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Abstract	21 

Large-scale	surveys	are	central	to	the	study	of	economic	preferences	but	are	costly	and	22 

slow	to	conduct.	Recent	advances	in	large	language	models	(LLMs)	raise	the	question	of	23 

whether	synthetic	respondents	can	substitute	 for	human	participants.	We	address	 this	24 

question	by	running	a	virtual	version	of	the	Global	Preference	Survey	(GPS),	a	large	cross-25 

national	 instrument	 that	 elicits	 six	 experimentally	 validated	 economic	 preferences	 in	26 

nationally	representative	samples	from	74	countries	and	42	languages.	Using	a	one-to-27 

one,	 persona-based	 prompting	 protocol	 that	 embeds	 respondents’	 demographics,	28 

location,	 local	 language,	 and	 country-speci^ic	 incentives,	 eight	 leading	 LLMs	 predict	29 

human	economic	preferences	for	approximately	70,000	individuals	 in	the	original	GPS.	30 

We	^ind	systematic	but	modest	alignment	with	human	data	at	the	individual	level,	with	31 

LLMs	capturing	many	of	the	demographic	gradients	in	gender,	age,	and	cognitive	ability.	32 

However,	alignment	deteriorates	with	aggregation.	LLMs	only	partially	recover	cultural	33 

heterogeneity	and	show	limited	correspondence	with	country-level	preference	structure.	34 

Probing	sources	of	misalignment,	we	show	that	country-level	performance	covaries	with	35 

economic	 development	 and	 digital	 infrastructure,	 but	 not	with	 population	 size	 or	 the	36 

number	of	internet	users.	These	results	indicate	that	while	LLMs	can	mirror	certain	forms	37 

of	individual-	and	group-level	heterogeneity	in	economic	preferences,	they	are	not	reliable	38 

substitutes	for	representative	surveys,	macro-level	inference,	or	policy	evaluation.	LLM-39 

based	 synthetic	 respondents	 may	 nonetheless	 aid	 early-stage	 hypothesis	 generation,	40 

study-design	 diagnostics,	 provided	 their	 use	 is	 accompanied	 by	 careful	 validation	 and	41 

attention	to	developmental	and	cultural	biases.	42 

	43 

Keywords:	large	language	models;	economic	preferences;	synthetic	participants;	global	44 

surveys;	cross-cultural	heterogeneity	45 

	 	46 
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Introduction	47 

Large-scale	 surveys	 are	 an	 important	 tool	 in	 economics.	 By	 directly	 eliciting	 latent	48 

preferences,	they	complement	revealed-preference	approaches	and	support	both	causal	49 

and	 descriptive	 inference	 at	 the	 population	 scale	 (Morgan	 1975;	 Stantcheva	 2023).	50 

However,	 implementing	 such	 surveys	 is	 expensive	 and	 slow.	 Researchers	 need	 to	51 

construct	 sampling	 frames,	 train	 enumerators,	 provide	 respondent	 incentives,	 and	52 

coordinate	complex	^ield	operations.	Recent	advances	in	large	language	models	(LLMs)	53 

have	prompted	an	intriguing	alternative:	LLMs	can	be	used	as	synthetic	respondents	to	54 

complete	survey	modules	or	experimental	tasks	(Argyle	et	al.	2023;	Cui,	Li,	and	Zhou	2025;	55 

Dillion	et	al.	2023;	Grossmann	et	al.	2023;	Horton	2023;	Meng	2024;	Qin,	Huang,	and	Ding	56 

2024;	Wu,	Xi,	and	Xie	2025).	This	approach	can	lower	costs	and	enables	faster	iterations	57 

without	human	recruitment.	58 

A	growing	literature	has	begun	to	explore	the	use	of	LLMs	as	synthetic	participants	59 

across	 the	 social	 sciences.	 At	 the	 same	 time,	 concerns	 remain	 about	 using	 LLMs	 as	60 

surrogates	for	human	respondents,	given	inherent	algorithm	biases	such	as	the	^lattening	61 

of	 identity	groups	 (Wang,	Morgenstern,	 and	Dickerson	2025),	 systematic	 skew	 toward	62 

Western,	 Educated,	 Industrialized,	 Rich,	 and	 Democratic	 (WEIRD)	 populations	63 

(Abdurahman	et	al.	2024;	Atari	et	al.	2023;	Crockett	and	Messeri	2025;	Lin	2025;	Tao	et	64 

al.	2024),	and	other	potential	risks	(Bisbee	et	al.	2024;	Y.	Chen	et	al.	2023;	Gao	et	al.	2025).	65 

Prior	work	has	focused	largely	on	political	opinions	(Argyle	et	al.	2023;	Bisbee	et	al.	2024;	66 

Ceron	et	al.	2024;	Jiang,	Wei,	and	Zhang	2024;	Röttger	et	al.	2024;	Rozado	2024;	Santurkar	67 

et	al.	2023),	and	social	and	moral	attitudes	(Abdurahman	et	al.	2024;	Atari	et	al.	2023;	68 

Durmus	et	al.	2024;	Li	et	al.	2024;	Sinacola,	Pachot,	and	Petit	2025;	Tao	et	al.	2024),	while	69 

paying	much	less	attention	to	economic	preferences,	even	though	these	preferences	play	70 

a	central	role	in	linking	individual	behavior	to	market	outcomes	and	social	welfare,	and	71 

constitute	one	of	the	most	compelling	use	cases	for	LLMs	in	efforts	to	improve	individual	72 

and	societal	well-being.	73 

As	a	central	component	of	economic	theory,	preference	heterogeneity	helps	explain	74 

individual	behaviors	(Ag kerlund	et	al.	2016;	Della	Vigna	and	Malmendier	2006;	Genesove	75 
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and	Mayer	2001),	socioeconomic	status	(Epper	et	al.	2020;	Kosse	and	Tincani	2020),	and	76 

macroeconomic	outcomes	(Guiso,	Sapienza,	and	Zingales	2009;	Knack	and	Keefer	1997;	77 

Sunde	et	al.	2022),	and	it	is	indispensable	for	policy	design	and	evaluation	(Bierbrauer	et	78 

al.	2017;	Dupas	and	Robinson	2013;	Kremer,	Rao,	and	Schilbach	2019).	Understanding	79 

group-level	 heterogeneity	 in	 preferences	 is	 especially	 important	 for	 development	80 

economics	 and	 policy	 evaluation,	 which	 seek	 to	 capture	 how	 policies	 affect	 different	81 

populations	rather	than	only	the	average	effect.	If	LLMs	can	be	shown	to	align	closely	with	82 

human	 economic	 preferences,	 they	 could	 be	 used	 to	 generate	 counterfactual	 data	 for	83 

policy	analysis,	partially	alleviating	the	fundamental	problem	of	causal	inference,	namely	84 

that	 the	counterfactual	 is	unobserved	(Holland	1986).	However,	 the	credibility	of	 such	85 

applications	depends	on	the	models’	ability	 to	reproduce	well-documented	patterns	of	86 

heterogeneity.	Given	 the	pronounced	demographic	 variation	 (Bishai	2004;	Burks	 et	 al.	87 

2009;	 Croson	 and	 Gneezy	 2009;	 Dohmen	 et	 al.	 2010;	 Falk	 et	 al.	 2018)	 and	 culturally	88 

speci^ic	patterns	(Enke	2019;	Falk	et	al.	2018;	Galor	and	Ok zak	2016;	Henrich	et	al.	2001;	89 

Luttmer	and	Singhal	2011)	in	economic	preferences,	the	study	of	economic	preferences	90 

offers	a	natural	 testbed	 for	a	global,	multi-level	 audit	of	LLM-generated	 synthetic	data	91 

across	individuals,	demographic	groups,	countries,	and	cultures.		92 

Unlike	prior	studies	(Gao	et	al.	2025;	Goli	and	Singh	2024;	Horton	2023;	Leng	and	93 

Yuan	2024;	Mei	et	al.	2024),	we	implement	a	one-to-one	prompting	design	to	build	“digital	94 

twin”	panels	of	a	large	cross-country	economic	preference	survey.	That	is,	for	each	human	95 

respondent,	we	generate	a	matched	LLM-respondent	 facing	 the	 same	questionnaire.	A	96 

second	key	 feature	 is	 that	we	use	 localized-language	prompts	rather	 than	English-only	97 

prompts,	 in	order	 to	better	 re^lect	 local	 context	 (AlKhamissi	et	al.	2024;	Lu,	Song,	and	98 

Zhang	2025).	We	also	include	an	English-only	prompting	condition	as	a	robustness	check.		99 

Figure	1	illustrates	our	study	design.	We	use	the	Global	Preference	Survey	(GPS)	as	100 

the	human	benchmark	(Falk	et	al.	2018).	The	original	GPS	includes	responses	from	more	101 

than	 80,000	 individuals	 across	 76	 countries	 and	 elicits	 six	 canonical	 economic	102 

preferences	–	risk	taking,	patience,	negative	reciprocity,	positive	reciprocity,	altruism,	and	103 

trust	–	that	have	been	validated	against	incentivized	experimental	tasks	(Falk	et	al.	2023;	104 
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see	Methods	for	details).		105 

	106 

Figure	1.	Study	Design.	Following	the	Global	Preference	Survey	(GPS),	we	focus	on	six	economic	107 

preferences:	risk-taking,	patience,	negative	reciprocity,	positive	reciprocity,	altruism,	and	trust.	For	108 

each	 item,	 respondent	 demographics	 and	 locations	 are	 encoded	 in	 a	 system	 prompt,	 the	 GPS	109 

question	text	is	provided	as	a	user	prompt	to	large	language	models	(LLMs),	and	the	model’s	output	110 

is	recorded	as	its	predicted	response.	In	the	prompts,	the	language	and	incentives	are	localized,	as	111 

in	the	example	where	we	use	Chinese	and	RMB	(the	English	translation	of	this	survey	item:	“Today	112 

you	unexpectedly	received	800	RMB.	How	much	of	this	amount	would	you	donate	to	a	good	cause?”	113 

The	 translation	 of	 LLM’s	 answer:	 “I	would	 donate	 100	RMB	 to	 charity.”).	We	 assess	 alignment	114 

between	LLM-predicted	and	GPS-surveyed	(human)	preferences	at	the	individual,	demographic,	115 

country,	and	cultural	 levels.	Eight	LLMs	from	OpenAI,	Google,	and	DeepSeek	generate	predicted	116 

responses	 for	 GPS	 respondents	 in	 74	 countries.	 Filled	 circles	 on	 the	world	map	mark	 sample	117 

countries	and	the	circle	diameter	shows	the	number	of	observations	within	each	country.		118 

Building	on	 the	GPS,	we	conducted	a	 “virtual	GPS”	 in	which	eight	LLM-prompting	119 

conditions	–	seven	leading	multilingual	models	(GPT	3.5-turbo,	GPT	4o-mini,	GPT	4o,	GPT	120 

4.1-mini,	Gemini	2.0	Flash,	Gemini	2.5	Flash,	DeepSeek	V3)	plus	an	English-only	GPT	4o-121 

mini	condition	–	complete	the	original	GPS	module	for	about	70,000	personas.	Our	one-122 

to-one	prompting	design	assigns	one	prompt	per	persona,	mirroring	each	original	GPS	123 

respondent.	Each	persona	embeds	age,	gender,	cognitive	ability,	and	country/region,	and	124 

prompts	 are	delivered	 in	 the	 respondents’	 original	 survey	 language	 (see	Methods	 and	125 



5 
 

Appendix	A	for	details).	 In	total,	 this	protocol	yields	about	11.2	million	LLM-generated	126 

answers	and	roughly	560,000	synthetic	participants	(70,000	personas	×	8	LLMs)	that	are	127 

directly	comparable	to	the	human	GPS	benchmark	(see	Appendix	A,	Tables	A.1	and	A.2	for	128 

dataset	 description).	 Together	with	 the	GPS	 benchmark,	 our	 design	 allows	 for	 a	more	129 

rigorous	and	^ine-grained	comparison	of	LLM-generated	responses	with	human	data	at	130 

multiple	levels.		131 

Our	 study	makes	 both	 theoretical	 and	practical	 contributions.	 First,	we	provide	 a	132 

global,	 multi-level	 audit	 of	 LLM-as-respondent	 validity	 using	 a	 benchmark	 that	 is	133 

theoretically	 grounded,	 experimentally	 validated,	 and	 widely	 used	 in	 cross-country	134 

economic	research	(Becker,	Enke,	and	Falk	2020;	Hanushek	et	al.	2022;	Kanagaretnam	et	135 

al.	2022;	Nieminen	and	Kuziemska-Pawlak	2024;	Pickard,	Dohmen,	and	Van	Landeghem	136 

2024;	Sunde	et	al.	2022;	Tannenbaum	et	al.	2025).	Second,	we	clarify	the	conditions	under	137 

which	 LLM-generated	 responses	 are	 informative,	 by	 assessing	 whether	 synthetic	138 

preference	data	can	plausibly	support	policy-relevant	analyses	and	the	study	of	group-139 

level	 heterogeneity	 across	 demographic	 and	 national	 contexts.	 Third,	we	 relate	 cross-140 

country	variation	 in	LLM	performance	to	macro-level	characteristics	such	as	economic	141 

development	 and	 digital	 infrastructure,	 providing	 a	 framework	 for	 diagnosing	 where	142 

synthetic	 respondents	 are	more	 versus	 less	 reliable	 and	 for	 thinking	 about	 how	more	143 

inclusive	 models	 might	 be	 developed.	 Fourth,	 we	 introduce	 a	 transparent,	 reusable	144 

protocol	based	on	persona-level,	language-matched	prompting	that	can	be	used	to	track	145 

model	updates	over	time,	compare	architectures,	and	integrate	LLM	audits	into	ongoing	146 

economic	and	policy	research.	Taken	together,	these	contributions	provide	a	systematic,	147 

large-scale	assessment	of	the	conditions	under	which	LLMs	can	be	used	responsibly	for	148 

policy-relevant	measurement	and	analysis	in	global	economic	research.	149 

 150 

Results		151 

LLM-predicted	 preferences	 align	 positively	 but	 weakly	 with	 GPS-surveyed	152 

preferences	at	the	individual	and	country	levels	153 

We	 ^irst	 examine	 individual-level	 alignment	 by	 computing	 Spearman	 correlations	154 
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between	LLM-predicted	and	GPS-surveyed	preferences	(see	Methods	 for	details	on	the	155 

construction	of	individual-level	preferences),	pooling	all	respondents	from	74	countries.	156 

Figure	2A	reports	the	48	correlations	(6	preference	domains	×	8	LLMs).	Of	these,	44	are	157 

signi^icantly	 positive	 (91.7%),	 the	 only	 non-positive	 estimates	 are	 trust	 in	 Gemini	 2.0	158 

Flash,	 Gemini	 2.5-^lash,	 GPT	 4o,	 and	 GPT	 4o-mini	 (English-only	 prompts).	 This	 high	159 

proportion	 of	 positive	 correlations	 is	 signi^icantly	 above	 chance	 (95%	 CI	 =	 [80.0%,	160 

97.7%]).	Repeating	the	analysis	within	each	country	yields	a	similarly	high	proportion.	On	161 

average,	 84.6%	 of	 the	 within-country	 correlations	 are	 positive	 across	 models	 and	162 

preference	domains	(95%	CI	=	[83.4%,	85.8%],	see	Table	B.1	in	Appendix	B.1	and	Figures	163 

B.2-B.8	in	Appendix	B.1).	These	patterns	indicate	systematic	individual-level	alignment	164 

between	LLM-predicted	and	GPS-surveyed	preferences.	165 

Although	 most	 individual-level	 correlations	 are	 statistically	 signi^icant,	 their	166 

magnitudes	are	small.	Across	preference	domains,	correlations	are	generally	highest	for	167 

risk-taking	and	lowest	for	trust.	For	instance,	the	largest	individual-level	estimate	is	for	168 

GPT	 4.1-mini	 on	 risk-taking	 (! 	=	 0.252),	 which	 merely	 re^lects	 a	 modest	 association.	169 

Turning	 to	model	 comparisons,	we	 ^ind	 no	 evidence	 that	 GPT	 4o	 outperforms	 earlier	170 

OpenAI	models	(two-sided	t-test,	P	=	0.541)	or	that	Gemini	2.5-^lash	outperforms	Gemini	171 

2.0-^lash	(two-sided	t-test,	P	=	0.592).	Thus,	advanced	models	do	not	appear	to	achieve	172 

stronger	individual-level	alignment	on	economic	preferences.			173 

We	next	 examine	 country-level	 alignment	 by	 aggregating	GPS-surveyed	 and	 LLM-174 

predicted	 preferences	 to	 country	means	 using	 the	 GPS	 ex-post	 sampling	weights	 (see	175 

Methods	for	details	on	the	construction	of	country-level	preferences).	We	^irst	compute	176 

half-split	 internal	 consistency	 for	 country-level	 averages.	 The	 half-split	 internal	177 

consistency	of	LLM-predicted	preferences	is	comparable	to,	and	slightly	higher	than,	that	178 

of	the	GPS-surveyed	data	(see	Appendix	B.2	and	Figure	B.9	for	details).	This	supports	the	179 

feasibility	of	constructing	country-level	average	preference	indices	from	LLM-predicted	180 

preferences.	 In	 Figure	 2B,	 41	 of	 48	 (85.4%)	 country-level	 correlations	 between	 LLM-181 

predicted	and	GPS-surveyed	preferences	are	positive,	but	only	12	of	48	have	95%	CIs	that	182 

exclude	 zero.	 Compared	 with	 their	 individual-level	 counterparts,	 the	 country-level	183 
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correlations	are	on	average	slightly	larger	(Mcountry	=	0.137	vs	Mindividual	=0.096,	two-sided	184 

paired	t-test,	P	=	0.019),	yet	they	remain	small,	and	many	model-preference	pairs	do	not	185 

reach	 conventional	 signi^icance	 thresholds.	 Together	 with	 the	 individual-level	 results	186 

above,	these	^indings	indicate	that	LLM-predicted	preferences	exhibit	only	weak	positive	187 

alignment	with	GPS-surveyed	preferences	at	both	the	individual	and	country	levels.		188 

	189 

Figure	 2.	 Consistency	 between	 LLM-predicted	 and	 GPS-surveyed	 preferences.	 (A)	190 

Individual-level	consistency.	Each	point	displays	the	Spearman	correlation	coef^icient	between	191 

GPS-surveyed	 and	 LLM-predicted	 preferences,	 pooling	 all	 individual	 observations	 across	 74	192 

countries	(N>65,000,	due	to	missing	values	in	the	original	GPS,	the	number	of	observations	varies	193 

by	 preference	 domain).	 The	 predominance	 of	 positive	 coef^icients	 (44	 of	 48,	 91.7%)	 indicates	194 

systematic,	though	weak,	alignment	between	LLM-predicted	and	GPS-surveyed	preferences	at	the	195 

individual	level.	(B)	Country-level	consistency.	Each	point	represents	the	Spearman	correlation	196 

coef^icient	between	country-level	average	GPS-surveyed	and	LLM-predicted	preferences	(N=74).	197 

Country-level	averages	are	weighted	by	the	sampling	weights	provided	in	the	GPS	dataset.	Of	the	198 

48	coef^icients,	41	(85.4%)	are	positive	and	12	(25.0%)	have	95%	CIs	that	exclude	zero,	re^lecting	199 

limited	power	at	the	country	level	despite	generally	positive	correlations.	Error	bars	indicate	95%	200 

bootstrapped	CIs	in	both	panels.		201 
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Next,	we	assess	whether	these	patterns	are	speci^ic	to	particular	models	or	instead	202 

re^lect	a	more	general	regularity.	Figure	3	shows	the	between-model	correlation	matrices	203 

for	 LLM-predicted	 preferences.	 At	 the	 individual	 level	 (Figure	 3A),	 LLM-predicted	204 

preferences	 are	 generally	 and	 positively	 correlated	 across	 models	 (162	 of	 168	205 

correlations	 are	 positive;	 mean	 correlation	 across	 all	 preferences:	 0.359;	 risk-taking:	206 

0.662;	patience:	0.546;	negative	reciprocity:	0.233;	positive	reciprocity:	0.229;	altruism:	207 

0.403;	trust:	0.079).	The	country-level	between-model	correlations	in	Figure	3B	show	a	208 

similar	pattern	(159	of	168	are	positive;	mean	correlation	across	all	preferences:	0.265;	209 

risk-taking:	0.249;	patience:	0.247;	negative	reciprocity:	0.233;	positive	reciprocity:	0.334;	210 

altruism:	0.364;	trust:	0.166).		211 

	212 

Figure	 3.	 Between-model	 consistency	 of	 LLM-predicted	 preferences.	 (A)	 Individual-level	213 

between-model	 consistency.	 Each	 cell	 reports	 the	 Spearman	 correlation	 between	 two	 LLMs,	214 

computed	 by	 pooling	 all	 individuals	 from	 all	 countries.	 (B)	 Country-level	 between-model	215 

consistency.	 Each	 cell	 reports	 the	 Spearman	 correlation	 between	 two	 LLMs,	 computed	 using	216 

country-level	averages	of	LLM-predicted	preferences	and	GPS	sampling	weights.		217 

Regardless	of	statistical	signi^icance,	 the	proportion	of	between-model	correlation	218 

coef^icients	that	are	positive	is	far	above	what	would	be	expected	by	chance	(50%;	two-219 

sided	binomial	test,	P	<	0.001	for	each	preference	at	both	individual	and	country	levels).	220 
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These	results	suggest	that	LLMs	make	broadly	similar	predictions	to	one	another	at	both	221 

levels,	but	these	shared	predictions	align	only	weakly	with	human	economic	preferences,	222 

indicating	 a	 common	 but	 imperfect	 underlying	 mechanism	 for	 how	 current	 LLMs	223 

represent	and	extrapolate	such	preferences.		224 

It	 is	 worth	 noting	 that	 across	 preference	 domains,	 alignment	 is	 not	 uniform.	225 

Individual-	 and	 country-level	 correlations	 in	 Figure	 2	 are	 consistently	 higher	 for	 risk-226 

taking	and	lower	for	trust	(mean	individual-level	correlations:	0.226	vs.	0.028;	country-227 

level:	 0.305	 vs.	 0.146),	mirroring	 the	 between-model	 consistency	 patterns	 in	 Figure	 3	228 

(mean	individual-level	consistency:	0.662	vs.	0.079;	country-level:	0.249	vs.	0.166).	This	229 

convergence	between	human–model	alignment	and	model–model	consistency	suggests	230 

that	LLMs	capture	some	preference	domains	more	readily	than	others,	with	trust	standing	231 

out	 as	 a	 domain	 that	 models	 both	 struggle	 to	 approximate	 and	 fail	 to	 represent	232 

consistently	across	architectures.	233 

LLM-predicted	 preferences	 align	 with	 GPS-surveyed	 preferences	 at	 the	234 

demographic	level,	but	not	at	the	cultural	level	235 

We	 next	 investigate	 whether	 LLM-predicted	 preferences	 reproduce	 the	 demographic	236 

gradients	with	respect	to	gender,	age,	and	cognitive	ability	observed	in	the	GPS	data.	For	237 

each	LLM	and	preference	domain,	we	compute	effect	sizes	(Cohen’s	d)	for	gender	(male	238 

vs.	female),	age	(younger	vs.	older),	and	cognitive	ability	(high	vs.	low;	see	Methods	for	239 

details).	 We	 then	 construct	 a	 consistency	 ratio,	 de^ined	 as	 the	 proportion	 of	 LLM–240 

preference	 pairs	 whose	 estimated	 effects	 are	 directionally	 concordant	 with	 the	 GPS	241 

benchmark	based	on	95%	CIs:	either	both	CIs	include	zero,	or	both	exclude	zero	and	the	242 

effects	 have	 the	 same	 sign	 (see	 Methods)	 (see	 Methods).	 A	 higher	 consistency	 ratio	243 

indicates	a	greater	ability	to	recover	observed	demographic	(or	cultural)	patterns.	244 

Figure	4	presents	the	demographic-level	effect	sizes	(Cohen’s	d)	across	gender,	age,	245 

and	cognitive	ability	groups.	Overall,	 the	consistency	ratio	 is	77.1%	(95%	CI	=	[69.3%,	246 

83.7%];	 79.2%	 (38/48)	 for	 gender,	 66.7%	 (32/48)	 for	 age,	 and	 85.4%	 (41/48)	 for	247 

cognitive	 ability).	 These	 relatively	 high	 consistency	 ratios	 indicate	 that	 LLM-predicted	248 
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data	reproduce	most	of	 the	demographic	patterns	documented	 in	 the	GPS	benchmark.	249 

Across	models,	demographic	effects	for	risk-taking,	patience	and	negative	reciprocity	are	250 

particularly	well	aligned,	whereas	LLMs	frequently	fail	to	reproduce	the	gender	and	age	251 

differences	observed	for	positive	reciprocity.		252 

	253 

Figure	4.	Demographic-level	consistency	and	gradients	in	GPS-surveyed	and	LLM-predicted	254 

preferences.	Each	panel	plots	effect	sizes	(Cohen’s	d)	across	preference	domains	for	gender	(left),	255 

age	(middle),	and	cognitive	ability	(right).	Demographic	variables	are	encoded	as	binary	indicators	256 

for	 female,	 older	 (≥	 60),	 and	 lower	 cognitive	 ability	 (<	 5).	 Positive	 effect	 sizes	 indicate	 higher	257 

preference	levels	for	males	(vs	females),	younger	(vs	older),	and	higher	cognitive	ability	(vs	lower).	258 

Colored	symbols	show	effects	sizes	predicted	by	LLMs,	crosses	denote	model-averaged	effect	sizes,	259 

and	gray	diamonds	denote	effect	sizes	estimated	from	the	GPS	data.	Numbers	in	parentheses	on	260 

the	x-axis	indicate,	for	each	preference	domain,	the	number	of	models	(out	of	eight)	whose	effect	261 

is	 “consistent”	 with	 the	 GPS	 effect.	 Based	 on	 the	 consistency	 ratio,	 79.2%	 (38/48)	 of	 model-262 

preference	pairs	match	 the	GPS	gender	 effect,	 66.7%	 (32/48)	match	 the	age	effect,	 and	85.4%	263 

(41/48)	match	the	cognitive	ability	effect.		264 

There	 is	also	evidence	 that	LLMs	 tend	 to	amplify	demographic	effects,	 i.e.,	model-265 

averaged	effect	sizes	are	often	larger	than	their	survey-based	counterparts.	Gender	and	266 

age	differences	in	risk-taking,	patience	and	negative	reciprocity,	as	well	as	cognitive	ability	267 

differences	for	all	preferences	except	trust,	are	systematically	more	pronounced	in	LLM-268 

predicted	preferences	than	in	the	GPS	data	(Figure	4).	This	ampli^ication	is	consistent	with	269 

concerns	that	LLMs,	when	used	as	stand-ins	for	human	participants,	may	misrepresent	270 

identity	 groups	 from	 out-group	 perspective,	 thereby	 potentially	 overstating	 group	271 
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differences	(Exley	et	al.	2025;	Wang,	Morgenstern,	and	Dickerson	2025).		272 

Demographic	differences,	however,	capture	only	one	source	of	variation	in	economic	273 

preferences.	 A	 large	 literature	 shows	 that	 preferences	 also	 vary	 systematically	 across	274 

cultural	contexts	(Cao	et	al.	2021;	M.	K.	Chen	2013;	Enke	2019,	2022;	Galor	and	Ok zak	2016;	275 

Guiso,	 Sapienza,	 and	 Zingales	 2006).	 We	 therefore	 examine	 whether	 LLM-predicted	276 

preferences	recover	cross-cultural	differences	along	cultural	dimensions	from	the	World	277 

Values	 Survey	 (WVS,	 i.e.	 Inglehart–Welzel	 cultural	 map),	 Hofstede’s,	 and	 Schwartz’s	278 

cultural	 theories(Hofstede,	 Hofstede,	 and	 Minkov	 2010;	 Inglehart	 and	 Welzel	 2005;	279 

Schwartz	2006).	For	each	dimension,	we	classify	countries	into	“high”	and	“low”	groups	280 

using	a	median	split	on	that	dimension,	assign	individuals	to	these	groups	based	on	their	281 

country,	and	estimate	the	corresponding	difference	 in	preferences	between	 individuals	282 

from	high-	and	low-group	countries	(see	Methods	for	details).		283 

We	 again	 summarize	 models’	 performance	 using	 the	 consistency	 ratio.	 Figure	 5	284 

shows	 the	 cultural-level	 effect	 sizes	 estimated	 from	 LLM-predicted	 and	 GPS-surveyed	285 

preferences.	 The	 overall	 cultural-level	 consistency	 ratio	 is	 49.6%	 (95%	 CI	 =	 [45.9%,	286 

53.3%]),	substantially	lower	than	the	demographic	level	consistency	ratio	of	77.1%	(see	287 

Table	C.1	in	Appendix	C	for	details).	The	highest	cultural-level	consistency	ratio,	62.5%,	is	288 

obtained	for	WVS	traditional	values	and	Schwartz’s	hierarchy	dimensions,	yet	even	this	289 

does	 not	 reach	 the	 average	 or	 the	 lowest	 demographic-level	 consistency	 ratio	 (age,	290 

66.7%).	Performance	is	particularly	weak	for	some	widely	studied	cultural	dimensions.	291 

For	example,	only	one	model	(out	of	eight)	recovers	the	relationship	between	Hofstede’s	292 

long-term	 orientation	 and	 patience	 in	 GPS,	 and	 likewise	 only	 one	model	 recovers	 the	293 

relationship	between	Hofstede's	uncertainty	avoidance	and	risk-taking	in	GPS.	294 
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	295 

Figure	5.	Cultural-level	consistency	and	gradients	in	GPS-surveyed	and	LLM-predicted	296 

preferences.	 Each	 panel	 plots	 effect	 sizes	 (Cohen’s	d)	 across	 preference	 domains	 for	 one	297 
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cultural	dimension	from	the	World	Values	Survey	(WVS),	Hofstede’s,	and	Schwartz’s	cultural	298 

theories.	For	each	dimension,	 countries	are	classiBied	 into	 “high”	and	 “low”	groups	using	a	299 

median	 split	 on	 that	dimension,	 and	 individuals	 are	 assigned	accordingly.	We	quantify	 the	300 

difference	between	respondents	in	high-	versus	low-group	countries	using	Cohen’s	d,	a	unit-301 

free	standardized	mean	difference.	Positive	values	 indicate	higher	preference	 levels	among	302 

respondents	in	high-group	countries	relative	to	low-group	countries.	Colored	symbols	show	303 

effect	 sizes	 for	 individual	 models,	 crosses	 denote	 model-averaged	 effect	 sizes,	 and	 gray	304 

diamonds	denote	effect	sizes	estimated	from	the	GPS	data.	Numbers	in	parentheses	on	the	x-305 

axis	indicate,	for	each	preference	domain	and	cultural	dimension,	the	number	of	models	(out	306 

of	eight)	whose	effect	size	is	“consistent”	with	the	GPS	benchmark.	The	overall	cultural-level	307 

consistency	ratio	is	49.6%,	substantially	lower	than	the	demographic-level	consistency	ratio	308 

(77.1%),	indicating	that	LLMs	only	partially	recover	cross-cultural	heterogeneity	in	economic	309 

preferences.	310 

These	 results	 indicate	 that,	 while	 LLMs	 mirror	 many	 demographic	 gradients	 in	311 

economic	 preferences,	 they	 only	 partially	 capture	 cultural	 variation.	 As	 a	 robustness	312 

check,	we	also	construct	a	sign-consistency	measure	that	records	the	proportion	of	cases	313 

in	which	the	sign	of	the	effect	size	based	on	LLM-predicted	data	matches	that	based	on	314 

GPS-surveyed	data,	irrespective	of	statistical	signi^icance.	This	complementary	indicator	315 

yields	a	similar	pattern	(see	also	Appendix	C.2).	Effect	sizes	for	demographic	and	cultural	316 

gradients	 are	 also	 positively	 correlated	 across	 models	 (see	 Appendix	 C.3	 for	 details),	317 

indicating	 that	different	LLMs	 tend	 to	make	 similar	directional	predictions	 even	when	318 

they	diverge	from	the	survey	estimates.		319 

Sources	of	misalignment	between	LLM-predicted	and	GPS-surveyed	preferences	320 

We	next	investigate	potential	sources	of	misalignment	that	might	explain	why	LLMs	yield	321 

only	 weak	 correlations	 with	 GPS-surveyed	 preferences	 at	 the	 individual	 and	 country	322 

levels	 and	 struggle	 to	 reproduce	 distinctive	 cultural	 patterns.	 One	 possibility	 is	 that	323 

country	 information	 in	 the	 prompts	 plays	 only	 a	 limited	 role,	 so	 that	 models	 do	 not	324 

meaningfully	condition	on	it.	To	diagnose	this,	we	estimate	a	sequence	of	regressions	in	325 

which	 GPS-surveyed	 preferences	 are	 regressed	 on	 LLM-predicted	 preferences.	 In	 the	326 

baseline	speci^ication,	we	include	no	covariates.	We	then	add	demographic	characteristics,	327 

country	indicators,	and	both	sets	of	controls	in	turn.	If	the	coef^icient	on	LLM-predicted	328 



14 
 

preferences	 shrinks	 after	 adding	 a	 given	 set	 of	 controls,	 this	 suggests	 that	 the	329 

corresponding	variables	account	for	part	of	the	observed	alignment	(see	Linear	mixed-330 

effects	regressions	in	Methods).	331 

Figure	 6A	 shows	 that	 adding	 country	 indicators	 has	 essentially	 no	 effect	 on	 the	332 

regression	 coef^icients,	whereas	 adding	 demographic	 controls	 substantially	 attenuates	333 

them.	 A	 linear	 mixed-effects	 regression	 across	 model	 × 	preference	 combinations	334 

con^irms	this	pattern	(relative	to	the	baseline:	bcountry	=	0.001,	P	=	0.864;	bDemo	=	-0.070,	P	335 

<	0.001;	bDemo+Country	=	-0.076,	P	<	0.001;	see	also	Appendix	D.1).	These	results	indicate	that	336 

demographic	 information	 in	 the	 prompts	 accounts	 for	 much	 of	 the	 individual-level	337 

alignment,	while	country	labels	contribute	little.	338 

	339 

Figure	 6.	 Potential	 sources	 of	 variation	 in	 LLM-human	 consistency	 in	 economic	340 

preferences.	(A)	Regression	coefBicients	from	models	regressing	GPS-surveyed	preferences	341 

on	LLM-predicted	preferences.	Each	point	represents	an	OLS	coefBicient	estimated	on	pooled	342 

individual-level	 data	 for	 a	 given	 model	 × 	preference	 combination.	 Covariates	 (country	343 

indicators,	demographic	characteristics,	and	both)	are	sequentially	added	as	indicated	on	the	344 

x-axis.	(B)	 Spearman	correlations	between	 the	consistency	 index	 (the	correlation	between	345 

LLM-predicted	 and	GPS-surveyed	preferences	within	 each	 country)	 and	 four	 country-level	346 

characteristics:	 log	 GDP	 per	 capita,	 the	 Information	 and	 Communications	 Technology	347 

Development	 Index	 (IDI),	 log	 population,	 and	 log	 number	 of	 internet	 users.	 Each	 point	348 

represents	a	Spearman	correlation	coefBicient	computed	across	74	countries.	(C)	Spearman	349 

correlations	between	 the	 inconsistency	 index	 (the	absolute	 country-level	prediction	error)	350 

and	the	same	four	characteristics.	Most	correlations	with	GDP	and	IDI	are	positive	in	panel	(B),	351 

and	negative	in	panel	(C),	indicating	that	economic	development	and	digital	infrastructure	are	352 

more	strongly	associated	with	LLM-human	consistency	than	population	size	or	the	number	of	353 

internet	users.		354 
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To	better	understand	why	alignment	deteriorates	at	the	country	and	cultural	levels,	355 

we	 construct	 two	 country-level	 measures.	 First,	 a	 consistency	 index,	 de^ined	 as	 the	356 

Spearman	correlation	between	GPS-surveyed	and	LLM-predicted	preferences	within	each	357 

country.	Second,	an	inconsistency	index,	de^ined	as	the	absolute	prediction	error,	i.e.,	the	358 

absolute	difference	between	country-level	LLM-predicted	and	GPS-surveyed	preferences	359 

(see	Methods).	According	to	the	Scaling	Law	(Kaplan	et	al.	2020),	we	relate	these	indices	360 

to	 four	 country	 characteristics	 that	 plausibly	 track	 LLMs’	 training	 conditions.	 Higher-361 

income	countries	may	attract	greater	optimization	effort	from	LLM	developers,	as	they	362 

tend	 to	host	 larger	user	bases	 (Appel	et	al.	2025;	Chatterji	 et	al.	2025),	 increasing	 the	363 

commercial	returns	to	improving	model	performance	for	these	contexts.	We	use	log	GDP	364 

per	capita	and	the	Information	and	Communications	Technology	Development	Index	(IDI),	365 

as	proxies	for	the	amount	of	compute	used	for	training,	and	log	population	and	log	number	366 

of	 internet	users,	as	proxies	 for	corpus	size	(Villalobos	et	al.	2024).	Figures	6B	and	6C	367 

report	the	spearman	correlations	between	these	characteristics	and	the	two	country-level	368 

indices.	369 

Most	correlations	between	the	consistency	index	and	GDP	or	IDI	are	positive	(GDP:	370 

37/48,	77.1%;	IDI:	42/48,	87.5%),	whereas	most	correlations	between	the	inconsistency	371 

index	and	GDP	or	IDI	are	negative	(GDP:	40/48,	83.3%;	IDI:	40/48,	83.3%).	Thus,	higher	372 

levels	 of	 economic	development	 and	digital	 infrastructure	development	 are	 associated	373 

with	 stronger	 alignment	 and	 smaller	 absolute	 prediction	 errors	 in	 LLM-predicted	374 

preferences.	 In	 contrast,	 population	 size	 and	 the	 number	 of	 internet	 users	 show	 little	375 

systematic	relation	to	either	index	(consistency	index:	population	22/48	positive,	45.8%;	376 

internet	users	24/48	positive,	50.0%;	 inconsistency	 index:	population	23/48	negative,	377 

47.9%;	internet	user:	28/48	negative,	58.3%;	see	Appendix	D.2	for	regression	evidence	378 

and	 robustness	 check	about	 the	 consistency	 index;	Appendix	D.3	 for	details	 about	 the	379 

inconsistency	index).	380 

An	 exception	 arises	 for	 patience	 in	 Figure	 6C.	 For	 this	 domain,	 all	 models	 show	381 

greater	 inconsistency	 in	 countries	with	 higher	 GDP	 and	 IDI	 than	 in	 those	with	 lower	382 

development.	 This	 inversion	 is	 consistent	 with	 prior	 ^indings	 that	 patience	 is	 itself	383 
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strongly	correlated	with	economic	development.	That	is,	patience	explains	nearly	40%	of	384 

the	cross-country	variation	in	log	GDP	per	capita,	whereas	other	preference	domains	do	385 

not	exhibit	such	systematic	associations	with	GDP	(Falk	et	al.	2018;	Sunde	et	al.	2022).	 386 

Discussion		387 

How	to	use	LLMs	responsibly	in	empirical	research	is	a	pressing	question.	We	contribute	388 

to	this	literature	by	evaluating	the	plausibility	of	using	LLMs	as	synthetic	respondents	in	389 

a	global	survey	setting.	Speci^ically,	we	compare	LLM-generated	responses	with	human	390 

data	from	the	Global	Preference	Survey	(GPS)	across	multiple	levels,	from	individuals	to	391 

demographic	groups,	cultures	and	countries,	and	thereby	clarify	the	boundary	conditions	392 

of	their	scienti^ic	utility.	393 

Our	̂ indings	reveal	two	key	limitations	of	using	LLM-generated	preference	data.	First,	394 

although	LLMs	are	consistent	with	one	another,	their	correlations	with	human	data	are	395 

weak	 at	 both	 the	 individual	 and	 country	 levels.	 Individual-level	 correlations	 are	396 

statistically	 signi^icant	 largely	because	of	 the	very	 large	sample	size,	and	country-level	397 

correlations	 are	 only	 slightly	 larger	 in	magnitude	 but	 often	 fail	 to	 reach	 conventional	398 

signi^icance	thresholds.	LLMs	reproduce	a	substantial	share	of	demographic	gradients	but	399 

perform	poorly	at	the	cultural	level,	suggesting	a	micro-to-macro	gap	in	alignment.	Second,	400 

prediction	errors	of	LLMs	systematically	covary	with	economic	development	(as	proxied	401 

by	GDP	per	capita	and	the	IDI)	but	show	much	weaker	and	less	robust	associations	with	402 

population	 size	 or	 the	 number	 of	 internet	 users.	 Errors	 are	 thus	 geographically	 and	403 

culturally	 patterned	 in	 ways	 that	 coincide	 with	 economic	 development	 and	 digital	404 

infrastructure.	When	 such	uneven	 errors	 are	 aggregated,	 they	 accumulate	 into	macro-405 

level	misalignment.	406 

These	limitations	directly	constrain	applications	of	synthetic	data	in	research,	policy-407 

design,	and	applied	practice.	The	most	basic	promise	of	synthetic	data	is	to	approximate	408 

broad,	average	tendencies.	Our	results	suggest	that	such	averages	can	be	misleading	when	409 

they	depend	on	macro-level	structure,	i.e.,	models	can	agree	with	one	another	while	still	410 

poorly	approximating	human	preferences.	We	attempt	to	replicate	published	GPS	̂ indings	411 
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(Falk	 et	 al.	 2018;	 Falk	 and	 Hermle	 2018;	 Sunde	 et	 al.	 2022)	 using	 LLM-predicted	412 

preferences.	For	GPT	4o,	13	of	35	(37.1%)	country-level	^indings	are	reproduced	in	the	413 

expected	direction,	and	other	models	show	even	weaker	performance	(see	Appendix	E).	414 

These	 exercises	 indicate	 that	 the	 feasibility	 of	 using	 LLMs	 to	 generate	 unobserved	415 

counterfactual	data	 for	policy	analysis	cannot	be	 taken	 for	granted,	and	requires	more	416 

careful,	domain-speci^ic	validation.	417 

Our	results	also	raise	the	question	of	why	errors	track	economic	development	more	418 

closely	 than	 population	 size.	 Two	 non-exclusive	 mechanisms	 are	 consistent	 with	 our	419 

evidence	and	with	recent	work	on	geographical	biases	in	LLMs(Atari	et	al.	2023;	Tao	et	al.	420 

2024).	 First,	 even	with	 language-matched	 prompts,	 languages	 and	 content	 from	more	421 

developed	countries	may	receive	disproportionate	emphasis	 in	LLMs	development	and	422 

training,	yielding	lower	errors	there	(Joshi	et	al.	2020;	Ruprechter,	Burghardt,	and	Helic	423 

2023).	 Second,	developed	 countries	 are	 typically	more	digitized,	providing	more	high-424 

quality,	 structured	 data	 per	 capita	 that	 can	 improve	 model	 performance	 (Graham,	425 

Ojanperä,	 and	 Dittus	 2019).	 Together,	 these	 mechanisms	 align	 with	 the	 observed	426 

associations	between	model	error	and	GDP/IDI,	though	we	cannot	make	any	causal	claims.	427 

As	stated	in	the	Universal	Declaration	on	Cultural	Diversity,	“Cultural	diversity	is	as	428 

necessary	for	humankind…,	is	the	common	heritage	of	humanity.”	Our	results,	however,	429 

expose	a	practical	dilemma	in	training	and	developing	LLMs.	Although	models	perform	430 

relatively	 poorly	 in	 lower-income	 countries,	 developers	 have	 limited	 commercial	431 

incentives	 to	 optimize	 them	 for	 these	 contexts.	 The	 equity	 risks	 are	 nontrivial.	432 

Downstream,	developed	countries	may	be	able	to	leverage	AI	more	effectively	in	research,	433 

productivity,	and	education,	while	users	in	developing	countries	receive	answers	that	are	434 

less	 adapted	 to	 local	 contexts.	 Over	 time,	 if	 LLM	 performance	 systematically	 favors	435 

developed	countries,	cultural	knowledge	from	developing	countries	may	remain	under-436 

represented,	 encouraging	 homogenization	 and	 centralization	 of	 the	 global	 cultural	437 

ecosystem,	eroding	cross-cultural	diversity	(Abdurahman	et	al.	2024;	Atari	et	al.	2023),	438 

and	widening	digital	 inequity	 (Capraro	et	al.	2024;	Pataranutaporn	et	al.	2025).	These	439 

risks	underscore	the	need	to	align	LLMs	not	only	with	universal	ethical	principles	but	also	440 
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with	diverse	cultural,	linguistic,	and	social	contexts.		441 

Beyond	alignment,	we	 identify	 two	additional	practical	 constraints.	One	 is	gender	442 

bias	 (see	 Appendix	 F).	 Across	 countries,	 LLMs	 tend	 to	 overpredict	women’s	 prosocial	443 

preferences	relative	to	the	GPS	benchmark,	and	the	resulting	gender-gap	misalignment	is	444 

larger	 in	 countries	 with	 higher	 gender-stereotype	 indices.	 This	 pattern	 suggests	 that	445 

model	outputs	are	sensitive	not	only	to	demographic	persona	inputs	but	also	to	country-446 

level	 gender	 norms	 embedded	 in	 the	 models’	 training	 corpora.	 The	 other	 is	 limited	447 

response	 diversity	 (see	 Appendix	 G).	 Compared	 with	 human	 responses	 in	 GPS,	 LLM-448 

generated	responses	are	more	concentrated,	and	this	reduction	in	response	diversity	is	449 

more	pronounced	 in	high-income	 countries.	Model	 outputs	 for	 respondents	 in	higher-450 

development	 contexts	 are	 more	 deterministic,	 whereas	 responses	 for	 less	 developed	451 

countries	display	greater	variability.		452 

At	the	same	time,	our	individual-and	demographic-level	alignment	results	highlight	453 

several	 promising	 scienti^ic	 uses	 of	 LLMs	 as	 synthetic	 respondents.	 First,	 as	 shown	 in	454 

prior	 work,	 LLMs	 can	 be	 used	 to	 propose	 and	 probe	 latent	 motivational	 structures	455 

underlying	 human	 behavior	 in	 WEIRD	 populations,	 complementing	 formal	 decision	456 

theory	(Bhatia	2024;	Bhatia	et	al.	2025;	Binz	et	al.	2025;	Xie	et	al.	2025;	Zhu,	Yan,	and	457 

Grif^iths	2025).	Second,	LLMs	can	accelerate	early-stage	hypothesis	generation	and	study-458 

design	diagnostics,	helping	researchers	identify	promising	interventions	or	measurement	459 

strategies	before	turning	to	human	samples.	Our	results	suggest	using	them	as	tools	for	460 

simulation	 and	 diagnostics,	 particularly	 when	 research	 questions	 concern	 relative	461 

subgroup	differences	(e.g.,	by	gender	or	age).	Third,	LLMs	can	serve	as	a	 fast,	 low-cost	462 

environment	for	follow-up	experiments	and	robustness	checks	on	main	effects	of	interest	463 

(Guilbeault,	Delecourt,	and	Desikan	2025).	Finally,	they	offer	a	safe	testbed	for	high-risk	464 

but	 policy-relevant	 counterfactual	 manipulations	 (e.g.,	 changes	 in	 partisan	 animosity)	465 

that	would	be	dif^icult	or	unethical	to	implement	with	human	subjects.	466 

Beyond	 its	 implications	 for	 economic	 and	 policy	 analysis,	 our	 study	 also	 offers	 a	467 

framework	for	constructing	multi-level	benchmarks	of	alignment	of	LLMs.	By	pairing	a	468 

large,	 nationally	 representative	 survey	with	 one-to-one	 synthetic	 sampling,	 we	 obtain	469 
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comparable	human-model	measures	at	the	individual,	demographic,	country,	and	cultural	470 

levels.	The	resulting	metrics	can	be	used	to	track	how	alignment	evolves	across	successive	471 

model	generations.	More	broadly,	as	LLM	evaluation	increasingly	relies	on	standardized	472 

test	suites	for	coding,	reasoning,	and	other	well-de^ined	objective	tasks,	there	is	a	parallel	473 

need	for	benchmarks	that	assess	predictive	accuracy	and	cross-cultural	alignment	in	high-474 

impact,	policy-relevant	and	subjective	domains.	Using	existing	large-scale	cross-national	475 

surveys	as	behavioral	benchmarks,	as	we	do	here	with	the	GPS,	provides	one	practical	476 

route	and	can	lower	the	barrier	for	researchers	to	build	more	culturally	diverse	tests	for	477 

evaluating	LLMs	across	different	contexts	and	subjects	(Ni	et	al.	2025).	478 

Several	 limitations	 qualify	 our	 conclusions.	 Because	 GPS	was	 conducted	 in	 2012,	479 

portions	 of	 its	 content	may	 appear	 in	 LLM	 training	 data.	 Successful	 predictions	 could	480 

therefore	partially	re^lect	memorization,	making	our	alignment	estimates	an	upper	bound.	481 

Future	large-scale	surveys	and	intervention	experiments	could	construct	similar	digital	482 

twin	 panels	 in	 domains	 where	 training	 data	 contamination	 is	 less	 likely,	 helping	 to	483 

disentangle	 memorization	 from	 genuine	 reasoning.	 Moreover,	 although	 we	 ^ind	484 

systematic	individual-level	alignment,	the	mechanisms	by	which	models	reproduce	these	485 

patterns	remain	opaque.	Future	work	should	combine	audits	with	targeted	interventions,	486 

such	as	data	augmentation	in	under-represented	contexts,	cross-lingual	grounding,	and	487 

domain-speci^ic	alignment,	to	test	whether	the	micro-to-macro	gap	can	be	narrowed.	It	488 

will	 also	 be	 important	 to	 develop	 diagnostics	 that	 warn	 researchers	 when	 synthetic	489 

respondents	 are	 unsuitable	 for	 aggregate	 inference,	 particularly	 in	 high-stakes	490 

development	and	policy	applications.	Ultimately,	realizing	the	promise	of	LLMs	for	global	491 

economic	research	will	require	sustained	efforts	to	improve	cultural	and	developmental	492 

coverage.	We	believe	 that	global	audits	such	as	ours	are	essential	 for	constructing	and	493 

validating	these	tools,	and	the	framework	developed	here	can	serve	as	a	foundation	for	494 

future	efforts	to	build	more	reliable	and	inclusive	LLM-based	approaches	to	economic	and	495 

policy	analysis.	496 

 497 
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Methods		498 

Global	preference	survey	499 

We	use	the	Global	Preference	Survey	(GPS)	as	the	human	benchmark.	Conducted	as	part	of	the	500 

2012	Gallup	World	Poll,	the	GPS	includes	more	than	80,000	respondents	from	76	countries	501 

that	together	account	for	about	90%	of	the	world’s	population	and	global	GDP.	It	is	one	of	the	502 

most	 comprehensive	 cross-country	 datasets	 for	 systematically	 measuring	 economic	503 

preferences	and	provides	globally	comparable	preference	measures	(Falk	et	al.	2018).		504 

The	 GPS	 elicits	 six	 economic	 preference	 domains:	 risk-taking,	 patience,	 positive	505 

reciprocity,	 negative	 reciprocity,	 trust,	 and	altruism.	Participants	 answer	8	 self-assessment	506 

items,	2	hypothetical	choice-based	quantitative	items,	5	staircase	intertemporal-choice	items,	507 

and	5	staircase	lottery-choice	items.	Each	preference	index	is	constructed	by	combining	one	508 

abstract	qualitative	item	with	one	hypothetical	choice-based	quantitative	item	into	a	single	509 

preference	 variable.	 Trust	 is	 measured	 solely	 with	 a	 qualitative	 item	 (see	 Table	 A.3	 in	510 

Appendix	A	for	details).	511 

LLM-simulated	survey	data	512 

To	obtain	LLM-predicted	preferences,	we	conduct	a	large-scale	one-to-one	virtual	survey.	For	513 

each	GPS	respondent,	we	extract	demographic	information	(gender,	age,	and	cognitive	ability)	514 

and	country	information,	and	encode	them	in	the	system	prompt	so	that	the	LLM	“adopts”	that	515 

respondent’s	perspective.	The	corresponding	GPS	question	is	then	presented	as	a	user	prompt.	516 

To	 minimize	 stochastic	 variability,	 we	 set	 the	 temperature	 to	 0,	 making	 outputs	 as	517 

deterministic	as	possible.		518 

Following	 the	GPS	design,	all	payoff	amounts	are	denominated	 in	 local	currencies	and	519 

calibrated	 accordingly.	 For	 each	 country,	 we	 simulate	 responses	 only	 in	 the	 most	 widely	520 

sampled	survey	language	whenever	possible.	Translations	from	English	into	other	languages	521 

are	 generated	 using	 Google	 Translate	 API.	 On	 average,	 we	 obtain	 about	 70,000	 valid	522 

observations	per	model,	for	a	total	of	558,837	simulated	respondents	across	the	eight	LLMs	523 

(see	Appendix	A	for	details).		524 
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Construction	of	individual-	and	country-level	preference	indices	525 

To	maintain	comparability	with	the	original	GPS	dataset,	we	follow	its	scoring	and	aggregation	526 

procedure	 for	 the	 LLM	outputs.	 For	 each	 survey	 item,	we	 Birst	 compute	 individual-level	 z-527 

scores	for	each	item.	We	then	construct	the	six	preference	indices	as	weighted	sums	of	item-528 

based	z-scores	using	the	experimentally	validated	GPS	weights.		529 

To	ensure	comparability	across	models,	we	retain	only	those	respondents	observed	for	530 

whom	predictions	are	available	from	all	8	LLMs	and	re-standardize	the	resulting	preference	531 

indices.	 Country-level	 preferences	 are	 computed	 as	 sampling-weighted	 means	 of	 the	532 

individual	indices	using	the	ex	post	sampling	weights	provided	in	the	GPS.	533 

Binary	encoding	of	demographic	and	cultural	variables	534 

Age,	cognitive	ability,	and	cultural	dimensions	are	encoded	as	binary	indicator	variables.	Older	535 

respondents	are	those	aged	60	years	or	above.	Cognitive	ability	in	the	GPS	is	measured	on	an	536 

11-point	Likert	scale	(0–10)	based	on	self-assessed	agreement	with	the	statement	“I	am	good	537 

at	math”.	Scores	below	5	are	coded	as	low	cognitive	ability,	and	scores	of	5	or	above	as	high.	538 

For	cultural	dimensions	and	other	country-level	variables,	we	construct	binary	indicators	539 

using	 country-level	 medians.	 For	 each	 cultural	 dimension	 (e.g.,	 WVS	 traditional	 values),	540 

countries	 at	 or	 below	 the	median	 are	 coded	 as	 low,	 and	 those	 above	 the	median	 as	 high.	541 

Individual	respondents	are	then	assigned	to	the	corresponding	high/low	group	based	on	their	542 

country’s	classiBication.	543 

Consistency	ratio		544 

We	use	a	 consistency	ratio	 to	quantify	how	well	 the	LLM-predicted	preferences	 reproduce	545 

demographic	and	cultural	gradients	observed	in	the	GPS.	For	each	binary	grouping	variable	546 

(gender,	 age,	 cognitive	 ability,	 or	 high	 vs.	 low	 on	 a	 given	 cultural	 dimension)	 and	 each	547 

preference	domain,	we	compute	effect	sizes	(Cohen’s	d)	and	their	95%	CIs	separately	for	the	548 

GPS	 data	 and	 for	 each	 LLM.	 For	 example,	 the	 effect	 of	 cognitive	 ability	 on	 risk-taking	 is	549 

summarized	 by	 comparing	 the	 mean	 standardized	 risk-taking	 score	 of	 respondents	 with	550 

higher	 versus	 lower	 cognitive	 ability	 and	 dividing	 this	 difference	 by	 the	 pooled	 standard	551 

deviation.	In	general,	these	effect	sizes	provide	a	unit-free	measure	of	the	average	difference	552 

between	the	two	groups,	with	positive	effect	sizes	indicating	higher	preference	levels	in	the	553 
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reference	 group	 (e.g.,	 males,	 younger	 individuals,	 higher	 ability,	 or	 high	 on	 the	 cultural	554 

dimension).	555 

An	effect	is	counted	as	“consistent”	if	either	(a)	the	95%	CIs	for	both	GPS-based	and	LLM-556 

based	effect	sizes	include	zero	(a	concordant	null	effect),	or	(b)	the	95%	CIs	for	both	effect	557 

sizes	exclude	zero	and	the	two	effect	sizes	have	the	same	sign.	The	consistency	ratio	is	deBined	558 

as	the	proportion	of	such	consistent	cases	across	all	model-preference	combinations.	Higher	559 

consistency	 ratios	 indicate	 stronger	 alignment	 between	 LLM-predicted	 and	 GPS-surveyed	560 

patterns	of	heterogeneity.		561 

Linear	mixed-effects	regressions	562 

To	 assess	 how	much	 demographic	 and	 country	 information	 contribute	 to	 individual-level	563 

alignment,	we	Birst	estimate	four	OLS	regressions	for	each	model	×	preference	combination,	564 

regressing	GPS-surveyed	preferences	on	LLM-predicted	preferences	using	(i)	no	covariates	565 

(baseline),	(ii)	country	dummies	only,	(iii)	demographic	controls	only	(gender,	age,	cognitive	566 

ability),	 and	 (iv)	 both	 demographic	 controls	 and	 country	 dummies.	 This	 yields	 four	 OLS	567 

coefBicients	per	model	×	preference	combination.	568 

We	then	estimate	a	 linear	mixed-effects	regression	using	 these	OLS	coefBicients	as	 the	569 

dependent	 variable	 and	 a	 set	 of	 dummy	 variables	 indicating	 the	 regression	 speciBication	570 

(baseline	vs.	+	country	vs.	+	demographics	vs.	+	demographics	and	country)	as	predictors.	571 

Preference-domain	dummies	(for	the	six	preference	types)	are	included	as	additional	controls	572 

to	account	for	systematic	differences	across	domains.	To	capture	unobserved	heterogeneity	573 

across	LLMs,	we	include	random	intercepts	at	the	model	level.	574 

Consistency	and	inconsistency	indices	575 

The	 consistency	 and	 inconsistency	 indices	 summarize,	 for	 each	 country,	 how	closely	 LLM-576 

predicted	preferences	associate	GPS-surveyed	preferences.	For	each	country,	the	consistency	577 

index	 is	 deBined	 as	 the	 Spearman	 correlation	 between	 LLM-predicted	 and	 GPS-surveyed	578 

preferences,	 computed	 by	 pooling	 all	 individual	 observations	 within	 that	 country.	 The	579 

inconsistency	index	is	deBined	as	the	sampling-weighted	country-level	mean	of	the	absolute	580 

individual	prediction	errors	between	LLM-predicted	and	GPS-surveyed	preferences.	That	is,	581 

we	Birst	compute	absolute	differences	between	GPS-surveyed	and	LLM-predicted	preferences	582 



23 
 

at	 the	 individual	 level	and	 then	 take	 their	sampling-weighted	average	within	each	country.	583 

Higher	 consistency	 indices	 and	 lower	 inconsistency	 indices	 indicate	 better	 country-level	584 

alignment	between	model-generated	and	human	preferences.		585 

	 	586 
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“What	Do	Cross-Country	Surveys	Tell	Us	about	Social	Capital?”	Review	of	Economics	844 

and	Statistics	107(1):	142–51.	doi:10.1162/rest_a_01245.	845 
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