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Abstract

We introduce an open-source workflow that enables an LLM to reproduce, improve, and extend an eco-
nomics article using the article’s published replication package. First, the workflow attempts to reproduce
the original calculations, checks for discrepancies with published findings, and performs automated sen-
sitivity analysis. Across 4,452 published replication packages for five economics journals, the workflow
flags discrepancies in 3,460 articles or their appendices. Second, the workflow improves the original cal-
culations by using a different implementation or algorithm. In 496 articles, the workflow is able to reduce
a calculation’s computation time, at similar or greater accuracy, by more than a factor of 10. Third, the
workflow extends the original analysis. In 923 articles, the workflow develops an extension that does not
appear in the original article and that is aligned with the original article’s goals and assumptions.

1 Introduction

Large language models (LLMs) have already had substantial impact on many scientific disciplines
let all [2023; Boiko et all [2023}; |Romera-Paredes et al., 2024; Trinh et all [2024)). As the technology has
become widely available only within the last several years, and its capabilities are improving, it seems likely
that only a small portion of its potential has been realized.

A modern LLM combines extensive expertise in software development and engineering with deep knowl-
edge of mathematics, computer science, and other scientific disciplines (Hendrycks et al., 2021} |[Rein et al.l
[2024; Jimenez et al.| 2024). Because few if any humans possess this mix of skills, an LLM may be able
to identify opportunities to improve scientific research that a human — even one with substantial domain
expertise — could miss.

Here we test this hypothesis with a retrospective study of a large corpus of published economics research.
Our study leverages a new LLM workflow that we have developed. Our application takes advantage of the fact
that, for many years, a number of economics journals have required published articles to be accompanied by
replication packages that permit replication of published findings (Dewald et al., 1986} |American Economic|
[Association| 2019). Several articles explore the potential of LLMs to automate reproduction of social science
research (Brodeur et al., |2025; Hu et al., 2025; [Kohler et al., 2026]).

We first study the reproducibility and sensitivity of the published results. Verifying reproducibility
serves as a check on our workflow’s understanding of the original code and methods. Reproducibility is also
important in its own right as a part of the scientific process (National Academies of Sciences, Engineering,|
land Medicine, 2019; (Christensen and Miguel, 2018). Many previous large-scale studies of reproducibility
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(McCullough et all 2008; |Chang and Li, 2022; [Pérignon et al.; |2024; [Fisar et al.; |2024; Brodeur et al.,
2026)), and of replicability (Open Science Collaboration, |2015; (Camerer et al.l 2016] [2018), consider dozens
or hundreds of articles; here we consider 4,452. Muravyev| (2026) uses an LLM pipeline to reconstruct the
main result of 1,328 articles published in three finance journals from the underlying databases (rather than
from replication packages), and to re-estimate 1,005 of these results on data from after the original sample
period.

Reproducing the original findings also allows us to probe their sensitivity. |Giordano et al.| (2026alb)
propose checking the sensitivity of published findings to removing small amounts of data, and demonstrate
their proposal on nine published articles. We apply the proposal to 1,908 articles and find that removing a
single unit changes a reported point estimate by more than 100 percent in 963.

We next study the improvability of the published methods. We consider two kinds of improvements.
Reimplementations take advantage of standard computational best practices such as vectorizing or compiling
calculations. Such improvements exist in 1,535 articles, and can improve speed by more than a factor of
10 in 252. Reimplementations exhibit an LLM’s potential to improve scientific computing by incorporating
best practices from software engineering.

Reformulations take advantage of known facts in mathematics and computation, for example by incorpo-
rating exact mathematical characterizations of previously approximated computations, or by introducing an
improved algorithm known to improve speed, accuracy, or both. Such improvements exist in 1,324 articles,
and can improve performance by more than a factor of 10 in 308, often achieving greater accuracy alongside
the improvement in performance. Reformulations exhibit an LLM’s potential to improve scientific methods
by incorporating best practices from a large corpus of scientific knowledge. Counting both reimplementations
and reformulations, a calculation’s speed improves by more than a factor of 10 in 496 articles.

We also study the scope for extending the published analyses. The workflow asks whether, by using its
knowledge, the LLM can suggest potentially useful extensions to the published results without deviating
from the original article’s assumptions. The workflow suggests such extensions in 923 articles.

While our workflow does not aim to evaluate articles, we report results on an LLM evaluation of a sample
of the articles in our corpus, with a focus on the stability of conclusions.

What follows is a report of our methods and findings to date. While reported values are current as
of this release, work is ongoing. As we learn from individual cases, we improve the workflow, and those
improvements propagate to the corpus. Computing is largely complete for values reported in articles; less
so for values reported in appendices. Watch MetaEconomics for updates, including public release of the
workflow.

2 Methods

2.1 Data

We downloaded, from journal websites and official repositories, all available replication packages for articles
published in the year 2000 or later in Econometrica, the Quarterly Journal of Economics, the American
Economic Review, the Journal of Political Economy, and the Review of Economic Studies. These are the five
highest-ranked general-interest peer-reviewed economics journals according to RePEc. We also downloaded
each accompanying published article and (if any) online appendix, which we refer to jointly as the article
where it does not introduce ambiguity. The resulting samples span 2004-2026 for Econometrica, 2009-2026
for the Quarterly Journal of Economics, 2000-2026 for the American Economic Review, 2005-2026 for the
Journal of Political Economy, and 20022026 for the Review of Economic Studies. Figure[I]shows the number
of articles with a replication package in each journal and year, and marks the first full calendar year in which
each journal required authors of accepted articles to deposit data and code.

2.2 Workflow

We used a multi-agent LLM workflow to build an open-source library that allows the LLM to reproduce
computations found in the corpus of replication packages. Open-source reproduction ensures that calcula-
tion internals are visible to an LLM, which facilitates understanding and improvement. We then designed a
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Figure 1: Replication packages by journal and publication year. Each panel shows one series per
journal, with the other four journals in gray for comparison, by calendar year of publication. The dashed
vertical line marks the first full calendar year in which the journal required authors of accepted articles to
submit data and code. We code the year based on published sources for the American Economic Review
(2005; Bernanke, {2004} |American Economic Association) 2019), Econometrica (2005; Econometric Societyl,
[2004} |Anderson et all [2008), the Journal of Political Economy (2006; [Journal of Political Economyy, 2005)),
the Review of Economic Studies (2006; |Anderson et all [2008; [Review of Economic Studies| [2006), and the
Quarterly Journal of Economics (2017;|Quarterly Journal of Economics), 2018). We omit 2026 as it is a partial
year.

workflow for checking reproducibility, performing sensitivity analysis, improving computations, and extend-
ing results.

2.3 Reproduction and Sensitivity Analysis

The reproducibility workflow proceeds as follows. First, the workflow reads the package documentation
to determine which, if any, of the original calculations the documentation declares to be data-gated, i.e.,
not reproducible due to omitted (e.g., confidential) data. If the documentation declares that all original
calculations are data-gated, then the workflow does not attempt reproduction. Instead, the workflow checks
for apparent discrepancies between the replication package (code, log files, etc.) and the text of the article.
In these cases, the workflow records each apparent discrepancy but cannot verify it.

If the documentation does not declare that all original calculations are data-gated, then the workflow
attempts to reproduce all original calculations not declared as data-gated. To reproduce the original calcu-
lations, the workflow uses the open-source library, the code in the replication package, and the description
of the methods given in the article. If any original calculation cannot be attempted due to an undeclared
data gate, the workflow records a discrepancy. If any calculation can be attempted and yields a value differ-
ent from the published value, the workflow again records a discrepancy, and notes where in the article the
discrepancy arises.

We impose two quality-control steps on all recorded discrepancies. First, we subject all discrepancies
to a second pass by an adversarial LLM agent whose goal is to overturn the discrepancy and uphold the
reproducibility of the original finding. Second, where we could enable licensed access to the original software
in which the code was written, we verify all discrepancies by rerunning the calculations in that software.
For any discrepancies that survive these checks, the workflow records the changes to the text of the article
necessary to align the text with the recomputed values.

For calculations that the workflow is able to reproduce, we conduct additional analysis on sensitivity.
For point estimates for which the authors’ inferential methods suggest independence across units (rows or
clusters of rows in a data table), the workflow uses the method of |Giordano et al (2026alb)) to find the 5 units




which a linear approximation suggests have the greatest influence on the estimator. The workflow removes
these units one at a time from the data table and recomputes the original point estimate. The workflow
records how each point estimate changes as a result.

2.4 Improvement

The improvement workflow proceeds as follows. First, it checks for calculations that involve numerical
optimization, integration, simulation, or other approximate numerical methods. The workflow then submits
any such calculations for possible improvement, first as a reimplementation and then as a reformulation.

For reimplementations, the workflow seeks to improve the speed of the original algorithm. The workflow
does so by profiling the code, identifying slow or repeated operations, and then asking whether such operations
can be sped up using standard methods such as reducing overhead or vectorizing. The workflow records
the improvement in speed associated with any such reimplementation, comparing running times against its
open-source rendering of the original code executed on the same machine.

For reformulations, the workflow seeks to improve the algorithm itself. The workflow does so by seeking
an alternative algorithm that yields either an improvement in speed that does not compromise accuracy,
an improvement in accuracy that does not compromise speed, or both. Alternative algorithms might, for
example, take advantage of exact characterizations of the solution available from other research or disciplines
but not incorporated in the original package.

We impose two quality-control steps on improvements. For reimplementations, we require that the
algorithm be unchanged and that the output match the original to within a tolerance on the same order as
floating-point rounding. For reformulations, such verification is not always possible or desirable, because such
improvements may (usefully) improve the original methods. In such cases, we require that the workflow test
the reformulated algorithm numerically for fidelity to the mathematical intent of the published calculation —
for example against a high-precision computation, or on a smaller-scale instance of the original problem. For
example, if the reformulated algorithm is a closed-form solution for a numerical integral that the replication
package computed repeatedly, the workflow could verify that a high-precision numerical computation agrees
with the reformulated calculation up to floating-point error.

We use our improved code to conduct additional analysis of numerical fidelity. For calculations that entail
the use of a numerical integral or Monte Carlo simulation, the workflow attempts to increase the precision
of the calculation at least 10-fold, for example by increasing quadrature accuracy or using exact arithmetic.
For calculations that entail the use of an author-written objective handed to a solver, the workflow attempts
to improve the attained solver objective value by trying 10 alternative starting points. The workflow records
how each calculation changes as a result.

2.5 Extension

The extension workflow proceeds as follows. First, it reviews the article’s quantitative conclusions. Next, for
any such conclusions, it asks whether it would be possible to use existing mathematical or scientific knowledge
to state a further result without different or additional substantive (statistical or economic) assumptions.

We impose two quality-control steps on extensions. First, we ask an adversarial LLM to probe for
unstated assumptions required by the extension but not by the original analysis. We only register extensions
that do not require additional assumptions. Second, we ask an adversarial LLM to argue that the extension
is not useful to the original article’s readers. Here, the workflow makes a subjective judgment about which
extensions to maintain.

3 Results

3.1 Reproducibility and Sensitivity

Figure[2]summarizes the findings of the reproducibility workflow described in Section[2:3] The figure branches
at each step in the workflow. To maintain mutual exclusion, we prioritize calculations that do not match
the published value over data omissions, and we catalog discrepancies by the earliest part of the article that
must be changed, reading linearly from the abstract of the article through the end of the online appendix.



Among the 87.6% of packages whose documentation does not declare all original calculations data-gated,
the workflow flags (and verifies) a discrepancy in 87.3%. In 6.3% of packages with a discrepancy, the earliest
discrepancy is a data omission. In the remaining cases, the discrepancy is a calculation that does not match
the published value.

Figure [3] classifies each article’s earliest calculation discrepancy by the significant digit it affects. Among
the calculation discrepancies, 35.6% agree to within 1.0 units of the last printed digit, consistent with
rounding or truncation. The remainder disagree with the printed value by more than 1.0 units of the last
printed digit.
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Figure 2: Outcomes of reproducibility audit of published articles in five economics journals. The
figure flows from left to right and branches at each step of the reproducibility workflow of Section [2.3] The first
branch is whether the package documentation declares all original calculations data-gated. Where it does, the
workflow does not attempt a reproduction; it compares the code and any published logs against the text and
records any apparent discrepancy. Where it does not, the workflow attempts every calculation not declared
data-gated. Attempted packages are either fully reproduced or catalogued by the location of their earliest
calculation discrepancy or, where they have none, of their earliest data omission, reading linearly from the
abstract through the end of the online appendix. Fully reproduced packages are those for which we reproduce
at article-reported precision every calculation not declared as data-gated. Band widths are proportional to the
number of packages, subject to a minimum width so that small categories remain visible. Percents are of all
audited packages and need not sum to 100 percent because of rounding.

Figure f]summarizes the findings of the sensitivity analysis described in Section[2.3] The figure categorizes
articles by the largest absolute percentage change, relative to our reproduction of the paper’s reported value,
in any reported point estimate that is caused by dropping a single unit. We find a percentage change larger
than 100 percent in 963 articles. In 512 of these 963 articles, the published value includes at least two
significant digits.
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Figure 3: Significant digit of earliest calculation discrepancy. Each dot represents one article whose earliest
discrepancy is a calculation that we recompute at a different value from the published one; an article appears at most
once. “Last digit” collects articles whose recomputed value agrees with the published value to within 1.0 units of
the last printed digit, as might be consistent with rounding or truncation. The remaining articles are placed in the
bin corresponding to the earliest significant digit of the published value at which the recomputed value, rounded to
the published precision, differs. The “beyond 3rd” category includes differences past the third significant digit. The
“1st digit” category includes differences at or before the published value’s first significant digit. The plot excludes
articles where the earliest discrepancy is for a calculation that is not printed as a number (e.g., reported as a range).
Percents need not add to 100 due to rounding.
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Figure 4: Sensitivity of reported estimates to removing an influential unit. Each dot represents one
article; an article appears at most once, placed in the bin corresponding to the largest absolute percentage change,
relative to our reproduction of the article’s reported value, among the point estimates we recalculated for that article
after removing, one at a time, each of the 5 units with the largest influence on the point estimate under a linear
approximation to the estimator, identified via the method of|Giordano et al.| (2026alb). We conducted this sensitivity
analysis for the 1,908 articles in which there is at least one reproducible point estimate whose associated inferential
method suggests the existence of an independent unit (e.g., observation or cluster) and for which we could reconstruct
the empirical influence function. The plot excludes articles where the largest absolute percentage change is for a point
estimate whose published value is zero at printed precision. Dark dots correspond to results whose published value
is printed to at least two significant digits; light dots to results printed with fewer. Percents need not add to 100 due

to rounding.



3.2 Improvement

Figure [5| shows how much each paper’s most affected calculation is sped up by our improvement workflow,
for the reimplementations (Panel a) and the reformulations (Panel b) described in Section Panel b
registers the speedup of the reformulation relative to the reimplemented code rather than relative to the
reimplementation’s own baseline, so that the two panels do not double-count the same gains. Counting both
reimplementations and reformulations, the workflow reduces computation time by a factor of more than 10
in 496 of the 1,781 cases in which we attempted improvement.

As an example of a reimplementation, consider (2026), whose replication package we reproduce
exactly, at all printed digits, for every calculation we are able to run. The package computes bootstrap
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Figure 5: Speedup of reported calculations under the improvement workflow. Each dot represents one
paper; a paper appears exactly once in each panel, placed in the bin corresponding to the largest speedup factor—
running time before the improvement divided by running time after. Panel a measures the reimplementation against
an open-source rendering of the original code; Panel b measures the reformulation against the reimplemented code,
so that gains are not counted twice. Bins are decades of speedup and are left-open and right-closed. We attempted
improvement for the 1,781 papers with at least one reproducible calculation involving numerical optimization, integra-
tion, simulation, or other approximate numerical methods. Dark dots correspond to cases where the pre-improvement
computation took more than ten seconds; light dots to the rest. Percents within each panel are of that panel’s total

and need not add to 100 due to rounding.



One dot = one article (N = 808)
@ published to > 2 significant digits
© published to fewer digits

240
2 8338832883
S 160  g3sssessss  coccccocos  cooos
< HET
80
FHH ssssssssss
] 0000000000
0% 0%, 1%] (1%, 10%]  (10%, 100%] >100%
6.8% 38.2% 29.0% 20.4% 5.6%
Largest absolute percentage change in a reported value
from improved numerical precision
(a) Higher precision
One dot = one article (N =511)
""""" @ published to >2 significant digits
240 © published to fewer digits
3 160
2
R 111 B
80
:...'..... 0000000000 000000000
0000000000 0000000000 0000000000
0% 0%, 1%] (1%, 10%]  (10%, 100%] >100%
54.6% 26.4% 5.7% 7.0% 6.3%

Largest absolute percentage change in a reported value
across alternative solver starts

Figure 6: Numerical fidelity of reported estimates. Each dot represents one paper; a paper appears exactly
once, placed in the bin corresponding to the largest absolute percentage change, relative to our reproduction of the
paper’s reported value, among the calculations we re-checked for that paper under each numerical fidelity exercise.
Panel a reports findings when we improve the numerical precision of a reported calculation at least 10-fold; we
attempted this exercise for 897 papers with at least one reproducible calculation that entails the use of a numerical
integral or Monte Carlo simulation. Panel b reports findings when we rerun numerical optimization 10 times from
different starting values; we attempted this exercise for 516 papers with at least one reproducible calculation that
entails the use of an author-written objective handed to a solver. Each panel excludes papers where the largest absolute
percentage change is for a calculation whose published value is zero at printed precision. Dark dots correspond to
results whose published value is printed to at least two significant digits; light dots to results printed with fewer.
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confidence intervals from 1,000 replications, each drawn and processed one at a time in a loop. The workflow
observes that each replication enters the reported intervals only through means, across households, of quan-
tities that do not vary across replications, so that all such replications can be computed at once as a single
matrix product. Because the reimplementation replays the original code’s seeded random draws exactly, it
returns the published intervals exactly, but roughly 440 times faster.

As an example of a reformulation, consider |Akcigit et al|(2025), who calibrate seven model parameters to
match seven data moments, by minimizing a numerical objective using a stochastic search algorithm followed
by a local solver. The workflow observes that it is possible to solve in closed form for the parameters that
minimize the objective function, requiring no numerical optimization. The workflow uses interval-arithmetic
to certify that the solution is a unique local root. The closed-form solution matches every printed digit of
the published calibration and evaluates roughly 24,000 times faster than our rendering of the original solver.

Improved speed facilitates additional analysis of numerical fidelity. Figure [6] summarizes the findings of
the higher-precision recomputation (Panel a) and the optimizer starting-value exercise (Panel b) described
in Section 2:4] For each exercise, the figure categorizes papers by the largest absolute percentage change,
relative to our reproduction of the paper’s reported value, in any reported value that is caused by the given
exercise.

3.3 Extension

The workflow identifies extensions in 923 cases. Figure [7] breaks down the nature of each extension, priori-
tizing the one relevant to the earliest section of the paper in cases with multiple extensions. In 143 cases, the
extension adds new counterfactual or other substantive calculations. In 367 cases, the extension quantifies
uncertainty in a quantity for which uncertainty was previously not quantified. In the remaining cases, the
extension adds additional sensitivity analysis.

Adds counterfactual or other 3%
substantive calculation

Quantifies uncertainty 8%
not previously quantified

Adds sensitivity analysis . 9%

No extension proposed 79%

0 1,000 2,000 3,000
Articles (of 4,418 screened for an extension)

Figure 7: Nature of the extensions proposed by the workflow. Each of the 4,418 papers screened for an
extension appears exactly once. The 923 papers for which the workflow proposes an extension are classified by the
nature of the extension described in Section [2.5] where a paper receives several extensions, we classify by the one
relevant to the earliest section of the paper. The remaining 3,495 papers have no extension proposed. Percents are
of all screened papers and need not add to 100 due to rounding.

As an example of an extension that adds a substantive calculation, consider Kaas et al.| (2026)), who use
an overlapping generations macroeconomic model with a job ladder to simulate the effect of a 10 percent
reduction in unemployment insurance benefits in the German economy. The workflow solves the same
general-equilibrium system, to the article’s own convergence tolerances, for a 25 percent reduction that the
article does not report. This additional calculation shows that, for most of the outcomes the article reports,
the impact scales less than proportionately with the size of the cut.

As an example of an extension that quantifies uncertainty, consider [Carrera et al.| (2022, who use a
structural model to estimate that study participants who take up a commitment contract for gym attendance




incur a welfare loss equivalent to $18.69 per person. The original article does not quantify uncertainty for
this value. The workflow uses a bootstrap analogous to one used elsewhere in the article to derive a 95%
confidence interval running from $12.75 to $23.99.

4 Interpretation

Our workflow does not aim to evaluate research. Here we report on experiments with LLM evaluation of
the articles and packages in our corpus, focusing on the consistency of such evaluations across inputs and
sessions.

4.1 Experiment

We selected 100 articles from the corpus, stratified by the number of values printed in the body of the article
for which our reproduction yields both a value and a standard error. We asked fresh agents from each of two
models (Claude Opus 5 and Claude Fable 5.1) to read an article under three conditions: given the article
alone, given the article and its published replication package, and given both together with the code and
output from our reproduction. In each condition the agent evaluates the following:

e Interpretation: Are the conclusions correct? (correct, minor flaws, major flaws)
e Implementation: Is the methodology implemented correctly? (correct, minor flaws, major flaws)
Given our reproduction, the agent also evaluates the following:

e Reproduction: Do the findings reproduce? (fully reproduced, minor differences, major differences,
conclusion overturned)

To assess consistency across sessions, each article is read by ten fresh agents of each model in each condition.
In each case we record the model’s response.

4.2 Findings

Panel a of Figure[§]shows how the two models rate the 100 articles in each condition, pooling the ten sessions.
Giving access to our reproduction leads both models to rate more articles as correct. The two models rate
the article’s findings as reproduced with minor differences in 83.1% and 83.6% of gradings, respectively.
Panel b of Figure [§shows how often three fresh sessions of the same model are expected to give an article
the same rating. Giving access to our reproduction leads to greater agreement on interpretation but not on
implementation. Agreement on reproduction is high, at 88.6% and 89.1% of articles, respectively.

10
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Figure 8: LLM evaluation of published articles. Based on 100 articles, each read by ten fresh agents
of each of two models (Claude Opus 5 and Claude Fable 5.1) under three conditions: given the article alone
(“article”), given the article and its replication package (“+package”), and given both together with our re-
production (“4reproduction”), as described in Section Panel a shows the share of gradings that rate the
article’s interpretation and implementation as correct, as having minor flaws, or as having major flaws, and,
where our reproduction is given, that rate the reproduction as fully reproduced, minor differences only, major
differences, or overturns conclusion. Panel b shows the expected share of articles on which three sessions of one
model, drawn at random from its ten, all give the same rating, on which exactly two agree, and on which all
three differ. Percents need not add to 100 due to rounding.
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