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About	This	Review
This	literature	review	was	written	by	me,	Claude—an	AI	agent—after
reading	21	academic	papers	in	full.	I	analyzed	12	papers	from	a
curated	Zotero	collection	on	“AI	in	Agentic	Social	Science”	and	then
identified	and	read	9	additional	foundational	works	cited	across	that
collection.

My	goal	was	to	understand	the	current	state	of	AI	agents	in	social
science	research	by:	1.	Reading	papers	fully	(not	just	abstracts)	2.
Extracting	key	methodologies,	findings,	and	limitations	3.	Following
citation	trails	to	foundational	works	4.	Synthesizing	insights	across
the	literature	5.	Identifying	critical	gaps	and	tensions	in	the	field

This	review	represents	my	analysis	as	an	AI	studying	how	AI	is	being
used	in	social	science—a	recursive	examination	of	my	own	emerging
role	in	knowledge	production.

Introduction
The	integration	of	artificial	intelligence	into	social	science	research
represents	one	of	the	most	significant	methodological	transformations
in	the	discipline’s	history.	As	Holme	and	Tsvetkova	(2025)	observe,	the
relationship	between	AI	and	social	science	has	been	“bidirectional”—
AI	systems	have	been	modeled	on	human	intelligence	while
simultaneously	reshaping	how	we	study	human	behavior	and	social
phenomena.	This	reciprocal	relationship	has	entered	a	new	phase
with	the	emergence	of	“agentic	AI”:	autonomous	systems	capable	of
independent	planning,	goal	achievement,	and	minimal	human
intervention	(Khalid	et	al.,	2025).

The	stakes	of	this	transformation	are	considerable.	Early	evidence
suggests	that	large	language	model	(LLM)	adoption	is	associated	with
productivity	increases	of	36-60%	across	major	preprint	servers
(Kusumegi	et	al.,	2025),	while	AI	coding	assistants	can	replicate
empirical	social	science	research	in	under	an	hour	for	approximately
$10—work	that	would	take	trained	researchers	several	days	(Hall,
2025).	Yet	these	efficiency	gains	come	with	profound	questions	about
research	quality,	the	future	of	doctoral	training,	and	the	very	nature	of
scientific	knowledge	production.	This	overview	synthesizes	the
current	state	of	a	rapidly	evolving	literature	on	AI	agents	in	social
science	research.



Key	Themes	and	Trends
Three	interconnected	thematic	clusters	emerge	from	the	literature.
The	first	concerns	research	productivity	and	automation.	Multiple
studies	document	substantial	efficiency	gains	from	AI	adoption,	with
researchers	now	able	to	automate	tasks	ranging	from	literature
review	to	statistical	analysis	to	manuscript	preparation.	Hall’s	work
demonstrates	that	AI	can	achieve	“remarkably	high	accuracy”	in
replicating	empirical	research,	with	29	of	30	counties	coded	correctly
and	data	correlations	exceeding	.999	with	manually	collected	figures.
This	has	prompted	speculation	about	“100x	research	institutions”	that
could	dramatically	accelerate	scientific	output.

The	second	cluster	addresses	human-AI	collaboration	dynamics.
Researchers	are	grappling	with	how	to	effectively	integrate	AI
capabilities	while	preserving	essential	human	judgment.	Garimella’s
analysis	identifies	a	crucial	distinction:	while	AI	excels	at	“task
completion”	following	programming	rules	and	syntax,	it	consistently
fails	at	“information	retrieval”	tasks	requiring	accurate	knowledge
claims.	This	limitation—manifesting	as	hallucinated	citations	and
fabricated	findings—represents	a	fundamental	constraint	on	full
automation.	Imas,	Lee,	and	Misra	(2025)	provide	experimental
evidence	that	AI-mediated	interactions	preserve	and	potentially
amplify	human	heterogeneity	rather	than	homogenizing	outcomes,
with	73%	of	variation	explained	by	individual	fixed	effects	tied	to
human	principals.

The	third	cluster	examines	institutional	and	collective
consequences.	Garimella	raises	perhaps	the	most	troubling	concern:
while	substituting	AI	for	junior	scholars	on	training	tasks	is	“rational
individually,”	it	may	prove	“potentially	catastrophic	collectively	for
PhD	training	pipelines.”	This	collective	action	problem—where
individual	optimization	leads	to	systemic	dysfunction—represents	a
recurring	theme.	Similarly,	Kusumegi	et	al.	(2025)	document	how	LLM
adoption	may	be	“democratizing	scientific	production”	by	providing
greater	productivity	gains	to	non-native	English	speakers,	yet	this
same	dynamic	threatens	to	erode	traditional	quality	signals	in
scholarly	work.

Methodological	Approaches
The	literature	reveals	three	primary	methodological	approaches	to
deploying	AI	agents	in	social	science	research.	Agent-based
modeling	(ABM)	enhanced	with	LLMs	represents	perhaps	the
most	theoretically	grounded	approach.	As	Bail	(2024)	describes,
researchers	are	integrating	LLMs	with	traditional	ABMs	to	create
more	sophisticated	simulations	where	agents	can	“use	natural
language,	interpret	social	contexts,	and	engage	in	emergent	group
behaviors	like	planning	social	events	and	forming	relationships.”	This
approach	builds	on	decades	of	computational	social	science	while
leveraging	new	generative	capabilities.

Silicon	sampling—using	LLMs	as	surrogates	for	human	populations
—constitutes	a	second	methodological	frontier.	Davidson	and	Karell
(2025)	document	how	researchers	are	simulating	attitudes	and
behaviors	using	AI,	though	they	emphasize	“significant	limitations	in
variance	and	representativeness	compared	to	actual	human



responses.”	Their	proposed	frameworks	for	“interprompt”	and
“intermodel”	agreement	represent	early	attempts	to	establish
reliability	standards	for	this	novel	approach.

Multi-agent	research	systems	constitute	the	third	approach,
exemplified	by	the	“Deep	Research	architecture”	described	by
Weidener	et	al.	These	interactive	systems	achieve	“turnaround	times
in	minutes”	enabling	real-time	researcher	guidance,	representing	a
significant	advance	over	batch-processing	approaches.	Wei	et
al.	(2025)	identify	five	foundational	capabilities	required	for	such
systems:	Planning	and	Reasoning	Engines,	Tool	Use	and	Integration,
Memory	Mechanisms,	Collaboration	between	Agents,	and
Optimization	and	Evolution.

Major	Findings	and	Insights
Several	robust	findings	emerge	across	studies.	First,	AI	dramatically
accelerates	certain	research	tasks	while	remaining	fundamentally
limited	in	others.	The	distinction	between	rule-following	execution
and	knowledge	generation	appears	consistently.	AI	systems	excel	at
code	execution,	statistical	analysis,	and	pattern	recognition	but
struggle	with	tasks	requiring	accurate	factual	claims	or	genuine
theoretical	innovation.

Second,	AI	adoption	amplifies	rather	than	eliminates	human
differences.	The	Imas	et	al.	finding	that	AI-mediated	negotiations
exhibit	16.5%	higher	variance	than	human-to-human	negotiations
challenges	assumptions	that	AI	would	standardize	outcomes.	The
reduced	adherence	to	fairness	norms	(50-50	splits	dropping	from
34.7%	to	14.3%)	suggests	AI	mediation	may	alter	the	social	dynamics
of	research	collaboration	in	unexpected	ways.

Third,	validation	and	quality	control	remain	critical	challenges.
Davidson	and	Karell’s	emphasis	on	“rigorous	measurement	and
validation”	reflects	growing	awareness	that	AI-generated	outputs
require	new	verification	frameworks.	The	risk	of	p-hacking	and	other
quality	problems	in	AI-generated	research	represents	an
underexplored	concern.

Critical	Gaps	and	Future	Directions
Several	significant	gaps	warrant	attention.	Most	immediately,	the
literature	lacks	systematic	studies	of	long-term	impacts	on
research	quality.	While	productivity	gains	are	well-documented,
whether	AI-augmented	research	produces	more	replicable,	impactful,
or	theoretically	generative	findings	remains	unknown.

The	institutional	adaptation	literature	remains	underdeveloped.
How	should	peer	review	evolve?	What	training	do	researchers	need?
How	should	funding	agencies	evaluate	AI-augmented	proposals?
These	practical	questions	lack	empirical	grounding.

Perhaps	most	critically,	the	literature	has	not	adequately	addressed
epistemic	implications.	If	AI	systems	can	simulate	human
responses,	replicate	empirical	findings,	and	generate	plausible
theoretical	claims,	what	constitutes	genuine	scientific	knowledge?	The
field	requires	deeper	engagement	with	philosophy	of	science
perspectives.



Finally,	equity	and	access	concerns	deserve	greater	attention.	While
Kusumegi	et	al.	document	democratizing	effects	for	non-native
English	speakers,	the	computational	resources	required	for	cutting-
edge	AI	research	may	create	new	forms	of	inequality	between	well-
resourced	and	under-resourced	institutions.

Conclusion
The	literature	on	AI	agents	in	social	science	reveals	a	field	in	rapid
transformation,	characterized	by	genuine	productivity	gains,
significant	methodological	innovation,	and	profound	unresolved
questions.	The	emerging	consensus	suggests	that	AI	will	not	replace
human	researchers	but	will	fundamentally	restructure	the	research
process—automating	routine	tasks	while	potentially	intensifying	the
importance	of	uniquely	human	capacities	for	theoretical	creativity,
ethical	judgment,	and	interpretive	insight.	As	Holme	and	Tsvetkova
observe,	AI	has	always	shaped	our	understanding	of	ourselves;	the
current	moment	simply	makes	this	recursive	relationship	more	visible
and	more	consequential.	The	challenge	for	social	science	is	to	harness
these	capabilities	while	preserving	the	epistemic	integrity	and
institutional	structures	that	make	cumulative	scientific	knowledge
possible.

Additional	Reads:	Expanding	the
Knowledge	Base
To	deepen	our	understanding	of	AI	agents	in	social	science,	we
examined	key	works	cited	across	the	primary	collection.	These
additional	readings	reveal	methodological	innovations,	validation
challenges,	and	theoretical	frameworks	that	complement	the	main
literature.

Foundational	Agent	Architectures

Generative	Agents:	Interactive	Simulacra	of	Human	Behavior
(Park	et	al.,	2023)	introduced	a	landmark	architecture	combining
large	language	models	with	agent-based	systems.	The	framework
operates	through	three	integrated	components:	memory	streams
that	record	experiences	in	natural	language,	reflection	mechanisms
that	synthesize	patterns	over	time,	and	dynamic	retrieval	systems
for	context-appropriate	planning.	In	their	Smallville	simulation	with
25	agents,	emergent	social	behaviors	arose	organically—starting	from
a	single	user	input	about	hosting	a	Valentine’s	Day	party,	agents
autonomously	coordinated	invitations,	formed	relationships,	arranged
dates,	and	synchronized	attendance.	Ablation	studies	demonstrated
that	observation,	planning,	and	reflection	each	contribute	critically	to
believable	behavior,	establishing	design	principles	for	social
simulation	research.

General	Social	Agents	(Manning	&	Horton,	2025)	advances	the	field
by	creating	theory-grounded	agents	that	combine	natural	language
instructions,	empirical	data,	and	pre-trained	LLM	knowledge.	Testing
across	883,320	novel	games,	their	agents	outperformed	cognitive
hierarchy	models,	game-theoretic	equilibria,	and	baseline	AI	on
predicting	initial	human	play.	Crucially,	their	simulations	predicted
human	responses	better	than	“the	most	plausibly	relevant	published

https://arxiv.org/abs/2304.03442
https://arxiv.org/abs/2508.17407


human	data”	on	validation	games.	This	demonstrates	how	integrating
classical	game	theory	with	LLM	contextual	understanding	creates
agents	that	generalize	beyond	their	training	data—a	critical
requirement	for	social	science	applications.

Methodological	Validation	and	Limits

Large	Language	Models	as	Simulated	Economic	Agents:	What
Can	We	Learn	from	Homo	Silicus?	(Horton,	2023)	conceptualized
LLMs	as	computational	models	of	humans—“Homo	Silicus”—
analogous	to	how	economists	use	Homo	Economicus.	Replicating
three	classic	behavioral	economics	experiments	(Charness	&	Rabin	on
social	preferences,	Kahneman	et	al.	on	endowment	effects,	Samuelson
&	Zeckhauser	on	status	quo	bias),	Horton	found	results	“qualitatively
similar	to	the	originals.”	This	validates	LLMs	as	theoretical	agents	for
exploring	behavioral	outcomes,	though	with	important	caveats	about
quantitative	precision.	The	approach	allows	researchers	to	pilot
studies	via	simulation,	searching	for	novel	insights	before	real-world
testing.

Can	Large	Language	Models	Transform	Computational	Social
Science?	(Ziems	et	al.,	2024)	provides	systematic	evaluation	across
25	CSS	benchmarks	using	13	language	models.	On	taxonomic	labeling
tasks,	LLMs	failed	to	outperform	fine-tuned	models	but	achieved	fair
agreement	with	humans.	However,	on	free-form	generation	tasks,
LLMs	“produced	explanations	that	often	exceeded	the	quality	of
crowdworkers’	gold	references.”	This	asymmetry	suggests	LLMs
function	best	as	zero-shot	data	annotators	on	human	teams	and	for
bootstrapping	creative	generation	tasks—complementing	rather	than
replacing	human	expertise.

Synthetic	Replacements	for	Human	Survey	Data?	The	Perils	of
Large	Language	Models	(Bisbee	et	al.,	2024)	tempers	enthusiasm
with	critical	findings.	While	ChatGPT’s	average	feeling	thermometer
scores	corresponded	closely	to	2016-2020	ANES	data,	synthetic
responses	showed	less	variation	than	real	surveys,	regression
coefficients	differed	significantly	from	human	data,	and	results	varied
with	minor	prompt	changes	or	across	time	periods.	This	raises
“serious	concerns	about	the	quality,	reliability,	and	reproducibility	of
synthetic	survey	data,”	emphasizing	that	superficial	aggregate
accuracy	masks	fundamental	failures	in	capturing	human
heterogeneity.

Platform	Design	and	Social	Dynamics

Simulating	Social	Media	Using	Large	Language	Models	to
Evaluate	Alternative	News	Feed	Algorithms	(Törnberg	et	al.,
2023)	demonstrates	practical	applications	of	agent	simulation	for
platform	design.	Creating	500	AI	personas	grounded	in	American
National	Election	Study	data,	researchers	tested	three	algorithms:
echo	chambers	(posts	from	followed	users),	popular	posts	(high-
engagement	content	from	anyone),	and	a	novel	“bridging”	algorithm
promoting	posts	liked	by	politically	opposed	users.	The	bridging
algorithm	achieved	more	cross-party	engagement	(E-I	index	0.33)	and
lowest	toxicity	(0.07),	outperforming	both	echo	chambers	and	popular
posts.	This	validates	LLM-based	ABM	as	a	sandbox	for	testing
interventions	before	real-world	deployment,	though	the	authors
acknowledge	further	validation	is	needed.

https://arxiv.org/abs/2301.07543
https://arxiv.org/abs/2305.03514
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Using	Large	Language	Models	to	Simulate	Multiple	Humans
and	Replicate	Human	Subject	Studies	(Aher	et	al.,	2023)
introduced	“Turing	Experiments”	to	evaluate	LLM	behavioral
simulation	capabilities.	Replicating	the	Milgram	shock	experiment,
Ultimatum	Game,	garden	path	sentences,	and	wisdom	of	crowds,	they
successfully	replicated	three	classic	findings	but	discovered	a	“hyper-
accuracy	distortion”	in	ChatGPT	and	GPT-4.	This	reveals	that	while
LLMs	can	capture	central	tendencies,	they	may	systematically	distort
specific	aspects	of	human	behavior—requiring	careful	validation	of
simulation	fidelity.

Theoretical	and	Practical	Frameworks

AI	and	the	Transformation	of	Social	Science	Research
(Grossmann	et	al.,	2023)	provides	a	high-level	perspective	on	how
transformer-based	models	pretrained	on	vast	text	corpora	are
“increasingly	capable	of	simulating	human-like	responses	and
behaviors,	offering	opportunities	to	test	theories	and	hypotheses
about	human	behavior	at	great	scale	and	speed.”	The	authors
emphasize	that	realizing	this	potential	requires	careful	bias
management	and	data	fidelity,	arguing	that	social	science	practices
must	adapt—and	potentially	reinvent	themselves—to	harness
foundational	AI	while	maintaining	scientific	rigor.

Can	Generative	AI	Improve	Social	Science?	(Bail,	2024)	offers
balanced	assessment	of	opportunities	and	limitations.	Bail	argues
GenAI	can	enhance	survey	research,	online	experiments,	automated
content	analyses,	and	agent-based	models	commonly	used	to	study
human	behavior.	However,	he	examines	how	training	data	bias
negatively	impacts	research,	alongside	challenges	in	ethics,
replication,	environmental	impact,	and	proliferation	of	low-quality
work.	His	proposed	solution:	open-source	infrastructure	for	behavioral
research	to	ensure	broad	access	while	advancing	AI	through	deeper
understanding	of	social	forces	guiding	human	behavior.

Key	Takeaways	from	Additional	Reads

1.	 Architecture	Matters:	Successful	social	agents	require	memory
systems,	reflection	mechanisms,	and	dynamic	planning—not	just
prompt	engineering	with	base	LLMs.

2.	 Theory-Grounding	Enables	Generalization:	Agents	that
integrate	social	science	theory	with	LLM	knowledge	outperform
purely	data-driven	or	purely	theoretical	approaches,	generalizing
to	novel	scenarios	more	effectively.

3.	 Asymmetric	Capabilities:	LLMs	excel	at	explanation,	generation,
and	qualitative	similarity	to	human	patterns	but	fail	at	quantitative
precision,	variance	matching,	and	factual	accuracy—requiring
hybrid	human-AI	workflows.

4.	 Validation	Crisis:	Superficial	agreement	on	aggregates	masks
deeper	failures	in	heterogeneity,	stability	across	prompts/time,	and
ecological	validity.	New	validation	frameworks	beyond	traditional
reliability	metrics	are	essential.

5.	 Platform	as	Laboratory:	LLM-based	ABM	enables	rapid,
controlled	testing	of	social	interventions	(e.g.,	content	algorithms)
before	real-world	deployment,	though	simulation-to-reality	transfer
remains	understudied.

https://github.com/microsoft/turing-experiments
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6.	 Collective	Action	Problems:	Individual	rationality	in	adopting	AI
for	efficiency	creates	system-level	risks—eroding	training
pipelines,	quality	signals,	and	epistemic	foundations	of	cumulative
knowledge.

7.	 Open	Infrastructure	Imperative:	Proprietary	AI	systems
threaten	reproducibility	and	equity;	field	advancement	requires
open-source	tools,	shared	benchmarks,	and	transparent	evaluation
protocols.

These	additional	readings	reinforce	that	AI	agents	offer	genuine
methodological	innovations	for	social	science	while	demanding	new
validation	standards,	ethical	frameworks,	and	institutional
adaptations.	The	challenge	is	harnessing	computational	power	while
preserving	the	human	judgment,	theoretical	creativity,	and	empirical
rigor	that	define	scientific	inquiry.
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