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Abstract

This paper compares Claude Code (Opus 4.5) and human economists on the same
causal inference tasks following the same instructions. Human benchmark results and
instructions come from Huntington-Klein, Pértner, McCarthy, and the Many Economists
Collaborative on Researcher Variation (2025). The main findings are that (1) the means
and medians of the causal effect estimates are fairly similar between Claude Code and
human researchers, and (2) the dispersion of estimates across Claude Code runs is sub-
stantial but dispersion among humans is 2-27 times larger. Thus Claude Code produces
estimates that resemble those of human researchers in the middle of the distribution,
while avoiding the tails. These results suggest that Al systems like Claude Code can
serve as scalable tools for producing novel empirical research, large-scale replication,
and robustness analysis of the existing literature. The reports and code written by

Claude Code can be browsed at claude-code-economist.com.

1 Introduction

Large language models (LLMs) deployed in agentic coding environments can now write
statistical code, execute it, interpret the output, debug errors, and iterate autonomously—

performing many of the steps that a human economist would. But empirical economics
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requires more than coding: it requires reasoning about identification, choosing a research
design, constructing appropriate samples, and writing up results. This raises a natural
question: can Al agents perform the full pipeline of empirical research traditionally done by
human economists? If so, Al-conducted analysis could dramatically increase the scalability
and reduce the cost of empirical research.

This paper provides a direct answer by comparing Al and human researchers on the same
causal inference task under identical instructions. I run 100 independent instances of Claude
Code (Opus 4.5) on each of three progressively constrained tasks from Huntington-Klein
et al. (2025), in which 146 human research teams estimated the effect of DACA eligibility
on full-time employment using American Community Survey data. Each instance operates
autonomously—with no memory of other instances’ work—and produces a complete research
report with code, tables, and written interpretation. Task 1 provides only raw data and a
research question, Task 2 specifies the research design, and Task 3 additionally provides a
pre-cleaned dataset. This progressive-constraint structure allows me to compare how Al and
human analysts respond to the same reduction in analytical freedom.

The first main finding is that Claude Code’s central estimates are close to those of
human researchers. In Task 1, Claude Code’s median estimate is 2.7 percentage points—
nearly identical to the human weighted median of 2.6 pp and close to the human unweighted
median of 3.0 pp. Following Huntington-Klein et al. (2025), “weighted” statistics use inverse-
standard-error weights (truncated at the 95th percentile) to reduce the influence of noisy
estimates; “unweighted” statistics weight all teams equally. The means differ more: Claude
Code’s mean of 2.9 pp falls below the human weighted mean (4.4 pp) and unweighted mean
(5.3 pp), but this gap is driven by a handful of large human estimates in the right tail that
inflate the human mean well above the human median.

In Tasks 2 and 3, the means are closer: Claude Code’s means (4.5, 6.1 pp) are within
0.1 pp of the human weighted means (4.6, 6.2 pp) and close to the human unweighted
mean in Task 2 (4.4 pp), though the human unweighted mean in Task 3 is notably lower
(4.5 pp). The medians differ somewhat—Claude Code’s medians (4.6, 6.1 pp) exceed the
human weighted medians (3.4, 5.1 pp) and unweighted medians (3.2, 5.0 pp)—but across all
tasks and weighting schemes the median estimates differ by at most 1.4 percentage points.!

Expressed as ratios of human to Claude Code central tendencies, the median ratios range

!Prescribing the research design (Task 1 to Task 2) shifted Claude Code’s median upward by 70% (from 2.7
to 4.6 pp), whereas the human weighted median rose 31% (from 2.6 to 3.4 pp) and the human unweighted
median rose only 7% (from 3.0 to 3.2 pp). Huntington-Klein et al. (2025) attribute the limited human
response to imperfect adherence to the prescribed design: the Task 2 distribution of human estimates is
bimodal, with one mode near the Task 1 estimates and another near the Task 3 estimates. Only about 20—
25% of human researchers implemented the prescribed treated-group definition exactly, and their estimates
cluster near 5 pp—close to the Task 3 median.



from 0.70 to 1.11 across tasks and weighting schemes; the mean ratios range from 0.74 to
1.83.

Second, the dispersion of estimates across Claude Code runs is economically meaningful
but substantially smaller than across human teams. In Task 1, the 10th and 90th percentile
Claude Code estimates span 0.9 to 5.3 pp—a 4.4 pp range from a near-zero to a substantial
employment effect. For Tasks 1 and 2, the standard deviation of point estimates across
Claude Code runs exceeds the average standard error, indicating that specification choices—
not sampling variability—are the dominant source of dispersion. Yet human estimates are
far more dispersed: the ratio of human to Claude Code standard deviations ranges from 4.6
to 12.9 across tasks, with IQR ratios of 2.1 to 8.6. The range (maximum minus minimum)
of human estimates is 6 to 27 times wider than Claude Code’s. Thus Claude Code produces
estimates that resemble those of human researchers in the middle of the distribution, while
avoiding the tails.

Third, additional constraints affect the dispersion of Claude Code and human estimates
differently. Prescribing a shared research design (moving from Task 1 to Task 2) reduces
the standard deviation across Claude Code runs from 2.0 to 1.3 pp, the IQR from 1.5
to 0.5 pp, and the range from 11.3 to 5.4 pp. Among humans, the IQR and range both
increase for weighted and unweighted estimates; the unweighted standard deviation also
increases slightly, though the weighted standard deviation drops.? Providing a pre-cleaned
dataset (moving from Task 2 to Task 3) further reduces Claude Code’s standard deviation
from 1.3 to 0.8 pp, but the IQR widens from 0.5 to 0.8 pp as the core of the distribution
spreads slightly, and the range remains essentially unchanged at 5.5 pp. The limited effect
of providing a pre-cleaned dataset reflects the fact that most Claude Code runs already
select a similar sample once the research design is prescribed. For humans, the pattern from
Task 2 to Task 3 is roughly the reverse: the IQR decreases substantially for both weighted
and unweighted estimates, but the standard deviation and range increase for both. Overall,
Claude Code’s standard deviation falls monotonically from 2.0 pp in Task 1 to 1.3 pp in
Task 2 to 0.8 pp in Task 3, while the human unweighted standard deviation remains roughly
constant at 9.5-10.1 pp and the human weighted standard deviation first drops from 9.2 pp
to 6.9 pp before rising back to 10.3 pp.

Fourth, a systematic audit of all 300 analysis scripts—comprising two independent ver-
ification rounds and a code quality review, each conducted by Claude Code agents (Sec-
tion 4)—identified coding errors that affect the preferred point estimate in 10 of 300 repli-

cations (3.3%): 8 cases of integer overflow in a quadratic age control and 2 cases of inert

2 As discussed above, Huntington-Klein et al. (2025) attribute the limited convergence among humans to
imperfect adherence to the prescribed design.



education dummies due to a type mismatch.? These figures are a lower bound, as additional
undetected errors likely exist. At the same time, this rate must be weighed against the fact
that human researchers also make mistakes—an observation well documented in the repli-
cation literature—and a rate below 4% falls within a range that many practitioners would
consider acceptable for a first-pass analysis.

These results suggest that Al systems like Claude Code can serve as scalable tools for
producing novel empirical research, large-scale replication, and robustness analysis of the
existing literature. An important caveat, however, is that these systems can and do make
mistakes. As noted above, some Claude Code replications contain coding errors or discrepan-
cies between the code and the written report. Such errors are consequential and underscore
the need for human oversight of Al-generated research. At the same time, this concern
must be weighed against the well-documented fact that human researchers also make cod-
ing errors, misreport results, and produce analyses that do not fully match their written
descriptions—mistakes that are often harder to detect because human code is less consis-
tently documented. Moreover, the capabilities of frontier Al systems are improving rapidly,
and the types of errors observed here may diminish in future model generations.

This paper contributes to a growing literature comparing Al and human performance
on professional tasks. Recent studies have benchmarked LLMs against lawyers (Katz et al.,
2024), physicians (Goh et al., 2024; Kung et al., 2023), and economic forecasters (Halawi
et al., 2024; Faria-e Castro and Leibovici, 2024). A separate strand examines how Al aug-
ments human productivity in professional settings (Dell’Acqua et al., 2023; Noy and Zhang,
2023; Brynjolfsson et al., 2025). Our study belongs to the first category but differs in that
we compare Al and human performance on an open-ended empirical research task—one re-
quiring the full pipeline from data cleaning to estimation to interpretation—rather than on
a structured exam or narrowly defined task. Moreover, we focus not on whether Al matches
human accuracy on a task with a known correct answer, but on how the distribution of Al
outputs compares to the distribution of human outputs on a task where the “correct” answer
is itself contested.

The remainder of the paper is organized as follows. Section 2 reviews the Huntington-
Klein et al. (2025) study. Section 3 describes the experimental design. Section 4 verifies
the reproducibility of Claude Code’s output and conducts a systematic code quality review.
Section 5 presents the distribution of Claude Code estimates across the three tasks. Sec-
tion 6 compares these estimates to the human benchmark. Section 7 concludes. Appendix A

provides illustrative examples of Claude Code’s output, Appendix B contains additional

3Claude Code also sometimes states in the replication report that robust standard errors were used when
the code reveals that conventional standard errors were used.



figures, Appendix C surveys the many-analysts literature, Appendix D describes the data,
Appendix E reproduces the replication instructions, and Appendix F provides the automa-

tion script.

2 The Huntington-Klein et al. (2025) Study

A growing literature documents that empirical research findings depend not only on data
and theory but also on the analyst who conducts the work—a phenomenon variously de-
scribed as “researcher degrees of freedom” (Simmons et al., 2011), “non-standard errors”
(Menkveld et al., 2024), or the “garden of forking paths” (see Appendix C for a review).
Prior many-analysts studies have documented the existence and magnitude of this inter-
analyst variation, but most have been limited in their ability to decompose it into compo-
nent sources. Huntington-Klein et al. (2025) introduce the first large-scale many-analysts
study in economics, with a design specifically engineered to decompose researcher variation
into identifiable sources. They recruited 146 research teams that each completed the same
causal inference task three times, under progressively tighter constraints on their analytical

freedom.

The research question. All teams were asked to estimate the causal effect of eligibil-
ity for the Deferred Action for Childhood Arrivals (DACA) program on the probability of
working full-time, among the population affected by the policy. DACA, implemented in Au-
gust 2012, granted temporary legal work authorization and protection from deportation to
undocumented immigrants who arrived in the United States as children, provided they met
specific eligibility criteria: arrival before age 16, presence in the U.S. since June 15, 2007,
no legal status as of June 15, 2012, age below 31 as of that date, and (in later task rounds)
completion of at least high school or military service. The data source for all analyses was
the American Community Survey (ACS) from IPUMS, covering years 2006-2016, with the

sample focused on ethnically Hispanic-Mexican, Mexican-born individuals.

Three-task progressive-constraint design. The study’s central innovation is a sequen-

tial narrowing of researcher degrees of freedom across three tasks:

e Task 1 (Full Freedom). Teams received the raw ACS data and the research ques-
tion, with minimal constraints on how to conduct the analysis. Researchers were free
to choose their own sample restrictions, research design (e.g., difference-in-differences,
regression discontinuity, matching), variable definitions, estimation method, and stan-

dard error treatment. The only requirements were to use ACS data from IPUMS



(one-year files, harmonized variables), to restrict data to 20062016, and to estimate

the causal effect of DACA eligibility on full-time employment.

e Task 2 (Specified Design). The research design was substantially constrained.
Teams were instructed to define a “treated” group of ethnically Mexican, Mexican-born,
non-citizen individuals aged 26-30 as of June 15, 2012, and an “untreated” comparison
group of individuals who would have been eligible except that they were aged 31—
35 on that date. The task specified a difference-in-differences logic: compare how
outcomes for the treated group changed from before DACA (2006-2011) to after (2013—
2016) relative to the change for the untreated group. However, teams still made their
own decisions about data cleaning, variable construction, control variables, estimation
method, and standard error computation. An additional eligibility criterion—that
eligible individuals must have completed high school or be military veterans—was
added in this round.

e Task 3 (Pre-cleaned Data + Specified Design). The design constraints from
Task 2 were retained, and teams were additionally provided with a pre-cleaned dataset
of approximately 17,382 observations prepared by the study organizers. This dataset
included a constructed treated/untreated indicator, limited the sample to only the
treated and untreated groups, handled missing-data flags, merged state-level policy
variables, and provided standardized recodings of demographic variables. Researchers
were instructed not to further restrict the sample. The only remaining degrees of
freedom were the choice of estimation method, functional form of controls, and standard

error computation.

The rationale for this progressive design is that by sequentially removing categories of
researcher freedom, the study can attribute variation to specific choice types. The reduction
in dispersion from Task 1 to Task 2 captures the contribution of research design choices
(holding data cleaning constant). The reduction from Task 2 to Task 3 captures the contri-
bution of data cleaning and sample construction (holding the research design constant). Any

remaining variation in Task 3 reflects differences in estimation and inference choices alone.

Recruitment. The 146 research teams that completed all three tasks were recruited from
applied microeconomics through social media, professional organization emails, and outreach
to U.S. economics department chairs. Eligible participants included academic faculty, gradu-
ate students with a published or forthcoming paper, and non-academic researchers holding a
PhD who work in applied causal inference. The final sample was 87% PhD holders, 67% fac-

ulty, and approximately 40% working in labor or immigration economics. Participants were



offered $2,000 and co-authorship upon completion of all three tasks, and a regression discon-
tinuity analysis confirmed that guaranteed payment did not meaningfully affect completion

rates.*

Data. The underlying data are from the American Community Survey (ACS) 2006-2016,
accessed via IPUMS (Ruggles et al., 2024). Key variables include employment status (specif-
ically, usual hours worked per week), age, year of immigration, citizenship status, education,
Hispanic/Mexican ethnicity, and birthplace. In addition to the ACS data, the study organiz-
ers provided a state-by-year dataset containing labor market variables (unemployment rate,
labor force participation rate) and indicators for state-level immigration policies (driver’s li-
cense access, E-Verify laws, Secure Communities participation, etc.), sourced from the Urban
Institute (Urban Institute, 2022).

3 Experimental Design

We conduct parallel replications using Claude Code, an Al coding agent developed by An-
thropic that can read files, write and execute code, and interact with the file system. We run
100 independent instances of Claude Code on each of the three tasks from Huntington-Klein
et al. (2025), for a total of 300 replications.

Instructions. The replication instructions given to Claude Code were identical to those
given to the 146 human research teams in Huntington-Klein et al. (2025), as described
in Section 2. FEach of the three instruction documents was renamed to replication_
instructions.docx but otherwise left unchanged. The full instructions are reproduced

in the Appendix.

Data. The only departure from the human researchers’ experience is that Claude Code
did not download the raw data itself. Instead, the data was pre-downloaded following the
instructions and provided as a CSV file. This modification was necessary because Claude
Code cannot navigate interactive websites or authenticate with data repositories, and because
it ensures that all instances work with identical raw data.

For Tasks 1 and 2, each instance received a data folder containing three files: (1) data.csv,

a rectangular extract of approximately 33.9 million person-level observations from the ACS

4Following each task, two-thirds of researchers were randomly assigned to peer review pairs, with each
member reviewing the other’s work. Reviews were conducted as though for a journal submission, and
researchers had the option—but not the obligation—to revise their work in response. The majority chose
not to revise.



one-year files for 2006-2016, containing 54 harmonized IPUMS variables; (2) acs_data_
dict.txt, the IPUMS-generated data dictionary; and (3) state_demo_policy.csv, an op-
tional supplemental file with 16 state-by-year variables covering demographics and immi-
gration policy (driver’s license access, in-state tuition, E-Verify, Secure Communities, etc.),
provided by the Huntington-Klein et al. (2025) study organizers. The ACS extract includes
the core variables needed to identify DACA eligibility and measure full-time employment:
survey year (YEAR), birth year and quarter (BIRTHYR, BIRTHQTR), Hispanic/Mexican ethnicity
(HISPAN, HISPAND), birthplace (BPL, BPLD), citizenship status (CITIZEN), year of immigration
(YRIMMIG), usual hours worked (UHRSWORK), employment status (EMPSTAT), and person-level
survey weights (PERWT), along with demographic and socioeconomic variables (age, sex, mar-
ital status, education, income, health insurance, family composition, and geography).

For Task 3, each instance received the pre-cleaned dataset prepared by the Huntington-
Klein et al. (2025) study organizers (described in Section 2), along with the data dictionary.
The run prompt explicitly told Claude Code that the data was already present and did not

need to be downloaded.

Experimental Setup. FEach of the 300 replications (100 per task) was executed as an
independent instance of Claude Code in a separate working directory, with no shared memory
or context between runs. A PowerShell script (reproduced in the Appendix) automated the
process: for each of the 100 runs, the script created a new directory, copied in only the data
file(s) and the replication instructions, then launched Claude Code with a prompt instructing
it to read the instructions, perform the analysis, and produce a replication report. Up to four
replications ran in parallel, with random startup delays (0120 seconds) to avoid synchronized
computation loads. The scripts for Tasks 2 and 3 were substantively identical, differing only

in directory paths and data files.

Independence. Several features of the experimental design ensured independence across
Claude Code instances. First, each instance ran in an isolated directory with no access to
outputs from other runs. Second, the prompt explicitly framed each run as an “independent

”

replication” to be treated as a “clean-room run.” The stochastic nature of large language
model outputs, combined with this isolation, means that each instance made its own decisions

about data cleaning, variable construction, model specification, and estimation.

Outputs. Each Claude Code instance was instructed to produce two outputs: (1) a repli-
cation report of 20 pages in PDF format, documenting the analysis and results; and (2) a run

log recording key decisions and commands. Most instances also saved their analysis code,



though they were not explicitly instructed to do so: all 100 Task 2 replications saved their
code, as did 98 of 100 for Task 1 and 83 of 100 for Task 3. For the remaining 19 replications,
the code for the preferred specification was recovered from the run logs and replication re-
ports. Appendix A provides illustrative excerpts from these outputs. Replication reports,

log files, and code files are available at claude-code-economist.com.

Data extraction. From each replication’s outputs, we extract the preferred point esti-
mate, standard error, and sample size for comparison with the human replications. The
point estimates and sample sizes were extracted from the run logs with the help of Claude
Code agents. The standard error type (conventional, heteroskedasticity-robust, or clustered)
was extracted from the analysis code rather than the log files, because Claude Code some-
times mislabels its standard errors in written output—for example, describing conventional

standard errors as “robust” (see Section 4).

Model  Version. All replications used Claude Opus 4.5 (model ID:
claude-opus-4-5-20251101) via the Claude Code command-line interface.

4 Code Verification & Review

We audited all 300 replications in three passes, each conducted by Claude Code agents. First,
two independent verification rounds re-executed every saved analysis script and compared the
computed preferred coefficient, standard error, and sample size against the values reported
in the run log and replication report; a replication passes if its coefficient and standard error
each match within a tolerance of 0.001. The two rounds agreed on 297 of 300 replications
(99.0%). Second, a code quality review combined an automated scanner for 12 known bug
patterns with a manual review of each script’s data filtering, variable construction, and
estimation logic. For the 19 replications without a saved code file (2 in Task 1, 17 in Task 3),

we used the code previously recovered from run logs and replication reports (see Section 3).

Reproducibility. All 300 replications reproduce their reported results from the saved
code. One replication (Task 1, Rep 94) initially appeared to fail because its directory contains
three script versions from the session; the saved analysis.py is an early iteration, but the
later analysis_final.py —which was actually executed—reproduces the reported results.
Approximately 10 replications across Tasks 2 and 3 describe their standard errors as “robust”
in the replication report while the code produces conventional (homoskedastic) standard

errors; point estimates are unaffected.
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Integer overflow in the quadratic age control. FEight replications (6 in Task 1, 2 in
Task 2) specify int8 as the dtype for the AGE variable when loading the 6 GB raw data file.
Because int8 can only represent integers from —128 to 127, computing age_sq = AGE *x
2 produces silent integer overflow—for example, 302 = 900 wraps to —124. The resulting
quadratic age control contains arbitrary wrapped values instead of a smooth function of age,
so the regression cannot use it to absorb age-employment patterns and instead attributes
this variation to the treatment effect, inflating the DiD coefficient. The int8 specification
reflects a deliberate memory optimization: all eight scripts specify compact dtypes for 815
columns simultaneously, and every script contains comments referencing memory constraints.
The choice is technically correct for storing age values (all in the 0-95 range) but becomes
a latent bug when squaring exceeds int8’s range and NumPy silently wraps rather than
raising an error.

Table 1 quantifies the bias. The mean upward bias is 3.7 percentage points, representing
44-69% of the reported coefficient (range: 1.8-5.5 pp). The “No age® column shows that
dropping the quadratic term entirely produces estimates nearly identical to the overflow
values (mean absolute difference: 0.25 pp), confirming that the corrupted term contributes
no explanatory power. The corrected estimates (2.0-4.2 pp in Task 1, 2.5 pp for Rep 97)
fall within the normal range of the distribution. This finding parallels Huntington-Klein
et al. (2025), who report that among human research teams “the choice of functional form

)

had a greater impact than the selection of covariates,” with the quadratic age specification

producing substantially lower estimates than a linear-only age control.

Table 1: Effect of int8 Overflow on the Preferred DiD Coefficient

Rep Task Reported (pp) No age® (pp) Corrected (pp) Bias (pp)

07 1 8.7 8.8 4.2 4.5
10 1 6.5 6.6 2.4 4.1
24 1 5.2 5.2 2.0 3.2
45 1 7.0 7.1 2.7 4.3
76 1 7.3 7.4 3.0 4.3
97 1 8.0 8.0 2.5 9.5
40 2 4.2 4.9 2.3 1.9
90 2 3.6 4.3 1.8 1.8

Notes: All values in percentage points. “Reported” is the preferred DiD coefficient from the run log,
computed with AGE stored as int8. “No age?” drops the quadratic age term from the specification
while keeping all other controls. “Corrected” re-runs the same script with AGE dtype changed from
int8 to int32. “Bias’ is “Reported” minus “Corrected.”

10



Inert control variables. Two Task 3 replications (16 and 52) construct education dummy
variables by comparing the string-valued EDUC_RECODE column to integer values (e.g., EDUC_
RECODE == 2). Because of the type mismatch, all comparisons evaluate to False, producing
all-zero dummies that render the education controls inert. Re-running these scripts with
correctly constructed dummies reduces the preferred coefficient from 6.4 to 6.1 pp in both
cases—a difference of approximately 0.3 pp, or less than 5% of the reported estimate.

The error is understandable given the context. The data file is named prepared_data_
numeric_version.csv, which strongly suggests that categorical variables have been integer-
coded. The column name EDUC_RECODE reinforces this expectation: in IPUMS data, recoded
variables typically use numeric codes. In fact, one of the two affected replications includes
a comment documenting the assumed coding scheme (# EDUC_RECODE: 1=Less than HS,
2=HS, ...). However, EDUC_RECODE is stored as a string in both the “numeric” and “labelled”
versions of the data file—the “numeric” label refers to other columns such as STATEFIP, which
contains FIPS codes in one version and state names in the other. The bug goes undetected at
runtime because pandas silently evaluates cross-type comparisons as False without raising a
warning. The 98 replications that avoid this error either inspect the column values (e.g., via
.unique()) before constructing dummies or use formula-based interfaces (C(EDUC_RECODE),

pd.get_dummies) that automatically detect the column type.

Summary. We identified coding errors that affect the preferred point estimate in 10 of 300
replications (3.3%): 8 integer overflow cases (Table 1) and 2 inert-control cases. Restricting to
the 281 replications with original (non-reconstructed) code files, the rate is 10 of 281 (3.6%).
These error rates should be regarded as a lower bound: it is possible, and indeed likely, that
additional errors exist but were not detected. At the same time, the existence of coding
errors in Al-generated analyses must be weighed against the fact that human researchers
also make mistakes—an observation well documented in the replication literature—and a
rate below 4% falls within a range that many practitioners would consider acceptable for
a first-pass analysis. The estimates used in all comparisons in this paper (Sections 5-6)
are the reported estimates drawn from the run logs, not corrected estimates. This ensures
an apples-to-apples comparison with the human research teams, whose submitted estimates

were likewise taken at face value.

Mitigations and design considerations. The coding errors documented above could
likely be reduced through more explicit prompting or by deploying a separate audit agent to
find errors. We deliberately chose not to implement such safeguards: Claude Code received

the same instructions as the human research teams, and introducing automated auditing

11



tools would compromise the apples-to-apples comparison.

5 Description of Claude Code Estimates

This section presents the estimates from 100 independent Claude Code replications for each
of the three tasks. We examine the distribution of point estimates, sample sizes, and standard

errors, and characterize the convergence pattern across tasks.

Point Estimates. Table 2, Panel A presents the summary statistics of Claude Code’s
point estimates across the three tasks, Figure 1 presents histograms of the point estimate
distributions, and Figures 2—4 display forest plots of all 100 estimates per task with 95%
confidence intervals. Several patterns are immediately apparent. First, the central tendency
shifts upward as constraints increase: the median estimate rises from 2.7 pp in Task 1
to 4.6 pp in Task 2 to 6.1 pp in Task 3. Second, the dispersion declines: the standard
deviation falls from 2.0 to 1.3 to 0.8 pp across the three tasks, and the interquartile range
narrows from 1.5 to 0.5 pp in Task 2, widening slightly to 0.8 pp in Task 3. Even in the
most dispersed task (Task 1), the standard deviation of estimates is only 2.0 pp. Although
these standard deviations are small in absolute terms, they are economically meaningful:
the difference between the 10th and 90th percentile estimates in Task 1 is 4.4 percentage
points, spanning the range from a near-zero to a substantial employment effect. Moreover,
the variation across Claude Code instances is large relative to the typical standard error
of any single replication. In Task 1, the ratio of the standard deviation of point estimates
to the average standard error is 4.32, indicating that analyst-driven variation far exceeds
sampling uncertainty. This ratio falls to 1.21 in Task 2 and to 0.48 in Task 3. In other
words, analytical choices are the dominant source of variation when Claude Code operates
with full freedom, roughly comparable to sampling noise under a specified research design,

and subordinate to sampling noise when the dataset is pre-cleaned.

Sample Sizes. Table 2, Panel B reports the sample size statistics, and Figure 9 in the
Appendix displays the distribution of sample sizes across tasks. Both median sample sizes
and their dispersion decline sharply across tasks.

In Task 1, where analysts freely construct their samples, the median is approximately
551,000, but sample sizes range widely from 43,238 to 771,888 (SD = 173,884), reflecting
different decisions about age ranges, citizenship restrictions, and DACA eligibility pre-filters.
In Task 2, where the research design is specified, the median drops to 43,238 and the dis-

persion narrows considerably (SD = 20,471), with nearly all replications producing samples

12



between 42,558 and 53,490. In Task 3, where the dataset is pre-cleaned, the median falls
further to 17,382 and the dispersion effectively vanishes (SD = 1): 89 replications use the
full sample of 17,382 observations, and the remaining 11 report 17,379. This convergence
pattern mirrors that of the point estimates—as constraints increase, analyst discretion over
sample construction diminishes, and the resulting samples become nearly identical.

The declining sample sizes across tasks reflect the progressive application of filters to a
common underlying population. The modal Task 1 sample of 561,470 observations covers
non-citizen, Hispanic, foreign-born individuals aged 16-64 surveyed from 2005 to 2016. Mov-
ing to Task 2, the research design restricts this population to birth cohorts 1977-1986 (ages
26-35 as of June 2012) and to individuals who arrived before age 16—a DACA eligibility
criterion—reducing the sample to approximately 44,000. The Task 3 pre-cleaned dataset
applies four additional filters to this Task 2 sample: dropping survey years 2006-2007, re-
quiring a high school diploma or above, computing a fractional age using birth quarter (which
excludes boundary cases), and restricting to the non-institutionalized household population.
Together, these filters reduce the sample from 44,000 to 17,382.

Standard Errors. Table 2, Panels C and D report standard error statistics. Standard
errors increase mechanically from Task 1 to Task 3 as sample sizes decline. Task 1 standard
errors are small (median 0.42 pp) because of the large samples, while Task 3 standard errors
are roughly four times larger (median 1.67 pp) due to the fixed sample of approximately
17,400 observations.

Robust standard errors (predominantly HC1) are the modal choice across all three tasks,
used in 55-65% of replications. Clustered standard errors are the second most common
choice (23-35%), with clustering exclusively by state—a natural choice given that DACA
implementation varied across states. Only a single replication (Task 1, replication 94) clus-
ters by household. No replication uses two-way clustering. Conventional (homoskedastic)

standard errors are used in 7-12% of replications.
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Table 2: Summary Statistics of Claude Code Replications by Task (Percentage Points)

Task 1 Task 2 Task 3

Panel A: Point Estimates

N (replications) 100
Mean 2.9
Median 2.7
Std. Dev. 2.0
IQR 1.5
10th Percentile 0.9
25th Percentile 1.9
75th Percentile 3.4
90th Percentile 5.3
Min 2.1
Max 9.2
Range 11.3
Panel B: Sample Sizes

Mean 493,036
Median 550,898
Std. Dev. 173,884
Min 43,238
Max 771,888
Range 728,650
Panel C: Standard Errors
Mean 0.46
Median 0.42
Std. Dev. 0.13
Min 0.33
Max 1.19
Range 0.86
Panel D: Standard Error Type
Conventional 7
Robust (HC1/HC3) 57
Clustered by state 35

Clustered by household 1

100
4.5
4.6
1.3
0.5
2.0
4.3
4.9
6.0
1.4
6.8
5.4

47,537
43,238
20,471
42,558
164,874
122,316

1.08
1.07
0.21
0.40
1.60
1.20

12

65
23
0

100
6.1
6.1
0.8
0.8
5.2
2.6
6.4
7.5
2.0
7.5
3.5

17,382
17,382
1
17,379
17,382
3

1.72
1.67
0.27
1.40
2.47
1.07

10

35

35
0
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Figure 1: Distribution of Point Estimates by Task. Top: Task 1 (Full Freedom). Middle:
Task 2 (Specified Research Design). Bottom: Task 3 (Pre-Cleaned Data).
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Figure 2: Forest Plot of Point Estimates and 95% Confidence Intervals: Task 1 (Full Freedom)
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6 Comparison with Human Researchers

This section compares the Claude Code results to those of the 146 human research teams in
Huntington-Klein et al. (2025). We report both the weighted and unweighted human statis-
tics for point estimates, where the weighted statistics use inverse-standard-error weights,
reducing the influence of noisy estimates; weights are truncated at the 95th percentile to
prevent any single researcher from dominating the weighted sample (Huntington-Klein et al.,
2025).

Point Estimates. Figure 5 displays the distribution of point estimates for the human
weighted, human unweighted, and Claude Code samples using quantile range plots. Table 3
reports the corresponding summary statistics.

Table 3 reports the summary statistics of point estimates for all three groups. In Task 1,
Claude Code’s median (2.7 pp) nearly matches the human weighted median (2.6 pp) and
the human unweighted median (3.0 pp). In Tasks 2 and 3, the medians remain fairly closely
aligned: Claude Code produces medians of 4.6 and 6.1 pp, compared to 3.4 and 5.1 pp for the
human weighted estimates and 3.2 and 5.0 pp for the human unweighted estimates. Across
all tasks and weighting schemes, the median estimates differ by at most 1.4 percentage points,
and the weighted mean estimates are within 0.1 pp in Tasks 2 and 3, though the unweighted
mean gap reaches 1.6 pp in Task 3. The means tell a broadly similar story. In Task 1,
Claude Code’s mean (2.9 pp) falls somewhat below both human means (4.4 pp weighted,
5.3 pp unweighted)—a difference driven by the right tail of the human distribution, which
pulls the human means well above their medians. In Tasks 2 and 3, the means are closer:
Claude Code produces means of 4.5 and 6.1 pp, compared to 4.6 and 6.2 pp for the human
weighted, and 4.4 and 4.5 pp for human unweighted.

Table 4, Panel A reports the ratios of human to Claude Code central tendencies; a ratio
of 1 indicates identical estimates. The median ratios are close to 1 across all tasks and
weighting schemes, ranging from 0.70 to 1.11. In Task 1, the median ratios are closest to
unity (0.96 weighted, 1.11 unweighted), indicating that Claude Code and humans arrive at
nearly the same median estimate when given full analytical freedom. In Tasks 2 and 3, the
ratios fall to 0.70-0.84, reflecting the fact that Claude Code’s median is somewhat larger
than the human median under the constrained designs. The median ratios also reveal an
asymmetry in how Claude Code and humans respond to the prescribed research design.
From Task 1 to Task 2, Claude Code’s median shifts upward by 70% (from 2.7 to 4.6 pp)
and its mean by 55% (from 2.9 to 4.5 pp). The human central estimates respond much less:

the human weighted median rises 31% (from 2.6 to 3.4 pp) and the unweighted median rises
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only 7% (from 3.0 to 3.2 pp); the human unweighted mean actually falls 17% (from 5.3 to
4.4 pp). Huntington-Klein et al. (2025) attribute the limited human response to imperfect
adherence: a substantial fraction of human researchers did not fully adopt the prescribed
design, leading to a bimodal Task 2 distribution with one mode near the Task 1 estimates
and another near the Task 3 estimates. In Task 1, where both groups had full freedom,
their medians nearly coincided; the gap in Tasks 2 and 3 thus reflects differential adherence
to the instructions rather than a systematic difference in how the two groups approach the
problem.

The mean ratios show a different pattern. In Task 1, human means substantially exceed
Claude Code’s (ratios of 1.52 weighted, 1.83 unweighted), driven by a handful of large human
estimates in the right tail that inflate the human mean. In Task 2, the mean ratios converge
to near-unity (1.02 weighted, 0.98 unweighted). In Task 3, the weighted mean ratio remains
close to 1 (1.02), but the unweighted ratio drops to 0.74, reflecting a few human outliers with
large negative estimates that pull the unweighted human mean down to 4.5 pp relative to
Claude Code’s 6.1 pp. The divergence between weighted and unweighted human statistics
across tasks underscores the sensitivity of the human distribution to outliers—a sensitivity
largely absent from the Claude Code distribution, whose mean and median are always within
0.2 pp of each other.

While central tendencies agree, the dispersion of point estimates across Claude Code runs
is substantially smaller than the variation observed across human teams. Table 4, Panel B
reports the ratios of human to Claude Code standard deviations and IQRs, which range
from 2.1 to 12.9. The standard deviation ratio increases as constraints increase, from Task 1
to Task 3. Claude Code’s standard deviation of point estimates declines monotonically
from 2.0 pp in Task 1 to 1.3 pp in Task 2 to 0.8 pp in Task 3, as progressively tighter
instructions eliminate degrees of freedom. The human unweighted standard deviation, by
contrast, remains roughly constant across tasks (9.5, 10.0, 10.1 pp).?

The range of estimates (maximum minus minimum) tells a similar story. Claude Code’s
range drops from 11.3 pp in Task 1 to 5.4 pp in Task 2 and remains essentially unchanged at
5.5 pp in Task 3. The human unweighted range, by contrast, widens from 70.9 pp in Task 1
to 124.0 pp in Task 2 to 146.0 pp in Task 3, driven by increasingly extreme outliers—the
Task 3 minimum is —81.0 pp and the maximum is 65.0 pp. The ratio of the human to Claude
Code range rises accordingly, from 6.3 in Task 1 to 17.4-23.0 in Task 2 to 26.5 in Task 3.5

®Huntington-Klein et al. (2025) attribute the lack of decline from Task 1 to Task 2 to bimodality: some
human researchers precisely implemented the newly specified treated-group definition while others did not,
with only about 20-25% matching it exactly across all criteria.

6Because the human sample (145 teams) is slightly larger than the Claude Code sample (100 runs),

one would expect a somewhat wider range for humans even if the underlying distributions were identical.
However, this mechanical effect is small relative to the observed range ratios of 6-27.
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Table 3: Point Estimates: Human Researchers vs. Claude Code (Percentage Points)

Task 1 Task 2 Task 3
Human Weighted (N=138-142)

Mean 4.4 4.6 6.2
Median 2.6 3.4 5.1
Pctl. 25 1.2 1.8 3.6
Pctl. 75 4.3 5.8 6.0
Min —4.9 -9.0 —81.0
Max 66.0 85.0 65.0
Std. Dev. 9.2 6.9 10.3
IQR 3.1 4.0 24
Range 70.9 94.0 146.0
Human Unweighted (N=145)
Mean 5.3 4.4 4.5
Median 3.0 3.2 5.0
Pctl. 25 1.4 1.5 3.1
Pctl. 75 5.1 5.8 5.8
Min —4.9 —-39.0 —81.0
Max 66.0 85.0 65.0
Std. Dev. 9.5 10.0 10.1
IQR 3.7 4.3 2.7
Range 70.9 124.0 146.0
Claude Code (N=100)

Mean 2.9 4.5 6.1
Median 2.7 4.6 6.1
Pctl. 25 1.9 4.3 5.6
Pctl. 75 3.4 4.9 6.4
Min —2.1 1.4 2.0
Max 9.2 6.8 7.5
Std. Dev. 2.0 1.3 0.8
IQR 1.5 0.5 0.8
Range 11.3 5.4 5.5
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Table 4: Ratios: Human Researchers vs. Claude Code

Task 1 Task 2 Task 3

Panel A: Mean and Median Ratios
Mean Estimate Ratio

Human Weighted / Claude Code 1.52 1.02 1.02
Human Unweighted / Claude Code 1.83 0.98 0.74
Median Estimate Ratio

Human Weighted / Claude Code 0.96 0.74 0.84
Human Unweighted / Claude Code 1.11 0.70 0.82
Panel B: Dispersion Ratios

SD Ratio

Human Weighted / Claude Code 4.6 5.3 12.9
Human Unweighted / Claude Code 4.8 7.7 12.6
IQR Ratio

Human Weighted / Claude Code 2.1 8.0 3.0
Human Unweighted / Claude Code 2.5 8.6 3.4
Range Ratio

Human Weighted / Claude Code 6.3 174 26.5
Human Unweighted / Claude Code 6.3 23.0 26.5
Panel C: SD / SE Ratios

SD / Mean SE

Human Weighted 4.84 2.23 1.75
Human Unweighted 5.00 3.23 1.71
Claude Code 4.35 1.20 0.47
SD / Median SE

Human Weighted 13.1 4.9 5.7
Human Unweighted 13.6 7.1 5.6
Claude Code 4.76 1.21 0.48

Notes: This table compares 100 independent Claude Code (Opus 4.5) runs to 146 human research
teams from Huntington-Klein et al. (2025) across three progressively constrained tasks. Task 1
gives full analytical freedom; Task 2 specifies the research design; Task 3 additionally provides a
pre-cleaned dataset. “Human Weighted” uses inverse-standard-error weights following meta-analytic
convention; “Human Unweighted” weights all teams equally. Panel A reports the ratio of human to
Claude Code mean and median point estimates; a ratio of 1 indicates identical central tendencies.
Panel B reports the ratio of human to Claude Code standard deviations (SD), interquartile ranges
(IQR), and ranges (maximum minus minimum) of point estimates; ratios above 1 indicate greater
dispersion among humans. Panel C reports, for each group, the ratio of the cross-analyst standard
deviation of point estimates to the typical reported standard error (SE); values above 1 indicate
that analyst-choice variation exceeds sampling variation.
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A similar pattern is also visible in the ratio of the standard deviation of point estimates to
the standard error, reported in Table 4, Panel C. The standard deviation of point estimates
captures variation created by analyst choices whereas the standard error captures sampling
variation. Using the mean SE as the denominator, the ratio for Claude Code falls sharply
from 4.35 in Task 1 to 1.20 in Task 2 to 0.47 in Task 3; using the median SE, the pattern
is similar (4.76, 1.21, 0.48). Thus by Task 3 variation of choices across runs plays a less
important role than sampling variation. For human researchers the corresponding ratios
decline as well but less sharply, and remain well above 1 even for Task 3. So for humans
variation across researchers still plays a more important role than sampling variation in
Task 3.

Sample Sizes. Figure 10 in the Appendix compares the distribution of sample sizes be-
tween human researchers and Claude Code. Table 5 reports the corresponding summary

statistics.

Table 5: Sample Sizes: Human Researchers vs. Claude Code

Task 1 Task 2  Task 3
Human Researchers (N=144—145)

Mean 828,318 157,006 16,904
Median 179,960 25414 17,382
Petl. 25 61,600 18,981 17,379
Petl. 75 356,787 48,125 17,382
Min 631 6,196 7,833
Max 29,536,580 12,609,847 17,832
Std. Dev. 3,056,037 1,065,593 1,756
IQR 295,187 29,144 3

Range 29,535,809 12,603,651 9,999

Claude Code (N=100)

Mean 493,036 47,537 17,382
Median 550,898 43,238 17,382
Pctl. 25 427,762 43,238 17,382
Pctl. 75 961,470 44,725 17,382

Min 43,238 42,558 17,379
Max 771,888 164,874 17,382
Std. Dev. 173,884 20,471 1
IQR 133,708 1,487 0
Range 728,650 122,316 3

As with point estimates, the dispersion of sample sizes across Claude Code runs is sub-

stantially smaller than across human teams (Table 5). Claude Code’s median sample size in
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Task 1 is substantially higher than the human median, suggesting that Claude Code more
consistently retained broad samples with wider age ranges. In Task 2, where the instruc-
tions specified a treated and comparison group, Claude Code converges sharply—nearly all
replications land on approximately 43,000 to 45,000 observations. In Task 3, both groups
converge to the pre-cleaned dataset of 17,382 observations.

The pattern of convergence across tasks again highlights Claude Code’s more consistent
adherence to the prescribed research design. The human sample size IQR falls from 295,187
in Task 1 to 29,144 in Task 2—a meaningful reduction, but one that still leaves substantial
disagreement. Claude Code’s TIQR falls from 133,708 to 1,487, indicating near-complete

convergence once the design was specified.

Standard Errors. Figure 11 in the Appendix compares the distribution of reported stan-

dard errors. Table 6 reports the corresponding summary statistics.

Table 6: Standard Errors: Human Researchers vs. Claude Code (Percentage Points)

Task 1 Task 2 Task 3
Human Researchers (N=139-144)

Mean 1.9 3.1 5.9

Median 0.7 1.4 1.8

Pctl. 25 0.5 1.0 1.5

Pctl. 75 1.3 2.0 2.6

Min 0.0 0.1 0.0

Max 46.0 74.4 274.7
Std. Dev. 5.5 7.8 26.8
IQR 0.8 1.0 1.1

Range 46.0 74.3 274.7
Claude Code (N=100)

Mean 0.46 1.08 1.72

Median 0.42 1.07 1.67
Pctl. 25 0.39 0.97 1.50

Pctl. 75 0.47 1.11 2.03
Min 0.33 0.40 1.40
Max 1.19 1.60 247
Std. Dev.  0.13 0.21 0.28
IQR 0.08 0.14 0.53
Range 0.86 1.20 1.07

The dispersion of reported standard errors is again substantially smaller across Claude
Code runs than across human teams (Table 6). The human distribution is heavily right-

skewed: a small number of human teams report very large standard errors, which pulls
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the human mean well above the human median in every task. Claude Code’s mean and
median standard errors, by contrast, are very close to each other, reflecting a more symmetric
distribution. Therefore, human median standard errors are much closer to Claude Code’s
than the means.

The main reason Claude Code’s standard errors tend to be smaller is sample size: Claude
Code’s median sample sizes are larger in Tasks 1 and 2 (Table 5), which mechanically pro-
duces smaller standard errors. In Task 3, where both groups use the same pre-cleaned
dataset of 17,382 observations, the median standard errors are nearly identical. A secondary
factor may be that Claude Code uses clustered standard errors less often (Table 7). Human
researchers clustered more aggressively: 55% of human team-task observations used some
form of clustering, including 13% with two-way clustering (e.g., by state and year). Claude
Code clustered in 23-36% of replications, almost exclusively one-way by state, and never

used two-way clustering. More aggressive clustering inflates standard errors.

Table 7: Standard Error Type: Human Researchers vs. Claude Code

Human Claude Claude Claude
(Pooled) Task 1 Task 2 Task 3

Cluster (State) 27% 35% 23% 35%
Cluster (State & Year) 13% — — —
Cluster (Other) 15% 1% — —
Het-Robust (Not Clustered) 17% 57% 65% 55%
Other/Bootstrap 5% — — —
None (Unadjusted) 22% % 12% 10%

7 Conclusion

This paper compares 100 independent Claude Code replications to 146 human research
teams on the same causal inference task under identical instructions. The central estimates
are broadly similar—median point estimates differ by at most 1.4 percentage points across
tasks—but Claude Code is far less dispersed, with standard deviations 5 to 13 times smaller
than across human teams. Claude Code also responds more completely to prescribed con-
straints: its dispersion falls monotonically from Task 1 to Task 3, while human dispersion
remains roughly constant.

These findings demonstrate that Al systems can execute the full pipeline of empirical
research—from data cleaning to estimation to written interpretation—at a level broadly

comparable to human economists in central tendency and far more consistent in dispersion.
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Claude Code does make coding errors: we identified bugs affecting the preferred point es-
timate in 3.3% of replications, though additional undetected errors likely exist. This rate
must be weighed against the fact that human researchers also make mistakes, and could be
reduced in practice through more explicit prompting or automated audit agents. The con-
sistency of Al-generated estimates makes them a promising tool for large-scale replication,
robustness analysis, and systematic exploration of how analytical choices affect empirical
conclusions.

Several limitations deserve note. The near-absence of extreme estimates, while reducing
dispersion, may also mean that AI systems are less likely to explore unconventional speci-
fications that could reveal important features of the data—whether this reflects disciplined
adherence to standard practice or a limitation in creative analytical reasoning remains an
open question. Our comparison is limited to a single study in causal inference; generalizabil-
ity to other empirical settings is unknown. Finally, the capabilities of frontier Al systems
are improving rapidly, and the findings reported here represent a snapshot of one model at

one point in time.
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A Illustrative Examples of Claude Code Output

Each Claude Code instance autonomously produces a complete research report—typically
15-25 pages—along with the underlying Python code and a run log documenting its reasoning
process. All 300 reports, code files, and run logs are available at claude-code-economist.com.
This appendix provides representative excerpts to give the reader an idea of what Claude

Code produces.

Report structure. Table 8 displays the table of contents from one Task 2 replication
(Replication 5). The report follows the standard structure of an applied economics pa-
per: introduction, background, data, empirical methodology, results, and discussion. It
includes an event study specification, heterogeneity analysis, robustness checks, and appen-
dices with variable definitions, sample construction details, and computational information.
This structure is broadly representative—while section titles and the level of detail vary

across replications, all 300 reports follow a recognizable empirical economics format.

Abstracts. Figures 6 and 7 reprint the abstracts from two replications to illustrate the
style and content of Claude Code’s written output. Both abstracts identify the research
question, describe the data and research design, report a point estimate with a confidence
interval or p-value, and note robustness checks. The Task 1 abstract (Replication 5) reports
an estimate of 3.1 percentage points and honestly flags that “pre-period parallel trends are
partially violated.” The Task 3 abstract (Replication 5) reports an estimate of 5.2-6.4
percentage points—closer to the consensus across Task 3 replications—and notes support

from placebo tests.

Abstract (Task 1, Replication 5). This study examines the causal effect of eligibility
for the Deferred Action for Childhood Arrivals (DACA) program on full-time employment
among Hispanic-Mexican, Mexican-born non-citizens in the United States. Using American
Community Survey data from 2006-2016 and a difference-in-differences research design, I
estimate that DACA eligibility increased the probability of full-time employment by ap-
proximately 3.1 percentage points (95% CI: 2.3-3.9 pp, p < 0.001). This effect represents
about a 7% increase relative to the pre-DACA baseline employment rate among eligible
individuals. The results are robust to alternative sample restrictions, eligibility definitions,
and model specifications. Event study analysis provides suggestive evidence that the em-
ployment gains materialized gradually following DACA implementation, though pre-period
parallel trends are partially violated.

Figure 6: Abstract from Task 1, Replication 5
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Table 8: Table of Contents: Task 2, Replication 5

1 Introduction
Background
2.1 The DACA Program
2.2 Theoretical Mechanisms
2.3 Related Literature
3 Data
3.1 Data Source
3.2 Sample Construction
3.3 Variable Definitions
3.4 Descriptive Statistics
4 Empirical Methodology
4.1 Difference-in-Differences Design
4.2 Extended Specifications
4.3 Event Study Specification
4.4 Standard Errors
4.5 Weighting
5 Results
5.1 Main Results
5.2 Event Study Results
5.3 Trends by Group
5.4 DiD Visualization
5.5 Heterogeneity Analysis
5.6 Robustness Checks
6 Discussion and Conclusion
Appendix A: Data Dictionary
Appendix B: Sample Selection Criteria
Appendix C: Additional Regression Output
Appendix D: Computational Details

Abstract (Task 3, Replication 5). This replication study investigates the causal effect
of eligibility for the Deferred Action for Childhood Arrivals (DACA) program on full-time
employment among ethnically Hispanic, Mexican-born individuals residing in the United
States. Using data from the American Community Survey (2008-2016, excluding 2012)
and a difference-in-differences research design, we compare individuals aged 26-30 (DACA-
eligible) to those aged 31-35 (DACA-ineligible due to age cutoff) at the time of the policy’s
implementation in June 2012. Our preferred specification estimates that DACA eligibility
increased full-time employment by approximately 5.2-6.4 percentage points (p < 0.001),
representing a meaningful effect on labor market outcomes. Robustness checks including
event studies, placebo tests, and alternative specifications support the validity of these
findings.

Figure 7: Abstract from Task 3, Replication 5
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Code. Figure 8 shows an excerpt from the Python analysis script of Task 2, Replication 5.
The code illustrates a typical progression: a basic difference-in-differences OLS specification,
followed by weighted least squares with survey weights, then the addition of covariates, year
fixed effects, state fixed effects, and finally state-clustered standard errors. All 300 repli-
cations use Python with statsmodels; the specific covariates, fixed effects, and clustering

choices vary across runs.

# Model 1: Basic DiD (mo controls, mno weights)
modell = smf.ols(’fulltime ~ treated + post + treated_post’,
data=df) .fit ()

# Model 2: DiD with survey wetights (WLS)
model2 = smf.wls(’fulltime ~ treated + post + treated_post’,
data=df, weights=df [’PERWT’]) .fit ()

# MNodel 3: DiD with covartiates and survey weights

model3 = smf.wls(’fulltime ~ treated + post + treated_post’
> + female + married + educ_hs + age_current’,
data=df, weights=df [’PERWT’]).fit ()

# MNodel with state-clustered standard errors
model_robust = smf.wls(’fulltime ~ treated + C(year_str)’
> + C(state_str) + treated_post + female + married’
> + educ_hs + age_current’,
data=df, weights=df [’PERWT’]).fit(
cov_type=’cluster’, cov_kwds={’groups’: df[?>STATEFIP’]})

Figure 8: Regression code excerpt from Task 2, Replication 5 (abridged)
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B Additional Figures

Task 1: Full Freedom
Distribution of Sample Sizes (N=100 replications)
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Figure 9: Distribution of Sample Sizes by Task. Top: Task 1 (Full Freedom). Middle: Task 2
(Specified Research Design). Bottom: Task 3 (Pre-Cleaned Data).
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Distribution of Reported Sample Sizes: Human Researchers vs. Claude Code
(Bar = IQR, Line = Median, Diamond = Mean, Whiskers = Min/Max)
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Figure 10: Distribution of Sample Sizes: Human Researchers vs. Claude Code. For each task, the plot displays the interquartile
range (thick bar), median (vertical line), mean (diamond), and full range (thin line).
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Distribution of Reported Standard Errors: Human Researchers vs. Claude Code
(Bar = IQR, Line = Median, Diamond = Mean, Whiskers = Min/Max, Arrows = clipped)
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C The Many-Analysts Literature

A growing body of evidence demonstrates that empirical research findings depend not only
on data and theory but also on the analyst who conducts the work. Even when given iden-
tical data and an identical research question, independent researchers routinely arrive at
different conclusions. This phenomenon—variously described as “researcher degrees of free-
dom” (Simmons et al., 2011), “non-standard errors” (Menkveld et al., 2024), or the “garden
of forking paths”™—arises because the research process requires a cascade of discretionary
decisions: how to clean and restrict data, which variables to construct, what model to spec-
ify, how to compute standard errors, and how to handle outliers and missing values. Each
decision opens a fork in the analytical path, and different researchers navigate these forks
differently.

The “many-analysts” paradigm—in which multiple independent teams analyze the same
dataset to answer the same question—provides a direct window into this variation. The
foundational study in this tradition is Silberzahn et al. (2018), in which 29 research teams
analyzed the same soccer dataset to determine whether dark-skinned players receive more
red cards. The results ranged from essentially zero to large positive effects, with 69% of
teams finding a statistically significant relationship. Subsequent many-analysts studies have
extended this approach across disciplines. In political science, Breznau et al. (2022) coor-
dinated 161 researchers organized into 73 teams to examine the relationship between immi-
gration and public support for social policy, finding wide dispersion in both methods and
conclusions despite identical data. In finance, Menkveld et al. (2024) had 164 teams test
the same hypotheses on the same data, documenting substantial “non-standard errors” at-
tributable to methodological choices—many of which are never reported in published work.
Many-analysts designs have also been applied in neuroimaging (Botvinik-Nezer et al., 2020),
religion (Hoogeveen et al., 2023), psychology (Bastiaansen et al., 2020; Schweinsberg et al.,
2021), ecology and evolutionary biology (Gould et al., 2023), and medical informatics (Os-
tropolets et al., 2023).

This inter-analyst variation matters because it implies that the uncertainty surround-
ing any single empirical estimate is substantially larger than the standard error reported in
that study. If the standard deviation of estimates across competent analysts exceeds the
typical standard error, then analytical choices introduce more variation than sampling noise
alone. Holzmeister et al. (2024) formalize this observation, showing that in empirical social
science, the variation introduced by researcher choices can outweigh the population varia-
tion captured by standard errors. These findings are distinct from—though related to—the

broader “replication crisis” in the social sciences (Open Science Collaboration, 2015; Camerer
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et al., 2016). Traditional replication failures involve new data or new populations; the many-
analysts problem concerns variation with the same data. Even when the data are fixed and
the research question is unambiguous, competent researchers diverge in their answers. As
Leamer (1983) warned decades ago, the flexibility inherent in empirical analysis means that
“hardly anyone takes data analysis seriously.” The many-analysts literature has made this

warning empirically precise.

D Data Description

The raw dataset (data.csv) is an extract from the American Community Survey (ACS)
20062016, obtained via TPUMS USA (Ruggles et al., 2024). Tt contains approximately
33.85 million person-level observations. Analysts in Tasks 1 and 2 received this file along
with the research question. Table 9 lists all 54 variables with brief descriptions. For full

documentation, including code values, see https://usa.ipums.org.

Table 9: Variables in Raw Data (data.csv)

Variable Description

Survey Design

YEAR Census year

SAMPLE IPUMS sample identifier

SERIAL Household serial number

CBSERIAL Original Census Bureau household serial number
HHWT Household weight

CLUSTER Household cluster for variance estimation
STRATA Household strata for variance estimation
PERNUM Person number in sample unit

PERWT Person weight

Geography

REGION Census region and division

STATEFIP State (FIPS code)

PUMA Public Use Microdata Area

METRO Metropolitan status

Household

GQ Group quarters status

Continued on next page
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Table 9 continued

Variable Description

FOODSTMP  Food stamp recipiency

FAMSIZE Number of own family members in household
NCHILD Number of own children in household
Demographics

RELATE Relationship to household head (general version)

RELATED Relationship to household head (detailed version)
SEX Sex

AGE Age

BIRTHQTR Quarter of birth

BIRTHYR Year of birth

MARST Marital status

Race € FEthnicity

RACE Race (general version)

RACED Race (detailed version)

HISPAN Hispanic origin (general version)
HISPAND Hispanic origin (detailed version)
Immagration

BPL Birthplace (general version)
BPLD Birthplace (detailed version)
CITIZEN Citizenship status

YRIMMIG Year of immigration

YRSUSAL1 Years in the United States
YRSUSA2 Years in the United States, intervalled

Health Insurance

HCOVANY Any health insurance coverage
HINSEMP Health insurance through employer/union
HINSCAID Health insurance through Medicaid
HINSCARE Health insurance through Medicare

Education

EDUC Educational attainment (general version)

Continued on next page
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Table 9 continued

Variable Description

EDUCD Educational attainment (detailed version)
Employment

EMPSTAT Employment status (general version)

EMPSTATD  Employment status (detailed version)
LABFORCE Labor force status

CLASSWKR  Class of worker (general version)
CLASSWKRD Class of worker (detailed version)
0CC Occupation

IND Industry

Hours € Weeks Worked

WKSWORK1  Weeks worked last year
WKSWORK2  Weeks worked last year, intervalled
UHRSWORK  Usual hours worked per week

Income
INCTOT Total personal income
FTOTINC Total family income

INCWAGE Wage and salary income
POVERTY Poverty status

In addition to data.csv, analysts in Tasks 1 and 2 received a supplementary state-
by-year file (state_demo_policy.csv) containing labor market conditions and state-level
immigration policy indicators sourced from the Urban Institute (Urban Institute, 2022).
The task instructions noted that use of this file was optional, and no Claude Code run used
it.

The prepared dataset (prepared_data_numeric_version.csv, 17,382 observations) was
provided to analysts in Task 3. It contains a pre-cleaned sample that includes most of the
raw ACS variables listed in Table 9, additional TPUMS person and household variables
(e.g., OWNERSHP, RENT, HHINCOME, LANGUAGE, SPEAKENG, SCHOOL, FER-
TYR, DIFFREM, DIFFPHYS, VETSTAT, among others), and the state-level variables from
state_demo_policy.csv. Table 10 lists the variables in the prepared dataset that are not
in the raw ACS data.
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Table 10: Additional Variables in Prepared Data (prepared_data_numeric_version.csv)

Variable

Description

Panel A: Constructed Variables

ELIGIBLE

AFTER

FT
AGE_IN_JUNE_2012

AGE_AT IMMIGRATION

HS DEGREE
EDUC_ RECODE
RACE_RECODE
statename
CensusRegion

DACA eligibility indicator

Post-DACA period indicator

Full-time employment indicator (dependent variable)
Age as of June 2012

Age at time of immigration

Has a high school degree

Education level (recoded)

Race/ethnicity (recoded)

State name

Census region (Northeast, Midwest, South, West)

Panel B: State-Level Variables (from state_demo_policy.csv)

DRIVERSLICENSES
INSTATETUITION
STATEFINANCIALAID
HIGHEREDBAN
EVERIFY
LIMITEVERIFY
OMNIBUS

TASK287G

JAIL287G
SECURECOMMUNITIES

LFPR
UNEMP

State allows undocumented immigrants to obtain driver’s
licenses (0/1)

Undocumented immigrants eligible for in-state tuition
(0/1)

Undocumented immigrants eligible for state financial aid
(0/1)

Undocumented immigrants banned from public colleges
(0/1)

State E-Verify mandate (0 = none, 1 = some hires, 2 =
all hires)

State blocks local E-Verify mandates (0/1)

State omnibus immigration enforcement legislation (0/1)
287(g) task force agreement in high-immigration counties
(0/1/2)

287(g) jail enforcement agreement in high-immigration
counties (0/1/2)

Secure Communities program active in state (0/1)

State labor force participation rate (%)

State unemployment rate (%)
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E Replication Instructions

The instructions below are reproduced from Huntington-Klein et al. (2025). All three task
documents were given to both human researchers and Claude Code instances. For the Claude
Code experiment, each document was renamed to replication_instructions.docx but
otherwise left unchanged. The full Task 1 instructions are presented first; for Tasks 2 and 3,

only the sections that differ from Task 1 are shown.

Task 1 Instructions (Full Freedom)
Research Question

Among ethnically Hispanic-Mexican Mexican-born people living in the United States, what
was the causal impact of eligibility for the Deferred Action for Childhood Arrivals (DACA)
program (treatment) on the probability that the eligible person is employed full-time (out-
come), defined as usually working 35 hours per week or more?

DACA was implemented in 2012. Examine the effects on full-time employment in the
years 2013-2016.

Background

DACA is a program enacted in the United States on June 15, 2012. The program, enacted
by the US federal government, allowed a selected set of undocumented immigrants, who had
arrived unlawfully in the US, to apply for and obtain authorization to work legally for two
years without fear of deportation. Because the program offers legal work authorization, and
also allows recipients to apply for drivers’ licenses or other identification in some states, we
might expect that the program would increase employment rates among those eligible.

People were eligible for the program if they:

e Arrived unlawfully in the US before their 16th birthday
e Had not yet had their 31st birthday as of June 15, 2012
e Lived continuously in the US since June 15, 2007

e Were present in the US on June 15, 2012 and did not have lawful status (citizenship

or legal residency) at that time

Additional background notes: Applications for the program started to be received on

August 15, 2012, and in the first four years nearly 900,000 initial applications were received,
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about 90% of which were approved. After the initial two years of work authorization and
deportation relief, people could reapply for an additional two years, which many did. While
the program was not specific to immigrants from any origin country, because of the structure
of undocumented immigration to the United States, the great majority of eligible people were

from Mexico.

Data

Data for analysis will come from the American Community Survey (ACS) as provided by
IPUMS USA, in addition to a provided supplemental file of state demographic and policy
information. Please do not retrieve any other data for analysis, or retrieve ACS data from
any source other than IPUMS. You are not required to use any of the supplemental state-level
information.

In the Select Samples page: Use “USA Samples.” Use only the one-year ACS files (these
just say “ACS” instead of “ACS 3yr” or “ACS 5yr” or the older census files that say “5% state”
and so on). Do not use any files newer than 2016. Do not use any files older than 2006.
This is to avoid data definition inconsistencies, and to ensure that the variables necessary
for identifying DACA eligibility are all present. You are not required to use all files back to
2006, but do not use any older than that.

On the “Select Variables” page, select Harmonized Variables. DACA eligibility and
whether someone was Hispanic and born in Mexico can be determined using: Census year
(included in data extract by default); Birth year and quarter (Person — Demographic);
Hispanic-Mexican ethnicity, birthplace, citizenship, and year of immigration (Person — Race,
Ethnicity, and Nativity).

We cannot distinguish in the data between documented and undocumented non-citizens.
Assume that anyone who is not a citizen and who has not received immigration papers is
undocumented for DACA purposes. Keep in mind that the ACS does not list the month
the data was collected, so observations in 2012 from before and after DACA implementation
cannot be distinguished. ACS is a repeated cross-section, not a year-to-year panel data set.

After you click “Create Data Extract” you can click “Select Cases” to limit your sample
before you download, so as to reduce the size of the file. If you do this, please keep a record
of the selections you make (both what variables you use to limit the sample, and what values
you kept) as you will be asked about it after you finish the research task, and it is not easy to
come back later and check what you chose. You will be asked later to describe your analytic
choices using original IPUMS variable names. This may be easier to do if you refrain from

renaming your variables in your code.
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Reminders

You may use any statistics package you like. Coding languages are preferred (like Stata, R,
Python, Matlab, etc.). Point-and-click statistics packages can be acceptable if they allow
your analysis to be automatically replicated from start to finish, with all decisions you’ve
made being fully visible (i.e. your results cannot just be a set of results tables, an Excel
sheet with all the analysis already pre-performed so the analysis choices can’t be seen, or a
set of written instructions for point-and-click software of the form “1. Load the data, 2. In
the Analysis menu select Regression. ..”).

If you would typically use graduate students for a given task (data cleaning, coding, etc.)
we encourage you to use them for that task in this project as well.

Unless necessary, we ask that you try not to ask for clarification on how the analysis
should be done, as the analysis should be independent. Similarly, do not try to guess
how other researchers will approach this task in order to match (or avoid matching) their
approach. The idea is that we want to see how you would estimate this effect, if you’d had
this question, this idea for identification, and had chosen this particular sample.

You may want to review the post-analysis survey form before starting. These are ques-
tions you will be asked after you are done, and it may be easier if you prepare to answer
them as you work.

There are already published studies that use various methods to look at the effect of
DACA or other immigration reforms on different outcomes, including employment. Some
of these studies use ACS data as well. You may, if you like, seek out existing literature for
background. However, do not assume that these published studies are “the right answer”
and attempt to directly copy them just because they are published. This research task is
not designed as a replication of any particular study, so there is no “right answer” study to
emulate. The idea is that we want to see how you would estimate this effect, if you’d had
this question, this idea for identification, and had chosen this particular sample. At most
this would be informed by prior research, but not directed by it, as you might be informed

by a literature review when writing a paper.

Turn in When Done

For each round of analysis, when you are finished: Make sure that your code and files contain
no mention of your own name or the names of any assistants. Move all your code and data
to the same folder, and double-check that your code runs properly from a clean session in
that folder. Make sure you've held on to the IPUMS .dat.gz file provided by the IPUMS

website.
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Have your participant ID handy. From your preferred estimate, have your effect size,
sample size, and standard error/confidence interval handy. Space will be available to sub-
mit nonstandard effect estimates as well. Please select a single “preferred estimate” rather
than several estimates produced under differing assumptions (robustness tests). What’s the
estimate you’d mention in the abstract or intro of this paper if you were publishing it? Use
that one.

Then, upload: A Word, PDF, or HTML document that contains both a short (1-2
paragraph) description and interpretation of your results, as you might find in the “Results”
section of a paper, as well as a demonstration of your results (for example, a table of regression
coefficients). Your IPUMS .dat.gz extract file. Any code files used. Code files should begin
from a clean slate by loading the IPUMS .dat.gz or .dat file. If there is more than one
code file that needs to be run, then there should be a clear indication (such as numbered
scripts) as to the order they should be run in.

Finally, you will be asked to fill in: Your participant ID. Your preferred estimate’s ef-
fect size, sample size, and standard error/confidence interval, among other questions. An
explanation of what decisions you made in your analysis, and why you made those decisions.

After everyone is finished, you will hear back with further details on peer review and

additional rounds of revision.

Task 2 Instructions (Specified Research Design): Differences from
Task 1

The Task 2 instructions are identical to Task 1 except that the following paragraph is inserted

into the Research Question section, immediately after the opening question:

Proceed on this question by assuming that eligible people who were ages 26-30 at
the time when the policy went into place comprise the treated group. Estimate
the effect of the policy by comparing these individuals to an untreated group
made up of people who were ages 31-35 at the time the policy went into place,
but otherwise would have been eligible if not for their age. Estimate the effect of
treatment by seeing how the 26-30 group changed from before treatment to after
relative to how the 31-35 group changed (keeping in mind this is not panel data,
so it’s not actually the same people before and after). You may also, but are not
required to, use data to account for differing trends, or use covariates to improve
comparability or account for other predictors of full-time employment. Attempt

to estimate the effect for all eligible individuals aged 26-30 at the time, and do
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not limit your estimate, for example, only to one subgroup, like only men or only
women. (Note that this further specification of the research question does not
imply that other approaches are or were incorrect or inferior. However, at this
stage we must all work from the same research design, and so a single design

must be chosen).

All other sections (Background, Data, Reminders, Turn in When Done) are unchanged.

Task 3 Instructions (Pre-Cleaned Data + Specified Design): Differ-

ences from Task 2

The Task 3 instructions retain the Research Question from Task 2 (including the specified
research design) and all other sections unchanged, except that the Data section is replaced

with the following:

Data for analysis will come from the American Community Survey (ACS) as
provided by IPUMS USA, in addition to a provided supplemental file of state
demographic and policy information. Use the provided data file to perform your
analysis. This file includes ACS data from 2008 through 2016, omitting all data
from 2012, since it cannot be determined whether someone in 2012 is observed
before or after treatment. This entire file constitutes the intended analytic sample
for your analysis; do not further limit the sample by dropping individuals on the

basis of their characteristics.

The provided data contains a new variable ELIGIBLE that is equal to 1 for all
observations considered eligible for DACA, and 0 for the comparison group (note
that observations from before DACA went into place can also be considered
ELIGIBLE, although they are not actually treated at the time). Use this variable
to identify individuals in the treated and comparison groups, and do not create
your own eligibility variable. Individuals who are neither treated nor in the

comparison group have been omitted from the data.

There is a variable FT that is equal to 1 for anyone in full-time work, and 0 for
anyone not in full-time work. Those not in the labor force are included, usually
as 0 values; keep these individuals in your analysis. There is also a variable
AFTER that is equal to 1 in the years 2013-2016, and 0 in the years 2008-2011,

to indicate years in which DACA was in effect.
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The data includes a long list of other variables from ACS and the state-level
policy file you previously had access to. Descriptions of each variable can be
found on the same IPUMS data selection portal you originally used. Please do
not attempt to add in any other information aside from what is in the data, or
return to the original ACS files. Also note that the inclusion of a long list of other
variables does not imply that you must use these other variables. However, they
are available in case anyone does want to use them. Some of these variables have
been simplified into variables marked _RECODE, for example EDUC_RECODE takes
the original EDUC variable from ACS and simplifies its categories into just “Less
than High School,” “High School Degree,” “Some College,” “Two-Year Degree,”
and “BA+.”

Be aware that binary variables that come directly from TPUMS tend to be coded
with 1 = No and 2 = Yes. This has been left in place to be consistent with
IPUMS documentation. Binary variables added afterwards, including FT, AFTER,
ELIGIBLE, and all of the state policy variables, are instead coded with 0 = No
and 1 = Yes. Refer to the data documentation for details on coding of each
variable. A data dictionary is provided. The code used to generate this file is
also provided, and written in the R coding language (with comments describing

the code for anyone not familiar with R).

Keep in mind: ACS is a repeated cross-section, not a year-to-year panel data set.
You will be asked later to describe your analytic choices using original TPUMS
variable names. This may be easier to do if you refrain from renaming your

variables in your code.
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F Automation Script

The following PowerShell script automated the 100 Claude Code replications for Task 1.
The scripts for Tasks 2 and 3 are substantively identical, differing only in directory paths,
data files, and the wording of the run prompt.

B oo _____

# User settings

B o e oo

$N = 100

$MaxParallel = 4 # <-- set to 2, 3, 4, ... to control how many run at
once

$SourceDir = "C:\Users\seraf\DACA Source" # contains data\ and

replication_instructions.pdf
$Root0utDir = "C:\Users\seraf\DACA Results Task 1"

New-Item -ItemType Directory -Force -Path $RootOutDir | QOut-Null

# Optional: clean up any old jobs from previous runs

Get-Job | Remove-Job -Force -ErrorAction SilentlyContinue
$jobs = @)
for ($i = 1; $i -1le $N; $i++) {

# Throttle parallel jobs

while (@(Get-Job -State Running).Count -ge $MaxParallel) {
Start-Sleep -Seconds 2

}
$runId = "{0:D2}" -f $i
$repDir = Join-Path $RootOutDir "replication_$runId"

New-Item -ItemType Directory -Force -Path $repDir | Out-Null

# Copy required inputs

Copy-Item (Join-Path $SourceDir "data") -Destination $repDir -
Recurse -Force

Copy-Item (Join-Path $SourceDir "replication_instructions.docx") -

Destination $repDir -Force

# Prompt file
$promptPath = Join-Path $repDir "RUN_PROMPT.txt"
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$prompt = Q"
You are doing an INDEPENDENT replication. Treat this as a clean-room

run.

1) Read and follow the replication instructions in
replication_instructions.docx. The data does not need to be
downloaded. It is in the data folder. The main file is data.csv with

a data dictionary in acs_data_dict. The file state_demo_policy is
optional.

2) Produce a "20-page replication report in LaTeX and turn it into a
pdf.

3) Log all commands and key decisions in run_log_$runId.md

REQUIRED OUTPUT FILENAMES (do NOT change these):
- replication_report_$runld.tex
- replication_report_$runld.pdf

- run_log_$runId.md

DELIVERABLES MUST EXIST IN THIS FOLDER WHEN FINISHED.

Now begin.
Il@

Set-Content -Path $promptPath -Value $prompt -Encoding UTFS8

# Start replication as a background job

$jobs += Start-Job -ArgumentList $repDir, $promptPath, $runld -
ScriptBlock {
param($repDir, $promptPath, $runId)

$now = Get-Date

Get-Process claude -ErrorAction SilentlyContinue |
Where-0bject {
$_.StartTime -1t $now.AddHours(-0.75) -and
$_.StartTime -gt $now.AddHours (-5)
T

Stop-Process -Force

$initialDelay = Get-Random -Minimum O -Maximum 120

Start-Sleep -Seconds $initialDelay
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$logPath

$expecte
pdf"

$dataDir

try {
Set -

= Join-Path $repDir "claude_console_$runId.log"

dPdf = Join-Path $repDir "replication_report_$runld.
= Join-Path $repDir "data"
Location $repDir

# Run Claude (STDIN prompt), capture stdout+stderr to log
file

Get -

Content $promptPath -Raw |

claude -p --model claude-opus-4-5-20251101 --
dangerously-skip-permissions --max-turns 200 2>&1

Out-File -FilePath $logPath -Encoding utf8

# Only delete data after the replication "completed" (PDF

exists)

if (

Test -Path $expectedPdf) {
Remove-Item $dataDir -Recurse -Force -ErrorAction

SilentlyContinue

{
# Keep data for debugging <f PDF wasn’t produced
"[$runId] PDF not found at end of run; kept data for
troubleshooting." |
Out -File -FilePath (Join-Path $repDir "
post_run_note_$runld.txt") -Encoding utf8

ep data 2f something fatls; log the exception

"[$runId] ERROR: $($_.Exception.Message)" |

}
else
}

}

catch {
# Ke

}

Out-File -FilePath (Join-Path $repDir "

post_run_error_$runld.txt") -Encoding utf8

# Wait for all jobs to fintish

$jobs

Wait -Job

| Out-Null

# Pull job outputs (if any) and clean up

$jobs

Receive -

Job | Out-Null
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$jobs | Remove-Job -Force | Out-Null

Write-Host "All replications finished. Check each replication_XX folder
for outputs/logs."

ol
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