentences, how do you interpret your result?

Figure A.13: Part V - Question 4

Review your answers. You are free to edit them. Only these final numbers will be
considered.

Figure A.14: Part VI - Revising answers
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