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Abstract

Machine-learning models often perform poorly when asked to generalize beyond the support of the
training distribution. This paper asks whether the same limitation shapes the research capabilities of
autonomous large language model (LLM) agents: do they perform better when generating papers that
follow research paradigms already well represented in the literature? I study this question using evidence
from the Autonomous Policy Evaluation (APE) project, an open platform developed by the Social Cata-
lyst Lab at the University of Zurich in which LLM agents generate empirical economic policy papers and
compete in a tournament-style evaluation against human-written benchmarks. I construct a measure of
literature support by locating each paper abstract in the semantic space of economics using a comprehen-
sive corpus of English-language economics abstracts from OpenAlex. This measure captures whether a
paper lies in a crowded or sparse region of the discipline’s existing research landscape. I then test whether
literature support predicts tournament performance. I find that literature support shows a statistically
significant positive association with performance for Al-generated papers, but not for human-written pa-
pers. Because outcomes are assigned by an LLM judge, this relationship could partly reflect evaluation
bias toward more familiar topics. However, the absence of a comparable pattern among human papers
suggests that the result is not purely judge-side. The evidence is more consistent with a production-side
interpretation: autonomous research agents perform better when operating in areas that are more densely
represented in the existing literature and, plausibly, in model training data. The findings shed some light

on both the promise and the limits of agentic LLM systems as producers of scientific research.
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1 Introduction

Given the recent rise of easily deployable agent-level frameworks for large language models (LLMs), such
as Claude Code and OpenAl Codex, there has been growing interest in whether these systems can auto-
mate substantial parts of the research process in economics and the social sciences more broadly. Much
of this optimism reflects the fact that agentic systems often perform better on complex tasks than single-
prompt interactions with standalone models. This improvement, however, does not primarily come from
a dramatic change in the underlying reasoning capabilities of base models. Rather, it comes from architec-
tural scaffolding that enables iterative planning, task decomposition, tool use, and intermediate validation,
allowing models to approach difficult problems through a more structured divide-and-conquer process.

This paper starts from a simple hypothesis grounded in the machine-learning literature. If modern
models generalize poorly outside the support of the distributions on which they are trained, then au-
tonomous LLM research agents should perform better when generating papers that follow paradigms,
topics, and empirical templates that are already familiar from the existing literature. Conversely, they
should perform worse when asked to produce research in semantically sparse or genuinely novel areas.
The paper uses the Autonomous Policy Evaluation (APE) project to test that hypothesis. APE is an open
platform developed by the Social Catalyst Lab at the University of Zurich in which LLM agents generate
empirical economic policy papers and compete in a tournament-style evaluation conducted by an LLM
judge.

To operationalize this idea, I construct a semantic-density indicator that measures how strongly each
APE paper is supported by the existing economics literature. The measure is built from a large corpus
of English-language economics abstracts from OpenAlex, an open and continuously updated database of
scholarly publications, authors, institutions, and research topics. Using all abstracts classified as economics
from 2000 onward, I estimate whether each APE paper abstract lies in a crowded or sparse region of the
discipline’s semantic space. In substantive terms, the measure captures whether a paper is located near
well-populated and familiar research paradigms or instead in a thinner and less represented part of the
literature. I then test whether this measure of literature support predicts tournament performance.

The main result is clear: literature support is positively associated with tournament performance for Al-
generated papers, but not for human-written papers. This is the pattern one would expect if autonomous
research agents are more effective when they can stay close to research paradigms that are already well
represented in the underlying distribution of past text and ideas on which they were trained. Another
possible interpretation is judge-side familiarity. Because tournament outcomes are evaluated by an LLM,
papers located in denser and more familiar regions of the literature may appear more plausible and there-
fore receive higher scores. Yet the absence of a comparable relationship for human-written papers suggests
that this mechanism alone cannot explain the pattern. The evidence is more consistent with a production-

side interpretation, namely that LLM research agents themselves perform better when generating work



in areas that are more densely represented in existing research and, plausibly, in their training data. Still,
because the APE competition includes only a small number of human-written papers, this interpretation
should be treated as suggestive rather than definitive.

This contribution speaks to two related literatures. The first studies the usefulness of LLMs within
social-science workflows. Current evidence suggests that LLMs are already valuable for several bounded
components of research, especially structured text-processing tasks such as classification, labeling, and ex-
planation generation, where outputs can be locally validated against human judgments or gold-standard
datasets. In these settings, LLMs can match or exceed crowdworker performance and perform compet-
itively across a wide range of computational social-science benchmarks, even if they generally do not
outperform task-specific supervised models when those are available (Gilardi et al., 2023; Ziems et al.,
2024; Tornberg, 2024). By contrast, the literature offers much weaker support for treating LLMs as reliable
autonomous scientific reasoners. Methodological evaluations continue to raise concerns about construct
validity, prompt sensitivity, dataset contamination, and instability across inference settings, all of which
limit the use of these systems for theory building or causal inference without external validation frame-
works (Abdurahman et al., 2025; Ludwig et al., 2024). Related work shows that LLM-based agents can
assist with causal-structure proposal, simulation-based hypothesis testing, and research scaffolding when
embedded in structural causal-modeling pipelines, but remain unreliable for estimating causal effect mag-
nitudes without conditioning on fitted models and do not yet support end-to-end autonomous research
pipelines in dynamic settings that require persistent reasoning and epistemic calibration (Manning et al.,
2024; Kiciman et al., 2024; Kim et al., 2025). Taken together, the strongest current evidence supports the
use of LLMs as workflow components and analytical assistants rather than as autonomous producers of
social-scientific knowledge.

The second literature concerns why these limitations persist, and it provides the core premise behind
the paper’s hypothesis. A central possibility is that the problem reflects a deeper generalization failure
that has been documented across modern machine learning more broadly: models often rely on shortcuts,
spurious correlations, and interpolation within the support of past data rather than robust extrapolation
to genuinely novel settings (Geirhos et al., 2020; Recht et al., 2019; Koh et al., 2021; Tu et al., 2020). Recent
large-scale evidence suggests that even apparent zero-shot performance in multimodal foundation models
largely tracks concept frequency in pretraining corpora rather than genuine out-of-distribution reason-
ing ability: downstream performance improves only with exponentially increasing exposure to relevant
concepts during training, and it deteriorates sharply on long-tailed or synthetic distributions designed to
remove such exposure (Udandarao et al., 2024). Consistent with this interpretation, recent LLM-specific
studies show that even highly capable models remain weak at simple relational reversal and at extrapolat-
ing to larger or structurally different environments unless additional task-specific training or scaffolding
is introduced (Berglund et al., 2023; Kim et al., 2024), and that apparent step-by-step reasoning perfor-

mance can degrade sharply once problems move outside familiar distributional structure, producing what



has been described as an “illusion of thinking” rather than stable compositional inference (Shojaee et al.,
2025). Complementary evidence further suggests that probabilistic text generation itself introduces mea-
surable structural regularities in model outputs: using lossless compression as a model-agnostic diagnos-
tic, Hadad et al. (2026) show that LLM-generated language exhibits systematically higher compressibility
than human-written text across controlled human-LLMs continuations, knowledge infrastructures, and
synthetic social interaction environments, consistent with concentration of output within highly recurrent
statistical patterns rather than flexible abstraction. More broadly, this interpretation aligns with recent ar-
guments that the apparent overlap between human and machine judgments often reflects surface-level
linguistic plausibility rather than shared epistemic structure, because LLMs operate primarily as stochastic
pattern-completion systems rather than agents that form grounded beliefs or causal models of the world
(Quattrociocchi et al., 2025). Together, these findings suggest that the flexibility of foundation models often
reflects dense coverage of web-scale training distributions rather than robust abstraction or transferable
scientific reasoning.

Against this background, the paper provides a direct empirical test of whether autonomous research
agents perform better when they can lean on familiar research paradigms rather than operate outside
the effective support of what they have seen before. Rather than evaluating isolated benchmark tasks, it
studies a setting in which agentic systems generate full research papers and are assessed in competitive
comparisons. The results indicate that literature support matters for Al-generated papers, but not for
human-written papers. This pattern provides suggestive evidence as to where autonomous research agents
are currently strongest, where their limits are likely to appear, and why claims about end-to-end research

automation should be interpreted with caution.

2 Data Sources

2.1 The Autonomous Policy Evaluation project

This paper draws on research outputs generated within the APE project, an open experimental platform
developed by the Social Catalyst Lab at the University of Zurich to study whether artificial intelligence
systems can automate empirical policy research. The central objective of the project is to evaluate whether
autonomous workflows based on LLMs can generate, replicate, and iteratively improve observational pol-
icy evaluation studies using publicly available data. The broader motivation is that scalable automation of
policy evaluation could substantially accelerate the identification of effective interventions by expanding
the volume and speed of empirical economic analysis.

The APE system produces complete research papers end-to-end, including data acquisition, economet-
ric analysis, and manuscript preparation, using publicly available observational datasets such as adminis-

trative statistics, surveys, and government records. Importantly, no manual data collection is performed for



individual studies; instead, data are retrieved programmatically through public interfaces and processed
automatically within a reproducible pipeline (Social Catalyst Lab, 2026).

A distinctive feature of the project is its use of a tournament-style evaluation framework in which Al-
generated papers are compared against human-authored research drawn from top economics journals. All
generated outputs, replication materials, intermediate versions, and failures are released publicly, allowing
external auditing and methodological scrutiny. The project therefore provides a uniquely transparent set-
ting for studying the comparative performance of human and machine-generated economic research and
for evaluating the epistemic properties of automated research systems.

Another important feature of the APE project is that paper evaluation is itself conducted using an LLM,
specifically Gemini 3.1 Flash Lite. Within the tournament framework, the model serves as an automated
referee that compares pairs of research papers and determines their relative quality according to criteria
intended to approximate editorial standards at leading economics journals. The evaluation protocol in-
structs the model to reward papers that pose novel research questions challenging conventional wisdom,
implement credible identification strategies even when results are null, and engage transparently with
methodological limitations, while penalizing weak identification, failed placebo tests or violated assump-
tions, and shallow empirical analysis lacking appropriate robustness checks. Final rankings are computed
using the TrueSkill rating system (Herbrich et al., 2007), a Bayesian skill estimation framework originally
developed by Microsoft, in which each paper is assigned a mean performance parameter (y) represent-
ing its estimated quality and an uncertainty parameter () reflecting the confidence associated with that
estimate; Elo scores are additionally reported as a complementary ranking metric. Papers are ordered ac-
cording to the conservative score (y — 30), which corresponds to a lower-bound estimate of performance
and ensures that high rankings reflect consistent success across multiple pairwise comparisons rather than
isolated or potentially noisy match outcomes.

The present study collects both Al-generated and human-authored papers from the APE website, to-
gether with their abstracts and corresponding performance scores in the tournament evaluation (including
both Elo ratings and conservative TrueSkill scores)!. The resulting dataset includes 981 Al-generated pa-
pers and 41 human-authored papers?. This sample constitutes the principal dataset used to evaluate the
core research question of the paper, namely whether the degree of literature support associated with an
Al-generated paper is positively correlated with its performance in the APE tournament ranking.

Across the sample, human-authored papers substantially outperform Al-generated papers on average.
Mean Elo scores equal 1743 for human papers and 1263 for Al-generated papers, while mean conservative

TrueSkill scores equal 27.8 and 12.3, respectively. Figure 1 illustrates the distribution of performance scores

IThese data were collected on 13/04/2026; the APE project is continuously evolving and currently runs approximately 50 matches
per day, so results will be recomputed at a later date.

2While 1000 APE papers had been generated at the time of data collection, I exclude papers with conservative scores equal to
zero because such observations correspond to papers that had not yet participated in any tournament matches and therefore contain
no information about relative performance.



separately by paper type for both ranking metrics.
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Figure 1: Distribution of APE tournament scores by paper type. The figure reports the distribution of Elo
ratings and conservative TrueSkill scores for Al-generated and human-authored papers.

2.2 OpenAlex

To quantify literature support for both the generated by LLMs in the APE experiment and benchmark pa-
pers, this study relies on OpenAlex, a large-scale open bibliographic database of the global research ecosys-
tem. OpenAlex provides structured metadata describing scholarly works, authors, institutions, venues,
and concepts, as well as the citation relationships linking them.

Launched in 2022 by the non-profit organization OurResearch as a successor to the Microsoft Academic
Graph, OpenAlex currently indexes hundreds of millions of scholarly outputs across disciplines and pro-
vides programmatic access through a public API and bulk data releases. The dataset represents the research
system as an interconnected knowledge graph in which publications are linked to topics, references, insti-
tutional affiliations, and citation networks, enabling large-scale bibliometric analysis of scientific influence
and conceptual proximity (Priem et al., 2022).

In this paper, OpenAlex is used to construct measures of literature support: the OpenAlex free API is
used in order to systematically download the abstracts of all papers classified as economics between 2000
and the present day. The papers are further cleaned to retain only English-language abstracts, ensuring
comparability with the APE papers, which are produced in English. The final sample contains 1.674.731
abstracts. Figure 2 reports the distribution of economics publications by year in the resulting OpenAlex

sample, illustrating the steady growth in the volume of indexed abstracts over time and the strong expan-



sion of coverage after the early 2000s. This corpus forms the reference literature against which the degree

of support for each APE paper is evaluated.
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Figure 2: Distribution of English-language economics abstracts in the OpenAlex sample by publication
year (2000-2026). The figure illustrates the growth in the number of indexed economics publications over
time and the resulting expansion of the literature base used to construct measures of literature support.

3 Literature Support Score Based on Local Embedding Density

To measure how strongly a document aligns with existing literature, I construct a literature support score
based on the local density of its nearest neighbors in embedding space. Intuitively, documents located in
dense semantic regions receive higher support scores, while isolated or atypical documents receive lower
scores.

As a first step, I construct a unified corpus of abstracts that includes both the abstracts from the APE
papers and those from the OpenAlex corpus. I then embed each abstract into a vector representation using
a pre-trained sentence-transformer model®. These embeddings map documents into a high-dimensional
semantic space in which cosine similarity provides a measure of topical proximity between texts.

Let e; € R? denote the normalized embedding of document 7, such that ||e;||, = 1. For each document

i, I compute cosine similarity with all other documents,
-
Sl']' =€ e]-,

and identify the set Ny (i) consisting of its k* nearest neighbors (excluding the document itself). I then

construct a kernel-weighted local density estimate over this neighborhood,

Si(t) = % )y eXp<sij — 1) :

JENR () T

3distiluse-base-multilingual-cased-v1, available via Hugging Face.

4Given the size of the corpus, I set k = 100 to ensure computational feasibility while preserving a sufficiently local neighborhood.


https://huggingface.co/sentence-transformers/distiluse-base-multilingual-cased-v1

where T > 0 is a bandwidth parameter controlling the sensitivity of the score to similarity differences.
Smaller values of T place greater weight on very close neighbors, while larger values produce smoother
density estimates that incorporate a broader semantic neighborhood. To ensure that the results are not
driven by the choice of T, I compute literature support scores for T € {0.05,0.08,0.1,0.12,0.15,0.2}. Figure 3

illustrates the exponential similarity kernel for these alternative bandwidth values.
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Figure 3: Kernel weighting function used to construct the literature support score. The figure plots the
exponential similarity kernel exp((s;; —1)/7) for alternative values of the bandwidth parameter 7, where
sij denotes cosine similarity between documents i and ;.

Higher values of S;(7) indicate that a document lies in a densely populated region of the semantic space
of the economics literature, whereas lower values indicate that it is relatively isolated from existing work.

For comparability across documents, I standardize the scores using a z-transformation,

Si(t) —
ZZi(T') — l( ) PIT’
Ot

where pir and o; denote the mean and standard deviation of S;(7) across all documents.

The resulting standardized support score Z;(7) measures how strongly each document is embedded

within dense regions of the semantic literature space relative to the corpus as a whole. Figure 4 shows the

distributions of the normalized literature support scores across different values of the bandwidth parame-

ter .

4 Empirical Strategy and Results

4.1 Empirical strategy

I next test whether papers that are more strongly supported by the existing economics literature perform
better in the APE tournament. Let Y; denote the tournament outcome for paper i, measured either by the
Elo score or by the conservative TrueSkill score (y; — 30;). Let Z;(T) denote the standardized literature-

support score introduced in the previous section, where larger values indicate that the paper lies in a
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Figure 4: Distribution of the literature support score across kernel bandwidth parameters. Each panel
shows the standardized distribution of the literature support measure Z;(7) computed using alternative
values of the bandwidth parameter 7.

denser region of the semantic space of economics abstracts. I estimate the following baseline specification:

Y; = ar + B Zi(T) + ¥ AL+ 0:Q; + A M; + ¢, 1)

where Al; is an indicator for whether the paper was generated by the APE system, Q; is the share of
the paper’s tournament matches played against Al-generated opponents, and M,; is the total number of
tournament matches observed for that paper. The inclusion of Q; and M; absorbs two mechanical sources
of variation in scores: differences in exposure to the tournament and differences in the composition of
opponents.

The baseline model identifies the average association between literature support and tournament per-
formance across the full sample. To test whether this relationship differs between Al-generated and human-

written papers, I then estimate an interaction specification:

Y; = ar + BeZi(T) + pr [AL X Zi(T)] + v Al + 6:Q; + A M; + €. )

In this formulation, B is the support-performance gradient for human-written benchmark papers,
while B + pr is the corresponding gradient for Al-generated papers. Finally, I estimate the controlled
specification separately for Al-generated and human-written papers. These split-sample regressions pro-
vide the most direct test of whether literature support predicts performance within each group.

All regressions are estimated separately for the six kernel bandwidths used to construct the support
score, T € {0.05, 0.08,0.10, 0.12,0.15,0.20}. Because the main quantity of interest is the standardized sup-

port measure, coefficients can be interpreted as the change in tournament performance associated with a



one-standard-deviation increase in literature support. The descriptive sample contains 1,022 papers with
non-zero tournament scores, but 53 of these have no recorded matches in the scraped match histories and
therefore cannot be assigned a value of M;. The estimating sample for the regression analysis is therefore

969 papers, of which 928 are Al-generated and 41 are human-written.

4.2 Main results

The results point to a clear asymmetry between Al-generated and human-written papers. In the pooled
specification with controls, literature support is positively associated with tournament performance, es-
pecially for Elo. At the benchmark bandwidth T = 0.10, a one-standard-deviation increase in Z;(7) is
associated with a 35.8 point increase in Elo (95% CI: [0.2, 71.3]). For the conservative score, the analogous
estimate is 0.78 points (95% CI: [—0.22, 1.78]), which is positive but not precisely estimated.

These pooled estimates, however, mask substantial heterogeneity by paper type. Once I allow the
support slope to differ between Al-generated and human-written papers, the interaction term is positive
throughout. At T = 0.10, the interaction estimate is 71.5 Elo points (95% CI: [—35.0, 178.1]) and 3.26 points
for the conservative score (95% CI: [0.27, 6.25]). The conservative-score interaction is statistically distin-
guishable from zero, indicating that the positive relationship between literature support and tournament
success is significantly stronger for Al-generated papers than for human-written papers.

The split-sample regressions make this pattern more transparent. For Al-generated papers only, a one-
standard-deviation increase in literature support at T = 0.10 predicts a 45.0 point increase in Elo (95% CI:
(6.9, 83.1]) and a 1.20 point increase in the conservative score (95% CI: [0.15, 2.26]). By contrast, for human-
written papers the corresponding estimates are small and imprecise: 10.8 Elo points (95% CI: [—34.3, 56.0])
and 0.27 conservative-score points (95% CI: [—0.74, 1.28]). Figure 5 shows these separate-sample estimates

for both outcomes.

4.3 Robustness and interpretation

The core result is not sensitive to the choice of kernel bandwidth. Across all six values of T, the coefficient
on literature support remains positive in the Al-only regressions for both outcomes. For Elo, the Al-only
estimate ranges from roughly 32.8 to 95.2 points per standard deviation of support; for the conservative
score, it ranges from about 0.84 to 2.82 points. By contrast, the human-only coefficients remain close to zero
across all bandwidth choices and are never statistically distinguishable from zero. Figure 6 summarizes this
stability across specifications.

Taken together, the estimates support the paper’s central claim: agentic LLM systems perform better
when producing research in areas that are more densely represented in the existing economics literature.
The strongest evidence comes from the Al-only regressions, where the support gradient is positive for both

outcome measures and stable across bandwidth choices. The pooled models are also consistent with this
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Figure 5: Estimated effect of literature support on tournament performance in separate samples of Al-
generated and human-written papers. Each point reports the coefficient on the standardized literature-
support score, and bars show 95% confidence intervals. The left panel uses Elo as the outcome; the right
panel uses the conservative TrueSkill score. Across bandwidth choices, the support slope is consistently
positive for Al-generated papers and close to zero for human-written papers.

interpretation, but they are less informative because they average over Al-generated and human-written
papers. The interaction results further suggest that the support-performance relationship is stronger for

Al-generated papers, especially when performance is measured using the conservative TrueSkill score.

4.4 Limitations and Measurement Caveats

Several limitations of the design should qualify the interpretation of the results. First, the outcome variable
is based on judgments of complete papers, whereas the literature-support measure is constructed from
abstracts only. Abstracts plausibly capture the main research question, framing, and topical positioning
of a paper, and are therefore informative about whether a study sits in a crowded or sparse region of the
literature. At the same time, they do not fully reflect many features that likely matter for tournament
performance, including the credibility of the empirical design, the quality of the robustness analysis, the
treatment of limitations, and the clarity of the full manuscript. The support measure should therefore be
interpreted as a noisy proxy for the semantic location of the paper rather than as a complete representation
of everything the judge observes.

Second, the literature-support score is itself only an indirect proxy for the quantity of relevant prior
material available to the language model. In substantive terms, the object of interest is not simply whether
a topic is common in economics, but whether it is well represented in the data environment from which
LLMs learn reusable patterns, templates, and conceptual associations. The OpenAlex-based measure is

useful for this purpose because it approximates the density of publicly available economics research in
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Figure 6: Literature-support coefficients across specifications, outcomes, samples, and kernel bandwidths.
Black points report pooled regressions, blue points report Al-only estimates, and orange points report
human-only estimates. For the interaction specification, the plotted coefficient is the differential slope for
Al-generated papers relative to human-written papers.

semantic space using a large and systematically collected corpus of English-language abstracts. But it is not
a direct observation of model training data, nor can it recover how a given model weights different sources,
memorizes recurring structures, or combines textual fragments during generation. Given the black-box
and stochastic nature of current LLM systems, the measure is best understood as a noisy indicator of latent
training-distribution support rather than as a direct measure of the model’s internal knowledge.

Third, the evidence remains observational and the institutional setting complicates causal interpreta-
tion. The APE experiment is still ongoing, so the paper should be read as an early snapshot rather than
a final assessment of the platform. More importantly, since LLMs appear on both sides of the evaluation
process, the observed association between literature support and performance could arise because Al sys-

tems genuinely produce stronger papers when working in well-supported regions of the literature, because
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the LLM judge is more favorable toward papers that resemble familiar areas of economics, or because both
mechanisms operate simultaneously. The absence of a comparable support gradient for human-written pa-
pers is suggestive evidence against a purely judge-side explanation, but that comparison remains limited
by the small benchmark sample.

A stronger design would therefore be needed to assess the source of the observed association more
precisely, and to document how the training distribution affects the research-production capabilities of
agentic LLM systems. One improvement would be to use a larger and more comparable pool of human
papers, rather than relying only on recent peer-reviewed articles from top economics journals. Although
APE submissions are prompted to resemble top-field-journal papers, they are generated by LLMs trained
on a much broader and noisier distribution of economic writing. The relevant comparison may therefore
be with a wider population of human submissions, including lower-quality, unpublished, or rejected work.
Another improvement would be to use human or otherwise non-LLM evaluation procedures as a valida-
tion exercise. This would be useful partly because it is difficult to ensure that an LLM judge had not been
trained on the human benchmark papers it is asked to evaluate. Even recent or not-yet-published bench-
mark papers are not necessarily insulated from this problem, since earlier working-paper versions may
have circulated online. More importantly, non-LLM evaluation would help isolate whether denser liter-
ature support improves the performance of agentic LLMs primarily on the production side, by enabling
them to generate stronger papers, or on the evaluation side, by making their outputs more legible or ap-
pealing to LLM judges. A further extension would be to construct the support measure from the semantic
content of full papers rather than from abstracts alone. This would provide a richer measure of the relevant

training distribution, although it would require a much larger data collection and processing effort.

5 Conclusion and Discussion

The contribution of this paper is primarily practical and positive rather than normative. The analysis
provides a suggestive test of where autonomous research agents currently appear to work better, not an
argument that the automation of research is necessarily desirable. Questions about whether knowledge
production should be increasingly outsourced to proprietary Al systems involve institutional and politi-
cal considerations that lie outside the scope of the present empirical design. Those considerations include
unequal access to frontier models across researchers and countries, dependence on privately controlled
infrastructures, and the possibility that public research resources are increasingly redirected toward com-
mercial platforms.

That said, if the pattern documented here generalizes, it has important implications for how research
automation is likely to reshape scientific work. The results suggest that LLM-based agents may be most
effective at producing work that remains close to well-established literatures, familiar empirical templates,

and densely represented semantic domains. In that case, these systems may substantially expand the
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throughput of incremental and standardized research while remaining much weaker at generating gen-
uinely novel questions, shifting conceptual frames, or producing reliable work in thinly documented do-
mains. In other words, automation may scale the production of research within existing boundaries more
easily than it scales the production of new intellectual directions.

This possibility matters because the long-run effects of automation depend not only on how much re-
search can be produced, but also on what kinds of research continue to be incentivized. If institutions
respond to short-run productivity gains by reducing demand for human researchers, especially at the ju-
nior stages where many careers begin, the result could be a narrower pipeline of people developing the
skills and independence required for more original work. Even if Al systems raise output in the short run,
the longer-run effect could be a reduction in exploratory capacity if human researchers are precisely the
margin along which more disruptive forms of innovation emerge. The broader concern, then, is not sim-
ply substitution, but selective substitution: a world in which machines become better at reproducing and
extending established lines of inquiry, while the human base that generates departures from those lines
becomes thinner. The results in this paper do not establish that outcome, but they do suggest that it is a

possibility worth taking seriously when evaluating the role of LLMs in research and higher education.
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