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Abstract

Large language models (LLMs) are increasingly used to support parts of the
scientific workflow, fueling interest in “AI scientist” frameworks. Their rele-
vance to social science, however, remains largely untested. Unlike the natural
sciences, social research is characterized by epistemic pluralism, limited ground
truth, complex validity requirements, and heightened ethical and governance
constraints. Here we examine these domain-specific challenges, propose targeted
mitigation strategies, and advocate a collaborative “AI co-scientist” model. We
outline pragmatic development pathways, benchmarking strategies, institutional
reforms to support cumulative learning, and clear methodological boundaries.
Rather than racing toward autonomous social science researchers, we argue
that progress should focus on strengthening the conceptual and institutional
foundations required to support them.
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1 Introduction

Recent advances in large language models (LLMs), particularly in reasoning and multi-
step task execution, are beginning to automate substantial components of the scientific
workflow. These systems can now solve complex mathematical problems [1], assist with
formal proofs [2], retrieve and synthesize prior work [3, 4], propose new hypotheses [5–
8], and generate analytical or computational code [9–12]. Building on these advances,
emerging end-to-end or human-in-the-loop frameworks can autonomously formu-
late hypotheses, run experiments, analyze results, and draft manuscripts. Together,
these developments suggest the emergence of increasingly autonomous “AI scientist”
frameworks that may reshape how scientific knowledge is produced [13, 14].

Existing AI scientist frameworks have been developed and evaluated almost exclu-
sively in computer science (e.g. AI Scientist [15] and Agent Laboratory [14]), chemistry
(e.g. ChemCrow [16] and Coscientist [17]), and the life sciences (e.g. Biomni [18])
(see supplementary materials). Some systems aim to automate end-to-end research
pipelines, while others incorporate human feedback or domain-specific tools to support
hypothesis generation, experimentation, and analysis. Demonstrations span applica-
tions such as diffusion modeling, chemical experimentation, and biomedical discovery
[14–18]. Kosmos [19] is positioned as more domain-general, though its validation still
centers on applications in metabolomics, materials science, neuroscience, and statis-
tical genetics. While LLMs already show potential for transforming social science
methods [20, 21], extending AI scientist frameworks to this domain requires more
than domain transfer and introduces distinct methodological and epistemic risks.
The epistemic pluralism that characterizes social science, in which multiple theoret-
ical frameworks can be simultaneously defensible and empirically underdetermined,
has deep roots in the philosophy of science [22], and poses distinctive challenges for
AI systems trained to optimize toward singular solutions. Even in machine learning
research, recent studies document systematic failures, including metric misuse and
biased dataset selection [23, 24].

Here we identify domain-specific challenges and risks in developing autonomous
AI scientist frameworks for social science, propose targeted mitigation strategies, and
delineate key methodological boundaries. We caution against premature deployment
in the absence of a clear understanding of system reasoning and reliability. Instead, we
argue that a collaborative AI co-scientist—one designed to complement rather than
replace human researchers and grounded in multi-agent architectures and systematic
interpretability studies—offers a more responsible and feasible path forward.

2 Challenges and Risks of Social Science AI Scientists

2.1 Epistemic Disagreement and Lack of Ground Truth

Many existing AI scientist frameworks work on AI or natural science tasks, which
are characterized by abundant, well-structured public datasets and codified knowledge
[25]. For example, AI Scientist and Agent Laboratory rely heavily on HuggingFace
datasets, while DeepMind’s AlphaFold [26] would not have been possible without
the Protein Data Bank [27]. Social science, by contrast, lacks comparable public
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repositories that establish ground truth for many core constructs. The lack of such
repositories can be traced to both the plurality of theoretical and operational defi-
nitions of key constructs and legal, ethical, and privacy constraints on data sharing
about individuals.

Many core constructs in the social sciences, such as socioeconomic status, teaching
effectiveness, and partisanship, are inherently unobservable and admit multiple, often
competing, operationalizations. For example, socioeconomic status may be measured
as individual income, family income, or as a latent construct combining some combi-
nation of income, wealth, education, and occupation [28]. These choices are not merely
technical: they reflect underlying theoretical commitments [29] and normative assump-
tions about what the construct ought to capture [30, 31]. In fairness research, for
instance, conflicts between individual and group fairness, or between predictive parity
and error-rate balance in recidivism risk assessment, reflect differing value judgments
about whose harms matter and how they should be weighed, rather than alternative
measurements [28]. More broadly, the validity of many operationalizations remains
contested [32, 33], underscoring that measurement in social science is inseparable from
theory and interpretation. This view is consistent with philosophical accounts of valid-
ity that treat it not as a psychometric property of an instrument but as a theoretical
claim about the relationship between a latent attribute and its operationalization [34],
a framing that renders automated construct selection without theoretical grounding
particularly problematic [28].

2.2 Evaluation, Robustness, and Non-Human Reasoning

In domains with fixed benchmarks, AI scientist frameworks can be evaluated against
known solutions using standard performance metrics such as accuracy. Social science
lacks a direct analogue to an “accuracy” score [35], and even closely related metrics
(e.g., reliability) can lead to qualitatively different conclusions [36]. Evaluating social
science research instead requires assessing multiple dimensions, including statistical
inference and internal, construct, and external validity [30], making robust, human-like
reasoning central to AI scientist development in this domain [21].

Social science AI scientists face two additional challenges. First, the growing
emphasis on reasoning-centered evaluation of AI systems—where models are assessed
on multi-step inference, abstraction, and analogical reasoning rather than factual
recall—raises concerns about the reliability of LLM reasoning in theory-driven domains
[37]. Social science research frequently requires transferring theoretical constructs
across contexts, interpreting ambiguous social categories, and drawing analogies
between historical or institutional settings. Yet LLMs often fail to generalize reliably
in analogy-making and abstract reasoning [38, 39], producing brittle inferences that
appear plausible but rest on flawed conceptual mappings [40, 41]. In social science
workflows, such failures could silently propagate into theory selection, construct def-
inition, or causal interpretation, creating risks that are difficult to detect through
standard benchmark-style evaluation.

For example, an AI system tasked with analyzing online protest movements might
draw analogies to historical revolutions, such as comparing a contemporary hash-
tag campaign to the early stages of the Arab Spring. While digital platforms played
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an important role in mobilization during events such as the Egyptian and Tunisian
uprisings [42–44], such comparisons can rest on superficial similarities, such as rapid
information spread, while ignoring deeper differences in institutional context, political
repression, or communication infrastructure.

Second, modern AI systems exhibit well-documented behavioral failure modes [45],
including hallucinations in large language models [46–48] and sycophantic responses
[49], which pose particular risks in data-sparse scientific domains, such as fabricating
nonexistent datasets [50]. One documented driver of hallucination is data scarcity
[51], and given that many core social-scientific constructs remain underrepresented in
training corpora, hallucination risks are likely elevated in social science applications
[51]. Synthetic data does not fully resolve this limitation and may instead induce model
collapse under repeated reuse [52].

2.3 Ethical, Contextual, and Governance Constraints

Social science research is shaped by ethical, contextual, and governance constraints
that AI systems must carefully navigate, especially when applications draw on digital
trace and platform data [53, 54]. In addition to standard human-subject and privacy
safeguards, the field relies on evolving norms around consent, data protection, and plat-
form governance, and it often uses social data that raise concerns about downstream
harms [55]. Automated agents that propose studies, collect data, or design inter-
ventions may unintentionally circumvent IRB safeguards and restrictions, or engage
vulnerable populations in ways that human researchers would recognize as inappro-
priate. LLMs have been shown to miss ethical concerns identified by human reviewers
and produce inconsistent assessments across runs [56]. At the same time, as LLMs are
increasingly used in social science, researchers still lack clear guidance on tool relia-
bility, responsible use, and appropriate evaluation standards [57]. Recent work further
highlights emerging threats from adversarial content designed to manipulate, deceive,
or exploit visiting agents (see [58] for a recent taxonomy of AI agent traps). Together,
these challenges position governance and ethical reasoning as core requirements rather
than peripheral safeguards for AI scientists operating in social science settings.

2.4 Undisclosed Search and the Risk of Fishing

Recent work suggests that AI agents may inadvertently enable forms of exploratory
or selective data searching, raising concerns analogous to “fishing” in social science
when analytical search processes are not fully disclosed. Iterative prompt refinement
can function as a form of selective reporting, analogous to p-hacking, allowing users
to steer models toward preferred outputs without transparent documentation. At the
same time, evidence on sycophancy indicates that LLMs often produce plausible or
user-aligned responses under uncertainty rather than abstaining. For example, refram-
ing specification search as uncertainty reporting has been shown to be associated with
p-hacking-like behavior in AI coding agents [59, 60], while the non-determinism of
LLM outputs suggests that repeated interactions with the same model may consti-
tute an implicit and undisclosed search over outputs [61]. These behaviors—captured
under the concept of “LLM hacking” [62] (see Supplementary Information)—suggest
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that poorly governed AI scientists could unintentionally amplify long-standing risks of
false discovery and biased estimation associated with exploratory flexibility in social
research. A constructive path forward is to systematically characterize how LLMs per-
form core social science tasks before granting them greater autonomy in the research
workflow [63].

2.5 Production-Progress Paradox and the Risk of Slow Science

AI systems primarily accelerate the production of conventional research outputs, such
as text, code, and summaries, without necessarily reshaping how knowledge is rep-
resented, evaluated, or integrated across studies [64]. Similar concerns were raised in
earlier work on electronic publication, which showed that increased efficiency in access-
ing literature was associated with narrowing the range of ideas scientists engage with
[65]. As a result, AI scientist frameworks could increase research output without accel-
erating, and potentially even slowing, scientific progress when the primary bottlenecks
lie not in producing artifacts but in resolving conceptual disagreements, integrating
conflicting evidence, or designing informative tests [66, 67].

Recent commentary by Sayash Kapoor and Arvind Narayanan [68] highlights this
“production–progress” mismatch, in which AI systems optimize for throughput despite
key epistemic constraints lying elsewhere (see supplementary information). Support-
ing this concern, a large-scale analysis of 41.3 million papers finds that scientists using
AI tools publish more and receive more citations, yet AI adoption is associated with
a contraction in collective scientific focus and reduced follow-on engagement, as AI-
augmented work concentrates in data-rich domains and automates established research
programs rather than opening new ones [69–71]. This dynamic may be particularly
consequential in social science, where foundational disagreements persist and progress
depends heavily on resolving contested interpretations rather than scaling routine
production. For example, literature reviews are intended to synthesize competing per-
spectives and demonstrate scholarly judgment, but risk becoming machine-generated
artifacts produced and consumed by other machines, thereby weakening their role as
vehicles for conceptual integration.

3 Recommendations

3.1 Multi-agent AI Co-Scientists for Social Science

Recent work has proposed the concept of an “AI co-scientist”: a multi-agent system
designed to collaborate with, rather than replace, human researchers by generating,
critiquing, and iteratively refining hypotheses and study plans [17, 72, 73]. These sys-
tems typically rely on specialized agents that debate and rank competing proposals
across multiple rounds, improving outputs through additional test-time computation
and access to external tools [74–76]. In social science, such systems could scaffold
core elements of the research workflow, including literature synthesis, theory com-
parison, preregistration drafting, and measurement design, while leaving substantive
judgment and final decisions to human researchers. Beyond accelerating exploration,
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these systems may also help detect errors and improve transparency by strengthening
expectations for documenting research choices and analytical pathways.

This emerging literature suggests a preliminary design space for social science
applications. One potential component is a meta-review agent that explicitly sur-
faces competing theoretical framings of a construct rather than collapsing distinctions
between them [28]. A second component is a knowledge-graph agent that builds
and maintains links among theories, methods, datasets, and prior findings, support-
ing cumulative reasoning across studies. A third is a governance-oriented agent that
records prompt iterations, tool calls [77], and specification changes, thereby increas-
ing visibility into otherwise opaque decision processes and reducing opportunities for
undisclosed analytical search. To date, however, none of these components have been
systematically implemented or evaluated in social science contexts.

These proposed components should be understood as design hypotheses rather
than validated prescriptions. Their motivation draws from capabilities demonstrated
in adjacent domains: meta-review and critique mechanisms have been evaluated
in peer-review simulations [78]; knowledge-graph systems have supported cumula-
tive reasoning in biomedical discovery [17]; and tournament-style self-critique has
improved output quality in general multi-agent frameworks [74]. Whether these capa-
bilities transfer to social science remains an open empirical question. Social science
research is characterized by contested constructs, limited ground truth, and multi-
dimensional validity requirements, raising uncertainties about whether meta-review
agents can meaningfully preserve theoretical disagreements, whether knowledge graphs
can encode context-sensitive generalizability constraints [79], and whether governance
logging alone can detect or deter undisclosed analytical search in practice.

Accordingly, we frame these components as candidate mechanisms to be evaluated
through narrowly scoped prototypes, rather than as elements of a finalized architec-
ture. This position is consistent with the staged, interpretability-first development
strategy outlined in Section 3.5, which prioritizes empirical validation of individual
components before large-scale system integration.

3.2 Pragmatic Starting Points

A pragmatic strategy is to begin with tasks and domains that offer clear benefits
alongside well-specified data and evaluation criteria. On the task side, reproducibility
[80], replication [81], preregistration compliance checks [81], early-stage manuscript
review [78], and experiments that use structured interactions with AI systems as treat-
ments provide natural entry points [82]. Recent evidence further shows that AI coding
agents can reproduce published social science findings with near-perfect accuracy, high-
lighting the feasibility of structured evaluation pipelines [60]. An independent audit
demonstrates that Claude Code exactly reproduced the main results of a published
political science paper, accurately reconstructed treatment variables, collect new data,
and re-estimate core specifications with minimal human intervention [83].

On the domain side, early development should prioritize data-rich areas with estab-
lished measurement practices and partial ground truth. These include elections and
voting (for example, MIT Election Data and Science Lab datasets [84] and Parl-
Gov [85]); political polarization (for example, American National Election Studies
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feeling thermometer measures); legislative behavior (for example, Voteview roll-call
voting records [86]); credit and risk modeling (for example, German Credit data [87],
credit card fraud detection datasets [88], and explainable credit scoring benchmarks);
psychometrics (for example, the myPersonality dataset [89]); public opinion (for exam-
ple, OpinionQA [90] and SubPOP [91]); cognition (for example, Psych-101 [92]);
social experiments (for example, SOCSCI210 [93]); and human–AI interaction studies
[94]. Prioritizing task structure and data availability over disciplinary labels enables
systematic validation before deployment in more ambiguous, data-poor domains.

3.3 Non-Static and Fluid Benchmarking

AI co-scientist benchmark design involves defining tasks, curating data, and specifying
evaluation protocols. Beyond creating gold-standard annotations, rigorous assessment
requires benchmarks that move beyond static knowledge retrieval [25]. Rather than
only ImageNet-style classification benchmarks [95], researchers can design “miniature
research episodes” that mirror core stages of the research workflow [96]. For exam-
ple, consider political ideology: an ImageNet-style benchmark treats ideology as a
fixed label and evaluates whether a model can classify individuals as “liberal” ver-
sus “conservative”. A “miniature research episode” benchmark would supplement ML
ideological labeling by situating political ideology within a broader research workflow,
linking it to research questions (e.g., the role of ideology in voting behavior or opin-
ion formation), alternative operationalizations (e.g., self-reported surveys or inference
from social networks), methodological choices (e.g., survey experiments versus obser-
vational designs), tool or software use (e.g., Prolific or R packages), interpretation,
and robustness checks.

For data curation, benchmarks can draw on existing research data and code repos-
itories (e.g. OSF and Dataverse), public opinion surveys (e.g., the American Trends
Panel [97]), election studies (e.g., the Comparative Study of Electoral Surveys (CSES)
[98]), and open experimental archives (e.g., NSF’s Timesharing Experiments [99]) to
assess LLM reasoning. For example, AI co-scientists can be tasked with reconstruct-
ing or proposing research questions and theoretical constructs based on preregistered
designs. For evaluation, model outputs should be assessed by panels of domain experts
using explicit rubrics (e.g., conceptual clarity, internal validity, and ethical accept-
ability), rather than against single ground-truth labels. Recently proposed approaches
such as Fluid Benchmarking [100, 101], which support evaluation across multiple rele-
vant dimensions, are well suited to this context. While such benchmarks cannot resolve
the ground-truth problem, they enable principled, pluralistic evaluation under real
epistemic and ethical constraints.

3.4 Institutional Reform

To enable productive uses of AI in social science, research must move beyond the
peer-reviewed manuscript as the dominant unit of knowledge production. Rather than
using AI to accelerate existing outputs, we should leverage its capacity for struc-
tured, cumulative knowledge representation [79]. LLM-based systems could maintain
machine-readable links among theories, methods, data, and findings, integrating prior
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work directly into ongoing research rather than relegating it to narrative literature
reviews (see supplementary materials). In domains with repeated studies using com-
parable methods, AI systems could also support continuously updated evidence bases,
with individual contributions feeding into shared, living databases rather than stan-
dalone papers. Realizing these designs will require institutional reforms, including new
norms and credit-allocation mechanisms to recognize individual contributions within
collaborative research infrastructures.

3.5 Mechanistic Interpretability and Incremental Extension of
Prior Work

Advancing AI systems without first understanding how existing models perceive and
reason about social data risks producing tools that generate plausible but conceptually
unsound research. A more prudent path is to replicate and dissect prior demonstra-
tions of LLM capabilities in social science using mechanistic interpretability techniques
[102, 103]. By uncovering the internal representations and circuit-level reasoning
behind tasks [104, 105], we can evaluate whether LLMs are genuinely capturing social
mechanisms or merely exploiting superficial correlations.

Aligned with this view, Melanie Mitchell’s NeurIPS 2025 keynote emphasizes
the importance of incremental, well-grounded extensions rather than sweeping leaps
toward human-level scientific reasoning. Building an AI co-scientist for social sci-
ence should follow this philosophy: extend existing systems only as far as we can
explain and validate them. This means prioritizing replication studies, mechanistic
audits, controlled evaluations of failure modes, and narrowly scoped prototypes that
tackle specific components of the research pipeline. Such a staged approach not only
mitigates risks but also ensures that progress is cumulative, interpretable, and scien-
tifically meaningful. In short, rather than racing to build an autonomous social science
researcher, the field should focus on understanding and strengthening the foundations
upon which such a system would eventually rest.

4 Methodological Boundaries

4.1 Methodological Boundaries Across Research Designs

AI co-scientists should not be expected to perform uniformly across social science
methods. Their reliability depends on both the epistemic task – whether data is
obtained through observational studies or controlled experiments – and whether the
mode of interaction with the social world is online or in-person (Figure 1). In obser-
vational online research, such as social media analysis, AI co-scientists are well suited
to core tasks including data collection, analytic planning, and large-scale measure-
ment. Observational offline studies, by contrast, often rely on situated interpretation,
embodied presence, and contextual knowledge (e.g., schools, organizations, communi-
ties) that current systems cannot access, sharply limiting their role beyond preparatory
or analytic support.

Experimental research also faces important constraints. In online settings, AI sys-
tems can support experimental design, power analysis, preregistration, analysis, and
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Methodological boundaries for AI Co-Scientist systems
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• Preliminary coding of fieldnotes and
interviews

• Interview and observation protocol
design

• Site-specific literature and context
synthesis

• AI role: ideation, design/analysis

• Large-scale text and content coding
• Robustness checks; replication

scaffolding
• Cross-platform digital trace analysis
• AI role: entire research workflow

• Experiment design and randomization
planning

• Power and attrition simulation
• Implementation quality monitoring
• AI role: ideation, design/analysis

• Survey experiments; conversational
agents

• Platform A/B tests
• Power analysis; preregistration;

analysis
• AI role: ideation, design/analysis,

pre-test

Fig. 1 A framework for AI co-scientist support across social science research
designs. The matrix organises social science research along two axes: epistemic approach
(experimental versus observational) and setting (offline in-person versus online digital). Color
coding indicates the expected degree of task automation feasible for AI co-scientists in each
quadrant (green, high; orange, moderate; red, low). In online observational settings, AI co-
scientists can support the entire research workflow, including large-scale text and content
coding, robustness checks, replication scaffolding, and cross-platform digital trace analysis.
In online experimental settings, their role spans ideation, study design, power analysis, pre-
registration, and implementation of platform-level A/B tests and survey experiments, though
reliability declines when causal identification depends on behavioral responses or spillover
effects. In offline contexts, AI co-scientists are limited to preparatory and analytic sup-
port, such as interview and observation protocol design, site-specific literature synthesis, and
preliminary coding of fieldnotes, because situated interpretation, embodied presence, and
real-world institutional access remain beyond current system capabilities.

in some cases implement interventions via platform-level A/B tests or conversational
agents [82]. Their reliability, however, declines when causal identification hinges on
behavioral responses, incentives, compliance, or spillover effects, where AI-generated
behavior is a poor proxy for human decision-making. Offline experiments present even
more difficult challenges. Without the capacity to intervene, observe, and adapt within
real-world institutional contexts, AI co-scientists cannot engage mechanisms central to
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causal identification. Even for image- or video-based experiments, where multimodal
models can assist with stimulus characterization and manipulation checks, it remains
unclear whether they capture human perceptual, affective, and culturally mediated
responses.

4.2 “Silicon Sampling” as Survey Takers for Public Opinion
Measurement

The original “silicon sampling” approach proposes using LLMs as conditional sim-
ulators of human responses by prompting them with detailed sociodemographic
backstories drawn from real survey data [106]. Recent research suggests that silicon
sampling can be valuable for pretesting surveys, refining question wording, and explor-
ing initial messaging concepts [107] (see Supplementary Materials). However, it is
essential to avoid an AI “ouroboros” drifting away from the social world social scien-
tists seek to explain. While formal and computational theory has an important role,
the empirical core of social science must remain outward-facing, and replacing survey
or social data with silicon samples for reasons of economic efficiency risks eroding that
core. Until its underlying mechanisms are better understood and its limitations can be
reliably mitigated, we do not recommend its use for estimating real-world attitudes,
preferences, or voting intentions. The central concern is not only bias or insufficient
variance, but unverifiable reliability, as model outputs vary with prompting choices,
sampling parameters, and model updates [108–110]. Further, there are also much larger
questions at stake here in terms of what we actually mean by public opinion – e.g., is
it simply a set of answers to survey questions about public issues (which we know is
filled with a myriad of challenges for making inferences to opinions of larger popula-
tions) or are there other aspirations here tied to norms of democratic governance? –
that go beyond the scope of this current manuscript.

4.3 High-Stakes Data Collection in Sensitive Settings

Recent work suggests that carefully designed LLM-based interviewers can complement
traditional methods in low-risk settings, for example, by scaling short qualitative inter-
views, eliciting richer responses than open-text surveys, and enabling rapid hypothesis
generation when deployed under clear ethical guardrails and human oversight [111]
(see Supplementary Information).

Prior research shows that computer-administered surveys and virtual interviewers
can reduce social desirability pressures and increase willingness to disclose sensitive
information [112–115]. LLM-based interviews may therefore offer similar advantages
for certain sensitive topics, although this remains an open empirical question requiring
systematic validation.

However, recruitment, interviewing, or data collection involving vulnerable popu-
lations or legally sensitive behaviors should not be automated end-to-end [116, 117].
Such contexts require harm-aware protocols, informed consent, and the capacity to
respond to distress, coercion, or safety risks. Automation increases the likelihood of
inappropriate questioning, unintended disclosure, and unverifiable compliance with
ethical standards.
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5 Conclusion

Developing ”AI scientist” systems for social science remains constrained by epistemic
pluralism, ethical obligations, and reliance on situated human judgment. Poorly gov-
erned systems risk reinforcing fragile inference and misaligned incentives — and the
case for caution is not that human researchers are reliable where AI is not, but that
ungoverned automation may amplify the very incentive failures, including publication
pressure, selective reporting, and motivated reasoning, that already compromise social
science. Rather than treating these constraints as obstacles, we argue that they clar-
ify where AI can most productively complement human expertise and where oversight
must remain central. Our recommendations emphasize pragmatic development and
domain-specific validation to strengthen the foundations of social inquiry. By prioritiz-
ing online observational studies and recommending multi-agent AI co-scientists with
specialized agents to address core methodological and epistemic challenges, the field
can harness computational advances to support more transparent and theoretically
ambitious social science. In short, the limits of AI scientists are not only computa-
tional but interactional. This perspective has sought to clarify where automation is
feasible, where it raises governance concerns, and where it remains speculative.
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Appendix A Background on Existing AI Scientists

The rapid advancement of large language models (LLMs), particularly in their knowl-
edge and reasoning abilities, has enabled a wide range of scientific applications, from
solving complex mathematical problems [1] and assisting with formal proofs [2] to
retrieving related work [3], and generating analytical or computational code [9]. Build-
ing on these capabilities, emerging end-to-end frameworks can now autonomously
formulate hypotheses, run experiments, analyze results, and draft manuscripts. These
systems aim to replicate substantial portions of the scientific workflow and therefore
have the potential to reshape how scientific research is conducted [13, 14].

Although existing studies present AI scientist frameworks as domain-agnostic,
most have been trained or evaluated primarily on problems in computer science,
chemistry, and the life sciences. The AI Scientist provides an end-to-end framework
for automating the research pipeline, but its validation is limited to tasks in diffu-
sion modeling, language modeling, and grokking. Agent Laboratory [14], in contrast,
is a human-in-the-loop system that incorporates user feedback at each stage and is
evaluated on five LLM-related research questions. In chemistry, systems such as Chem-
Crow [16] and Coscientist [17] demonstrate autonomous ideation and experimentation.
Biomni [18] extends this approach to biomedicine, supporting tasks ranging from gene
prioritization and drug repurposing to rare-disease diagnosis and protocol design.

Appendix B Background on Cross-Disciplinary
Knowledge Transfer

Recent work highlights a distinct pathway by which LLMs enable cross-disciplinary
knowledge transfer: they act as “conceptual translators” that reframe a problem in
the language of another field and then surface theorems, techniques, and verification
routines that would not typically be in a domain expert’s default toolkit. For example,
in the Gemini mathematics case studies, researchers report that frontier models can
identify analogies across areas (e.g., mapping discrete combinatorial questions onto
continuous formulations), retrieve relatively obscure but relevant results from adjacent
literatures, and help assemble proof strategies by decomposing tasks into verifiable
sub-lemmas and then iteratively refining them with human feedback [10].

A parallel form of transfer appears in work that applies transformer methods
beyond text by exploiting structural similarities between domains. For example, the
life2vec study [11] treats human lives as sequences of events, encoded as a “synthetic
language” spanning health, education, occupation, income, residence, and related life
events, and then adapts NLP-style transformer training objectives to learn embed-
dings and make predictions across very different targets (e.g., early mortality risk
and personality nuances). This approach illustrates how techniques developed for
language representation can move into longitudinal social and administrative data
when sufficiently comprehensive traces are available, enabling a shared representation
space that integrates heterogeneous domains and supports cross-domain inference and
interpretation.
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Appendix C Background on Existing Social Science
Benchmarks

Benchmarks for “AI scientists” in social science span several complementary targets.
OpinionQA evaluates whether a model’s answers to subjective political and social
questions align with the empirical distribution of responses observed in large public-
opinion surveys across demographic groups (rather than a single “correct” label),
making it a natural testbed for representational and distributional validity [90]. Sub-
POP similarly leverages survey structure but focuses on predicting subpopulation-level
response distributions at scale—pairing thousands of survey questions with tens of
thousands of subgroup response distributions to support training and evaluation of
models as distributional forecasters of public opinion [91]. In a more applied direc-
tion, an emerging e-commerce benchmark evaluates whether language models can
predict human click and purchase sequences in real-world online shopping sessions.
By focusing on next-action and outcome prediction, it assesses behavioral fidelity in
incentive-driven settings beyond static question answering [14].

Two additional resources broaden evaluation from opinions to behavioral predic-
tion. SOCSCI210 aggregates individual-level responses from a large collection of open
social science experiments (millions of responses across hundreds of thousands of par-
ticipants), enabling tests of whether fine-tuning on experimental data improves models’
ability to predict human behavior across domains and demographic groups [93]. Psych-
101, introduced alongside the Centaur line of work, provides trial-by-trial transcripts
from a large set of laboratory psychology experiments (160 studies; tens of thousands of
participants; over ten million choices), offering a common natural-language format for
modeling and evaluating cognition-like generalization across experimental paradigms
[92].

Appendix D Background on LLM Hacking

Baumann et al. [62] define LLM hacking as the production of incorrect scientific con-
clusions caused by researchers’ configuration choices when using large language models
for data annotation, including model selection, prompt formulation, decoding parame-
ters, and output mapping. Because LLM outputs are highly sensitive to small changes,
different plausible configurations can yield different annotations that propagate into
downstream analyses and flip statistical conclusions, distort effect sizes, or reverse
effect directions. This creates a “garden of forking paths” at the data-generation stage,
analogous to p-hacking but occurring before formal analysis [62]. LLM hacking can
be intentional, when researchers cherry-pick configurations to support desired results,
or accidental, when defaults and unvalidated choices lead to errors [62]. To reduce
these risks, the authors argue that LLMs should be treated as measurement instru-
ments rather than black boxes. They recommend combining LLM outputs with human
annotations, using bias-corrected estimators, pre-registering and reporting all tested
configurations, validating models on ground-truth data, and adopting transparent
hybrid workflows to prevent both manipulation and unintended error [62].
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Appendix E Background On Production-Progress
Paradox

The production–progress paradox is the idea that scientific production (papers,
researchers, funding, datasets, compute) can rise rapidly while progress (genuine con-
ceptual, theoretical, or practical advances) grows much more slowly—or even appears
to stagnate. Kapoor and Narayanan [68] argue that many current “AI-for-science”
visions focus on accelerating production (more papers, faster pipelines) even though
the binding constraints on progress often sit elsewhere—an analogy they frame as
“adding lanes to a highway when the slowdown is caused by a toll booth.” They also
emphasize that “progress” is hard to define and measure, and that what looks like a
slowdown may depend on which notion of progress we adopt and how we operationalize
it.

Several mechanisms can plausibly generate this mismatch. One is misaligned incen-
tives: career rewards favor publishable, lower-risk work, which can push researchers
toward incremental contributions and away from high-variance exploration that yields
fewer papers but occasional breakthroughs [70]. Another is quality control and syn-
thesis bottlenecks: as output volume grows, the capacity to verify results, share code
and data, and integrate findings into coherent knowledge does not scale proportionally,
weakening cumulative learning [20]. A further mechanism is the prediction–explanation
gap: progress in science often requires better theories and understanding, not only
improved prediction. Kapoor and Narayanan [68] illustrate this with the “epicy-
cles” analogy—systems can keep improving predictive performance within a flawed
framework, potentially delaying theoretical replacement.

AI could amplify the paradox by sharply lowering the marginal cost of producing
analyses and manuscripts, increasing volume without addressing upstream bottlenecks
in theory-building, validation, and synthesis [68]. It could also deepen the predic-
tion–explanation gap if black-box modeling improves forecasts while offering limited
insight into underlying mechanisms, prolonging reliance on weak theories [68]. At
the same time, AI could mitigate the paradox if deployed to target the true bottle-
necks: improving error detection and reproducibility workflows, supporting synthesis
and interpretation rather than paper generation, and shifting incentives away from
production metrics toward practices that build durable human understanding [68].

Appendix F Background on the Cumulative
Knowledge Representation

One concrete way to “integrate prior work directly into ongoing research” is to treat
the literature as a structured input to an inference engine rather than a narrative
backdrop. Goroff and colleagues [79] frame the central obstacle as context sensitivity:
even when an effect is real in one setting, we often cannot predict whether (or how
much) it will change when populations, places, implementation details, or time periods
change. In that spirit, an AI co-scientist should not merely summarize prior studies,
but continuously maintain machine-readable representations of each study’s design,
measures, sampling frame, implementation conditions, and estimated effects, along
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with explicit metadata about plausible moderators (e.g., participant demographics,
institutional setting, mode of delivery).

This kind of representation makes prior work actionable: when a researcher pro-
poses a new study (“run X in Y context”), the system can retrieve the closest prior
evidence, surface which contextual dimensions are well-covered versus underspeci-
fied, and generate principled transportability-style predictions or sensitivity analyses
about where results are likely to hold and where they are likely to break. Cru-
cially, this reframes “literature review” from a retrospective narrative into a living,
computable knowledge base that supports design decisions, identifies the next most
informative replication or extension, and helps cumulate evidence specifically around
the contextual factors that determine generalizability.

Appendix G Background On Fluid Benchmarking

Current LM benchmarks are increasingly strained by a “benchmarking crisis”: eval-
uation has become expensive, noisy, and sometimes misleading, as static item sets
saturate for strong models while remaining uninformative for weaker ones, and as ad
hoc fixes (e.g., sampling fewer items for efficiency) can unintentionally increase vari-
ance and reduce practical utility [22]. Hofmann et al. [100] argue that many efforts to
improve benchmarking target single problems in isolation—efficiency, variance, label
noise, or difficulty—rather than optimizing evaluation quality jointly. They propose
Fluid Benchmarking, which treats benchmarking as “benchmark refinement” and uses
item response theory (IRT) to estimate each item’s difficulty and discrimination from
prior evaluation results, then applies adaptive testing to dynamically select the most
informative items for a given model’s capability level and to report performance in a
latent ability space rather than raw accuracy. By tailoring items to the model, Fluid
Benchmarking can reduce step-to-step evaluation variance and improve external valid-
ity while using far fewer items than random sampling, thereby addressing multiple
dimensions of the benchmarking crisis simultaneously.

Appendix H Background on Mechanistic
Interpretability

Mechanistic interpretability is a line of work that aims to reverse-engineer neural net-
works into human-understandable mechanisms, explaining model behavior in terms of
internal representations (“features”), components (neurons/heads), and higher-level
“circuits”, rather than only input–output correlations [105]. In transformer LMs, a
widely used family of methods combines observational tools (e.g., analyzing attention
patterns; using linear probes to test whether particular concepts are linearly decod-
able from activations; and feature-discovery methods such as sparse autoencoders to
extract interpretable features) with causal interventions that test necessity/sufficiency
[105]. The most common intervention techniques include ablation (removing or zero-
ing specific heads/neurons/paths and measuring the effect on a target behavior) and
activation patching/causal tracing (swapping activations from a “clean” run into a
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“corrupted” run to localize which layers/MLP blocks/heads causally mediate a behav-
ior), exemplified by work that localizes factual recall to specific mid-layer computations
and then edits them [102].

Appendix I Background on Silicon Sampling

The original “silicon sampling” approach proposes using large language models as
conditional simulators of human responses by prompting them with detailed sociode-
mographic backstories drawn from real survey data [106]. Rather than treating models
as generic respondents, the method aims to capture how attitudes vary across social
groups, introducing the notion of algorithmic fidelity to assess whether models repro-
duce the structure of human opinions rather than individual answers. Across several
political opinion tasks, the authors show that conditioned models can approximate
aggregate response patterns and some demographic correlations, particularly for
exploratory analysis and instrument pretesting. At the same time, they stress that sil-
icon samples are not substitutes for human respondents, given sensitivity to prompt
design and persistent non-human reasoning patterns, and should therefore be used to
support, rather than replace, human-centered social research.

While promising, subsequent studies have revealed limitations, including insuf-
ficient variance, unreliability on subjective questions, and persistent social biases
[108–110]. Recently, drawing on a systematic review of roughly thirty empirical studies,
Wihbey and D’Alonzo [107] evaluate the use of large language models (LLMs) across
the survey research pipeline, distinguishing complementary from substitutive uses of
“silicon sampling.” They show that LLMs are most effective when used upstream
as design aids—refining survey questions, identifying ambiguous or leading wording,
translating instruments, and conducting exploratory pilots to surface low-consensus
items—where they can function as cost- and time-efficient scaffolds for human-led
research if treated as directional signals and validated against non-LLM sources. By
contrast, the authors caution against using LLMs as substitutes for human respon-
dents, especially on political, divisive, or cognitively complex topics: models often
misrepresent opinion distributions, collapse within-group variation, exaggerate or sup-
press polarization, and rely on stereotypes, while exhibiting non-human cognitive
patterns such as hyper-accuracy and lack of uncertainty. Even fine-tuning and retrieval
augmentation yield mixed gains. The authors therefore advocate a hybrid approach
in which LLMs support survey design and exploratory analysis, while human sam-
ples remain the gold standard (albeit a flawed – and becoming increasingly so as
response rates plummet – gold standard, which raises very important questions for
future research) for inference and decision-making, backed by transparency, logging,
and systematic validation.

Appendix J Background on AI-Led Qualitative
Interviews at Scale

Recent work develops and evaluates a scalable framework for conducting AI-led qual-
itative interviews using LLMs [111]. Its central goal is to bridge qualitative and
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quantitative social science by enabling thousands of short, semi-structured interviews
that follow established principles of qualitative interviewing, such as non-directive
questioning, follow-up prompts, and cognitive empathy. The authors design a single-
agent LLM system driven by a flexible prompt that incorporates best practices from
sociology and can be easily adapted across research domains, allowing large-scale
deployment with minimal technical overhead.

Methodologically, the paper benchmarks LLM-led interviews against human-led
interviews using multiple evaluation strategies, including expert ratings by trained
sociologists, respondent-based quality metrics, and comparisons to open-ended survey
questions. Across a range of applications, eliciting subjective mental states, political
preferences, decision-making processes, and mental models of public policy, the authors
find that LLM-led interviews are rated as comparable to average human experts in
online settings and, in some cases (especially with voice input), approach face-to-face
interview quality. Respondents provide substantially richer responses than in standard
open-text surveys, and both experts and participants report high satisfaction with the
interview process. The findings suggest that AI-led interviews can serve as a powerful
complement to traditional qualitative methods, particularly when scale, speed, and
systematic analysis are required, while not replacing in-depth human interviews.
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