EC18_Art12_Rambachan ARjats.cls March 27,2026

'\ ANNUAL
f\ ¥ REVIEWS

Annu. Rev. Econ. 2026. 18:283-316

The Annual Review of Economics is online at
economics.annualreviews.org

https://doi.org/10.1146/annurev-economics-
120925-105620

Copyright © 2026 by the author(s).
All rights reserved

JEL codes: C10, C52

12:23

Annual Review of Economics

Jens Ludwig,"? Sendhil Mullainathan,?**
and Ashesh Rambachan’

"Harris School of Public Policy, University of Chicago, Chicago, llinois, USA
2National Bureau of Economic Research, Cambridge, Massachusetts, USA

3Department of Economics, Massachusetts Institute of Technology, Cambridge, Massachusetts,
USA,; email: asheshr@mit.edu

“Department of Electrical Engineering and Computer Science, Massachusetts Institute of
Technology, Cambridge, Massachusetts, USA

Keywords

large language models, prediction, estimation, leakage, validation

Abstract

Large language models (LLMs) enable researchers to analyze text at
unprecedented scale and minimal cost. Researchers can now revisit old
questions and tackle novel ones with rich data. We provide an econo-
metric framework for realizing this potential in two empirical uses. For
prediction problems—forecasting outcomes from text—valid conclusions
require “no training leakage” between the LLM’s training data and the re-
searcher’s sample, which can be enforced through careful model choice and
research design. For estimation problems—automating the measurement of
economic concepts for downstream analysis—valid downstream inference
requires combining LLM outputs with a small validation sample to deliver
consistent and precise estimates. Absent a validation sample, researchers
cannot assess possible errors in LLM outputs, and consequently seemingly
innocuous choices (which model, which prompt) can produce dramatically
different parameter estimates. When used appropriately, LLMs are powerful
tools that can expand the frontier of empirical economics.
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1. INTRODUCTION

Large language models (LLMs) enable economists to process text at unprecedented scale and
minimal cost, unlocking questions previously out of reach: predicting stock returns from earn-
ings call transcripts, measuring partisan polarization in social media posts, backcasting historical
consumer sentiment from newspapers, or simulating survey responses cheaply. By making these
questions—and countless others—tractable, LLMs offer transformative potential for empirical
research.

To realize this potential, we must answer a practical question: How should LLM outputs be in-
corporated into empirical workflows? Can they be plugged in as-is, or do our estimation strategies
require adjustment to use these powerful tools?

This question is challenging because LLMs resist traditional statistical analysis. LLMs are com-
plex, often proprietary, constantly evolving, and trained on sprawling, heterogeneous corpora that
defy tractable modeling; they are extraordinary engineering achievements accomplished without
our usual statistical foundations. Existing evaluation methods have been remarkably effective for
developing better models but offer limited guidance for how any given LLM will perform on a
new task.

We develop an econometric framework that addresses these complexities and provides practical
guidance for empirical research using LLM outputs, focusing on two empirical uses: prediction
problems and estimation problems. For each use, we clarify what assumptions and practices ensure
valid conclusions.

In prediction problems, researchers use collected text to predict some economic outcome (e.g.,
predicting stock prices from corporate earnings calls). Extracting meaning from text requires
modeling the complex structure of language. LLMs, having already learned this structure from
enormous training corpora, can possibly serve as the foundation upon which economists can build
in prediction problems, either by directly prompting an LLM to make a prediction or by using its
representations as features in a predictor.

Using LLMs in prediction problems requires one condition: “no training leakage.” If a re-
searcher forms predictions using an LLM and evaluates those predictions on an evaluation data
set, this reflects the LLM’s out-of-sample performance if and only if there is no overlap between
the LLM’s training data set and the researcher’s data set. This can be violated because many LLMs
are trained on intentionally obscured data sets. Computer scientists have found that LLMs are
often trained on common benchmark evaluations. We find that LLMs appear to be trained on
economic data sets (see also Glasserman & Lin 2023, Sarkar & Vafa 2024, Lopez-Lira et al. 2025,
among others).

We provide guidance on enforcing no training leakage, clarifying that it requires careful at-
tention to both the choice of model and research design. For example, when the goal is to predict
future, unseen documents (such as tomorrow’ financial news), open-source LLMs with fixed,
published weights (e.g., Touvron et al. 2023, Grattafiori et al. 2024) or time-stamped training data
(e.g., Sarkar 2024, He et al. 2025) can be paired with evaluation samples constructed only from
documents published after the model’s publication date or training cutoft.

In estimation problems, researchers estimate relationships between economic concepts ex-
pressed in text (e.g., partisanship in social media posts) and downstream parameters (e.g., the
causal effect of a policy change). There is some resource-intensive procedure for measuring the
economic concept; if it could be scaled, we would use these measurements and report the resulting
estimates. Often, this would involve the researcher carefully reading each text piece themselves.
We would like instead to use an LLM to economize on measurement costs. How can we use LLM
outputs for valid downstream inference?
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We highlight a constructive solution borrowing from an old idea in econometrics: collecting
a small validation sample and using it to empirically correct for possible LLM errors. We illus-
trate how researchers can incorporate validation data in the context of linear regression. Debiasing
LLM outputs preserves our usual econometric guarantees of consistency and asymptotic normal-
ity. This has been well-studied in econometrics (e.g., Lee & Sepanski 1995, Chen et al. 2005,
Schennach 2016) and extended in machine learning (e.g.,Wang et al. 2020, Angelopoulos et al.
2023, Battaglia et al. 2024, Egami et al. 2024, Carlson & Dell 2025). We illustrate that incorpo-
rating debiased LLM outputs can substantially improve the precision of downstream estimates,
resulting in estimates that are often more precise than using validation data alone. Used correctly,
imperfect LLM outputs serve not as substitutes but as amplifiers of validation samples, allowing
researchers to achieve tighter standard errors.

Absent a validation sample, researchers cannot assess the magnitude or pattern of errors in
LLM outputs and therefore cannot evaluate their impact on downstream parameter estimates. We
demonstrate this problem empirically: Absent a validation sample, seemingly innocuous choices—
which LLM to use, how to phrase the prompt—Ilead to dramatically different parameter estimates
in applications to finance and political economy, with coefficients varying in magnitude, sign, and
significance. In estimation problems, researchers have no choice but to invest effort and collect
validation samples when using LLMs.

Finally, this framework is flexible enough to account for creative uses of LLMs in economics.
We argue that using LLMs for hypothesis generation (e.g., Ludwig & Mullainathan 2024) can be
cast as a form of prediction problem, so that the key assumption required is again no training leak-
age. LLM simulation of human subjects in surveys or experiments (e.g., Park et al. 2023, Horton
2023, Manning et al. 2024, Park et al. 2024) can be thought of as an estimation problem, and so
in-silico subjects can amplify—but not fully replace—a small validation sample of actual human
responses.

Our framework clarifies when and how researchers can harness LLMs in empirical research.
The requirements are straightforward: ensuring no training leakage for prediction and collect-
ing small validation samples for estimation. We provide a checklist based on our framework in
Section 6. These simple practices unlock the transformative potential of LLMs for empirical
research.

2. AN ECONOMETRIC FRAMEWORK FOR LARGE
LANGUAGE MODELS

LLMs are complex architectures trained on vast corpora through multi-stage processes: pretrain-
ing (learning to predict next tokens), instruction fine-tuning, reinforcement learning from human
feedback (RLHF), and reinforcement learning from verifiable rewards (RLVR). Reasoning mod-
els employ test-time computation to further improve performance. The field evolves rapidly, with
new architectures, training procedures, and capabilities emerging regularly.!

This complexity creates a fundamental challenge for econometric analysis. We typically study
statistical procedures by articulating assumptions about the data-generating process and com-
bining them with a computational understanding of the procedure. This approach is at present
intractable for LLMs. They have billions of parameters, proprietary training data sets, and
algorithms that resist formal characterization.

I Many resources are available about the technical foundations of LLMs. Readers are referred to, for example,
Chang et al. (2024), Minaee et al. 2025), and Zhao et al. (2025). For overviews aimed at economists, readers
are referred to Korinek (2023), 2024), Ash et al. (2024), and Dell (2025).
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We adopt a different strategy based on how economists actually use these tools. We treat
LLM:s as black boxes, prompting them or extracting embeddings without characterizing internal
mechanisms, and identify conditions they must satisfy for valid empirical use. We focus on two
applications: prediction problems and estimation problems. By black-boxing their inner workings,
our approach provides guidance that is robust to inevitable changes in architectures and training
procedures.

2.1. Setting and the Researcher’s Data Set

Let ©* denote a collection of strings (up to some finite length) in an alphabet with elements o €
¥*. A training data set is any collection of strings, summarized by the vector t, whose elements ¢,
are sampling indicators for whether string o was collected.

For any empirical question, only some strings are economically relevant. Denote these as R €
>*, with elements 7 € R that we refer to as text pieces. The researcher’s data set is summarized
by the vector d, whose elements d,, are sampling indicators for whether the researcher collected
string o. The researcher only collects economically relevant text pieces, and so 4, = 0 for all
oeX*\R.

Each text piece 7 can be linked to observable economic variables (¥, ¥,), which are economic
outcomes Y, that might be influenced by the text or candidate covariates W, that might influence
the text.

Example 1 (Congressional legislation). Consider descriptions of bills introduced in the

US Congress. Each text piece 7 € R is a bill’s description such as “A bill to revise the bound-

ary of Crater Lake National Park in the State of Oregon.” The economic outcome Y, might

be whether the bill passed its originating chamber. The covariate ¥, might be the party

affiliation or roll-call voting score of the bill’s sponsor.

Example 2 (Financial news headlines). Consider financial news headlines about pub-
licly traded companies. Each text piece 7 € R is a financial news headline such as “Bank of
New York Mellon Q1 EPS $0.94 Misses $0.97 Estimate, Sales $3.9B Misses $4.01B Esti-
mate.” The economic outcome Y, might be the company’s realized return in some window
after the headline’s publication date, while the covariate I, could be the company’s past
fundamentals.

Each text piece 7 expresses some economic concept V. = f*(r), where f*(-) is the measurement
procedure the researcher would use if time and resources were no constraint. Typically, these
measurements are what the researcher themselves or an appropriate domain expert would produce
by carefully reading each text piece.? In defining the economic concept, researchers must answer
the following questions: What exactly am I measuring from the text, and how would I label it if
resources were no constraint? Moving forward, we assume a measurement procedure f*(-) exists
that the researcher would be satisfied to use if it could be scaled.

This creates a text processing problem: Measuring the economic concept requires processing
each text piece 7, which may be prohibitively costly at scale. Absent a solution to this text processing
problem, the researcher cannot collect V. on all text pieces.

In settings like this, researchers would like to use the collected text pieces to tackle two types
of empirical analyses. The first is a prediction problem: predicting the linked variable Y, using
the associated text piece 7. For example, can we predict stock returns from news headlines? The

?For example, Ash & Hansen ( 2023, p. 672) write, “The most accurate approach to concept detection is
perhaps direct human reading with appropriate domain expertise.” Hansen et al. (2023, p. 6) write, “The most
precise way of classifying [text pieces] is arguably via direct human reading.”
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second is an estimation problem: estimating some parameter that relates the economic concept
V, to the linked variables (¥}, ;). If bill descriptions 7 express the policy topic V. of the bill (e.g.,
whether it is related to foreign affairs or health policy), how do policy topics relate to the party
affiliation of the bill’s sponsor ¥,.?

LLMs are general-purpose and easy-to-use models for processing text, so researchers would
like to use them in prediction and estimation problems. We next introduce LLMs into our
framework.

2.2. Incorporating Large Language Models in Empirical Research

"To capture how we often interact with LLMs as black boxes—generating responses from prompts
without knowing their design nor training data—we define an LLM as any mapping from possible
training data sets t to mappings between strings, where 7i(-; t) : £* — £* isits text generator when
trained on data set t and 7i(o; t) is the LLM’s response when prompted by string o.

This definition has a key implication: The LLM is actually two distinct algorithms. First is a
training algorithm that takes any data set t and learns the mapping between strings. Second, the
text generator 7(-; t) is the output of the training algorithm and of what users interact with.

Our analysis will not depend on how exactly these algorithms work. Since the state of the
art is constantly evolving, we should expect the exact implementation of training algorithms and
text generators to change. Furthermore, alternative LLMs may differ in their implementations.
Studying LLMs at this level of abstraction will provide interpretable conditions for empirical
research and ensure the durability of our analysis. Researchers will have conditions under which
any model’s output can be incorporated into empirical research.

Our framework captures all key LLM design choices—some made by researchers and others
by algorithm builders (often invisibly to researchers).

2.2.1. Interpreting the text generator. The text generator 7(-; t) captures all choices that
influence how an LLM generates responses once trained. This includes prompt engineering
strategies that materially affect the quality of responses (e.g., Liu et al. 2023, White et al. 2023,
Chen et al. 2024, Wei et al. 2024). Alternative prompt engineering strategies can be cast as
alternative specifications of the text generator 7(-; t).

The text generator captures other important choices governing generation. Parameters like
temperature, top-p sampling, or top-4 sampling control randomness in sampling from the LLM’
probability distribution over next tokens. Reasoning models employ test-time computation, gen-
erating intermediate “thought tokens” before producing final outputs to enhance performance
on complex tasks.’ By defining the text generator as a deterministic mapping from prompts to
responses, our framework can be interpreted as focusing on the case in which these parameters
are such that the LLM greedily generates its most likely token. Our results extend naturally to
stochastic text generators as well but at the expense of more cumbersome notation.*

2.2.2. Interpreting the training algorithm. The training algorithm captures all aspects of
design and training that produce the text generator. This includes architectural choices (e.g., pa-
rameter count, attention layers, context window), the pretraining objective (typically, next-token
prediction), and optimization details. LLMs undergo multiple training stages beyond pretraining.
Instruction fine-tuning trains models to follow user instructions, and RLHF aligns output with

3For many reasoning models, users cannot control generation parameters like temperature. Consequently,
there is inherent randomness that cannot be eliminated.

4A practical challenge is ensuring LLM outputs are formatted appropriately for empirical analysis. Researchers
often prompt LLMs to return structured outputs, but LLMs may not comply reliably. Our text generator
abstraction takes further postprocessing steps as given, and 72(-; t) represents the resulting final output.
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human preferences. More recent developments RLVR, wherein models are trained on tasks with
objectively correct answers. Crucially, the training data set t in our framework encompasses all
strings used in both pretraining and posttraining stages.

So how do researchers use LLMs in empirical research? In prediction problems, researchers
often prompt an LLM with each text piece 7 to generate a prediction ¥, = 7 (r; t). For instance,
they might prompt a model to predict whether a stock return will be positive. In estimation prob-
lems, researchers prompt an LLM to generate labels ¥, = 7i(r; t) for the economic concept. For
example, they might prompt a model to classify a bill’s policy topic.

2.3. The Challenge of Evaluating Large Language Models

At some level, the viability of using LLMs for prediction and estimation problems hinges on the
quality of LLM outputs: How large are possible errors ¥V, — Y,and V, — V, in any application? A
natural starting point is to understand how computer science approaches this evaluation problem.

Computer scientists adapted methods from supervised learning. In supervised learning, the
“common task framework” (Donoho 2024) builds benchmark data sets like ImageNet for image
classification and the Netflix Prize for recommender systems and evaluates competing algorithms
on these benchmarks. Since LLMs aspire to be general-purpose technologies useful across all
tasks, computer scientists have built increasingly diverse benchmarks. For example, the Beyond-
the-Imitation-Game benchmark (BIG-bench) collects problems across 204 tasks (Srivastava
et al. 2022), while the Massive Multitask Language Understanding (MMLU) benchmark spans
57 categories from logic to the social sciences (Hendrycks et al. 2021). Other benchmarks assess
specialized capabilities: SWE-bench for coding ability (Jimenez et al. 2024), GSMS8K for mathe-
matical reasoning (Cobbe et al. 2021), and standardized exams such as the SAT, GRE, and AP tests.
Modern LLMs perform remarkably well on these benchmarks, and this impressive performance
forms much of the quantitative basis for current enthusiasm.

Can economists use these benchmark evaluations to reason about how LLMs will perform on
specific empirical tasks? The answer is more complicated than it might initially appear.

2.3.1. The limits of benchmarks. We do not intrinsically care about benchmark perfor-
mance itself—after all, who deploys LLM:s to solve SAT problems? We hope to generalize from
benchmarks to new economically relevant tasks.

This generalization happens intuitively. We assume that an LLM that aces AP chemistry must,
like a person, handle many chemistry-related tasks. Evidence for “anthropomorphic generaliza-
tion” suggests that people apply similar generalization heuristics to LLMs as they do to humans
when predicting performance across tasks (Vafa et al. 2024b, Dreyfuss & Raux 2025).

Yet this intuition is misleading. LLMs exhibit what Mancoridis et al. (2025) call Potemkin
understanding—performing well on benchmarks without grasping underlying concepts. This
manifests as remarkable brittleness: Performance is sensitive to seemingly minor details that would
not affect human performance. Consider several examples from an accumulating body of evi-
dence. While humans who master one math problem typically solve easier variations, LLMs have
not readily generalized this way. An LLM that could reliably solve (9/5)x + 32 could not solve
(7/5)x + 31 (McCoy et al. 2024). An LLM correctly defines an ABAB rhyming scheme but then
generates poems violating its own definition (Mancoridis et al. 2025). An LLM trained on “A is
B” will not know “B is A” (Berglund et al. 2024), and LLMs struggle with logical puzzle varia-
tions (Nezhurina et al. 2025). Brittleness extends to presentation: LLMs answer multiple-choice
questions correctly but fail when answer order is permuted (Zong et al. 2024), succeed at program-
ming with 0-based indexing but fail with 1-based indexing (Wu et al. 2024), and show inconsistent
performance on similar spatial reasoning tasks (Mitchell 2023).
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LLM errors align poorly with human intuitions precisely because we expect them to under-

stand and misunderstand as humans do. Dell’Acqua et al. (2023) aptly characterize this as Al’s
“jagged frontier”—a landscape where performance on similar tasks varies unpredictably. This
jagged frontier captures why benchmark performance cannot be intuitively generalized to specific
economic applications.
2.3.2. Do large language models have world models? Perhaps this is too pessimistic, and
this brittleness is superficial—noise around a deeper structural understanding embedded within
LLMs. LLMs are trained on massive corpora containing rich information about reality, followed
by extensive reinforcement learning. Perhaps LLMs have successfully learned world models (inter-
nal, structured representations of how the world works) that would enable reliable generalization
despite occasional errors.

This hypothesis is an active research area focused on settings where researchers can both infer
the LLM’s implicit world model and compare it to the truth (e.g., Nanda et al. 2023, jylin04 et al.
2024, Li et al. 2024, Nikankin et al. 2025). The evidence so far is at best mixed and at worst
suggests that LLMs may not learn generalizable world models. For example, Vafa et al. (2024a)
trained a generative sequence model on turn-by-turn driving data from 12.6 million taxi rides in
New York City. While the model predicts the next turn between locations with high accuracy, the
authors reverse-engineered the model’s implicit map of Manhattan’s street grid: The implicit map
bears no resemblance to the actual grid. High predictive accuracy did not require learning the
underlying spatial structure. Vafa et al. (2025) trained a generative sequence model on planetary
orbits. Despite accurately predicting planetary movements, the model reveals no understanding of
Newtonian physics. Rather than learning the gravitational law, it relies on task-specific heuristics
that fail to generalize beyond its training distribution. Even advanced reasoning models exhibited
similar failures.

Taken together, the evidence suggests that LLMs not only make errors, but these errors cannot
be reliably predicted. They fail in ways misaligned with how humans generalize across tasks, and
we cannot assume these errors are noise around accurate world models. This creates our challenge.
Since LLMs are impressive yet brittle tools, how should researchers incorporate their outputs into
empirical research?

3. PREDICTION WITH LARGE LANGUAGE MODELS

We begin with prediction problems: using text to predict economic outcomes. LLMs’ extensive
training makes them natural candidates for this task, having already learned rich representations
of language. Valid inference in prediction problems hinges on one condition: no leakage between
the model’s training data and the researcher’s evaluation sample. While training leakage plagues
benchmark evaluations in computer science, economists can manage it through careful model
choice and research design.

3.1. The Researcher’s Prediction Problem

Suppose the researcher prompts an LLM to predict the linked variable from text pieces, Y, =
#i(r; t). For some loss function £(y, 7), the researcher calculates the sample average loss

—

& DA ),

reR

SResearchers may use an LLM to construct embeddings for each text piece 7, and the resulting embeddings
may then be used as features by a supervised machine learning algorithm to predict V. Our analysis equally
applies to evaluating the performance of a prediction function using LLM embeddings as features.
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where N=Y", D, is the number of text pieces collected. We would like to draw conclusions about
the predictability of ¥, from the text piece 7 based on the LLM’s sample average loss. When is this
valid?

Researchers face two sources of uncertainty about LLMs: What data was the LLM trained on?
How does it generate output from text? We introduce two objects to formalize these uncertain-
ties. The research context formalizes what we know (and do not know) about the LLM’s training
data. The LLM’s guarantee summarizes high-level properties about how the model behaves with-
out requiring exact knowledge of its internal workings. Together, these will allow us to derive
interpretable conditions for using LLMs in prediction problems.

The research context Q(-) € Q is a joint distribution over the sampling indicators (D, T). It
encodes two distinct features. The sampling distribution over D defines the researcher’s out-of-
sample prediction problem—the collection of text pieces over which they want to evaluate the
LLM’s predictive performance. The sampling distribution over T captures the researcher’s un-
certainty about the LLM’s training data. We make a technical assumption about the collection of
research contexts Q.

Assumption 1. Letting t = (t,,...,%,,. ) denote the sampling indicators summariz-
ing the LLM’ realized training data set, all research contexts Q(-) € Q satisfy ()
for all values d, Q(D =d, T =t) = ,c5<Q(D, =d,, T, =1,); and () Eg [Z,,ER D,.] =
EQ [Zre’R D" | T = t]'

Assumption 1z states that sampling across strings is independent but not necessarily identically
distributed. Assumption 15 states that the researcher’s expected sample size does not depend on
the LLM’s training corpus. Let ¢7'P(t,) = Q(T,, = t, | D, = 1) denote the conditional probability
the string is sampled by the LLM’s training data set given that it is sampled by the researcher. The
marginal probabilities are ¢7 (z,) = Q(T, =t,) and ¢° = Q(D, = 1).

Our goal is to assess the LLM’s predictive performance over the population of text pieces
defined by the research context Q(-):

Eo [Z DL, 7i(r; t))i| ) 2.

reR

This summarizes the model’s predictive performance on the broader target population. As the
number of economically relevant text pieces grows large (see Supplemental Section C.1), we
can characterize what the sample average loss converges to. Conditional on the LLM’s realized
training data set, we have

1 1 p
E DY, m(r; t)) — o DAY, 7 0) | T=t| 50 3.
N reR ( ( )) ]EQ[ZreR D, | T = t] Q |:§ ( ( )) :|

Conditioning on the training data set t treats the LLM 7(:; t) as a fixed mapping, avoiding
strong assumptions about how the LLM was trained (e.g., how would it behave over counter-
factual training data sets?). The sample average loss recovers our target quantity in Equation 2 if
Eo [ ep Drt(T 1 0) | T = t] = Eq [, DL, i 1)

Recall the second source of uncertainty: Researchers do not know precisely how the LLM
generates outputs from text. Yet researchers often observe other high-level information about
the LLM’s behavior, such as performance on benchmarks (e.g., “achieves 88.7% on MMLU” or
“scores 1520 on the SAT”). We formalize this through a guarantee M, a collection of possible text
generators that captures what the researcher knows about the LLM’s behavior. The researcher
only knows that 7(-; t) € M.
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Given a guarantee M and a research context Q(-), we define when this workflow is valid for
prediction problems.

Definition 1 (Prediction problem). The LLM 7(-; t) with guarantee M generalizes in
research context Q(-) if, for all text generators satisfying the guarantee 7(-) € M,

Eq [Z DG, Y;) | T = t} —E, [Z D, (), m} .
reR reER
This definition formalizes an out-of-sample prediction goal. The LLM generalizes if its sample
average loss reflects its predictive performance on the target population. Under Definition 1, the
researcher’s workflow in the prediction problem is justified for any LLM satisfying the guarantee
M. The researcher can draw conclusions based on the sample average loss knowing that only the
guarantee M is satisfied.

Example 3 (Congressional legislation). Consider researchers predicting whether a bill
will pass either the House or Senate, Y, using only its text description 7. The LLM generates
predictions 7(r; t) using a specific prompting strategy. Each researcher calculates the sam-
ple average loss of the LLM’s predictions on their own collected sample of Congressional
bills. Different researchers face different prediction problems, formalized by alternative re-
search contexts Q(-). One researcher might assess whether the LLM can predict outcomes
for future legislation by sampling bills after a cutoff date, such as all bills from 2025 onward.
Another might evaluate whether the LLM’s predictions generalize to novel policy domains,
sampling bills on cryptocurrency regulation or artificial intelligence.

Example 4 (Financial news headlines). Consider researchers predicting a company’s re-
alized returns Y, from a financial news headline 7. The LLM generates predictions 7(r; t)
using a specific prompting strategy. Each researcher calculates the sample average loss on
their collected headlines. Different researchers again face different out-of-sample predic-
tion problems, formalized by alternative research contexts Q(-). One researcher might assess
whether the LLM predicts returns during future market conditions, sampling headlines
from 2025 onward. Another might evaluate whether predictions generalize across company
types, focusing on small-cap technology firms or international equities.

3.2. Training Leakage as a Threat to Prediction

Using LLMs in prediction problems requires one condition: no training leakage between the
LLM?’s training data and the researcher’s evaluation sample.

Lemma 1. Under Assumption 1, for any research context Q(-) € Q and text generator 7(-),

Eq [Z Dre(nﬁ(r))}

reR

T\D
—E, {Z D,e(¥,, () | T = ti| — K {Z D, (q;? (y’;) - 1) oy, ﬁ(r))i| .

reR reR

Proposition 1. The LLM 7(; t) generalizes for research context Q(-) € Q if and only if it
satisfies the guarantee M (Q) for

T\D
M(@Q) = {@(‘) . —E, [Z D, (q;T (Et)) - 1) Z(K,ﬁ(r)):| - o} . 4.

reR
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The no-training leakage condition (Equation 4) captures the extent to which overlap between
the LLM’s training data and the researcher’s sample covaries with the LLM’s predictive perfor-
mance. It has an intuitive interpretation as omitted variable bias. The term % — 1 measures
how learning that the researcher sampled text piece 7 updates beliefs about whether 7 appeared in
the LLM’s training data. When this correlation is positive—that is, text pieces in the researcher’s
sample are more likely to have been in the training data—and the LLM performs well on such
pieces, the overall bias term is positive and the sample average loss overstates true predictive
performance. Uncertainty over what entered into the LLM’s training data acts like an omitted
variables bias in the prediction problem.

This bias arises from both the researcher’s choice of out-of-sample prediction and our be-
liefs about what entered into the LLM’s training data. Section 3.4 discusses how researchers can

prevent training leakage through careful choices of model and prediction exercise.

3.3. Some Evidence of Training Leakage

Training leakage is a well-documented problem in computer science. LLMs’ training data sets
frequently contain examples from popular benchmark evaluations (Sainz et al. 2023, Golchin &
Surdeanu 2024, LM Contamination Index 2024). This has generated skepticism about evaluating
LLMs on any publicly available data (e.g., Ravaut et al. 2025). However, this evidence focuses on
computer science applications. Might economic prediction problems face similar risks?

3.3.1. Assessing training leakage in Congressional legislation. We assess training leakage
in an empirical setting relevant for economists studying politics and political economy: Congres-
sional legislation. The Congressional Bills Project (Adler & Wilkerson 2020, Wilkerson et al.
2023) contains descriptions 7 for over 400,000 bills proposed in Congress, along with informa-
tion about whether each passed the House or Senate Y,. We sample 10,000 bills introduced from
1973 to 2016 and test whether passage can be predicted from text descriptions alone—a poten-
tially challenging task given the strategic dynamics of congressional voting. Among these bills,
only 7.4% pass the House and 6.0% pass the Senate.

We generate predictions Y, = #i(r; t) based on each bill’s description 7 by prompting GPT-
4o (see Supplemental Figure A13 for the specific prompt). GPT-40 correctly predicts the bill’s
outcome 91.2% of the time in the House and 92.5% of the time in the Senate (see left panel
of Supplemental Table Al). What drives the model’s ability to accurately predict whether a
Congressional bill will pass the House or the Senate based only on its description? The answer is
that the text of Congressional legislation is likely included in its training data set.

To evaluate training leakage, we prompt the model to complete each bill’s text description
based only on the first half of its text, following research in computer science such as Golchin
& Surdeanu’s (2024) (see Supplemental Figure A14 for the specific prompt). If a model repro-
duces the text exactly, it has likely seen it during training. This is not a necessary condition for
training leakage; models may benefit from exposure to a text piece without memorization. Perfect
reproduction nonetheless offers compelling evidence.

On 344 bills, GPT-40 completes the bill’s text description exactly as it is written, indicating
that not only was GPT-4o likely trained on these text pieces but it also appears to have mem-
orized them. Supplemental Figure Al provides two examples of successful completions. On
the other bills, GPT-40’s completed bill descriptions are close to the original bill descriptions.
Word embeddings of GPT-40’s descriptions are far closer to those of the originals than the av-
erage distance between the word embeddings of two randomly selected bills (see left panel of
Supplemental Table A2).
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One might wonder whether this training leakage could be addressed through prompt
engineering—for example, by commanding the models to not pay attention to any information
past a certain date. Applying this prompt engineering strategy to our sample of Congressional
bills (see Supplemental Figures A13 and A14 for associated prompts), we still find substantial
evidence of training leakage. Even when explicitly told to not consider any information past the
bill’s introduction date in Congress, GPT-40 can still accurately predict its outcome in the House
and the Senate based on these small snippets of text (see right panel of Supplemental Table A1).
GPT-4o still exactly completes nearly the same number of bill descriptions as without the prompt
engineering (330 versus 344), and the word embeddings of its completed descriptions remain quite
close on average to those of the originals (see right panel of Supplemental Table A2).

3.3.2. Assessing training leakage in financial news headlines. We consider another do-
main relevant for economists: financial markets. Existing work (e.g., Glasserman & Lin 2023,
Lopez-Lira & Tang 2025) found that LLM:s predict stock returns accurately from news headlines.
We test whether this reflects training leakage using publicly available headline data (Aenlle 2020)
covering nearly four million headlines for 6,000 publicly traded companies from 2009 to 2020.

We sampled 10,000 financial news headlines from 2019, and we prompted GPT-40 to complete
each financial news headline based on only 50% of its text (see Supplemental Figure A15 for the
specific prompt). GPT-40 reproduced 60 financial news headlines exactly as they were written in
the publicly available data set, indicating that GPT-40 was likely trained on these headlines and
memorized them. Supplemental Figure A2 provides two examples of successful completions. On
all other headlines, word embeddings of the model’s completions are close to those of the original
headlines (see left panel of Supplemental Table A3).

We again explore whether explicitly incorporating date restrictions into the LLM prompt
moderates this evidence of training leakage (see Supplemental Figure Al5 for the associ-
ated prompts).® Surprisingly, this appears to make the problem worse: GPT-40 now reproduces
73 headlines exactly, and word embeddings of GPT-40’s completions with the date restriction are
still on average close to those of the original headlines.

Sarkar & Vafa (2024) provide additional evidence of training leakage in finance: Prompting
Llama 2 to predict risks from September-November 2019 earnings calls, the LLM mentions
COVID-19 in over 25% of cases—a form of look-ahead bias from training on future informa-
tion. Combined with our findings and other evidence (Glasserman & Lin 2023, Lopez-Lira et al.
2025), this indicates substantial risk of training leakage in finance applications.

3.4. Practical Guidance for Prediction Problems

The no-training-leakage condition (Equation 4) may seem abstract, but it provides concrete guid-
ance for empirical practice. Researchers must consider what population they are predicting on,
how their evaluation sample relates to it, and how their evaluation sample relates to the LLM’s
training corpus.

%6 | thati
Ty o thatls,
on how much learning that the researcher sampled text piece 7 updates our beliefs about whether

To make this concrete, recall that the bias term in Proposition 1 depends on

was in the training data. No training leakage requires this term to be zero, or at least uncorrelated
with the LLM’s performance. Different prediction problems and model choices achieve this in

SReaders are also referred to Wongchamcharoen & Glasserman (2025). Another prompting strategy, entity
masking, aims to prevent memorized information by masking identifiers in prompts (Glasserman & Lin 2023,
Sarkar & Vafa 2024, Engelberg et al. 2025). However, implementation details matter, and this strategy’s wider
applicability is unclear. In our Congressional legislation example, it is not obvious what should be masked.
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different ways. We illustrate this by considering the threat of training leakage and how to manage
it across several examples.

Example 5 (Look-ahead bias and time-stamped models). Consider a researcher who
wants to predict stock returns from future financial news headlines. If the researcher evalu-
ates on recent headlines from 2024 using an LLM trained on data through 2025, the leakage
term is almost certainly positive: Both the researcher and the LLM builders had access to
2024 headlines. Any predictive success may reflect training leakage.

The solution in this case is to use open-source LLMs with fixed published weights, such
as the Llama family (Touvron et al. 2023, Grattafiori et al. 2024) and others (e.g., BLOOM,
OLMo, etc.), or time-stamped training data (e.g., Sarkar 2024, He et al. 2025). If the re-
searcher uses a model with weights published on date T and constructs an evaluation sample
using documents published after 7, then ¢7 (¢,) mechanically equals zero, since that infor-
mation could not have been in the training data. This eliminates training leakage by design.

Closed models like the GPT family from OpenAl or the Claude family from Anthropic
do not permit this solution. Their training data are undisclosed, and they may be continu-
ously fine-tuned. Researchers in natural language processing now regularly caution against
sending test data to the application programming interfaces (APIs) or chat interfaces of
closed LLMs, since these data may be used in further fine-tuning or the development of
new models (Jacovi et al. 2023).” Most worryingly, Barrie et al. (2024) illustrates that sub-
mitting the same prompt to GPT-4o yields results that change month-to-month, despite
there being no publicly announced changes to the underlying model.

Example 6 (Prediction on confidential documents). Suppose a researcher wants to pre-
dict, for example, whether administrative case notes are predictive of some decision, like pre-
trial release. In examples like this, the target population consists of confidential documents
that were never publicly released. Since these documents never entered any public corpus,
we can again credibly argue that 47 (¢,) = 0 for all documents, since they were never available
for training. This reasoning hinges on credibly claiming the documents’ provenance.

Example 7 (Random sampling from a known corpus). Consider a researcher with a
complete corpus of economics papers published between 2000 and 2020 who wants to pre-
dict citation counts from abstracts. The researcher draws a random sample to form their
evaluation set. In this case, the researcher’s sampling process is independent of the LLM’s
training data: Their random number generator knows nothing about which papers Ope-
nAl included in their training data. This implies ¢7'P(¢,) = ¢7 (t,)—learning that a paper
was randomly selected provides no information about whether it was trained on—so the
leakage term equals zero.

The logic is familiar from causal inference: Randomization eliminates omitted variable
bias by making treatment assignment independent of potential outcomes. Here, random
sampling eliminates training leakage by making the researcher’s evaluation sample inde-
pendent of the LLM’s training data. This can be applied whenever the researcher draws a
genuinely random sample from a well-defined corpus before using an LLM. The converse
is also important: Just as nonrandom treatment assignment resurrects possible confounding
in causal inference, nonrandom sampling may resurrect training leakage.

7Balloccu et al. (2024) estimate that 263 benchmarks may have been inadvertently leaked to OpenAl through
use of the chat interface and API, and Cheng et al. (2024) question the validity of publicly stated knowledge
cutoffs in closed LLMs.
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Example 8 (Prediction on the complete population). As a final example, suppose the
researcher collected all Congressional bill descriptions from 1973 to 2016 and wants to
understand what textual features predict passage. The researcher seeks to descriptively
characterize patterns in this specific historical corpus, not to make predictions on some pop-
ulation of legislation. When the researcher observes the entire population, the prediction
problem changes character. There is no sampling, and hence no inference to a broader pop-
ulation. In this case, 4° = 1 and the leakage condition is satisfied trivially: We are not asking
whether performance generalizes beyond what we observe. The complete-population case
licenses only descriptive conclusions about the collected corpus.

More broadly, these examples illustrate a general principle: Preventing training leakage is ulti-
mately about both research design and model properties. Researchers must be explicit about their
target population, their sampling procedure, and how that procedure relates to possible train-
ing corpora. When in doubt, the safest approach combines open-source models with published
weights or documented training data and evaluation samples constructed to mechanically exclude
the model’s training corpus.

4. ESTIMATION WITH LARGE LANGUAGE MODELS

In estimation problems, the researcher measures economic concepts V. expressed in text pieces 7
to estimate downstream parameters. The measurement f*(-) is costly to scale across thousands or
millions of text pieces. This is where LLMs enter as potential substitutes.

Using LLM outputs in plug-in estimation requires a strong assumption: The LLM must re-
produce the existing measurement everywhere. As discussed in Section 2.3, LLM performance
varies across similar tasks, and benchmark evaluations provide little guidance on new applications.
We demonstrate this empirically: Seemingly minor choices (which LLM, which prompt) sub-
stantially affect downstream parameter estimates in applications to finance and political economy.
These choices change the magnitude, significance, and even sign of estimated parameters. The
solution: collecting a small validation sample and using it to debias the LLM’s outputs.

4.1. The Researcher’s Estimation Problem

The researcher specifies a parameter § € © and a moment condition g(-) that identifies this
parameter. If they collected the economic concept V. on each text piece 7, they would calculate

~ 1
6 =arg1g;1@r)1ﬁZD, VW, 0). 5.
reR
For example, letting g(V,, W,; 0) = (V, — W/0)?, the researcher studies how V; relates to the linked
variables W, and 6* is the sample regression coefficient. Due to the text processing problem,
however, the researcher cannot calculate 6* directly.

The researcher prompts an LLM to measure the economic concept on each text piece, V=
m(r; t), and plugs in the LLM’ labels

~ 1 .
0 = argmin N ZD,.g(m(if; t), W,; 0). 6.

0ec®
reR

When can we draw conclusions about 6* based on 6?

We associate the researcher with a research context Q(-) € Q satisfying Assumption 1. We
assume that the researcher could study any moment condition g(-) € G satistying the following
assumption.
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Assumption 2. Forall g(-) € G, g() is differentiable and there exists some G > 0 such that

’W‘ < Gforally € R,0 € ©, and values of the economic concept v.

As the number of economically relevant text pieces grows large (see Supplemental
Section C.1), we can characterize the behavior of both estimators. The target moment condition
converges to, at any parameter value 6 € O,

1 1 »
=" DgVy, Wi 6) — Eq | Y. Dig;, W, 0) | 5 0. 7.
N 2D Eq[X,er D/] Q{Z; g

Conditional on the LLM’ realized training data set, the plug-in moment condition converges to,
at any parameter value 0 € ©,

1 | P
E D,gV:, W, 0) — E D,g@@i(r; ©),W,;0) | T =t 0. 8
NI « ) Eo[},cr Dy I T =] ¢ |:§ gt : i|

As in the prediction problem, conditioning on the training data set simplifies analysis by treating
the LLM as a fixed mapping.

Given an LLM with guarantee M, the researcher would like to recover the moment condition
defined using the economic concept.

Definition 2. The LLM 7(-; t) with guarantee M automates the existing measurement
f*() for the moment condition g(-) in research context Q(-) if, for all models satisfying the
guarantee 72(-) € M and all 0 € O,

Eo [Z D,g(n(r),W,;0) | T = t} =Eq [Z D,g(V,, W, 9)} :

reR reR
The LLM 7(-; t) with guarantee M is a general-purpose technology for estimation if it
automates the researcher’s measurement process for all g(-) € G and Q() € Q.

The excitement around LLMs stems from their potential as “general-purpose technologies”™—
tools deployable across diverse applications without task-specific engineering (e.g., Eloundou
etal. 2024). For estimation problems, this would mean reliably substituting for existing measure-
ments across different economic concepts and research contexts. Definition 2 formalizes what this
requires: The LLM must produce moment conditions matching the existing measurement pro-
cedure, regardless of which moment condition or population the researcher studies. If an LLM
satisfies this property, researchers can confidently use its outputs for plug-in estimation knowing
only the guarantee M.

4.2. Measurement Error as a Threat to Estimation

We clarify what guarantee M is necessary and sufficient for an LLM to automate the existing mea-
surement. We decompose the difference between the plug-in moment condition and the target
moment condition into two terms.
Lemma 2. Under Assumption 1, for any research context Q(-) € Q, moment condition
g)eg, and text generator  #(), Eq[Y,.x D,gn(r),W,;0)| T =t]—
Eq [Y,cr Drg(Vy, W, 6)] equals

(EQ [Z D,g(in(r), W,; 9)} —Eg [Z D,gV:, W,; H)D

reR reR

TID(y
8, [Z D, (L 1) g, e)} .

reR
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The second term captures training leakage, that is, the potential overlap between the LLM’s train-
ing data set and the researcher’s evaluation sample. As discussed in Section 3.4, training leakage
can be controlled through appropriate choice of model and research context. For example, if the
researcher collects all text pieces in their research context or randomly samples text pieces, then
training leakage is mechanically zero.

We therefore focus on the first term, which captures possible LLM errors. Intuitively, LLM
errors A, = 7i(r; t) — V, can bias parameter estimates if they correlate with the economic vari-
ables I,. A natural question arises: What if we know the LLM is “pretty good”—say, within
some § of the true measurement everywhere? This is what we might be tempted to conclude from
impressive benchmark evaluations and demonstrations of LLM capabilities. More precisely, sup-
pose the LLM satisfies the guarantee M(Q, §), that is, the collection of text generators satisfying
|7(-) — f*()“OOQ = max, g, p_, [#(r; t) — f*(r)| < 8. Does this ensure valid plug-in estimation?

Unfortunately, knowing the guarantee M(Q, §) does not tell us about the exact pattern of er-
rors and whether they relate to economic variables in ways that bias our estimates. We say that a
moment condition g(-) is sensitive to the economic concept V; in research context Q(-) if 47 > 0
and there exists some G > 0 such that |W| > Gforall v, 0. Let R(g, Q) denote the collection
of sensitive text pieces.

Lemma 3. Consider any moment condition g(-) € G in research context Q(-) € Q. Then,
() for all & € © and 7(-) € M(Q, §) satisfying no training leakage,

< Gs. 10.

Eq |:Z Drg(ﬁ(r)7 W.;0)|'T= t:| —Eo |:Z Drg(Vr; W, 9):|

reR reR

However, (b) for all 6 € ©, there exists 71(-) € M(Q, §) that satisfies no training leakage such
that, for () defined in the proof,

=G| > 180)lg?

reR(g,Q)

Eq [Z D,g((r), W, 0) | T = t} ~Eqo [Z D,g(V;, W e)}

reR r€R

11.

Lemma 34 shows that guarantee M(Q,§) bounds the LLM’s error for the moment condition.
However, this is not enough for the LLM to automate the existing measurement. Lemma 35
shows that text generators satisfying the guarantee M(Q, §) can still produce meaningful estima-
tion errors. We cannot rule out that the LLM’s errors correlate with economic variables in ways
that bias estimates. This makes measurement error pernicious.

This leads to our main characterization. Researchers can safely ignore the details of the LLM’s
design no matter the research context studied and economic question being asked if and only if its
labels reproduce the existing measurement process everywhere. Anything less cannot guarantee
valid plug-in estimation across all possible applications.

Proposition 2. Suppose the LLM 7i(-; t) satisfies no training leakage in all research con-
texts Q(-) € Q@ and moment conditions g(-) € G. Provided there exists some g(-) € G that
is sensitive to the economic concept for any 7 € R, then the language model is a general-
purpose technology for estimation if and only if 7(:; t) satisfies the guarantee M(Q, 0) for
all research contexts Q(-).

4.3. Some Evidence of Measurement Error

Plugging in LLM outputs requires that the model reproduces the target measurement pro-
cess f*(-). While their impressive performance on some tasks makes this assumption appealing,
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Section 2.3 showed such intuitions about LLMs are unreliable. No LLM achieves perfect accu-
racy on benchmark evaluations, and growing evidence documents their surprising errors. Does this
matter for economics research? We next show that LLM errors substantially affect downstream
parameter estimates in two empirical examples.

4.3.1. Linear regression with LLMs. Consider a researcher relating the economic concept V.
and linked variables I, through linear regression. The researcher may use the LLM’s labels as
the dependent variable,

V,=W/B*+ ¢ and m(r; t) = W/ + €, 12.
or the independent variable,
W, =V!a*+ v, and W, = m(r; t) o + V. 13.

The bias depends on how the LLM’s error A, = 7i(r; t) — V, varies across text pieces. These are
well-known results, dating back to Bound et al. (1994).

Proposition 3. Consider the research context Q(-) and assume ¢7 (t,) = ¢7'P(t,) for all
reR.

(@) Defining Aa | to be the coefficients in the regression of A, = 7(r; t) — V, on W, in
the research context Q(-), we have 8 = B* + Aa-

(b) Defining 1,5 to be the regression coefficients of V, on 7(r; t) and A, to be
the regression coefficients of 7, on 7(r; t) in the research context Q(-), we have
o= )\V‘pot* + A,

When the economic concept is the dependent variable, the bias equals the best linear predictor of
the LLM’ errors given the covariates. When the economic concept is the independent variable,
the bias has a more complex form involving attenuation and correlation between the error and the
residual. Knowing the LLM is “accurate” provides no guarantee about these biases. What matters
is whether errors correlate with economic variables in the specific regression.

4.3.2. Assessing measurement error in financial news headlines. We return to the financial
news headlines data set, focusing on headlines published in 2019 for 6,000 publicly traded stocks.
We observe each headline’s text 7, publication date, and stock ticker. We merge realized returns
at various horizons (1, 5, and 10 days) after publication and lagged returns before publication
(Wharton Research Data Services 2024).

Financial news headlines express various economic concepts that we could measure and relate
to realized stock returns. We focus on one: Is the headline positive, negative, or neutral news for
the company? While we could read every single financial news headline published in 2019, this
process would be painstaking. It is natural to use LLMs to solve this text processing problem.

We take each financial news headline 7 and prompt LLMs to label each news headline as pos-
itive, negative, or neutral news for the company it refers to, V. := #i(r; t). This requires making
several practical choices: What specific LLM to use? What prompt engineering strategy? If alter-
native choices lead to different labels and downstream estimates, this would indicate nonignorable
errors in the LLM outputs.

We prompt GPT-3.5 Turbo, GPT-40, GPT-40 Mini, GPT-5 Mini, and GPT-5 Nano to la-
bel each financial news headline 7, using nine alternative prompts to each model. Our two base
prompts provide the LLM with the text of the headline 7 and ask it to label whether this news
is positive, negative, or neutral for the company; we also ask the LLM to provide its confidence
and a magnitude in the label. Our two base prompts differ in how they ask the model to format
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Table 1 Variation in point estimates across large language models and prompting strategies
on financial news headlines

Return horizon Return horizon
Point estimates | 1 day 5 days |10 days Point estimates | 1 day | 5 days |10 days
Mean —0.677 —0.290 0.289 Mean 1.219 1.027 1.088
Median —0.221 0.141 0.637 Median 0.862 1.082 1.156
5th percentile —2.475 | —-1.787 | —1.584 5th percentile 0.092 | —-0.201 | —0.126
95th percentile 0.079 0.465 1.186 95th percentile | 3.474 | 2.325 2.505
Sample average 0.045 0.316 0.588 Sample average | 0.045 | 0.316 0.588
Positive labels Negative labels

On financial news headlines from 2019, we prompt GPT-3.5 Turbo, GPT-40 Mini, GPT-40, GPT-5 Mini, and GPT-5 Nano
to label each headline according to whether it expresses positive, negative, or uncertain news about the respective company
using alternative prompting strategies. For each model 72 and prompt p, we regress the realized returns of each stock within 1
day of the headline’s publication date on each large language model’s labels IZ” P the large language model’s assessed magnitude
denoted S7?, and their interaction, controlling for lagged realized returns. See Section 4.3 for discussion.

its reply, either as filling-in-the-blanks text or as a structured JavaScript Object Notation (JSON)
object. The prompts are provided in Supplemental Section E.

We further vary these base prompts in two ways, motivated by popular prompt engineering
strategies (Liu et al. 2023, White et al. 2023, Chen et al. 2024, Wei et al. 2024). First, we request
the LLM adopt one of four different personas, like “knowledgeable economic agent” or “expert
in finance.” Second, we append three prompt modifiers that ask the LLM to “think carefully” or
“think step-by-step” and provide an explanation for its answer. For each financial news headline 7,
we obtain labels 7" associated with a collection of different LLMs 7 and prompting strategies p.

For each model 7 and prompt p, we regress the realized returns of each stock within 1 day, 5
days, and 10 days after the headline’s publication date ¥, on the LLM’s labels v, controlling
for the model’s reported magnitudes and lagged realized returns. We report the coefficients Em,p
on whether the LLM labels the headline as positive and whether the LLM labels it as negative,
as well as their associated t-statistics with standard errors clustered at the date and company lev-
els. Figure 1 and Table 1 summarize the results. Simply changing the prompt or model yields
markedly different estimates. Many prompt-model combinations produce different directions and
magnitudes of the relationship between the positive/negative label and the realized returns.?

4.3.3. Assessing measurement error in Congressional legislation. We next return to the
Congressional legislation data. For each bill, we observe the text of its description 7 as well as
a collection of economic variables I7,, such as the party affiliation of the bill’s sponsor, whether
the bill originated in the Senate, and a measure of ideological positioning based on roll-call votes
known as the DW1 score. A researcher might reasonably study how these variables shape the topic
of each bill, V.. Could we use an LLM to collect those labels?

We randomly select 10,000 Congressional bills and separately prompt GPT-3.5 Turbo,
GPT-40, GPT-5 Mini, and GPT-5 Nano to label each Congressional bill for its policy area
using alternative prompting strategies, including base prompts that modify the requested for-
mat, persona modifications, chain-of-thought modifications, and even few-shot examples (see
Supplemental Section E for the specific prompts we used).

8Supplemental Figure A3 shows substantial variation in the pairwise agreement in the labels produced. There
appear to be no consistent patterns in which pairs of prompting strategies tend to have the most agreement.
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Figure 1

Variation in t-statistics for realized returns across large language models and prompting strategies on
financial news headlines. On financial news headlines from 2019, we prompt GPT-3.5 Turbo, GPT-40 Mini,
GPT-40, GPT-5 Mini, and GPT-5 Nano to label each headline according to whether it expressed positive,
negative, or uncertain news about the respective company using alternative prompting strategies. For each
model 7 and prompt p, we regress the realized returns of each stock within 1 day, 5 days, or 10 days of the
headline’s publication date on each large language model’s labels 1;”?, the large language model’s assessed
magnitude denoted S/*?, and their interaction, controlling for lagged realized returns. We separately report
the t-statistics associated with the regression coefficients on whether the headline is labeled as positive or
negative news (standard errors are two-way clustered at the date and company level). In each subplot, the
t-statistics are sorted in ascending order for clarity. See Section 4.3 for discussion.

We regress the labeled economic concept V"' —in this case, the policy topic of the bill—
against linked covariates W, separately reporting the coefficients //B\m)p and their associated
t-statistics. Figure 2 and Table 2 summarize the variation in the resulting estimates across
models and prompts. For each combination of labeled policy topic and linked covariate in the
Congressional bills data set, we see substantial variability across different LLMs and prompt-
ing strategies.” Once again, simply changing the prompt or model yields remarkably different
downstream estimates.

9Supplemental Figure A4 calculates the pairwise agreement in the labels produced by alternative prompting
strategies p. We again find substantial variation in the pairwise agreement in the labels produced.
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Table 2 Variation in point estimates across large language models and prompting strategies on Congressional bills

Point estimates Sample
Policy topic Covariate Mean Median 5% 95% average

Health DW1 —0.018 —0.020 —0.023 —0.006 0.150

Health Democrat 0.012 0.014 0.003 0.016 0.150

Health Senate 0.005 0.004 0.001 0.012 0.150

Banking, finance, and | DW1 0.013 0.013 0.007 0.022 0.127
domestic commerce

Banking, finance, and | Democrat —0.010 —0.010 —0.015 —0.004 0.127
domestic commerce

Banking, finance, and | Senate —0.008 —0.009 -0.016 —0.001 0.127
domestic commerce

Defense DW1 0.022 0.022 0.015 0.034 0.204

Defense Democrat —0.005 —0.004 —0.009 0.000 0.204

Defense Senate —0.008 —0.006 -0.019 —0.003 0.204

Government DW1 0.015 0.015 0.000 0.028 0.281
operations

Government Democrat —0.005 —0.004 —-0.014 0.003 0.281
operations

Government Senate —-0.013 —-0.013 —0.020 —0.006 0.281
operations

Public lands and water | DW1 0.027 0.027 0.020 0.030 0.238
management

Public lands and water | Democrat —0.006 —0.007 —0.010 —0.003 0.238
management

Public lands and water | Senate 0.032 0.032 0.025 0.036 0.238
management

On 10,000 Congressional bills, we prompt GPT-3.5 Turbo, GPT-40, GPT-5 Mini, and GPT-5 Nano to label each Congressional bill according to its

policy topic using alternative prompting strategies. For each model 7 and prompt p, we regress an indicator for whether the large language model labeled a
Hmp

particular policy topic 1{V,”” = v} on alternative covariates I¥,.. For comparison, the final column (sample average) reports the fraction of all Congressional

bills assigned to the policy topic 1{l; = v}. DW1 refers to a measure of ideological positioning based on roll-call votes. See Section 4.3 for discussion.

4.4. Practical Guidance with Validation Data

Given the evidence on LLM brittleness in Section 2.3, it is difficult to defend the assumption of no
measurement error in LLM outputs for estimation problems. The solution is to collect measure-
ments V, = f*(r) on a small validation sample and use them to debias the plug-in estimate based
on the LLM labels 7. The virtues of validation data have been understood for decades (Bound &
Krueger 1991, Bound et al. 1994, Lee & Sepanski 1995). This approach has been recently revived
in machine learning to handle the types of mismeasured covariates and outcomes produced by
modern machine learning models (see, e.g., Wang et al. 2020, Angelopoulos et al. 2023, Egami
etal. 2024, Carlson & Dell 2025).

We illustrate the value of validation data using the familiar case of linear regression. We review
the mechanics of debiasing when the LLM label appears as the dependent variable, suggest when
it will work well using asymptotic arguments, and demonstrate finite sample performance using
Congressional legislation. Our discussion is pedagogical; we refer the readers to the works above
for more general settings.

302 Ludwig « Mullainathan e Rambachan



EC18_Art12_Rambachan ARjats.cls March 27,2026 12:23

4.4.1. An illustration with linear regression. Return to the case where the researcher wishes
to regress the economic concept V. on the linked variables ¥, but relies on the LLM labels instead
and reports the plug-in regression v, = WB + €,. Supplemental Section C.2 considers when
the economic concept V, is a covariate.

Proposition 3 established that the bias of the plug-in regression coefficient 8 depends on how
the LLM’ error A, = 7i(r; t) — V, covaries with W,. This suggests a natural solution: on a ran-
dom subset of the researcher’s data set, collecting V. using the existing measurement f*(-). For
example, the researcher reads and labels a subset of the text pieces themselves. We call the text
pieces on which the researcher observes (r, W}, 7i(r; t), V) the validation sample, and we refer to
the remaining text pieces on which they observe (r, W}, 7i(r; t)) as the primary sample.

In the validation sample, the researcher can estimate the bias A by forming A, = 7i(r; t) —
V, on the validation sample and regressing it on I¥,.. The validation sample can therefore be used
for two purposes. First, it provides a target to optimize when selecting a model and prompt. For
any choice of LLM 7z and prompt p, the researcher can estimate the bias of the plug-in regression
/):’A”’"%/ associated with the labels IZ"”’”’ and thereby select the combination that results in the smallest
bias.

Second, and more importantly, the validation sample enables bias correction. Rather than
reporting the plug-in coefficient B, the researcher reports

Edcbiascd — E _ ’}:A\W . 14.

This is exceedingly simple to implement: It suffices to run two regressions—regressing 7 (r; t)
on W, in the primary sample and regressing A, on W, in the validation sample—and subtract.
Inference is equally straightforward: For example, researchers may bootstrap the primary and
validation samples.

As discussed in Supplemental Section C.2, the bias-corrected estimator has desirable theo-
retical properties. Consider a research context where the researcher randomly samples text pieces,
allocating a fraction p,, to the primary sample and a fraction p, to the validation sample. As the
number of economically relevant text pieces grows large, the bias-corrected estimator Bdbiased j
consistent for the target regression coefficient £*. Bibiased is asymptotically normal with limiting
variance given by

- (1 ;ppp 02, + Jopyoam + %agw) , 15.

v

where oy is the standard deviation of the linked variable I, across all text pieces, o5, is the
standard deviation of the product IZ x W,, and o s is defined analogously. The precision of the
bias-corrected estimator depends on the relative size of the validation sample versus the primary
sample as well as the variability of the LLM’s label I’/\, and measurement error A, across text pieces.

A natural question arises: If we collect validation data anyway, why bother with the possibly
mismeasured LLM labels on the primary sample? The validation-only estimator 8* is also con-
sistent and asymptotically normal: Its limiting variance is given by o, (%oﬁw). Comparing

these expressions reveals that the bias-corrected estimator is more precise when

1 - 14 1 - Pv
Oy 207w oaw < —= (o — okw). 16.
P v

This comparison depends on the relative standard deviation of the existing measurement V, and
the LLM’s error A,. Equation 16 implies that the bias-corrected regression coefficient can be
more precisely estimated than the validation-sample-only regression coefficient if the LLM’ la-
bels are sufficiently accurate. Correctly incorporating imperfect LLM outputs can result in tighter
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standard errors than ignoring the LLM altogether. This phenomenon has been documented in
recent machine learning research—for example, by Angelopoulos et al. (2023) and in associated
work—that combines validation data with the outputs of machine learning models to estimate
downstream parameters.

In other words, a free lunch is possible: using the LLM to solve the text processing problem
while delivering precise estimates of the target regression coefficient. Importantly, LLM outputs
are not substitutes for existing measurements; instead, they amplify a small validation sample.

Finally, validation data provide another critical benefit: They address concerns about speci-
fication searching that arise from LLM brittleness. As seen, alternative choices of prompts and
models can yield dramatically different downstream estimates, creating a severe p-hacking risk.
With countless possible prompts and multiple competing LLMs, researchers could search across
specifications until finding the desired results. Provided the researcher collects validation data
and debiases whatever LLM output they collect, alternative choices of prompting strategy and
LLM target the same empirical quantity: the parameter 6 defined using the researcher’s existing
measurement.

4.4.2. Monte Carlo simulations based on Congressional legislation. The Congressional
legislation data is well suited to illustrate the value of validation data. The Congressional Bills
Project trained teams of human annotators to label the description of each Congressional bill »
according to its major policy topic area V. = f*(r), describing whether the bill falls into one of
20 possible policy areas.!® Given the widespread use of these labels, researchers are comfort-
able using these measurements in downstream analyses. Can an LLM automate the measurement
procedure f*(-)?

For a given policy topic V, (e.g., health, defense, etc.), linked covariate W, (e.g., whether the
bill’s sponsor was a Democrat, etc.), and pair of LLM 7 and prompting strategy p, we randomly
sample 5,000 bills. On this random sample of 5,000 bills, we calculate the plug-in coefficient 8
by regressing V™" on the linked variable W¥,. We next randomly reveal the existing label 7, on
250 (i.e., 5%) of our random sample of 5,000 bills, which produces a validation sample. We then
calculate the bias-corrected coefficient g%iased, We repeat these steps for 1,000 randomly sampled
data sets. Across simulations, we calculate the average bias of the plug-in coefficient and the bias-
corrected coefficient for the target regression 8* associated with regressing the existing label V.
on the linked variable 77, on all 10,000 bills. We repeat this exercise for each combination of bill
topic V}, linked covariate W,, LLM m (GPT-3.5 Turbo, GPT-40, GPT-5 Mini, or GPT-5 Nano),
and prompting strategy p. Supplemental Section D.1 varies the size of the validation sample,
finding similar results even when the validation sample contains as few as 125 bills.

Figure 3 and the top panel of Table 3 compare the average bias of the plug-in coefficient
B and the bias-corrected coefficient gibied for the target regression f* (normalized by their
standard deviations) across possible combinations of bill topic V}, linked covariate W, LLM 72, and
prompting strategy p. For most regression specifications and pairs of LLM and prompting strategy,
the simple plug-in regression suffers from substantial biases. Using the validation sample yields
estimates that are reliably unbiased; indeed, the bias-corrected regression coefficient performs
remarkably well across all regression specifications and pairs of LLM and prompting strategy.

For each regression specification and pair of LLM and prompting strategy, Table 3 summa-
rizes the fraction of simulations in which a 95% confidence interval centered at either the plug-in
coefficient or the bias-corrected coefficient includes the target regression f*. The nominal 95%

10The Congressional Bills Project states that all annotators were trained for a full academic quarter before
beginning this task (Jones et al. 2023).
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Figure 3

Normalized bias of the plug-in regression and bias-corrected regression across Monte Carlo simulations based on Congressional

legislation. The normalized bias reports the average bias of the plug-in regression coefficient B and the debiased coefficient gdebiased for

the target regression coefficient divided by their respective standard deviations across simulations. We summarize the distribution of

normalized bias and coverage across regression specifications, choice of large language model, and prompting strategies. For each

combination of model topic V7, linked covariate W, large language model 7, and prompting strategy p, we randomly sample 5,000

Congressional bills and calculate the plug-in regression coefficient 8 and the bias-corrected regression coefficient f4bi5¢d hased on a
5% validation sample. See Section 4.4 for discussion.

confidence interval for the bias-corrected regression coefficient has approximately correct cov-
erage across all regression specifications, LLMs, and prompting strategies. By contrast, plug-in
estimation often suffers from severe coverage distortions.

Finally, we can use these data to answer the following question: If we already collected mea-
surements V. in a validation sample, what is the value of the LLM labels? For each regression
specification, LLM, and prompting strategy, we compare the average mean square error of the
bias-corrected coefficient and the validation-sample-only coefficient for the target regression f*.
Figure 4 plots the resulting distribution across all choices of bill topic V,, covariate ¥, and pair
of LLM and prompting strategy. The average mean square error of the validation-sample-only
coefficient is always higher (less precisely estimated) compared to the bias-corrected coefficient.
Substantial precision improvements from using LLM outputs are possible in finite samples.

Taken together, these results indicate that estimation is a promising use case for LLMs if
the researcher collects a validation sample to correct for LLM errors. LLMs can then lower the
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Table 3 Summary statistics for normalized bias and coverage across Monte Carlo simulations based on

Congressional legislation

GPT-3.5 Turbo GPT-40
Median 5% 95% Median 5% 95%
Normalized bias Normalized bias
Plug-in —-0.023 —1.899 2211 Plug-in 0.084 —1.411 1.514
Debiased 0.001 —0.055 0.066 Debiased 0.001 —0.055 0.054
Coverage Coverage
Plug-in 0.820 0.381 0.945 Plug-in 0.920 0.637 0.954
Debiased 0.930 0.910 0.945 Debiased 0.927 0.902 0.945
GPT-5 Mini GPT-5 Nano
Median 5% 95% Median 5% 95%
Normalized bias Normalized bias
Plug-in 0.030 —1.646 1.567 Plug-in 0.168 -2.079 2.092
Debiased —0.002 —0.052 0.054 Debiased 0.005 —0.052 0.060
Coverage Coverage
Plug-in 0.906 0.589 0.953 Plug-in 0.779 0.387 0.953
Debiased 0.927 0.903 0.945 Debiased 0.930 0.906 0.946

The normalized bias reports the average bias of the plug-in regression coefficient 8 and the debiased coefficient fbissed for the target regression

coefficient divided by their respective standard deviations across simulations. The coverage reports the fraction of simulations in which a 95% nominal

confidence interval centered around the plug-in regression coefficient § and the bias-corrected coefficient 91554 covers the target regression coefficient.

We summarize the distribution of normalized bias and coverage across regression specifications, choice of large language model, and prompting strategies.

For each combination of model topic V., covariate W, large language model 7, and prompting strategy p, we randomly sample 5,000 Congressional bills

and calculate the plug-in regression coefficient § and the bias-corrected regression coefficient 4P using a §% validation sample. Results are averaged
over 1,000 simulations. See Section 4.4 for discussion.
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cost of data collection and improve statistical precision while preserving the familiar econometric
guarantees we desire.

4.5. Estimation without Validation Data

When using LLMs in estimation problems, validation data enable correct inference by allowing
the researcher to estimate and correct for LLM errors. But what if such data cannot be col-
lected? Before considering possible paths forward, the researcher must make a judgment call:
Does there exist, even in principle, a measurement procedure f*(-) that would produce labels V.
the researcher would trust? This is not a statistical question, but a conceptual one about the nature
of the economic concept being studied.

4.5.1. When ground truth exists. Suppose the researcher believes there exists a true value
of the economic concept for each text piece, even if measuring it is costly or time-consuming.
Consider labeling Congressional bills’ policy topics. The researcher might be confident that if
they (or trained experts) carefully read each bill, they could reliably classify policy topics. The
researcher may still not collect validation data despite believing ground truth exists—perhaps due
to budget constraints, time pressure, or confidence in LLM accuracy. In this case, the researcher
might pursue one of two paths that might appear defensible but ultimately are not.

First, the researcher could argue there are no errors in the LLM’ outputs 7(r; t), justifying
plug-in estimation. This argument is difficult to defend at present. A researcher proceeding this
way must somehow argue why an LLM’s output exactly reproduces the economic concept, even
though it is imperfect on benchmarks, and why evidence on LLM brittleness does not apply.
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Figure 4

Cumulative distribution function (CDF) of mean square error (MSE) for the bias-corrected estimator against validation-sample-only
estimator. For each combination of model topic V., covariate ¥}, large language model 7, and prompting strategy p, we randomly
sample 5,000 Congressional bills and calculate the bias-corrected regression coefficient using a 5% validation sample and the
validation-sample-only regression coefficient. We calculate the MSE of gdebissed and g* for the target regression, and we average the
results over 1,000 simulations. We summarize the distribution of average MSE across regression specifications, choice of large language
model, and prompting strategies. See Section 4.4 for discussion.

Second, acknowledging that LLM outputs are imperfect, the researcher might write down a
statistical model of errors A, = 7(r; t) — f*(r), just as we would in the measurement error litera-
ture. Consider a stylized model: For a given LLM 7z, the errors A, =V, — V™ across prompting
strategies p are independent. Such an assumption would suggest particular solutions: Perhaps the
researcher could use one prompting strategy as an instrument for another. For a given LLM 7, its
labels across prompting strategies p are surely correlated with one another. Across language mod-
els m, there is surely substantial overlap in training data sets. Consequently, the labels V" are
correlated (Kim et al. 2025). Taking a step back, our usual measurement error frameworks were
not designed for a setting like this in which the measurement comes from an algorithm whose
behavior we do not fully understand, applied to a quantity we do not observe.

Given these challenges, the practical answer is clear: investing effort and collecting a small
validation sample.
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4.5.2. When ground truth is undefined. Suppose the economic concept is sufficiently abstract
or subjective that the researcher is uncomfortable articulating what “ground truth” would even
mean. In this case, the researcher could define the object of study as the LLM’s outputs themselves.
The concept simply is, for example, whatever GPT-40 produces with a given prompt. This makes
plug-in estimation valid by definition.

However, the researcher is now in uncharted territory. This seemingly minor shift has impor-
tant implications. When a new prompt engineering strategy is produced, should we publish a new
paper? When OpenAl inevitably releases GPT-6, should we revisit all published work that used
GPT-5? In Section 4.3, we found that variation across models and prompts can be enormous:
Different prompts and models can even yield estimates with different signs. If 60% of model-
prompt combinations suggest a positive relationship and 40% suggest a negative one, what have
we learned?

More fundamentally, defining the LLM’s outputs as the object of study sidesteps the hard
(and economically interesting) question. We care about the underlying economic concept, not
the LLM’s outputs. When facing such conceptual ambiguity, the scientific response is to acknowl-
edge it and probe from multiple angles, not to privilege one operationalization of the concept.
This is especially true with LLMs, since we have found them to be brittle and unreliable on even
well-defined tasks, as discussed in Section 2.3.

What might a more systematic investigation look like? As an example, suppose we compared
an LLM’s outputs with measurements produced by the researcher or domain experts. How do
they differ? Where do they agree and disagree? This work would help us articulate what ex-
actly the economic concept we are studying is. By contrast, treating the LLM as ground truth
bypasses this essential work: grappling with what the economic concept means and how best to
measure it.

Altogether, the researcher must ask themselves: Is it truly the case that no measurement pro-
cedure exists—even in principle—that they would trust? Or does one exist, but they are reluctant
to invest in collecting even a small validation sample? These are fundamentally different situa-
tions. The former presents a genuine conceptual challenge deserving serious attention. The latter
substitutes convenience for scientific rigor.

5. NOVEL USES OF LARGE LANGUAGE MODELS

In addition to familiar prediction and estimation problems, LLMs enable exciting novel
applications—simulating human subject responses or generating research hypotheses—that ex-
pand what we consider possible in empirical work. We offer one interpretation by mapping these
applications into our framework. More broadly, these creative uses raise important questions about
inferential goals, and we encourage further work to think rigorously about what researchers are
ultimately trying to accomplish with such applications.

5.1. Human Subject Simulation

A growing body of research uses LLMs to simulate human subjects as in-silico subjects across
economics (e.g., Horton 2023, Manning et al. 2024, Mei et al. 2024), marketing (e.g., Brand et al.
2023), finance (e.g., Bybee 2024), political science (e.g., Argyle et al. 2023), and computer science
(e.g., Aher et al. 2023).

This maps into our framework by reinterpreting text pieces » € R and the existing measure-
mentf*(-). Each text piece 7 represents an experimental design or survey instrument, and V/, might
represent the average or model human response. If the researcher collected human responses V,

Ludwig o Mullainathan  Rambachan



EC18_Art12_Rambachan ARjats.cls March 27,2026 12:23

they would calculate downstream parameter estimates (Equation 5). However, collecting human
responses is costly, so the researcher instead substitutes LLM responses 7(r; t) = V, and reports
the plug-in parameter estimate (Equation 6).

Example 9 (Testing anomalies). To test violations of risky choice models, behavioral
economists construct anomalies—lottery menus that highlight flaws in the economic
model, such as the Allais Paradox (Allais 1953) or the Kahneman-Tversky choice experi-
ments (Kahneman & Tversky 1979). Could LLMs simulate human choices 7(7; t) on new
anomalies?

Example 10 (Large-scale choice experiments). To compare risky choice models, re-
cent work measures predictive accuracy across diverse lottery problems (Erev et al. 2017,
Fudenberg et al. 2022). Peterson et al. (2021) recruited nearly 15,000 M Turk respondents
to make over one million choices V, from lottery menus 7, producing the Choices13K data
set. Could LLMs simulate the Choices13K data set?

Viewing human subject simulation as an estimation problem implies in-silico subjects must ex-
hibit no measurement error (Proposition 2): The LLM must reproduce human subject behavior
on the researcher’s experiment or survey. While some studies show LLMs reproduce published
experiments, counterexamples abound: LLM responses to psychology experiments appear to pro-
duce more falsely significant findings than human subjects (Cui et al. 2024), cannot accurately
reproduce the responses of human subjects on opinion polls (Santurkar et al. 2023, Boelaert et al.
2024), and can be sensitive to prompt engineering on economic reasoning tasks (Raman et al.
2024). Moreover, estimation problems require no training leakage. Since published experiments
likely enter the LLM training corpora, the key question is whether LLMs can simulate behavior
on entirely new experimental designs and not merely reproduce memorized results (Manning &
Horton 2025).

Viewing human subject simulation as an estimation problem also implies a practical fix: col-
lecting responses from at least some real human subjects. Consequently, in-silico subjects serve
to amplify, rather than fully replace, human subjects. We refer the reader to recent works, such as
those by Broska et al. (2025), Krsteski et al. (2025), and Zhang et al. (2025), which provide further
guidance on debiasing in-silico subjects.

5.2. Hypothesis Generation

Recent work uses LLMs to generate hypotheses across diverse applications: predicting user
engagement from headlines (Batista & Ross 2024, Zhou et al. 2024), suggesting instrumental
variables (Han 2025), proposing research ideas in natural language processing (Si et al. 2024),
and generating interpretable hypotheses that summarize estimated relationships between vari-
ables and text (Modarressi et al. 2025, Movva et al. 2025). We offer one interpretation viewing
this as a type of prediction problem.

Researchers provide prompts # containing one or more text pieces (e.g., a collection of head-
lines, a description of an empirical setting) and ask the LLM to generate a hypothesis 7(r; t) = Y,
that summarizes features or patterns in those texts (e.g., what drives engagement, what would be
a valid instrument). The researcher evaluates average hypothesis quality % > rer DrL(mn(r; t)—
though this scoring rule £(-) may be implicit or informal—to determine whether the LLM is useful
for hypothesis generation across different texts in the research context.

To assess whether the LLM is a useful tool for hypothesis generation in research context Q(-)—
that is, whether the quality of its hypotheses generalizes across different texts in that context—we
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need no training leakage (Proposition 1). Has the LLM seen this prompt or setting before? If so,
it may reproduce memorized hypotheses rather than demonstrate a new capability to generate
insights on novel texts. For example, an LLM trained on text describing distance to college as
an instrument for education returns might reproduce this strategy, leading us to overestimate its
ability to identify instruments in genuinely novel settings.

Hypothesis generation is an exciting frontier. Within economics, discussion about how ma-
chine learning and artificial intelligence are tools for hypothesis generation and scientific discovery
has been advanced by Fudenberg & Liang (2019), Agrawal et al. (2024), Ludwig & Mullainathan
(2024), Mullainathan & Rambachan (2024), and Mullainathan & Rambachan (2025). Further work
is needed to clarify our inferential goals in these settings—what constitutes a good hypothesis and
how we should evaluate LLM performance in generating it.

6. A CHECKLIST FOR EMPIRICAL RESEARCH

To help use our framework in practice, we briefly summarize its key guidance for researchers
incorporating LLM outputs in empirical work.

6.1. Identity Your Problem: Prediction or Estimation?

The first step is to identify your problem: Are you facing a prediction problem or an estimation?

In a prediction problem (Section 3), the researcher uses text pieces 7 to predict some linked out-
come Y, and evaluates the LLM’s sample average loss (1/N) " _p D,-£(Y,,7(r; t)). The researcher
would like to understand whether this reflects the model’s predictive performance.

In an estimation problem (Section 4), the researcher measures an economic concept expressed
in text pieces 7 to estimate downstream parameters. There is a measurement procedure f*(-) that
could be applied (e.g., the researcher reading each text piece themselves) that would produce the
concept V, = f*(r) on all text pieces, and the researcher would, for example, run a regression of
V, on some linked covariates ¥, Since this is costly at scale, the researcher uses LLM outputs
V, := 7u(r; t) as a substitute.

6.2. Ensure No Training Leakage in Prediction Problems

Valid conclusions in prediction problems require one condition: no training leakage between the
LLMs training data and the researcher’s data set (Section 3.2).

The absence of training leakage is jointly determined by the prediction question and the model
choice. Researchers must be explicit about three key elements. The first is their target population:
What collection of text pieces do they ultimately want to make predictions on? The second is
their sampling procedure: How do they select evaluation samples from this population? And the
third is the LLM’s training provenance: How does this sampling procedure relate to plausible
training corpora used by the LLM? In Section 3.4, we illustrated how researchers can answer
these questions in multiple common empirical settings, such as predicting on future documents,
predicting on confidential documents, or constructing a random evaluation sample from a known
corpus.

When in doubt, the safest approach combines open-source models with published weights
or documented training data and evaluation samples constructed to mechanically exclude training
data. Researchers should avoid relying on closed models like the GPT from OpenAl or the Claude
from Anthropic families, since their training data are undisclosed and potentially continuously
updated. Finally, prompt engineering strategies (e.g., “ignore information after date t”) are not
reliable solutions to training leakage, as our evidence demonstrates.
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6.3. Collect Validation Data for Estimation Problems

In estimation problems, plugging in LLM outputs requires the strong assumption that the LLM
reproduces the existing measurement procedure—an assumption that is difficult to defend given
evidence on LLM brittleness in computer science (see Sections 2.3 and 4.2).

The solution is straightforward: on a random sample of text pieces, applying the existing mea-
surement procedure f*(-) to collect some labels V. This validation sample allows the researcher
to debias their downstream estimate for possible LLM errors. Section 4.4 provides a pedagogi-
cal treatment for linear regression when the LLM label appears as the dependent variable. We
found that this approach delivers approximately unbiased estimates and confidence intervals with
good coverage in finite samples. Moreover, the debiased estimator can be more precisely estimated
and can yield tighter standard errors than using the validation sample alone. In this sense, LLM
outputs amplify rather than replace existing measurements.

In our simulations, validation samples with as few as 125-250 text pieces provided substan-
tial benefits in terms of bias and coverage. The optimal size of the validation sample depends
on the trade-off between the cost of collecting measurements and the potential precision gains
from expanding the validation sample. This should be approached as a design choice similar to
determining sample size in surveys and experiments.

7. CONCLUSION

Machine learning and artificial intelligence expand the scope of empirical research in economics.
We now move beyond estimating average causal effects to learning personalized treatment ef-
fects (e.g., Athey & Imbens 2017, Wager & Athey 2018). We use unstructured data, such as
satellite images and digital traces, to infer outcomes at high frequencies and granular scales (e.g.,
Blumenstock et al. 2015, Donaldson & Storeygard 2016, Rambachan et al. 2024). We tackle pre-
diction policy problems (Kleinberg et al. 2015, 2018; Mullainathan 2025) and develop algorithms
for hypothesis generation (Fudenberg & Liang 2019, Ludwig & Mullainathan 2024, Mullainathan
& Rambachan 2024). LLM:s are the latest tools to enter empirical work.

By radically reducing the cost of analyzing vast text corpora, LLMs enable economists to tackle
questions previously impossible due to scale or expense. Using LLMs, researchers can predict mar-
ket reactions from earnings calls, measure sentiment across historical newspapers, track partisan
polarization in social media, and simulate human responses at minimal cost. Yet these are com-
plex algorithms that seemingly resist traditional econometric analysis. Our framework shows how
to harness LLMs despite their complexity. The straightforward practices we recommend unlock
LLMSs’ transformative potential for empirical research.
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