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Abstract

I use LLMs to forecast treatment effects of research studies pre-registered on the AEA RCT
Registry and the Open Science Framework. I focus on studies whose results were first publicly
released in 2026 and elicit forecasts from models whose training or knowledge cut-off dates were
before the relevant set of papers was released. First, LLM models extract forecasting questions
from the pre-registrations or pre-analysis plans. These questions elicit forecasted treatment
effects; not all resolve in the subsequent papers, but those that do can be used to consider
forecast accuracy. Forecasts were elicited for 889 treatment effects from 39 papers with results
disclosed in January 2026 or later, or 673 from 33 papers after screening. Forecasts were elicited
in raw units but I focus on those that could be standardized and therefore compared across
papers. Currently, the median absolute forecast error is 0.054 SD for the best model, the average
absolute error is 0.093 SD, and the MSE is 0.0218. The AI forecasts perform substantially better
than benchmarks forecasting 0 effect or forecasting the mean effect of other papers’ results in
that time period. Overall, these results suggest considerable scope for forecasts to be of value
in informing policy and research.
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1 Introduction

How well can we predict the results of a study before its findings are known? Decision-makers

regularly draw on existing evidence to anticipate the effects of a treatment, but often high-quality

evidence does not exist and they need to make their best guess. Large language models offer a

way to generate predictions from descriptions of research projects before they resolve, however,

the accuracy of these models is not known. Research on human forecasts documents they contain

predictive power as well as systematic errors (DellaVigna and Vivalt, 2025; Dreber et al., 2015;

Camerer et al., 2016), and recent evidence establishes that AI can also predict effects in social science

experiments (Ashokkumar et al., 2026). This paper shows that LLMs can forecast the magnitudes

of treatment effects across a broad range of economic interventions using pre-registrations and pre-

analysis plans. Their forecasts are informative not only about expected effects, but also about

uncertainty: predictive intervals have approximately their stated coverage, and wider intervals

identify effects that are harder to predict.

This paper considers recent projects registered on the AEA RCT Registry and the Open Science

Framework (OSF). The pre-registrations provide descriptions of planned trials in economics. I link

these registrations to their earliest identified public results. I restrict attention to those with papers

first shared in 2026, in order to use results released after the reported knowledge cutoff of GPT-5.5

in December 2025 and look at subsets from February 2026 and May 2026 in order to include still

more recent models like Opus 4.8, Fable 5, and GPT-6 Astra. More capable models, as measured

by the Epoch Capability Index (ECI), seem to do a better job forecasting than older models,

though the sample sizes available after their knowledge cut-off dates are correspondingly smaller.

In total, there were 889 forecasting targets for standardized treatment effects based on results for

39 papers. 673 of these, from 33 papers, passed some screening quality checks, and these form the

main analysis sample.

The median absolute forecast error for the most recent model (GPT-6 Astra, on a sample of 339

forecasts from 20 papers released since May 2026) is 0.054 SD, with a mean of 0.093 and a MSE of

0.0218. For comparison, using the leave-one-paper-out mean within a time period to forecast effects

in the remaining paper would produce a median absolute error of 0.092 SD, a mean of 0.126, and

a MSE of 0.0463. Another possible point of comparison is Vivalt (2020), which collected results
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from 635 impact evaluations across 20 development interventions. Across 47 intervention-outcome

combinations in that paper with at least 3 papers, a leave-one-out meta-analysis would predict

the results of another study with a median absolute forecast error of 0.112 SD, mean of 0.182,

and MSE of 0.102.1 While this sample of papers is different, and in principle a mixed model that

included useful explanatory variables could do better at forecasting, this is nonetheless a large gap in

forecasting performance. AI has been doing better than humans on other types of forecasting tasks,

such as forecasting geopolitical events (Forecasting Research Institute, 2026), and the models are

only improving, so there seems to be considerable scope for AI forecasts to usefully inform decisions

that would benefit from estimates of treatment effects.2

A growing literature uses LLMs to simulate human responses and economic behavior (Argyle

et al., 2023; Horton, 2023). Ashokkumar et al. (2026) use simulated responses to predict experimen-

tal treatment effects, studying primarily survey experiments in psychology and political science,

alongside a set of megastudies. This paper examines forecasts across a broad range of economic

interventions, asking models to predict treatment effect magnitudes from pre-registration materials.

This paper makes four main contributions. First, it shows that LLMs can directly forecast

economic treatment effects with small errors across a range of interventions and settings. Second,

it compares these forecasts against simple prediction benchmarks. Third, it illustrates that AI

forecasts are not only good at estimating the mean effect, but are also pretty well-calibrated in

their 10th–90th percentile predictive intervals and in “knowing when they do not know”: wider

intervals identify effects that are harder to predict. Finally, it shows that more accurate forecasts

are obtained for more detailed protocols.

These results imply that AI forecasts can be useful for informing priors in policy and research.

They also suggest that to be most useful, more information should be shared. Finally, while this

work suggests a role for forecasts, it also indirectly provides a perhaps sobering assessment of

current economics research: if results can already be forecast so well, what is gained from research

that only modestly overturns priors? Should we not be pursuing more ambitious projects?
1Weighting intervention-outcome groups equally and observations equally within groups.
2RCT evidence may remain the gold standard, however, RCT evidence is frequently not available to decision-

makers, so AI forecasts only need to improve on human forecasts in this case.
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2 Data and forecast construction

I construct a dataset linking public descriptions of planned research with resultant reported treat-

ment effects. Figure A.1 summarizes the steps from identifying papers to constructing the evalua-

tion sample.3 The following sections describe each of these stages in more detail.

2.1 Study identification and source materials

I draw on three sources of study descriptions: public pre-analysis plans posted on the AEA RCT

Registry, public pre-registrations without public pre-analysis plans posted on the AEA RCT Reg-

istry, and public pre-registrations on OSF. Registrations without a public pre-analysis plan are

considered usable when their descriptions provide enough information for a LLM to formulate a

numerical treatment effect forecasting question.4

I restrict attention to outcome families whose earliest documented public findings are in 2026,

based on systematic web searches, and record the date of first public release.5 To search for results,

registries are searched for linked results papers; targeted searches of working paper repositories are

implemented, such as searches of NBER papers that first came out in 2026; and public materials

on the internet are searched.

This approach identified 89 candidate records, of which 49 papers satisfied the paper-level

requirements concerning when results were seemingly first made publicly available and whether

pre-registration information was sufficiently detailed to enable forecasting treatment effects that

could later be standardized.6 The 49 candidates at this stage comprise 21 papers with public

AEA pre-analysis plans, 25 with AEA registrations without public plans, and three with OSF

pre-registrations.

These papers’ protocols must still support sufficiently detailed questions that can be matched
3Source documents, questions, extracted results, matching decisions and forecast responses underlying these steps

are preserved in a replication package, though the responses to the prompts are non-deterministic.
4Registrations without public pre-analysis plans were screened for sufficient information to generate numerical

treatment effect forecasting questions.
5It is possible that some results may have made it into the training data for a particular model regardless. I do

two things to mitigate this concern. First, another LLM looked for papers where a large share of treatment effects
are exactly or nearly-exactly estimated and inspected every instance (such as cases where treatment effects are near
0 and forecast to be near 0). Second, I perform sensitivity analyses to dropping each paper in turn.

6Forecasts were elicited in raw units; information on standard deviations could come from either the pre-registration
documents or the resultant paper.
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with results and standardized. The resultant sample is predominantly experimental. Of the 33

papers in the screened January-onward sample, 31 use some form of randomized design. The

two nonrandomized studies, both found in OSF, examine school phone bans and SNAP sugary-

drink restrictions using difference-in-differences designs. The predominance of randomized control

trials (RCTs) in the corpus has several benefits. For example, it may mitigate the influence of

selective reporting (Brodeur et al., 2020; Vivalt, 2019), and if a paper later reports results with

slightly different controls than initially specified, it is unlikely to substantively affect treatment

effect estimates.

2.2 Constructing forecasting questions

The pre-registration and pre-analysis plan materials were used to construct forecasting questions

without access to the resultant papers. Claude Opus 5 was used to initially propose questions, while

GPT-6 Astra was used to review Claude’s outputs for coverage, consistency, duplicate questions,

units, and clarity. Explicit conventions were used to determine how to treat questions that were

almost fully specified but for some detail. The research package retains the prompts, submitted

materials, responses and dispositions.

Questions specify the intervention, treatment arm, outcome, sample, time period, unit, and

specification (if provided in the pre-registration documents). Questions are not restricted to primary

outcomes but also include heterogeneous treatment effects and results reported at different time

periods. If a pre-registration is unclear on some dimensions, such as not reporting the time period,

it is not excluded on that basis, however, each question requires an identifiable intervention or

treatment contrast, substantive outcome, relevant population, and numerical scale; any permitted

conventions for unspecified details are stated explicitly.

Using these broad criteria, 9,922 questions were extracted from 44 papers. Most, however, could

not be connected to unique numerical results in the papers, as described in the next section.

2.3 Extracting and matching reported results

A separate numerical extraction step extracted values from the identified papers. The interven-

tion, treatment arm, outcome, sample, time period, unit and specification, where available, were
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logged and the closest match selected between the extracted results and each forecasting question.

Forecasting questions and results were matched 1:1, with duplicates removed. Exact matches in

the content between a forecasting question and a result were distinguished from close but inex-

act matches. If a result was reported in a way that flipped the sign from the original forecasting

question, that was also identified and results flipped before analysis. Results were extracted in the

way they were reported (e.g., a treatment coefficient and standard error vs. a treatment group

mean, standard deviation, and number of observations, along with a control group mean, standard

deviation, and number of observations). Results were also read off of figures, where applicable, and

a flag was added to indicate if a result was extracted in this way.

Additional review rounds checked the identified results against the supplied papers and assessed

correspondence to the forecasting question. A “match score”, on a 0–100 scale, provides a contin-

uous measure of the degree of match between the description in the pre-registration and the paper

for each specific question.

Overall, 1,866 matched question–result pairs were produced from 43 papers.

2.4 Reporting units and standardization

Forecasts were elicited in “raw” units where feasible and converted to comparable standardized

effects. A compatible baseline outcome standard deviation was preferred for standardizing where

available; otherwise, a documented compatible control-group, pooled, follow-up, or other outcome

SD was used. For binary outcomes, the SD was constructed from reference probabilities.

Of the 1,866 matched pairs from 43 papers, 889 questions from 39 papers yielded usable stan-

dardized results.

2.5 Forecast elicitation and eligibility

Forecasting requests contain the study protocols, forecasting questions and reporting instructions,

but no results, and are implemented through the API as a closed-book exercise without any web

search/browsing/retrieval/or coding tools enabled. The prompts request a mean forecast and dis-

tributional quantiles. The main analyses use xhigh reasoning effort for GPT-5.5 and GPT-6 Astra

and max effort for the Anthropic models, with a 64,000-token output cap. GPT-5.1 uses high, its
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maximum available effort, with a 32,000-token cap (Appendix Table B.1). Additional checks verify

information such as units and time periods.

This paper uses GPT-5.1, GPT-5.5, Opus 4.6, Opus 4.8, Fable 5 and GPT-6 Astra. Papers

from January onwards are considered for GPT-5.1, GPT-5.5 and Opus 4.6, papers from February

onwards are used for Opus 4.8 and Fable 5, and papers from May for Astra, per provider-reported

model cutoffs (Table A.1).

For the analysis, a question must have a correspondence score of at least 60 and must not have

a demonstrated major mismatch according to two eligibility screens. A major mismatch requires

evidence that the result answers a substantively different question regarding the intervention, treat-

ment arm, outcome, sample, time period, or unit. The correspondence screen excludes 193 of the

889 targets. I also exclude an outcome family if numerical or qualitative findings on it were publicly

documented before the start of the model’s evaluation window.7 Applying these criteria leaves 673

questions from 33 papers in Jan+, 629 from 30 in Feb+, and 339 from 20 in May+, as shown

in Figure A.1. Table A.2 provides further details on the resultant set of papers and forecasting

questions and their sources. The 33 papers in the January-onward screened sample include 16

with public AEA RCT Registry pre-analysis plans, 14 with AEA RCT Registry pre-registrations

without public pre-analysis plans, and 3 with OSF pre-registrations. The papers retained in the

screened analysis sample are listed in Appendix C.

To assess accuracy, I calculate squared errors in SD units, average within each paper, and then

weight papers equally. Neither results nor forecasts are winsorized. The 10th and 90th percentiles

were also elicited, defining an 80% predictive interval.

3 Results

3.1 The distribution of treatment effects and forecasts

Figure 1 plots distributions of reported treatment effects and forecasts. Each question receives

equal weight. For the sake of this figure, questions are oriented so that a positive treatment
7For example, in one case, results for different outcomes pertaining to the same intervention were available in

companion papers. Outcomes that were clearly related were removed, but it is possible that even outcomes that
appear to be different could be correlated. Results dropping particular papers will be presented for robustness.
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effect represents a good outcome. There is a long right-hand tail of realized treatment effects and

relatively few negative results or forecasts of negative results.

3.2 Forecast accuracy

Table 1 reports the MSE by model and time period. Results for older models are also shown in the

Feb+ and May+ subset to enable closer comparison with models only eligible beginning in those

time periods, since the samples otherwise differ. MSEs are generally small and declining for more

recent models.

The table also shows that the AI forecasts perform well compared to benchmarks of always

predicting 0 as a treatment effect or predicting the leave-one-paper-out mean within the sample.8 To

further benchmark these results, I compare forecasts against the “best guess” that one might make

through meta-analysis. In particular, I use the data set in Vivalt (2020), formed from a harmonized

set of 20 meta-analyses and systematic reviews, which cover 47 intervention-outcome combinations

(e.g., the effects of unconditional cash transfers on enrollment rates). For each intervention-outcome

combination, I repeatedly drop one paper and see what the MSE would be if it had been estimated

by all the other papers in the set. Results are shown in Appendix D – these leave-one-out results

perform much worse than simply predicting 0 or the leave-one-paper-out mean, perhaps reflecting

the different sample.

Appendix Figure A.2 shows the distribution of absolute forecast errors. Appendix Figure A.3

plots the MSE of different models against their Epoch Capability Index; while there are only a few

models, there do seem to be qualitative improvements in the models over time.

8This benchmark uses realized results, rather than only information available when a forecast could have been
made, which may advantage it if treatment effects change over time.
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Figure 1: Reported effects and forecasts
Outcomes are oriented so that an increase is considered a positive outcome. Each question has equal weight. The
tails are binned in end bins.
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Table 1: Forecast MSE by model and period

Jan+ Feb+ May+

AI models
GPT-5.1 0.0365 0.0375 0.0286
GPT-5.5 0.0346 0.0352 0.0307
Opus 4.6 0.0369 0.0377 0.0350
Opus 4.8 — 0.0337 0.0308
Fable 5 — 0.0256 0.0236
Astra — — 0.0218

Benchmarks
Always predict zero 0.0597 0.0603 0.0507
Leave-one-paper-out mean 0.0537 0.0539 0.0463

Papers 33 30 20
Questions 673 629 339

Errors are averaged within paper, then equally across papers in each column. Benchmarks are calculated within
each time period’s sample.
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Figure 2 compares mean reported effects with mean forecasts across bins of forecast magnitude.

Forecasts appear to be relatively well-calibrated. Appendix Figure A.4 provides more detail.

Appendix Figure A.5 plots the MSE by paper. The values are clearly driven by a few outlier

papers. Appendix Figure A.6 assesses the sensitivity of these results to paper inclusion, and they

seem relatively robust. Notably, since the MSE is so small for most papers, even if one were worried

a couple of papers may have made it into the training data, this would not substantively influence

the aggregate MSE; the MSE is more affected by a few projects with outlier results, without which

it would be even more exact.

Re-running the forecasting prompt yields forecasts correlating 97% across identical requests on

average (Table A.3). I also assess sensitivity to different prompts at the same effort settings, as

described in Appendix B.1, but results do not change much. Finally, sampling variance could be

inflating MSEs. Examining this issue with the May-onward Astra model, it appears that about

19% of MSE is accounted for by the mean sampling variance.9

9This test is restricted to the 245 results with directly reported standard errors.
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Figure 2: Binned calibration by model
This figure plots the mean forecast against the mean reported effect, both in standard deviations, for each model.
Different models use different samples given their different cut-off dates.

12



3.3 Distributional results

Figure 3 evaluates the 10th–90th percentile intervals against the reported treatment effects. The

treatment effects fall within this 80% interval 80.5–82.3% of the time for five models, and 72.7%

for GPT-5.1. The second panel of Figure 3 suggests these forecasts of different quantiles could be

meaningful in decision-making: the questions with the largest estimates at the 90th percentile are

not the same as the questions with the largest estimates at the mean. In particular, questions’ rank

according to their 90th percentile estimate has a Spearman correlation of 0.62–0.84 with their rank

at the mean, and for a decision-maker trying to select the top 10%, judging by the 90th percentile

rather than the mean would change 23.5–55.6% of selections.10

Figure 4 asks whether wider forecast intervals identify less predictable results. Wider intervals

do appear to generally accompany larger absolute forecast errors. This implies that models can be

used to gauge which results are less predictable, beyond achieving coverage on average.

10This abstracts from any differences in the costs of different interventions or value of different outcomes, considering
all outcomes in SD units equally.
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Figure 3: Predictive interval coverage and changes in top-decile and top-quintile selection
Panel (a) shows inclusive coverage of the 10th–90th percentile interval against reported treatment effects, with
equal paper weights and 95% intervals from 2,000 bootstrap draws. The dashed line marks 80% coverage. Panel
(b) ranks questions by their mean or 90th-percentile forecast in SD units and selects the top 10% or 20% under
each ranking. Bars show the percentage of selected slots replaced. Jan+ includes 673 questions in 33 papers;
Feb+ includes 629 in 30; May+ includes 339 in 20.
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Figure 4: Do wider forecast intervals identify less predictable results?
Questions are binned into five groups of forecast interval width. Questions are weighted equally within a paper
and papers are equally weighted before binning. Vertical bars represent 95% confidence intervals from 2,000
bootstrap draws. Errors are absolute differences between the mean forecast and reported effect, in standard
deviations. Models’ eligible windows differ; comparisons across panels are descriptive. Those with wider interval
bins, indicating more uncertainty, appear to have larger forecast errors.
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4 Discussion and Limitations

The results describe how accurately LLMs can predict treatment effects from registrations and pre-

analysis plans and seem to suggest substantial scope for these forecasts to improve decision-making.

Several limitations remain. First, despite best efforts to ensure that models are not contam-

inated with results, the exercise would be more credible if done prospectively. Some work is in

progress by the author and others to do exactly this. Second, the leave-one-paper-out benchmark

uses a simple prediction rule based on other papers’ realized results. Future work could compare

AI forecasts with alternative benchmarks. Third, the matching of results to forecasting questions

could introduce noise. The findings also apply only to outcomes with reported results that can be

standardized and matched sufficiently closely to the pre-registered questions.

Importantly, the sample is selected in ways that could affect results: the focus is on studies with

well-documented pre-registrations or pre-analysis plans, but these may be precisely the easiest to

forecast. Indeed, studies with longer descriptions (as measured by number of words) tend to

be forecast better within both AEA RCT Registry source categories (Figure A.7).11 Figure A.8

illustrates.

Rather than this being a drawback, however, it highlights that forecasts could do even better in

the future if researchers wrote fuller descriptions of their studies. With LLMs being used more in

research, writing more complete descriptions may become easier. LLMs might both write scientific

protocols and assess their treatments’ likely effects.

Despite these limitations, it seems clear that forecasting can already serve as a useful tool -

not just for forecasting states of the world like who wins an election or sports game, but also for

forecasting causal treatment effects.

Forecasting treatment effects may at first glance seem like a step backwards: the credibility

revolution occurred in large part to mitigate the risks of biases that can result in the absence of

rigorous evidence. However, given we do not always have results from a RCT, and sometimes one

cannot be done, high-quality forecasts can at least improve over the counterfactual of less well-

informed and biased individual beliefs. Further, by repeatedly forecasting a variety of research
11There are too few OSF papers to assess this relationship reliably.
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results in different contexts, we can hope to learn more about the types of situations under which

forecasts perform well. The evidence so far seems to suggest they are generally very accurate, and

wider forecast intervals identify effects that are harder to predict. This suggests it may be worth

focusing research efforts more on topics where there is more uncertainty in the AI forecasts, where

there may be higher value of information to running a trial.
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A Supplementary tables and figures

Table A.1: Provider-reported model cutoffs and evaluation periods

Model Reported cutoff Provider terminology Evaluation period

GPT-5.1 September 30, 2024 Knowledge cutoff Jan+ 2026
GPT-5.5 December 1, 2025 Knowledge cutoff Jan+ 2026
Opus 4.6 May 2025; August

2025
Reliable knowledge cutoff;
training data cutoff, respec-
tively

Jan+ 2026

Opus 4.8 January 2026 Reliable knowledge cutoff and
training data cutoff

Feb+ 2026

Fable 5 January 2026 Reliable knowledge cutoff and
training data cutoff

Feb+ 2026

GPT-6 Astra April 30, 2026 Knowledge cutoff May+ 2026

Reported cutoff and provider terminology come from Provider documentation for GPT-5.1, GPT-5.5, Opus 4.6,
Opus 4.8, Fable 5, and GPT-6 Astra, accessed October 18, 2026. Evaluation period refers to the window over
which each model was considered eligible in this paper.
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Table A.2: Analysis sample by source

Source Jan+ Feb+ May+

Papers Questions Papers Questions Papers Questions

AEA public PAP 16 509 14 466 8 217
AEA registration, no public PAP 14 150 13 149 10 116
OSF 3 14 3 14 2 6

Total 33 673 30 629 20 339

This table summarizes the number of papers and questions available at each time period from each source.
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Table A.3: Repeatability of forecasts under identical requests

Model Period Papers Questions
Mean absolute
change (SD) Correlation

Original
MSE

Repeat
MSE

GPT-5.1 Jan+ 33 673 0.0385 0.9319 0.0365 0.0404
GPT-5.5 Jan+ 33 673 0.0186 0.9769 0.0346 0.0327
Opus 4.6 Jan+ 33 673 0.0143 0.9775 0.0369 0.0361
Opus 4.8 Feb+ 30 629 0.0178 0.9746 0.0337 0.0314
Fable 5 Feb+ 30 629 0.0188 0.9624 0.0256 0.0249
Astra May+ 20 339 0.0094 0.9892 0.0218 0.0211

This table shows how similar repeat runs of the same forecasting prompts were. The original run is the one used
in the main analysis.
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Candidate records: 89

Identification eligibility: 49 papers

Protocol-supported questions: 44 papers / 9,922 questions

Eligible for result matching: 43 papers / 9,921 questions

One-to-one matches: 43 papers / 1,866 pairs

Forecasting inventory: 39 papers / 889 targets

Disclosure rule and correspondence screen

Jan+
33 papers

673 questions

Feb+
30 papers

629 questions

May+
20 papers

339 questions

Figure A.1: Sample construction

This flowchart shows how papers and questions were screened at each stage.
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Figure A.2: Distribution of absolute forecast errors
This figure plots the distribution of forecast errors across models for the time period with the most papers /
questions, comparing GPT-5.1, GPT-5.5 and Opus 4.6 on all 673 Jan+ questions in 33 papers. Each question is
equally weighted within a paper and each paper is equally weighted.
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Figure A.3: Forecast MSE and general model capability
This figure shows the performance of different models against their ECI values. Within each panel, all models
use identical questions; periods are nested.
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Figure A.4: Forecasts and reported treatment effects
This figure shows scatterplots and lines of best fit between forecasts and results (both in standard deviations). Rows show the Jan+ (673 questions, 33
papers), Feb+ (629 questions, 30 papers), and May+ (339 questions, 20 papers) samples, while columns show different models.
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Figure A.5: Forecast accuracy by paper across the Jan+ sample
This figure shows accuracy by paper and model. The sample is partitioned into nonoverlapping disclosure periods.
Right arrows indicate the 14 paper–model MSEs above 0.10.
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Figure A.6: Sensitivity to omitting one paper
Each point is the change in the MSE after omitting a given paper. Negative values indicate lower MSE after omission. Shaded rows identify papers outside
a panel’s disclosure period.
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Figure A.7: Protocol length and forecast accuracy: regression coefficients
This figure shows the estimated change in paper-level MSE per doubling of protocol word count, controlling for
source and giving papers equal weight. Lines show 95% percentile confidence intervals from 5,000 bootstrap
resamples. Word counts use the protocol text supplied to the models, excluding instructions and forecasting
questions.
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Figure A.8: Forecast accuracy and the length of supplied protocols
This figure shows detail in the relationship between protocol length and forecast accuracy. Each point is a paper.
Solid lines fit paper-level MSE to log word count separately within each AEA source category, giving papers equal
weight. No fitted line is shown for OSF because only two or three papers are available depending on the time
period.
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B Sensitivity analyses

B.1 Sensitivity to forecasting prompts

The experiments in this section use the same model-specific effort settings and output limits as the
main analysis.

Figure B.1 compares five alternative prompts with the original prompt. These alternative
prompts include three that make relatively small changes: prompting the LLM to act more as an
independent expert, consider a reference class of results, and consider a balanced set of mechanisms.
Two other alternative prompts introduce more structured reasoning: one again asking the LLM to
consider relevant literature in the same reference class and one which asks the LLM to explicitly
consider a mixture of scenarios. No prompt systematically improves accuracy across models.

B.2 Sensitivity to reasoning effort

Table B.1 compares the higher-effort forecasts used by default in the main analysis with the high-
effort alternative. Moving to the alternative lowers MSE for GPT-5.5 (Jan+), GPT-5.5 (Feb+),
GPT-5.5 (May+) and Fable 5 (May+), and raises it for the other model–sample comparisons. None
of the paired differences is statistically significant at the 5% level.
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Figure B.1: Changes in forecast accuracy under alternative prompts.
Negative values indicate lower MSE than the original prompt. 95% percentile intervals from 10,000 paper boot-
strap draws are shown.
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Table B.1: Sensitivity to reasoning effort and output limits

Model Sample
Main
MSE

High-effort
alternative MSE Change

GPT-5.5 Jan+ 0.03462 0.03285 -5.1%
Opus 4.6 Jan+ 0.03692 0.03727 +0.9%
GPT-5.5 Feb+ 0.03524 0.03313 -6.0%
Opus 4.6 Feb+ 0.03768 0.03807 +1.0%
Opus 4.8 Feb+ 0.03367 0.03644 +8.2%
Fable 5 Feb+ 0.02560 0.02698 +5.4%
GPT-5.5 May+ 0.03069 0.02745 -10.6%
Opus 4.6 May+ 0.03505 0.03514 +0.3%
Opus 4.8 May+ 0.03075 0.03312 +7.7%
Fable 5 May+ 0.02363 0.02263 -4.2%
Astra May+ 0.02176 0.02238 +2.8%

The main specification uses xhigh for OpenAI and max for Anthropic, with a 64,000-token output cap, with the
exception that GPT-5.1 is at high, its maximum available setting, and not shown here. The alternative uses high
with a 32,000-token cap. Change is the percentage change in MSE relative to the main specification.
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C Papers in the January-onward screened analysis sample

This list covers the 33 papers in the January-onward screened analysis sample. References identify
the archived results papers; registry links identify their associated study records.
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Audit Study in Early Childhood Education.” NBER Working Paper 35404. Paper. AEARCTR-
0016106.

Adena, Maja, Patrycja Janowska-Widomska, and Julian Harke. 2026. “Motivating Crowdworkers
with Nonmonetary Incentives and Payment Framing—Evidence from a Large-Scale Experi-
ment.” CRC TRR 190 Discussion Paper 576. AEARCTR-0006744.

Agte, Patrick, Daniel Morales, Christopher Neilson, Sebastián Otero, and Gautam Rao. 2026.
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Up.” Working paper. AEARCTR-0003621.

Allcott, Hunt, E. Jason Baron, Thomas Dee, Angela L. Duckworth, Matthew Gentzkow, and Brian
Jacob. 2026. “The Effects of School Phone Bans: National Evidence from Lockable Pouches.”
NBER Working Paper 35132. Paper. OSF-8twh9.

Allcott, Hunt, Amy Finkelstein, Anna Grummon, and Matthew J. Notowidigdo. 2026. “The
Effects of SNAP Sugary Drink Restrictions on Consumption and Welfare.” NBER Working
Paper 35659. Paper. OSF-5nf3b.

Andersen, Andreas Makoto Fukuda, Gwen-Jirō Clochard, Guillaume Hollard, and Andreas Kot-
sadam. 2026. “Contact and the Price of Prejudice.” University of Osaka, ISER Discussion
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Baron, Jason, Arkadev Ghosh, and Richard Lombardo. 2026. “Predictive Risk Scores in the
Public Sector: Experimental Evidence from Child-Protection Investigations.” Working paper.
AEARCTR-0012623.

Bernard, Louise, Robert Metcalfe, and Andrew R. Schein. 2026. “Critical Peak Rewards: Evidence
from a Nationwide Demand Response Program.” Working paper. AEARCTR-0013034.

Bhatt, Monica P., Jonathan Guryan, Fatemeh Momeni, Philip Oreopoulos, and Eleni Packis. 2026.
“Supporting Student Engagement During Remote Learning: Three Randomized Controlled
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D Historical benchmark comparison

Results are shown in Table D.1. Because the treatment effects in these data differ from those in
the 2026 set I consider in this paper, they are not immediately comparable (Appendix Figure D.1).
To make them more comparable, I rescale them so that their root-mean-square magnitude matches
that of the Jan+, Feb+, and May+ groups. Samples still differ, but the leave-one-out meta-analyses
based on Vivalt (2020) do not seem to predict treatment effects as well as LLMs. A researcher
could in principle do better than a meta-analysis if they built a model of treatment effects for a
particular intervention-outcome combination. For example, one might assume:

Yi = θi + ui, ui ∼ N (0, σ2
i ),

θi = α + Xiβ + ei, ei ∼ N (0, τ2),

where Yi is the estimated treatment effect in study i, θi is its true treatment effect, Xi contains study
characteristics, α is an intercept, and β contains the corresponding coefficients. The sampling error
ui has variance σ2

i . ei is the residual study effect, with variance τ2 measuring residual heterogeneity
remaining after accounting for Xi.

Table D.1 shows that closing the gap between the rescaled historical forecasts and the LLM
forecasts would require reductions in τ2 of at least roughly 30–60%, assuming prediction error
consists of a component proportional to τ2 plus sampling noise. For context, in Vivalt (2020), the
single best-fitting covariate reduced estimated τ2 by about 10% at the median and 20% on average
in the intervention-outcome combinations examined.

The main sample in Table D.1 used intervention-outcome combinations with at least three
studies, but these may lead to noisy estimates. Table D.2 restricts the historical benchmark to
intervention–outcome combinations with at least five studies. These appear to do slightly better,
but not by much.
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Figure D.1: Magnitudes of reported effects
This figure compares the set of papers available for AI forecasting in each time period with the historical results
in Vivalt (2020).
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Table D.1: AI MSE vs. MSE from historical benchmark

Model
AI

MSE
Original

MSE p-value

Minimum τ2

reduction
required

Rescaled
MSE p-value

Minimum τ2

reduction
required

Panel A. Jan+ (33 papers, 673 questions)
GPT-5.1 0.0365 0.1024 0.061 64% 0.0567 0.118 36%
GPT-5.5 0.0346 0.1024 0.058 66% 0.0567 0.032 39%
Opus 4.6 0.0369 0.1024 0.075 64% 0.0567 0.036 35%

Panel B. Feb+ (30 papers, 629 questions)
GPT-5.1 0.0375 0.1024 0.066 63% 0.0573 0.160 35%
GPT-5.5 0.0352 0.1024 0.063 66% 0.0573 0.048 38%
Opus 4.6 0.0377 0.1024 0.082 63% 0.0573 0.054 34%
Opus 4.8 0.0337 0.1024 0.058 67% 0.0573 0.037 41%
Fable 5 0.0256 0.1024 0.030 75% 0.0573 0.034 55%

Panel C. May+ (20 papers, 339 questions)
GPT-5.1 0.0286 0.1024 0.045 72% 0.0482 0.185 41%
GPT-5.5 0.0307 0.1024 0.061 70% 0.0482 0.100 36%
Astra 0.0218 0.1024 0.025 79% 0.0482 0.114 55%
Opus 4.6 0.0350 0.1024 0.098 66% 0.0482 0.059 27%
Opus 4.8 0.0308 0.1024 0.066 70% 0.0482 0.069 36%
Fable 5 0.0236 0.1024 0.030 77% 0.0482 0.090 51%

This table compares the MSE of the AI forecasts using the AEA RCT Registry and OSF with the MSE one
would get by using leave-one-out meta-analysis to predict the left out study across the 47 intervention-outcome
combinations with at least 3 papers in Vivalt (2020). These samples are different, but perhaps still informative.
The “Original MSE” column builds off the original estimates while the “Rescaled MSE” column multiplies the
historical effects and leave-one-out predictions by the ratio of the AI sample’s root-mean-square reported effect to
its historical counterpart, separately for each panel, to partially adjust for the different samples. The p-values test
equality of the AI MSE compared to the MSE implied by the data in Vivalt (2020). Bootstrap tests use 50,000
draws independently resampling AI papers and historical groups. Rescaling is recomputed in every draw. The
minimum required reduction in τ2 is max{0, 1 − MSEAI/MSEH}, using the original or rescaled historical MSE.
Comparisons remain descriptive.
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Table D.2: AI MSE vs. MSE from historical benchmark: intervention-outcomes with at least 5
papers

Model
AI

MSE
Original

MSE p-value

Minimum τ2

reduction
required

Rescaled
MSE p-value

Minimum τ2

reduction
required

Panel A. Jan+ (33 papers, 673 questions)
GPT-5.1 0.0365 0.0811 0.117 55% 0.0530 0.168 31%
GPT-5.5 0.0346 0.0811 0.108 57% 0.0530 0.052 35%
Opus 4.6 0.0369 0.0811 0.142 54% 0.0530 0.068 30%

Panel B. Feb+ (30 papers, 629 questions)
GPT-5.1 0.0375 0.0811 0.130 54% 0.0536 0.220 30%
GPT-5.5 0.0352 0.0811 0.120 57% 0.0536 0.074 34%
Opus 4.6 0.0377 0.0811 0.157 54% 0.0536 0.097 30%
Opus 4.8 0.0337 0.0811 0.109 58% 0.0536 0.057 37%
Fable 5 0.0256 0.0811 0.047 68% 0.0536 0.044 52%

Panel C. May+ (20 papers, 339 questions)
GPT-5.1 0.0286 0.0811 0.078 65% 0.0450 0.231 36%
GPT-5.5 0.0307 0.0811 0.110 62% 0.0450 0.130 32%
Astra 0.0218 0.0811 0.038 73% 0.0450 0.135 52%
Opus 4.6 0.0350 0.0811 0.174 57% 0.0450 0.081 22%
Opus 4.8 0.0308 0.0811 0.117 62% 0.0450 0.079 32%
Fable 5 0.0236 0.0811 0.047 71% 0.0450 0.108 48%

This table compares the MSE of the AI forecasts using the AEA RCT Registry and OSF with the MSE one
would get by using leave-one-out meta-analysis to predict the left out study across the 34 intervention-outcome
combinations with at least 5 papers in Vivalt (2020). These samples are different, but perhaps still informative.
The “Original MSE” column builds off the original estimates while the “Rescaled MSE” column multiplies the
historical effects and leave-one-out predictions by the ratio of the AI sample’s root-mean-square reported effect to
its historical counterpart, separately for each panel, to partially adjust for the different samples. The p-values test
equality of the AI MSE compared to the MSE implied by the data in Vivalt (2020). Bootstrap tests use 50,000
draws independently resampling AI papers and historical groups. Rescaling is recomputed in every draw. The
minimum required reduction in τ2 is max{0, 1 − MSEAI/MSEH}, using the original or rescaled historical MSE.
Comparisons remain descriptive.
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