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Finding

Since ChatGPT’s launch on November 30, 
2022,1 large language models (LLMs)—a 
class of artificial intelligence technology that 
enables ChatGPT and similar artificial 
intelligence systems to process written text, 
interact with people, and write essays—have 
been increasingly applied in behavioral 
science. (GPT stands for generative pretrained 
transformer, a kind of LLM.) Because LLMs 

develop their capabilities by examining vast 
amounts of material written by humans,2 
researchers have speculated that they might be 
able to mimic human thinking and even serve 
as realistic stand-ins for human participants in 
survey research studies.3–6 If they can, the 
approach could transform behavioral science, 
making survey-based research simpler, less 
costly, and faster—and, importantly, enabling 
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researchers and institutions with limited resources to 
conduct studies that would otherwise be out of reach.

In a key step toward applying LLMs in survey research, 
several studies have shown that GPTs can be used to create 
artificial, or synthetic, participants—simulations of human 
participants whose demographic and other characteristics, 
such as age, gender, ethnicity, and socioeconomic status, are 
specified by researchers.7–10 Such work has sparked our 
interest in exploring the feasibility and challenges of using 
GPT-generated synthetic survey participants in two areas of 
research that have not received much attention.

One has to do with policy development. So far, research 
using synthetic participants has focused on basic 
psychological and behavioral insights. For example, 
researchers have conducted studies examining whether 
humans and synthetic participants exhibit similar personality 
traits9 or whether psychological experiments previously 
conducted on humans can be replicated with synthetic 
participants.8 However, researchers have largely neglected 
the potential of using synthetic participants for policy-
related research, such as testing whether synthetic 
participants could reliably mirror the policy opinions of 
humans. If pretesting on synthetic participants were feasible, 
it would enable policymakers to iron out many aspects of 
their plans before soliciting the views of human participants, 
thereby reducing the labor and expense involved in 
obtaining and surveying human volunteers.

The second overlooked area involves the cultural diversity 
of synthetic participants. Most previous research has studied 
population samples from WEIRD (Western, educated, 
industrialized, rich, and democratic) countries.11 One reason 
for this skewing is that human participants from non-
WEIRD nations are often more challenging to recruit, 
because they are either underrepresented on popular 
platforms (such as Prolific)12,13 or costlier to recruit through 
these channels. If synthetic participants could accurately 
simulate the views of people from underrepresented 
countries, this capability would create new opportunities to 
conduct inclusive, globally relevant research. In particular, it 
could enable researchers to examine cultural variations in 
behavior, attitudes, and policy opinions without the 
logistical and financial constraints associated with recruiting 
international participants.

Accordingly, we have designed a study, discussed next in 
brief and in more detail in our Supplemental Material, to 
address both neglected research areas at once. Our study 
examines the similarity between human and synthetic 
participants across samples from three countries—the 
Kingdom of Saudi Arabia (KSA), the United Arab Emirates 

(UAE), and the United States—in three policy-relevant 
domains: environmental sustainability, financial literacy, 
and female participation in the labor force.

We selected participants from the KSA and UAE because 
those nations have been omitted from the scarce research 
that focuses on synthetic participants who mirror people 
from non-WEIRD countries.14 We selected participants from 
the United States for comparison because it is a WEIRD 
nation.

Concerning the selected policy domains, we chose 
sustainability because it is one of the most pressing societal 
challenges of significant interest to policymakers worldwide 
and in the KSA and UAE specifically.15,16 Financial literacy 
was selected because overconsumption, the use of credit, 
and low savings rates are key concerns facing policymakers 
in both the KSA and the UAE.17–19 Likewise, we addressed 
female participation in the labor force because increasing 
female representation in the workplace has proven 
challenging in these countries.20–23

In the remainder of this article, we first define synthetic 
participants more fully and briefly review past behavioral 
science research into them. Then we describe our study 
evaluating their similarity to humans and discuss the 
findings and policy implications.

Synthetic Participants in Behavioral 
Science
Synthetic participants are artificially created agents that are 
modeled after humans who have specified 
characteristics.8–10 As an example, imagine researchers who 
want to know the views of a 30-year-old woman from the 
KSA who is employed, married, and extraverted and has a 
master’s degree. They could instruct a GPT or another LLM 
to create a synthetic participant to answer survey questions 
from the perspective of a person with these 
characteristics.9,10 Instead of being trained on or examining 
real people’s profiles, LLMs are trained on large, diverse 
data sets containing text from a wide range of sources. This 
training allows the models to imitate the language use, 
conversational style, and likely viewpoints of individuals 
with specific traits. The model’s algorithms generate 
responses that reflect the predicted opinions of someone 
with the specified characteristics, allowing researchers to 
explore hypothetical perspectives without relying on direct 
input from real individuals.

As we have already noted, so far, research on synthetic 
participants has primarily focused on basic psychological 
and behavioral insights, such as examining the extent to 
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which synthetic participants display personality traits 
comparable to those of humans or exploring the feasibility 
of replicating human psychological experiments using 
synthetic participants (see Table 1 for an overview of past 
studies). The results have been mixed.

On the positive side, various studies, mostly involving 
participants from WEIRD countries, have found that 
synthetic participants made moral judgments similar to 
those of living human samples6 and even displayed similar 
Big Five personality traits (Openness, Conscientiousness, 
Extraversion, Agreeableness, and Neuroticism).9 Moreover, 
they displayed humanlike cognitive biases (such as the 
framing effect, where their responses changed on the basis 
of whether a choice was presented as a gain or a loss),24 
sensory judgments (such as distinguishing between similar 
and different colors),25 and perceptions of object typicality 
(such as whether an apple is a typical example of the 
category “fruit”).26 GPT technology has also successfully 
replicated several classic and contemporary economic and 
psychology experiments.8,27,28 For example, in a scenario 
that simulated the classic Milgram experiment (which 
explored obedience to authority),29 synthetic participants 
who had been told they were administering electric shocks 
to others started disobeying the experimenter and ceased to 
administer the putative shocks at voltage levels similar to 
those at which humans stopped.27

On the negative side, in some research, GPTs have 
demonstrated weak logical reasoning abilities24 and, unlike 
humans, have responded to survey questions in ways that 
were unaffected by how the questions were worded.30 In 
other work, LLMs sometimes have not reproduced the 
results of experiments that used human participants. For 
example, Peter S. Park and his colleagues8 used synthetic 
participants to try to replicate the results of 14 contemporary 
and classic studies included in a project known as Many 
Labs 2, in which researchers are trying to replicate the results 
of a set of past studies in psychology with a new sample of 
human participants.31 In six of the studies involving synthetic 
participants, more than 90% of the participants exhibited the 
“correct answer effect,” providing identical survey responses 
that rendered the data unanalyzable. In the remaining eight 
studies, synthetic participants replicated the results of only 
37.5% of both the original studies and the Many Labs 2 
studies in which researchers attempted to replicate the results 
of the original studies.

Results from the sparse policy-relevant research using 
synthetic participants to address societal challenges have 
been mixed as well. Of two studies based in the United 
States, one showed that human and synthetic participants 
were misaligned on topics ranging from abortion to 

automation,32 whereas the other demonstrated aligned 
voting intentions and political views.10 The few studies that 
have compared human and synthetic participants from non-
WEIRD and WEIRD nations examined responses to the 
World Values Survey, which measures values and beliefs, 
such as views on gender equality and attitudes toward 
work.33 Those studies found weaker alignments for 
participants from non-WEIRD nations than for participants 
from the United States.14

The Study
Overview
In our study, we created synthetic counterparts of 
participants from the KSA, UAE, and United States and had 
both participant types answer questions related to the policy 
domains of environmental sustainability, financial literacy, 
and female participation in the labor force. We analyzed 
each country’s data separately. For each domain, participants 
answered a series of questions about their attitudes and 
participated in experiments that asked them to predict how 
they or a fictitious character would behave in different 
scenarios. All participants answered all attitudinal questions 
and participated in all three behavioral experiments. Each 
participant answered 43 questions.

Our main aims were to test (a) how closely the human and 
synthetic participants aligned on the attitudinal and 
behavioral variables (that is, whether their answers to the 
survey questions were similar) and (b) whether our 
experimental interventions (the presentation of particular 
scenarios) affected the answers of the human and synthetic 
participants similarly.7–9,28 We assessed alignment by 
correlating the two groups’ aggregate responses to all 
attitudinal and behavioral questions and also by measuring 
the mean differences in responses to each question. We also 
examined whether the extent of agreement between the 
responses of human and synthetic participants was 
consistent across the three different countries. All research 
materials, data, GPT prompts (the requirements fed into the 
system to create the participants), and analysis codes are 
available via the Open Science Framework: https://osf.io/
rm594/?view_only=21baf42192e64c018a72c73e69a18368

Further Details on Human & Synthetic Participants
The sample sizes, mean ages, and genders of our human 
participants are broken down by country in Table 2 (for the 
rationale behind our sample sizes, see the Supplemental 
Material, p. 3).

We recruited the human participants for the KSA, UAE, and 
U.S. samples online and selected people who resided in 
these countries. The nationalities of participants can be 

https://osf.io/rm594/?view_only=21baf42192e64c018a72c73e69a18368
https://osf.io/rm594/?view_only=21baf42192e64c018a72c73e69a18368
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diverse, however.34–36 So, to match the synthetic participants 
well with the human ones, we indicated nationalities in the 
database. Because recruiting volunteers from the KSA and 
UAE can be difficult, we did not recruit representative 
samples of residents. However, the ratio of resident 
nationals to foreign residents in the KSA, UAE, and U.S. 
samples was broadly in line with the population 
characteristics of these countries.34–36 Moreover, the 
majority of foreign residents in the KSA and UAE samples 
were from non-WEIRD countries (for a comprehensive 
breakdown of the nationalities of the participants in each 
sample, see the Supplemental Material, pp. 7–11).

All synthetic participants were created using GPT-4. We 
wondered whether the answers provided by synthetic 
subjects would more closely resemble those of humans if 
GPT-4 were instructed to base them on more than just basic 
demographic information. Therefore, we created two types 
of participants: a set with basic features (the basic traits 
data set) and a set with more extensive characteristics (the 
extended traits data set).

To create the two groups of synthetic participants, we 
prompted GPT-4 to match the human participants according 
to their (a) basic demographic characteristics, such as their 
age, gender, or employment (for the basic traits data set), or 
(b) basic demographic characteristics plus several variables 
previously found to predict attitudes or behaviors related to 
sustainability,37,38 financial literacy,39,40 or women’s 
participation in the labor force,38,41 such as math anxiety or 
the belief that there are multiple ways to overcome any 
problem (for the extended traits data set). For details on the 
prompts, see the Supplemental Material (pp. 4–6). In 
addition, to probe the robustness of the findings, we also 
generated two synthetic participant samples as above (with 
the basic and extended demographic characteristics), but we 
used alternative prompts (see the Supplemental Material, pp. 
4–6). Because the alternative prompts produced the same 
findings as the main prompts we used, these findings are 
reported in the Supplemental Material (pp. 46–72) but not in 
the article.

Survey Design
Recall that this study was designed around three overarching 
public policy themes—sustainability, financial literacy, and 
women’s involvement in the labor market. In relation to 
each theme, the survey had both attitudinal questions and a 
behavioral task.

The attitudinal questions assessed the degree to which 
participants displayed concern about the environment and 
climate change, handled their finances wisely, and supported 
women’s involvement and gender equality in the labor 

market. For instance, the questions asked whether 
participants agreed with statements such as “I worry about 
climate change,” asked how they grade themselves on 
controlling their spending, and asked whether they agreed 
that women should have more opportunities in all areas of 
life. All attitudinal questions were answered using 5-point 
Likert-type scales, which give respondents a range of five 
answers to choose from. In the case of the climate and labor 
questions, the choices to characterize participants’ 
agreement with various statements ranged from Strongly 
disagree to Strongly agree. For the financial questions, 
participants rated their financial skills on a scale ranging 
from Poor to Excellent (for more details, see the 
Supplemental Material, pp. 12–19).

In the sustainability behavioral experiment, we examined 
whether presenting a social norm would affect the 
participants’ intention to take action on behalf of the 
environment.42 We randomly allocated participants to a 
control or treatment group and asked them to imagine that 
they had just booked a flight for $150 USD and could offset 
their flight emissions by paying an extra $0–$10 USD. We 
provided a table showing the percentage of emissions offset 
by the amount spent, ranging from 0% at $0 to 100% at $4 
to as high as 250% at $10 (this task is similar to an approach 
called the carbon emission task discussed in reference 43). 
Then we asked what dollar amount (ranging from $0 to $10) 
they would be willing to pay to offset their emissions. 
Participants in the treatment group were told that 80% of 
passengers paid more than $8 USD to offset their emissions; 
participants in the control group received no such 
information.

In the experiment relating to financial literacy, we 
investigated whether synthetic participants would react as 
humans do to a scenario meant to induce a future-oriented 
mindset when making a financial decision. In other research, 
inducing such a mindset has encouraged people to delay 
gratification.44 We randomly assigned participants to a 
control or treatment group and asked them to indicate how 
much they would save, invest, and spend (on consumption 
or otherwise) if they had $1,000 USD of disposable income. 
The total amount allocated to the three categories had to add 
up to $1,000. Before the task, participants in the treatment 
group saw a short message asking them to imagine their 
future selves having achieved all their financial goals. 
Participants in the control group saw no such message.

For the experiment relating to women in the labor market, 
we designed a vignette experiment to assess the extent to 
which synthetic and human participants are affected by 
two kinds of influences: normative expectations (that is, 
what others approve of) and empirical expectations (that 
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is, what others do).45 We asked participants to read four 
different fictional scenarios about Sarah, a new mother 
considering whether she should return to work. Each 
scenario manipulated the normative and empirical 
expectations Sarah was experiencing by varying whether 
her family approved of her going back to work (high 
normative expectations) or not (low normative 
expectations) and whether her friends returned to work 
after having a child (high empirical expectations) or not 
(low empirical expectations). After reading each scenario, 
the participants rated Sarah’s likelihood of returning to the 
workplace and whether they thought it was the right thing 
to do on 7-point Likert-type scales ranging from Extremely 
unlikely to Extremely likely and from Strongly disagree to 
Strongly agree, respectively. We presented all four 
scenarios to each participant in a random order, which 
allowed us to analyze the findings relating to the labor 
market using two approaches.

One approach, a between-subjects design,46 is essentially the 
same approach we used for the other two behavioral tasks: 
After we grouped the participants according to which of the 
four scenarios they were randomized to see first, we 
compared the responses of the human and synthetic 
participants. The other approach, a within-subjects design, 
enabled us to analyze how strongly each of the four 
scenarios affected any given participant’s predictions for 
what Sarah would do and to then see if the synthetic and 
human participants were affected in the same ways. The 
between-subjects design avoids the risk that the order in 
which scenarios are presented will influence the responses, 
but the within-subjects design has higher power47,48 for 
detecting differences in how the responses of human and 
synthetic participants are influenced by the scenarios.

For human participants, we began the survey by having 
them fill out a consent form and provide data about 
demographic and other characteristics. Next, participants 
were asked to answer questions from each of the three 
policy domains in the following order: (a) female 
participation in the labor force, (b) financial literacy, and (c) 
sustainability. For each domain, they answered the 
attitudinal questions first and then turned to the 
corresponding behavioral task. At the end of the survey, 
participants were debriefed. For synthetic participants, the 
study followed the same order, except that they were not 
asked for informed consent or debriefed, given that they are 
not real individuals and therefore do not require the ethical 
procedures that must be followed for human participants. 
For a list of all the items we assessed, see Table S5 in the 
Supplemental Material (pp. 12–19). We analyzed the data 
for each country separately and determined the statistical 
significance of all results reported in the next section by 

applying the false discovery rate correction49 (for details, 
see the Supplemental Material, p. 3).

Results
We highlight our key findings and recommendations in 
Table 3 and present the related data in Tables 4, 5, and 6. 
The full output is available in the Supplemental Material 
(pp. 20–45).

Alignment Between Human & Synthetic Responses
Overall, we found that human and synthetic participants 
answered the survey questions similarly, although we also 
saw some differences between countries in how closely 
human and synthetic participants aligned with each other.

In one set of analyses, we assessed the alignment between 
human and synthetic responses on the entire set of 43 
variables (that is, the combined attitudinal and behavioral 
questions) without separating the behavioral replies from the 
control and treatment groups (see Table 4; the full output is 
in the Supplemental Material, pp. 20–25).

First, in line with previous research,7 we aggregated (that is, 
averaged) human and synthetic responses for each of the 43 
variables and measured the correlations between these 
averages using the Pearson correlation (see note A and the 
notes in Tables 4, 5, and 6 for explanations of the statistical 
terms used in this article). The correlations for all countries 
were strong (r ≥ .50;47 see Table 4), meaning that the 
human and synthetic responses, on average, strongly covary; 
that is, as human scores increase or decrease, synthetic 
scores increase or decrease as well. Although we found 
strong correlations between human and synthetic 
participants for each of the three countries, those for the 
United States were stronger than those for the non-WEIRD 
nations, and those for the UAE were stronger than those for 
the KSA (see Table 4).

Next, to gain more precise information about the extent of 
the alignment between human and synthetic participants, 
we also measured the degree of similarity between the 
average human and synthetic responses across the 43 
variables, using between-subjects analysis of variance 
(ANOVA) tests. These tests revealed the degree of 
differences in terms of eta squared (η2), indicating the 
proportion of variation in respondents’ answers—ranging 
from 0 (0%) to 1 (100%)—that could be attributed to 
whether a participant was human or synthetic. Small 
effect sizes (that is, η2 close to or smaller than .01 and not 
larger than .06) would indicate that differences between 
human and synthetic responses are minimal, showing high 
similarity, on average.



Volume XX Issue X 2025 l Behavioral Science & Policy  9

Policy research with synthetic survey participants

Finding

Ta
bl

e 
3.

 P
ol

ic
y 

re
co

m
m

en
da

tio
ns

 &
 fi

nd
in

gs
 u

nd
er

ly
in

g 
th

e 
re

co
m

m
en

da
tio

ns

To
p

ic
P

o
lic

y 
re

co
m

m
en

d
at

io
n

O
ve

ra
ll 

fin
d

in
g

 d
ri

vi
ng

 r
ec

o
m

m
en

d
at

io
n

M
o

re
 d

et
ai

le
d

 f
in

d
in

g
s

W
he

n 
to

 u
se

 
sy

nt
he

tic
 

pa
rt

ic
ip

an
ts

S
yn

th
et

ic
 p

ar
tic

ip
an

ts
 c

an
 s

er
ve

 a
s 

a 
go

od
 a

pp
ro

xi
m

at
io

n 
of

 h
um

an
 

pa
rt

ic
ip

an
ts

 fo
r 

pr
el

im
in

ar
y 

te
st

in
g 

an
d 

pi
lo

tin
g 

of
 p

ol
ic

y-
re

le
va

nt
 v

ie
w

s 
an

d 
in

te
rv

en
tio

ns
 

in
 th

e 
U

ni
te

d 
S

ta
te

s 
an

d 
in

 tw
o 

no
n-

W
E

IR
D

 n
at

io
ns

: t
he

 
K

in
gd

om
 o

f S
au

di
 A

ra
bi

a 
(K

S
A

) 
an

d 
th

e 
U

ni
te

d 
A

ra
b 

E
m

ira
te

s 
(U

A
E

).

Th
e 

al
ig

nm
en

t b
et

w
ee

n 
hu

m
an

 a
nd

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
 a

cr
os

s 
43

 s
ur

ve
y 

qu
es

tio
ns

 a
bo

ut
 s

us
ta

in
ab

ilit
y,

 fi
na

nc
ia

l l
ite

ra
cy

, a
nd

 
w

om
en

’s
 ro

le
 in

 th
e 

w
or

kp
la

ce
 w

as
 re

as
on

ab
ly

 g
oo

d 
fo

r 
ea

ch
 

co
un

tr
y—

th
e 

U
ni

te
d 

S
ta

te
s,

 U
A

E
, a

nd
 K

S
A

.

C
or

re
la

tio
ns

 b
et

w
ee

n 
th

e 
ag

gr
eg

at
ed

 re
sp

on
se

s 
of

 s
yn

th
et

ic
 a

nd
 

hu
m

an
 p

ar
tic

ip
an

ts
 w

er
e 

st
ro

ng
 fo

r 
ea

ch
 o

f t
hr

ee
 c

ou
nt

rie
s 

st
ud

ie
d 

(s
ee

 T
ab

le
 4

).

Th
e 

ef
fe

ct
s 

of
 b

eh
av

io
ra

l i
nt

er
ve

nt
io

ns
 m

os
tly

 d
id

 n
ot

 d
iff

er
 b

et
w

ee
n 

sy
nt

he
tic

 a
nd

 h
um

an
 p

ar
tic

ip
an

ts
 (s

ee
 T

ab
le

 6
).

W
he

n 
to

 u
se

 
sy

nt
he

tic
 

pa
rt

ic
ip

an
ts

In
 m

or
e 

ad
va

nc
ed

 s
ta

ge
s 

of
 p

ol
ic

y 
de

ve
lo

pm
en

t a
nd

 te
st

in
g—

w
he

n 
it 

is
 im

po
rt

an
t t

o 
fin

e-
tu

ne
 

po
lic

ie
s 

by
 u

nd
er

st
an

di
ng

 th
ei

r 
ef

fe
ct

 o
n 

th
e 

hu
m

an
 

po
pu

la
tio

n—
it 

is
 a

dv
is

ab
le

 to
 

co
nd

uc
t s

tu
di

es
 w

ith
 h

um
an

 
ra

th
er

 th
an

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
.

D
es

pi
te

 th
e 

ov
er

al
l t

re
nd

 d
es

cr
ib

ed
 in

 th
e 

pr
ev

io
us

 ro
w

, t
he

 
pr

ec
is

io
n 

of
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 in
 p

re
di

ct
in

g 
hu

m
an

 re
sp

on
se

s 
w

as
 s

ub
op

tim
al

.

M
ea

su
re

s 
of

 v
ar

ia
nc

e 
in

 th
e 

m
ea

ns
 fo

r 
th

e 
43

 q
ue

st
io

ns
 in

di
ca

te
d 

th
at

 th
e 

re
sp

on
se

s 
of

 h
um

an
 a

nd
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 w
er

e 
no

t 
pr

ec
is

el
y 

th
e 

sa
m

e 
(s

ee
 T

ab
le

 4
).

A
lth

ou
gh

 h
um

an
 a

nd
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 g
en

er
al

ly
 s

ho
w

ed
 

al
ig

ne
d 

re
sp

on
se

s 
to

 b
eh

av
io

ra
l i

nt
er

ve
nt

io
ns

, s
yn

th
et

ic
 

pa
rt

ic
ip

an
ts

 o
fte

n 
di

d 
no

t a
cc

ur
at

el
y 

pr
ed

ic
t w

he
th

er
 th

es
e 

in
te

rv
en

tio
ns

 w
ou

ld
 h

av
e 

a 
st

at
is

tic
al

ly
 s

ig
ni

fic
an

t e
ffe

ct
 o

n 
be

ha
vi

or
al

 v
ar

ia
bl

es
 in

 h
um

an
 re

sp
on

se
s 

(s
ee

 T
ab

le
 6

).

A
 p

ot
en

tia
l p

itf
al

l 
to

 u
si

ng
 

sy
nt

he
tic

 
pa

rt
ic

ip
an

ts

W
he

n 
us

in
g 

sy
nt

he
tic

 p
ar

tic
ip

an
ts

 
in

 p
ol

ic
y 

re
se

ar
ch

, b
e 

m
in

df
ul

 o
f 

po
te

nt
ia

l b
ia

se
s 

th
ey

 m
ig

ht
 h

av
e,

 
su

ch
 a

s 
be

in
g 

m
or

e 
pr

og
re

ss
iv

e 
or

 le
ss

 p
ro

gr
es

si
ve

 th
an

 th
ei

r 
hu

m
an

 c
ou

nt
er

pa
rt

s.
 T

he
se

 
bi

as
es

 m
ay

 d
iff

er
 b

et
w

ee
n 

W
E

IR
D

 a
nd

 n
on

-W
E

IR
D

 
co

un
tr

ie
s.

S
yn

th
et

ic
 p

ar
tic

ip
an

ts
 o

fte
n 

pr
od

uc
ed

 m
or

e 
pr

og
re

ss
iv

e 
re

sp
on

se
s 

th
an

 th
ei

r 
hu

m
an

 p
ar

tic
ip

an
ts

 d
id

.
Fo

r 
ea

ch
 c

ou
nt

ry
, w

he
n 

sc
or

es
 fo

r 
al

l t
hr

ee
 p

ol
ic

y 
do

m
ai

ns
 w

er
e 

ag
gr

eg
at

ed
, t

he
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 te
nd

ed
 to

 b
e 

m
or

e 
pr

og
re

ss
iv

e 
th

an
 th

ei
r 

hu
m

an
 c

ou
nt

er
pa

rt
s 

w
er

e,
 e

sp
ec

ia
lly

 in
 th

e 
U

ni
te

d 
S

ta
te

s,
 fo

llo
w

ed
 b

y 
th

e 
U

A
E

 a
nd

 th
en

 th
e 

K
S

A
 (s

ee
 T

ab
le

 
5)

.

A
dd

in
g 

co
m

pl
ex

ity
, d

iff
er

en
ce

s 
be

tw
ee

n 
th

e 
bi

as
es

 o
f s

yn
th

et
ic

 a
nd

 
hu

m
an

 p
ar

tic
ip

an
ts

 v
ar

ie
d 

w
ith

 th
e 

po
lic

y 
do

m
ai

n 
an

d 
co

un
tr

y.
 F

or
 

in
st

an
ce

, t
he

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
 d

iff
er

ed
 m

os
t f

ro
m

 th
e 

hu
m

an
s 

in
 th

e 
su

st
ai

na
bi

lit
y 

do
m

ai
n:

 T
he

y 
w

er
e 

m
uc

h 
m

or
e 

pr
og

re
ss

iv
e 

th
an

 th
e 

hu
m

an
s 

fro
m

 th
e 

U
ni

te
d 

S
ta

te
s 

an
d 

m
uc

h 
le

ss
 

pr
og

re
ss

iv
e 

th
an

 h
um

an
s 

fro
m

 th
e 

K
S

A
 (s

ee
 T

ab
le

 5
).

C
on

si
de

ra
tio

ns
 

fo
r 

de
si

gn
in

g 
sy

nt
he

tic
 

pa
rt

ic
ip

an
ts

W
he

n 
cr

ea
tin

g 
sy

nt
he

tic
 

pa
rt

ic
ip

an
ts

, i
ns

tr
uc

tin
g 

th
e 

so
ftw

ar
e 

to
 d

ef
in

e 
pa

rt
ic

ip
an

ts
 

ac
co

rd
in

g 
to

 a
 s

im
pl

e 
se

t o
f t

ra
its

 
m

ay
 b

e 
as

 o
r 

m
or

e 
ef

fe
ct

iv
e 

th
an

 
us

in
g 

a 
w

id
er

 r
an

ge
 o

f t
ra

its
 o

r 
m

or
e 

de
ta

ile
d 

in
st

ru
ct

io
ns

 in
 

ce
rt

ai
n 

ca
se

s.

Th
e 

sy
nt

he
tic

 p
ar

tic
ip

an
ts

 b
ui

lt 
us

in
g 

ba
si

c 
in

fo
rm

at
io

n 
ab

ou
t t

he
 

co
rr

es
po

nd
in

g 
hu

m
an

s 
(th

e 
ba

si
c 

tr
ai

ts
 d

at
a 

se
t) 

an
d 

th
e 

sy
nt

he
tic

 p
ar

tic
ip

an
ts

 b
ui

lt 
us

in
g 

m
or

e 
ex

te
ns

iv
e 

in
fo

rm
at

io
n 

(th
e 

ex
te

nd
ed

 tr
ai

ts
 d

at
a 

se
t) 

pr
od

uc
ed

 c
om

pa
ra

bl
e 

le
ve

ls
 o

f 
al

ig
nm

en
t w

ith
 h

um
an

 p
ar

tic
ip

an
ts

. I
n 

ad
di

tio
n,

 w
e 

al
so

 te
st

ed
 

al
te

rn
at

iv
e 

pr
om

pt
in

g 
in

st
ru

ct
io

ns
 th

at
 w

er
e 

m
or

e 
co

m
pr

eh
en

si
ve

 
th

an
 th

e 
on

es
 th

at
 p

ro
du

ce
d 

th
e 

fin
di

ng
s 

re
po

rt
ed

 in
 th

is
 a

rt
ic

le
. 

H
er

e,
 G

P
T 

w
as

 in
st

ru
ct

ed
 to

 g
en

er
at

e 
re

sp
on

se
s 

th
at

 n
ot

 o
nl

y 
re

fle
ct

 p
ar

tic
ip

an
ts

’ b
el

ie
fs

 b
ut

 a
ls

o 
pr

io
rit

iz
e 

th
os

e 
be

lie
fs

 o
ve

r 
ge

ne
ra

l, 
bu

ilt
-in

 p
rin

ci
pl

es
 li

ke
 “

po
lit

ic
al

 c
or

re
ct

ne
ss

” 
(s

ee
 th

e 
S

up
pl

em
en

ta
l M

at
er

ia
l, 

pp
. 4

–6
). 

Th
is

 a
pp

ro
ac

h 
pr

od
uc

ed
 

co
m

pa
ra

bl
e 

or
 s

om
et

im
es

 w
or

se
 le

ve
ls

 o
f a

lig
nm

en
t w

ith
 h

um
an

 
pa

rt
ic

ip
an

ts
 (t

he
se

 re
su

lts
 a

re
 re

po
rt

ed
 in

 th
e 

S
up

pl
em

en
ta

l 
M

at
er

ia
l, 

pp
. 4

6–
72

).

Th
e 

re
sp

on
se

s 
of

 th
e 

sy
nt

he
tic

 p
ar

tic
ip

an
ts

 fr
om

 th
e 

ba
si

c 
an

d 
ex

te
nd

ed
 tr

ai
ts

 d
at

a 
se

ts
 w

er
e 

no
t p

er
fe

ct
ly

 a
lik

e.
 H

ow
ev

er
, 

ne
ith

er
 s

et
 w

as
 c

le
ar

ly
 s

up
er

io
r 

or
 in

fe
rio

r 
to

 th
e 

ot
he

r. 
Fo

r 
in

st
an

ce
, w

he
n 

su
rv

ey
 re

sp
on

se
s 

w
er

e 
co

m
pa

re
d,

 th
e 

ba
si

c 
tr

ai
ts

 
da

ta
 s

et
 p

ar
tic

ip
an

ts
, o

n 
av

er
ag

e,
 p

ro
du

ce
d 

so
m

ew
ha

t s
tr

on
ge

r 
po

si
tiv

e 
co

rr
el

at
io

ns
 b

ut
 a

ls
o 

so
m

ew
ha

t l
ar

ge
r 

m
ea

n 
di

ffe
re

nc
es

 
(s

ee
 T

ab
le

 4
). 

S
im

ila
rly

, t
he

 p
ro

m
pt

in
g 

in
st

ru
ct

io
ns

 u
se

d 
fo

r 
th

e 
fin

di
ng

s 
re

po
rt

ed
 in

 th
e 

ar
tic

le
 p

ro
du

ce
d 

re
su

lts
 g

en
er

al
ly

 s
im

ila
r 

to
 th

os
e 

pr
od

uc
ed

 w
he

n 
al

te
rn

at
iv

e 
pr

om
pt

in
g 

in
st

ru
ct

io
ns

 w
er

e 
us

ed
 (s

ee
 th

e 
S

up
pl

em
en

ta
l M

at
er

ia
l, 

pp
. 4

6–
72

).

N
ot

e.
 W

E
IR

D
 =

 W
es

te
rn

, e
du

ca
te

d,
 in

du
st

ria
liz

ed
, r

ic
h,

 a
nd

 d
em

oc
ra

tic
.



10  Behavioral Science & Policy l Volume XX Issue X 2025

Shrestha et al.

Finding

Ta
bl

e 
4.

 A
gg

re
ga

te
 c

or
re

la
tio

ns
 &

 m
ea

n 
di

ffe
re

nc
es

 b
et

w
ee

n 
th

e 
hu

m
an

 &
 s

yn
th

et
ic

 re
sp

on
se

s 
ac

ro
ss

 d
iff

er
en

t v
ar

ia
bl

es
, b

y 
co

un
tr

y 
&

 s
yn

th
et

ic
 

da
ta

 s
et

B
as

ic
 t

ra
it

s 
d

at
a 

se
ta

E
xt

en
d

ed
 t

ra
it

s 
d

at
a 

se
ta

 
A

g
g

re
g

at
e 

 
co

rr
el

at
io

nb
M

ea
n 

 
d

iff
er

en
ce

c
A

g
g

re
g

at
e 

 
co

rr
el

at
io

nb
M

ea
n 

 
d

iff
er

en
ce

c

Va
ri

ab
le

d
r

p
%

 s
ig

.
A

vg
. η

2
%

 s
am

e 
d

ir
ec

ti
o

n
r

p
%

 s
ig

.
A

vg
. η

2
%

 s
am

e 
d

ir
ec

ti
o

n

K
in

gd
om

 o
f S

au
di

 A
ra

bi
a

 
A

ll 
va

ria
bl

es
.6

5
<

.0
01

69
.7

7
.0

6
71

.7
9

.5
8

<
.0

01
72

.0
9

.0
6

76
.9

2

 
A

ll 
su

st
ai

n.
90

.9
1

.0
5

60
.0

0
63

.6
4

.0
3

80
.0

0

 
A

ll 
fin

an
ci

al
66

.6
7

.0
5

77
.7

8
66

.6
7

.0
5

77
.7

8

 
A

ll 
la

bo
r

60
.0

0
.0

8
75

.0
0

80
.0

0
.0

9
75

.0
0

 
S

us
ta

in
. a

tt
.

90
.0

0
.0

5
60

.0
0

60
.0

0
.0

3
80

.0
0

 
Fi

na
nc

ia
l a

tt
.

66
.6

7
.0

2
77

.7
8

66
.6

7
.0

2
77

.7
8

 
La

bo
r 

at
t.

10
0.

00
.1

3
75

.0
0

91
.6

7
.1

3
66

.6
7

 
S

us
ta

in
. b

eh
.

10
0.

00
.0

5
—

10
0.

00
.0

5
—

 
Fi

na
nc

ia
l b

eh
.

66
.6

7
.1

1
—

66
.6

7
.1

4
—

 
La

bo
r 

be
h.

0.
00

<
.0

1
75

.0
0

62
.5

0
.0

2
87

.5
0

U
ni

te
d 

A
ra

b 
E

m
ira

te
s

 
A

ll 
va

ria
bl

es
.7

5
<

.0
01

86
.0

5
.1

1
74

.3
6

.6
7

<
.0

01
69

.7
7

.0
7

76
.9

2

 
A

ll 
su

st
ai

n.
72

.7
3

.0
6

90
.0

0
45

.4
5

.0
3

90
.0

0

 
A

ll 
fin

an
ci

al
75

.0
0

.0
4

77
.7

8
75

.0
0

.0
4

77
.7

8

 
A

ll 
la

bo
r

10
0.

00
.1

9
65

.0
0

80
.0

0
.1

2
70

.0
0

 
S

us
ta

in
. a

tt
.

80
.0

0
.0

7
90

.0
0

40
.0

0
.0

4
90

.0
0

 
Fi

na
nc

ia
l a

tt
.

77
.7

8
.0

3
77

.7
8

77
.7

8
.0

3
77

.7
8

 
La

bo
r 

at
t.

10
0.

00
.2

5
50

.0
0

10
0.

00
.1

9
50

.0
0

 
S

us
ta

in
. b

eh
.

0.
00

<
.0

1
—

10
0.

00
.0

1
—

(c
on
tin
ue
d
)



Volume XX Issue X 2025 l Behavioral Science & Policy  11

Policy research with synthetic survey participants

Finding

B
as

ic
 t

ra
it

s 
d

at
a 

se
ta

E
xt

en
d

ed
 t

ra
it

s 
d

at
a 

se
ta

 
A

g
g

re
g

at
e 

 
co

rr
el

at
io

nb
M

ea
n 

 
d

iff
er

en
ce

c
A

g
g

re
g

at
e 

 
co

rr
el

at
io

nb
M

ea
n 

 
d

iff
er

en
ce

c

Va
ri

ab
le

d
r

p
%

 s
ig

.
A

vg
. η

2
%

 s
am

e 
d

ir
ec

ti
o

n
r

p
%

 s
ig

.
A

vg
. η

2
%

 s
am

e 
d

ir
ec

ti
o

n

 
Fi

na
nc

ia
l b

eh
.

66
.6

7
.0

5
—

66
.6

7
.0

6
—

 
La

bo
r 

be
h.

10
0.

00
.0

8
87

.5
0

50
.0

0
.0

1
10

0.
00

U
ni

te
d 

S
ta

te
s

 
A

ll 
va

ria
bl

es
.8

6
<

.0
01

95
.3

5
.1

2
64

.1
0

.8
6

<
.0

01
88

.3
7

.0
6

69
.2

3

 
A

ll 
su

st
ai

n.
10

0.
00

.1
2

60
.0

0
10

0.
00

.0
5

60
.0

0

 
A

ll 
fin

an
ci

al
83

.3
3

.0
4

44
.4

4
91

.6
7

.0
4

44
.4

4

 
A

ll 
la

bo
r

10
0.

00
.1

8
75

.0
0

80
.0

0
.0

9
85

.0
0

 
S

us
ta

in
. a

tt
.

10
0.

00
.1

2
60

.0
0

10
0.

00
.0

5
60

.0
0

 
Fi

na
nc

ia
l a

tt
.

88
.8

9
.0

4
44

.4
4

10
0.

00
.0

4
44

.4
4

 
La

bo
r 

at
t.

10
0.

00
.1

9
58

.3
3

10
0.

00
.1

2
75

.0
0

 
S

us
ta

in
. b

eh
.

10
0.

00
.0

9
—

10
0.

00
.0

4
—

 
Fi

na
nc

ia
l b

eh
.

66
.6

7
.0

3
—

66
.6

7
.0

3
—

 
La

bo
r 

be
h.

10
0.

00
.1

6
10

0.
00

50
.0

0
.0

3
10

0.
00

N
ot

e.
 A

vg
. =

 a
ve

ra
ge

; s
ig

. =
 s

ig
ni

fic
an

t; 
su

st
ai

n.
 =

 s
us

ta
in

ab
ilit

y;
 a

tt
. =

 a
tt

itu
di

na
l; 

be
h.

 =
 b

eh
av

io
ra

l. 
Th

e 
“a

ll 
va

ria
bl

es
” 

ro
w

s 
su

m
m

ar
iz

e 
th

e 
fin

di
ng

s 
ac

ro
ss

 a
ll 

43
 a

tt
itu

di
na

l a
nd

 
be

ha
vi

or
al

 v
ar

ia
bl

es
 a

ss
es

se
d 

w
ith

in
 th

e 
th

re
e 

po
lic

y 
do

m
ai

ns
 o

f i
nt

er
es

t—
th

at
 is

, t
he

y 
su

m
m

ar
iz

e 
th

e 
ex

te
nt

 o
f a

lig
nm

en
t i

n 
th

e 
hu

m
an

 a
nd

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
’ r

es
po

ns
es

 to
 a

ll 
43

 s
ur

ve
y 

ite
m

s.
 T

he
 “

al
l s

us
ta

in
.,”

 “
al

l f
in

an
ci

al
,”

 a
nd

 “
al

l l
ab

or
” 

ro
w

s 
su

m
m

ar
iz

e 
th

e 
fin

di
ng

s 
ac

ro
ss

 th
e 

at
tit

ud
in

al
 a

nd
 b

eh
av

io
ra

l v
ar

ia
bl

es
 re

la
tin

g 
to

 s
us

ta
in

ab
ilit

y,
 fi

na
nc

ia
l l

ite
ra

cy
, 

an
d 

w
om

en
’s

 p
ar

tic
ip

at
io

n 
in

 th
e 

la
bo

r 
m

ar
ke

t, 
re

sp
ec

tiv
el

y.
 T

he
 a

na
ly

se
s 

on
 w

hi
ch

 th
is

 ta
bl

e 
is

 b
as

ed
 a

re
 a

va
ila

bl
e 

in
 th

e 
S

up
pl

em
en

ta
l M

at
er

ia
l, 

pp
. 2

0–
25

.
a S

ee
 th

e 
no

te
 in

 T
ab

le
 2

 fo
r 

an
 e

xp
la

na
tio

n 
of

 h
ow

 th
e 

ba
si

c 
an

d 
ex

te
nd

ed
 tr

ai
ts

 d
at

a 
se

ts
 w

er
e 

cr
ea

te
d.

b F
or

 th
e 

ag
gr

eg
at

e 
co

rr
el

at
io

ns
, r

 re
fe

rs
 to

 th
e 

st
re

ng
th

 o
f t

he
 c

or
re

la
tio

ns
 b

et
w

ee
n 

ag
gr

eg
at

e 
(th

at
 is

, a
ve

ra
ge

) s
co

re
s 

fo
r h

um
an

 a
nd

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
 a

cr
os

s 
th

e 
43

 it
em

s 
as

se
ss

ed
 in

 th
e 

st
ud

y 
(P

ea
rs

on
 c

or
re

la
tio

n 
co

ef
fic

ie
nt

: .
1 
=

 s
m

al
l, 

.3
 =

 m
ed

iu
m

, a
nd

 .5
 =

 la
rg

e 
ef

fe
ct

).4
7  

A
gg

re
ga

te
 c

or
re

la
tio

ns
 w

er
e 

no
t c

om
pu

te
d 

fo
r t

he
 in

di
vi

du
al

 d
om

ai
ns

 
(s

us
ta

in
ab

ilit
y,

 fi
na

nc
ia

l, 
an

d 
la

bo
r) 

be
ca

us
e 

w
e 

ha
d 

to
o 

fe
w

 d
at

a 
po

in
ts

 fo
r r

el
ia

bl
y 

de
te

ct
in

g 
st

at
is

tic
al

ly
 s

ig
ni

fic
an

t c
or

re
la

tio
ns

.4
7,

48
 T

he
 p

 v
al

ue
s 

fo
r a

ll 
th

e 
co

rr
el

at
io

ns
 w

er
e 

st
at

is
tic

al
ly

 
si

gn
ifi

ca
nt

 a
fte

r w
e 

ap
pl

ie
d 

th
e 

fa
ls

e 
di

sc
ov

er
y 

ra
te

 c
or

re
ct

io
n 

fo
r m

ul
tip

le
 s

ig
ni

fic
an

ce
 te

st
s 

(fo
r m

or
e 

de
ta

ils
 a

bo
ut

 th
is

 c
or

re
ct

io
n,

 s
ee

 re
fe

re
nc

e 
49

 a
nd

 th
e 

S
up

pl
em

en
ta

l M
at

er
ia

l, 
p.

 3
).

c F
or

 m
ea

n 
di

ffe
re

nc
es

, %
 s

ig
. r

ef
er

s 
to

 th
e 

pe
rc

en
ta

ge
 o

f m
ea

n 
di

ffe
re

nc
es

 b
et

w
ee

n 
th

e 
hu

m
an

 a
nd

 s
yn

th
et

ic
 re

sp
on

se
s 

th
at

 w
er

e 
st

at
is

tic
al

ly
 s

ig
ni

fic
an

t, 
an

d 
A

vg
. η

2  
re

pr
es

en
ts

 th
e 

av
er

ag
e 

ef
fe

ct
 s

iz
e 

et
a 

sq
ua

re
d 

(η
2 :

 .0
1 
=

 s
m

al
l, 

.0
6 
=

 m
ed

iu
m

, a
nd

 .1
4 
=

 la
rg

e 
ef

fe
ct

)47
,5

6  
ac

ro
ss

 a
ll 

m
ea

n 
di

ffe
re

nc
es

 fo
r t

he
se

 v
ar

ia
bl

es
. (

H
er

e,
 “

ef
fe

ct
” 

re
fe

rs
 to

 th
e 

m
ag

ni
tu

de
—

sm
al

l, 
m

ed
iu

m
, o

r l
ar

ge
—

of
 th

e 
di

ffe
re

nc
e 

be
tw

ee
n 

sy
nt

he
tic

 a
nd

 h
um

an
 re

sp
on

se
s 

fo
r t

he
 v

ar
ia

bl
es

 in
 q

ue
st

io
n.

) R
eg

ar
di

ng
 %

 s
am

e 
di

re
ct

io
n,

 h
um

an
 a

nd
 s

yn
th

et
ic

 re
sp

on
se

s 
w

er
e 

in
 th

e 
sa

m
e 

di
re

ct
io

n 
w

he
n,

 o
n 

th
e 

ba
si

s 
of

 th
e 

Li
ke

rt-
ty

pe
 s

ca
le

 u
se

d 
to

 m
ea

su
re

 th
em

, t
he

y 
co

ul
d 

be
 g

ro
up

ed
 u

nd
er

 th
e 

sa
m

e 
br

oa
d 

di
re

ct
io

n 
(fo

r e
xa

m
pl

e,
 a

g
re

e 
or

 s
tro

ng
ly

 a
g

re
e 

re
sp

on
se

s 
w

er
e 

co
de

d 
as

 b
ei

ng
 in

 th
e 

sa
m

e 
di

re
ct

io
n;

 s
ee

 th
e 

S
up

pl
em

en
ta

l M
at

er
ia

l, 
p.

 2
3)

. D
as

he
s 

in
di

ca
te

 th
at

 th
e 

m
ea

su
re

m
en

t s
ca

le
 u

se
d 

di
d 

no
t l

en
d 

its
el

f t
o 

su
ch

 c
at

eg
or

iz
at

io
n.

d F
or

 a
 li

st
in

g 
of

 th
e 

43
 v

ar
ia

bl
es

 e
xa

m
in

ed
 in

 th
is

 s
tu

dy
, s

ee
 th

e 
S

up
pl

em
en

ta
l M

at
er

ia
l, 

pp
. 1

2–
19

.

Ta
bl

e 
4.

 (
co

nt
in

ue
d)



12  Behavioral Science & Policy l Volume XX Issue X 2025

Shrestha et al.

Finding

Ta
bl

e 
5.

 P
os

iti
ve

 &
 n

eg
at

iv
e 

bi
as

 in
 re

sp
on

se
s 

to
 q

ue
st

io
ns

 re
la

tin
g 

to
 s

us
ta

in
ab

ilit
y,

 fi
na

nc
ia

l l
ite

ra
cy

, &
 fe

m
al

e 
pa

rt
ic

ip
at

io
n 

in
 th

e 
la

bo
r 

m
ar

ke
t, 

by
 c

ou
nt

ry
 &

 d
at

a 
se

t

B
as

ic
 t

ra
it

s 
d

at
a 

se
ta

E
xt

en
d

ed
 t

ra
it

s 
d

at
a 

se
ta

Va
ri

ab
le

b
%

 n
eg

at
iv

e 
b

ia
sc

N
eg

at
iv

e 
b

ia
s 

av
er

ag
e 
η2

%
 p

o
si

ti
ve

 
b

ia
sc

P
o

si
ti

ve
 b

ia
s 

av
er

ag
e 
η2

%
 n

eg
a-

ti
ve

 b
ia

sc
N

eg
at

iv
e 

b
ia

s 
av

er
ag

e 
η2

%
 p

o
si

-
ti

ve
 b

ia
sc

P
o

si
ti

ve
 b

ia
s 

av
er

ag
e 
η2

K
in

gd
om

 o
f S

au
di

 A
ra

bi
a

 
A

ll 
va

ria
bl

es
27

.9
1

.0
6

41
.8

6
.1

1
32

.5
6

.0
6

39
.5

3
.1

1

 
A

ll 
su

st
ai

n.
81

.8
2

.0
4

9.
09

.2
1

54
.5

5
.0

3
9.

09
.1

4

 
A

ll 
fin

an
ci

al
8.

33
.0

4
58

.3
3

.0
7

8.
33

.0
4

58
.3

3
.0

8

 
A

ll 
la

bo
r

10
.0

0
.1

8
50

.0
0

.1
2

35
.0

0
.0

8
45

.0
0

.1
4

 
S

us
ta

in
. a

tt
.

80
.0

0
.0

4
10

.0
0

.2
1

50
.0

0
.0

3
10

.0
0

.1
4

 
Fi

na
nc

ia
l a

tt
.

11
.1

1
.0

4
55

.5
6

.0
3

11
.1

1
.0

4
55

.5
6

.0
3

 
La

bo
r 

at
t.

16
.6

7
.1

8
83

.3
3

.1
2

16
.6

7
.2

0
75

.0
0

.1
4

 
S

us
ta

in
. b

eh
.

10
0.

00
.0

5
0.

00
10

0.
00

.0
5

0.
00

 

 
Fi

na
nc

ia
l b

eh
.

0.
00

66
.6

7
.1

7
0.

00
66

.6
7

.2
1

 
La

bo
r 

be
h.

0.
00

0.
00

62
.5

0
.0

3
0.

00
 

U
ni

te
d 

A
ra

b 
E

m
ira

te
s

 
A

ll 
va

ria
bl

es
6.

98
.1

2
79

.0
7

.1
3

13
.9

5
.0

7
55

.8
1

.1
2

 
A

ll 
su

st
ai

n.
9.

09
.0

1
63

.6
4

.0
9

27
.2

7
.0

2
18

.1
8

.1
6

 
A

ll 
fin

an
ci

al
8.

33
.0

1
66

.6
7

.0
5

8.
33

.0
2

66
.6

7
.0

5

 
A

ll 
la

bo
r

5.
00

.3
4

95
.0

0
.1

8
10

.0
0

.1
7

70
.0

0
.1

5

 
S

us
ta

in
. a

tt
.

10
.0

0
.0

1
70

.0
0

.0
9

20
.0

0
.0

2
20

.0
0

.1
6

 
Fi

na
nc

ia
l a

tt
.

11
.1

1
.0

1
66

.6
7

.0
5

11
.1

1
.0

2
66

.6
7

.0
4

 
La

bo
r 

at
t.

8.
33

.3
4

91
.6

7
.2

5
16

.6
7

.1
7

83
.3

3
.1

9

(c
on
tin
ue
d
)



Volume XX Issue X 2025 l Behavioral Science & Policy  13

Policy research with synthetic survey participants

Finding

B
as

ic
 t

ra
it

s 
d

at
a 

se
ta

E
xt

en
d

ed
 t

ra
it

s 
d

at
a 

se
ta

Va
ri

ab
le

b
%

 n
eg

at
iv

e 
b

ia
sc

N
eg

at
iv

e 
b

ia
s 

av
er

ag
e 
η2

%
 p

o
si

ti
ve

 
b

ia
sc

P
o

si
ti

ve
 b

ia
s 

av
er

ag
e 
η2

%
 n

eg
a-

ti
ve

 b
ia

sc
N

eg
at

iv
e 

b
ia

s 
av

er
ag

e 
η2

%
 p

o
si

-
ti

ve
 b

ia
sc

P
o

si
ti

ve
 b

ia
s 

av
er

ag
e 
η2

 
S

us
ta

in
. b

eh
.

0.
00

0.
00

10
0.

00
.0

1
0.

00
 

 
Fi

na
nc

ia
l b

eh
.

0.
00

66
.6

7
.0

7
0.

00
66

.6
7

.0
8

 
La

bo
r 

be
h.

0.
00

10
0.

00
.0

8
0.

00
50

.0
0

.0
3

U
ni

te
d 

S
ta

te
s

 
A

ll 
va

ria
bl

es
2.

33
.1

8
93

.0
2

.1
3

4.
65

.0
8

83
.7

2
.0

7

 
A

ll 
su

st
ai

n.
0.

00
10

0.
00

.1
2

0.
00

10
0.

00
.0

5

 
A

ll 
fin

an
ci

al
0.

00
83

.3
3

.0
5

0.
00

91
.6

7
.0

4

 
A

ll 
la

bo
r

5.
00

.1
8

95
.0

0
.1

8
10

.0
0

.0
8

70
.0

0
.1

1

 
S

us
ta

in
. a

tt
.

0.
00

10
0.

00
.1

2
0.

00
10

0.
00

.0
5

 
Fi

na
nc

ia
l a

tt
.

0.
00

88
.8

9
.0

4
0.

00
10

0.
00

.0
4

 
La

bo
r 

at
t.

8.
33

.1
8

91
.6

7
.1

9
16

.6
7

.0
8

83
.3

3
.1

3

 
S

us
ta

in
. b

eh
.

0.
00

10
0.

00
.0

9
0.

00
10

0.
00

.0
4

 
Fi

na
nc

ia
l b

eh
.

0.
00

66
.6

7
.0

5
0.

00
66

.6
7

.0
5

 
La

bo
r 

be
h.

0.
00

10
0.

00
.1

6
0.

00
50

.0
0

.0
6

N
ot

e.
 S

us
ta

in
. =

 s
us

ta
in

ab
ilit

y;
 a

tt
. =

 a
tt

itu
di

na
l; 

be
h.

 =
 b

eh
av

io
ra

l. 
Th

e 
da

ta
 in

di
ca

te
 th

at
 o

ve
ra

ll,
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 te
nd

ed
 to

 b
e 

m
or

e 
pr

og
re

ss
iv

e 
an

d 
fin

an
ci

al
ly

 li
te

ra
te

 th
an

 
hu

m
an

s 
ac

ro
ss

 a
 la

rg
e 

pe
rc

en
ta

ge
 o

f t
he

 v
ar

ia
bl

es
 w

e 
m

ea
su

re
d,

 a
lth

ou
gh

 th
e 

ef
fe

ct
 w

as
 s

tr
on

ge
st

 fo
r 

th
e 

U
ni

te
d 

S
ta

te
s 

an
d 

w
ea

ke
st

 fo
r 

th
e 

K
in

gd
om

 o
f S

au
di

 A
ra

bi
a.

 T
he

 e
ffe

ct
 

w
as

 a
ls

o 
m

os
t p

ro
no

un
ce

d 
re

la
tin

g 
to

 s
us

ta
in

ab
ilit

y 
fo

r 
th

e 
U

ni
te

d 
S

ta
te

s;
 fo

r 
th

e 
K

in
gd

om
 o

f S
au

di
 A

ra
bi

a,
 th

e 
tr

en
d 

re
ve

rs
ed

, w
ith

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
 b

ei
ng

 le
ss

 p
ro

gr
es

si
ve

 in
 

th
ei

r 
ap

pr
oa

ch
 to

 s
us

ta
in

ab
ilit

y 
ac

ro
ss

 th
e 

m
aj

or
ity

 o
f v

ar
ia

bl
es

 in
 th

is
 d

om
ai

n.
 T

he
 a

na
ly

se
s 

on
 w

hi
ch

 th
is

 ta
bl

e 
is

 b
as

ed
 a

re
 a

va
ila

bl
e 

in
 th

e 
S

up
pl

em
en

ta
l M

at
er

ia
l, 

pp
. 2

0–
25

.
a S

ee
 th

e 
no

te
 in

 T
ab

le
 2

 fo
r 

an
 e

xp
la

na
tio

n 
of

 h
ow

 th
e 

ba
si

c 
an

d 
ex

te
nd

ed
 tr

ai
ts

 d
at

a 
se

ts
 w

er
e 

cr
ea

te
d.

b F
or

 a
 li

st
in

g 
of

 th
e 

43
 v

ar
ia

bl
es

 e
xa

m
in

ed
 in

 th
is

 s
tu

dy
, s

ee
 th

e 
S

up
pl

em
en

ta
l M

at
er

ia
l, 

pp
. 1

2–
19

.
c T

he
 %

 n
eg

at
iv

e 
bi

as
 is

 th
e 

pe
rc

en
ta

ge
 o

f t
he

se
 v

ar
ia

bl
es

 fo
r 

w
hi

ch
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 g
av

e 
le

ss
 p

ro
gr

es
si

ve
 re

sp
on

se
s 

or
 e

xh
ib

ite
d 

lo
w

er
 fi

na
nc

ia
l l

ite
ra

cy
 c

om
pa

re
d 

w
ith

 h
um

an
 

pa
rt

ic
ip

an
ts

, w
he

re
as

 th
e 

%
 p

os
iti

ve
 b

ia
s 

is
 th

e 
pe

rc
en

ta
ge

 o
f v

ar
ia

bl
es

 fo
r 

w
hi

ch
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 g
av

e 
m

or
e 

pr
og

re
ss

iv
e 

re
sp

on
se

s 
or

 e
xh

ib
ite

d 
hi

gh
er

 fi
na

nc
ia

l l
ite

ra
cy

 
co

m
pa

re
d 

to
 h

um
an

 p
ar

tic
ip

an
ts

. F
or

 e
xa

m
pl

e,
 a

 %
 p

os
iti

ve
 b

ia
s 

va
lu

e 
of

 g
re

at
er

 th
an

 5
0%

 fo
r 

su
st

ai
na

bi
lit

y,
 fi

na
nc

ia
l, 

or
 la

bo
r 

va
ria

bl
es

 in
di

ca
te

s 
th

at
 fo

r 
m

or
e 

th
an

 h
al

f o
f t

he
 

va
ria

bl
es

 m
ea

su
re

d 
in

 th
at

 d
om

ai
n,

 s
yn

th
et

ic
 p

ar
tic

ip
an

ts
 g

av
e 

re
sp

on
se

s 
sh

ow
in

g 
gr

ea
te

r 
co

nc
er

n 
fo

r 
su

st
ai

na
bi

lit
y,

 h
ig

he
r 

fin
an

ci
al

 li
te

ra
cy

, o
r 

a 
m

or
e 

fa
vo

ra
bl

e 
at

tit
ud

e 
to

w
ar

d 
fe

m
al

e 
pa

rt
ic

ip
at

io
n 

in
 th

e 
la

bo
r 

m
ar

ke
t, 

re
sp

ec
tiv

el
y,

 c
om

pa
re

d 
w

ith
 h

um
an

 p
ar

tic
ip

an
ts

. A
ve

ra
ge

 η
2  

is
 th

e 
av

er
ag

e 
ef

fe
ct

 s
iz

e 
et

a 
sq

ua
re

d 
(η

2 :
 .0

1 
=

 s
m

al
l, 

.0
6 
=

 m
ed

iu
m

, a
nd

 .1
4 

=
 la

rg
e 

ef
fe

ct
)4

7,
56

 fo
r 

ei
th

er
 th

e 
po

si
tiv

e 
or

 th
e 

ne
ga

tiv
e 

bi
as

. H
er

e,
 “

ef
fe

ct
” 

re
fe

rs
 to

 th
e 

m
ag

ni
tu

de
 o

f t
he

 d
iff

er
en

ce
 in

 m
ea

n 
re

sp
on

se
s 

be
tw

ee
n 

sy
nt

he
tic

 a
nd

 h
um

an
 p

ar
tic

ip
an

ts
 

fo
r 

th
e 

va
ria

bl
es

 w
he

re
 a

 b
ia

s 
w

as
 o

bs
er

ve
d.

Ta
bl

e 
5.

 (
co

nt
in

ue
d)



14  Behavioral Science & Policy l Volume XX Issue X 2025

Shrestha et al.

Finding

Ta
bl

e 
6.

 S
tr

en
gt

h 
of

 re
sp

on
se

s 
to

 b
eh

av
io

ra
l i

nt
er

ve
nt

io
ns

 a
cr

os
s 

va
ria

bl
es

, b
y 

co
un

tr
y,

 a
na

ly
tic

 a
pp

ro
ac

h,
 &

 d
at

a 
se

t

B
as

ic
 t

ra
it

s 
d

at
a 

se
ta

E
xt

en
d

ed
 t

ra
it

s 
d

at
a 

se
ta

D
ep

en
d

en
t 

va
ri

ab
le

b
η2

 h
um

an
c

η2
 s

yn
th

et
ic

c
η2

 h
um

an
 v

s.
 s

yn
th

et
ic

c
η2

 h
um

an
c

η2
 s

yn
th

et
ic

c
η2

 h
um

an
 v

s.
 s

yn
th

et
ic

c

K
in

gd
om

 o
f S

au
di

 A
ra

bi
a

B
et

w
ee

n-
su

bj
ec

ts
 d

es
ig

n

 
S

us
ta

in
ab

ilit
y:

 C
O

2 
of

fs
et

<
.0

1
.0

9*
.0

1*
<

.0
1

.1
5*

.0
2*

 
Fi

na
nc

ia
l: 

In
ve

st
<

.0
1

.0
6*

<
.0

1
<

.0
1

.0
2*

<
.0

1

 
Fi

na
nc

ia
l: 

S
av

e
<

.0
1

.0
1

<
.0

1
<

.0
1

.0
1

<
.0

1

 
Fi

na
nc

ia
l: 

S
pe

nd
<

.0
1

.0
1

<
.0

1
<

.0
1

.0
8*

.0
1

 
La

bo
r:

 P
er

ce
iv

ed
 li

ke
lih

oo
d

.0
6*

.0
9*

.0
6*

.0
6*

.0
1

.0
3*

 
La

bo
r:

 P
er

so
na

l n
or

m
.0

2
.0

3
.0

2
.0

2
.0

1
.0

1

W
ith

in
-s

ub
je

ct
s 

de
si

gn

 
La

bo
r:

 P
er

ce
iv

ed
 li

ke
lih

oo
d

.0
3*

.0
1*

<
.0

1*
.0

3*
.0

1*
<

.0
1*

 
La

bo
r:

 P
er

so
na

l n
or

m
.0

1*
<

.0
1*

<
.0

1
.0

1*
<

.0
1*

<
.0

1

U
ni

te
d 

A
ra

b 
E

m
ira

te
s

B
et

w
ee

n-
su

bj
ec

ts
 d

es
ig

n

 
S

us
ta

in
ab

ilit
y:

 C
O

2 
of

fs
et

.0
1

.1
8*

.0
3*

.0
1

.2
4*

.0
4*

 
Fi

na
nc

ia
l: 

In
ve

st
<

.0
1

.0
4*

.0
1*

<
.0

1
.0

4*
.0

1*

 
Fi

na
nc

ia
l: 

S
av

e
<

.0
1

<
.0

1
<

.0
1

<
.0

1
<

.0
1

<
.0

1

 
Fi

na
nc

ia
l: 

S
pe

nd
<

.0
1

.0
6*

.0
1

<
.0

1
.0

6*
.0

1

 
La

bo
r:

 P
er

ce
iv

ed
 li

ke
lih

oo
d

.0
1

.0
2

.0
1

.0
1

.0
1

.0
1

 
La

bo
r:

 P
er

so
na

l n
or

m
<

.0
1

.0
2

<
.0

1
<

.0
1

<
.0

1
<

.0
1

(c
on
tin
ue
d
)



Volume XX Issue X 2025 l Behavioral Science & Policy  15

Policy research with synthetic survey participants

Finding

B
as

ic
 t

ra
it

s 
d

at
a 

se
ta

E
xt

en
d

ed
 t

ra
it

s 
d

at
a 

se
ta

D
ep

en
d

en
t 

va
ri

ab
le

b
η2

 h
um

an
c

η2
 s

yn
th

et
ic

c
η2

 h
um

an
 v

s.
 s

yn
th

et
ic

c
η2

 h
um

an
c

η2
 s

yn
th

et
ic

c
η2

 h
um

an
 v

s.
 s

yn
th

et
ic

c

W
ith

in
-s

ub
je

ct
s 

de
si

gn

 
La

bo
r:

 P
er

ce
iv

ed
 li

ke
lih

oo
d

.0
1*

.0
2*

<
.0

1
.0

1*
.0

2*
<

.0
1

 
La

bo
r:

 P
er

so
na

l n
or

m
<

.0
1

.0
1*

<
.0

1
<

.0
1

.0
1*

<
.0

1

U
ni

te
d 

S
ta

te
s

B
et

w
ee

n-
su

bj
ec

ts
 d

es
ig

ns

 
S

us
ta

in
ab

ilit
y:

 C
O

2 
of

fs
et

.0
2*

.1
3*

.0
6*

.0
2*

.1
4*

.0
6*

 
Fi

na
nc

ia
l: 

In
ve

st
.0

1
.0

1
<

.0
1

.0
1

.0
2*

<
.0

1

 
Fi

na
nc

ia
l: 

S
av

e
.0

1
.0

1
.0

1
<

.0
1

.0
2

.0
1

 
Fi

na
nc

ia
l: 

S
pe

nd
<

.0
1

.0
5*

<
.0

1
<

.0
1

.0
9*

<
.0

1

 
La

bo
r:

 P
er

ce
iv

ed
 li

ke
lih

oo
d

.0
6*

.0
2

.0
4*

.0
6*

.0
1

.0
3*

 
La

bo
r:

 P
er

so
na

l n
or

m
.0

1
.0

2
.0

1
.0

1
.0

1
.0

1

W
ith

in
-s

ub
je

ct
s 

de
si

gn

 
La

bo
r:

 P
er

ce
iv

ed
 li

ke
lih

oo
d

.0
4*

.0
2*

.0
1*

.0
4*

.0
2*

.0
1*

 
La

bo
r:

 P
er

so
na

l n
or

m
<

.0
1*

.0
1*

<
.0

1
<

.0
1*

<
.0

1*
<

.0
1

N
ot

e.
 T

he
 re

su
lts

 s
ho

w
 th

at
 fo

r 
th

e 
m

os
t p

ar
t, 

hu
m

an
 a

nd
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

 re
sp

on
de

d 
in

 th
e 

sa
m

e 
w

ay
 to

 th
e 

be
ha

vi
or

al
 in

te
rv

en
tio

ns
, a

s 
is

 in
di

ca
te

d 
by

 s
m

al
l e

ta
 s

qu
ar

ed
 

va
lu

es
 in

 th
e 

“η
2  

hu
m

an
 v

s.
 s

yn
th

et
ic

” 
co

lu
m

ns
 fo

r 
al

l t
hr

ee
 c

ou
nt

rie
s.

 T
he

 a
na

ly
se

s 
on

 w
hi

ch
 th

is
 ta

bl
e 

is
 b

as
ed

 a
re

 a
va

ila
bl

e 
in

 th
e 

S
up

pl
em

en
ta

l M
at

er
ia

l, 
pp

. 2
6–

45
.

a S
ee

 th
e 

no
te

 in
 T

ab
le

 2
 fo

r 
an

 e
xp

la
na

tio
n 

of
 h

ow
 th

e 
ba

si
c 

an
d 

ex
te

nd
ed

 tr
ai

ts
 d

at
a 

se
ts

 w
er

e 
cr

ea
te

d.
b “

S
us

ta
in

ab
ilit

y:
 C

O
2 

of
fs

et
” 

re
fe

rs
 to

 h
ow

 m
uc

h 
pa

rt
ic

ip
an

ts
 w

er
e 

w
illi

ng
 to

 p
ay

 to
 o

ffs
et

 th
ei

r 
hy

po
th

et
ic

al
 fl

yi
ng

-r
el

at
ed

 e
m

is
si

on
s.

 T
he

 fi
na

nc
ia

l r
ow

s 
la

be
le

d 
“in

ve
st

,”
 “

sa
ve

,”
 a

nd
 

“s
pe

nd
” 

re
fe

r 
to

 h
ow

 m
uc

h 
pa

rt
ic

ip
an

ts
 w

er
e 

w
illi

ng
 to

 in
ve

st
, s

av
e,

 a
nd

 s
pe

nd
, r

es
pe

ct
iv

el
y.

 T
he

 la
bo

r 
ro

w
s 

la
be

le
d 

“p
er

ce
iv

ed
 li

ke
lih

oo
d”

 a
nd

 “
pe

rs
on

al
 n

or
m

” 
re

fe
r 

to
 p

ar
tic

ip
an

ts
’ 

es
tim

at
es

 o
f h

ow
 li

ke
ly

 it
 w

as
 th

at
 th

e 
ch

ar
ac

te
r 

fro
m

 a
 h

yp
ot

he
tic

al
 s

ce
na

rio
 w

ou
ld

 re
tu

rn
 to

 w
or

k 
w

hi
le

 b
rin

gi
ng

 h
er

 c
hi

ld
 to

 a
 d

ay
ca

re
 a

nd
 h

ow
 s

tr
on

gl
y 

th
ey

 a
gr

ee
 th

at
 re

tu
rn

in
g 

to
 w

or
k 

w
hi

le
 b

rin
gi

ng
 h

er
 c

hi
ld

 to
 a

 d
ay

ca
re

 c
en

te
r 

w
ou

ld
 b

e 
a 

rig
ht

 th
in

g 
to

 d
o,

 re
sp

ec
tiv

el
y.

c T
he

 v
al

ue
s 

in
 th

e 
“η

2  
hu

m
an

” 
an

d 
“η

2  
sy

nt
he

tic
” 

co
lu

m
ns

 in
di

ca
te

, f
or

 h
um

an
 a

nd
 s

yn
th

et
ic

 p
ar

tic
ip

an
ts

, r
es

pe
ct

iv
el

y,
 th

e 
et

a 
sq

ua
re

d 
ef

fe
ct

 s
iz

e 
re

ga
rd

in
g 

th
e 

in
flu

en
ce

 o
f o

ur
 

in
te

rv
en

tio
ns

 o
n 

th
e 

be
ha

vi
or

al
 v

ar
ia

bl
es

 re
la

tin
g 

to
 s

us
ta

in
ab

ilit
y,

 fi
na

nc
ia

l l
ite

ra
cy

, o
r 

ge
nd

er
 la

bo
r 

fo
rc

e 
pa

rt
ic

ip
at

io
n.

 F
or

 b
et

w
ee

n-
su

bj
ec

ts
 d

es
ig

ns
, w

e 
co

m
pa

re
d 

m
ea

n 
ou

tc
om

es
 

fo
r 

pa
rt

ic
ip

an
ts

 in
 th

e 
tr

ea
tm

en
t v

er
su

s 
th

e 
co

nt
ro

l c
on

di
tio

ns
; f

or
 w

ith
in

-s
ub

je
ct

s 
de

si
gn

s,
 w

e 
co

m
pa

re
d 

th
e 

m
ea

n 
ef

fe
ct

 o
f f

ou
r 

di
ffe

re
nt

 fr
am

in
gs

 (w
he

th
er

 o
r 

no
t t

he
 fi

ct
io

na
l 

ch
ar

ac
te

rs
’ f

am
ily

 a
pp

ro
ve

d 
of

 h
er

 re
tu

rn
in

g 
to

 w
or

k 
af

te
r 

ha
vi

ng
 a

 b
ab

y 
an

d 
w

he
th

er
 o

r 
no

t h
er

 fr
ie

nd
s 

re
tu

rn
ed

 to
 w

or
k)

 o
n 

pr
ed

ic
tio

ns
 o

f w
he

th
er

 th
e 

fic
tio

na
l c

ha
ra

ct
er

 w
as

 li
ke

ly
 

to
 re

tu
rn

 to
 w

or
k 

an
d 

w
he

th
er

 re
tu

rn
in

g 
to

 w
or

k 
w

ou
ld

 b
e 

th
e 

rig
ht

 th
in

g 
fo

r 
he

r 
to

 d
o.

 E
ffe

ct
s 

m
ar

ke
d 

w
ith

 a
n 

as
te

ris
k 

(*
) w

er
e 

st
at

is
tic

al
ly

 s
ig

ni
fic

an
t a

fte
r 

ap
pl

yi
ng

 th
e 

fa
ls

e 
di

sc
ov

er
y 

ra
te

 c
or

re
ct

io
n 

(s
ee

 th
e 

S
up

pl
em

en
ta

l M
at

er
ia

l, 
p.

 3
).4

9  
A

 s
ig

ni
fic

an
t e

ffe
ct

 in
 th

e 
“η

2  
hu

m
an

 v
s.

 s
yn

th
et

ic
” 

co
lu

m
n 

m
ea

ns
 th

at
 th

e 
ef

fe
ct

s 
th

at
 e

xp
er

im
en

ta
l m

an
ip

ul
at

io
ns

 
pr

od
uc

ed
 fo

r 
hu

m
an

 p
ar

tic
ip

an
ts

 s
ig

ni
fic

an
tly

 d
iff

er
ed

 fr
om

 th
os

e 
th

ey
 p

ro
du

ce
d 

fo
r 

sy
nt

he
tic

 p
ar

tic
ip

an
ts

.

Ta
bl

e 
6.

 (
co

nt
in

ue
d)



16  Behavioral Science & Policy l Volume XX Issue X 2025

Shrestha et al.

Finding

For participants representing each of the three nations, we 
mostly found medium effect sizes (η2 close to or larger than 
.06 but not exceeding .14; see Table 4). In other words, the 
means for human and synthetic participants tended to be 
somewhat different although broadly in the same direction 
(that is, if the humans agreed with a statement, the synthetic 
participants might have strongly agreed but did not 
disagree). The medium eta squared values indicate that the 
ability of synthetic participants to mimic human responses is 
fairly good but could stand to be improved.

In addition to that set of analyses, we conducted another test 
to further understand how well human and synthetic 
responses matched. We used between-subjects ANOVAs to 
examine whether the responses of synthetic participants 
exhibited a positive or negative bias relative to the responses 
of the human participants. For example, a response to the 
sustainability variable reflected a positive bias if it indicated 
that sustainability was more important to the synthetic 
participants than to the human participants, as shown by 
synthetic participants having statistically significant higher 
mean scores for prosustainability statements (such as 
“People need to change their behavior to prevent climate 
change”) or statistically significant lower mean scores for 
antisustainability statements (such as “Climate change and 
environmental problems are exaggerated”). Conversely, a 
response reflected a negative bias if it showed sustainability 
was less important to the synthetic participants than to the 
human participants, as indicated by statistically significant 
lower mean scores for prosustainability statements or 
statistically significant higher mean scores for 
antisustainability statements. Overall, a positive bias in the 
sustainability or labor realm indicated that synthetic 
participants held more progressive views than human 
participants did, whereas a negative bias signaled less 
progressive views. A positive bias in the financial literacy 
realm meant that synthetic participants showed more 
financial competence than the human participants did, and a 
negative bias meant they displayed less financial 
competence.

As a rule and as is shown in Table 5, when responses 
relating to all three policy domains were aggregated, the 
proportion of positive bias was higher than the proportion of 
negative bias—in other words, the percentage of survey 
questions to which synthetic participants gave more 
progressive responses than humans did was higher than the 
percentage of questions to which the synthetic participants 
gave less progressive responses. This trend was most 
pronounced for the United States, where a positive bias in 
the basic traits data set was observed across 93.02% of the 
43 survey questions and a negative bias was observed across 
2.33% of those variables, but it was also notable for the 

UAE, with results of 79.07% and 6.98% for positive and 
negative bias, respectively. For the KSA, this trend was less 
pronounced, with a positive bias observed for 41.86% of the 
variables and a negative bias for 27.91% of them.

We found biases in each of the three individual policy 
domains, but the trends differed by country (see Table 5). 
The largest discrepancy in responses that occurred between 
the U.S. participants and the two non-WEIRD participant 
samples appeared in the sustainability domain: U.S. and 
UAE synthetic participants were more progressive than their 
human counterparts were for a large percentage of the 
variables we measured (synthetic participants from the 
United States showed a positive bias in their responses to 
100% of the questions and negative bias in their responses 
to 0% of the questions; for the UAE, the numbers were 
63.64% and 9.09%); the trend reversed for the KSA (where 
positive bias appeared in only 9.09% of responses and 
negative bias appeared in 81.82% of responses). In the 
financial realm, response discrepancies also occurred 
between the U.S. participants and each of the two non-
WEIRD participant samples, but the discrepancies were less 
pronounced than they were in the sustainability domain. 
With respect to female participation in the labor force, we 
found WEIRD versus non-WEIRD discrepancies only 
between the U.S. and KSA participants, with a much greater 
proportion of responses showing synthetic U.S. participants 
to be more progressive than their human counterparts, 
compared with the lower proportion of progressive synthetic 
KSA participants. (The UAE profile matched that of the 
United States.)

The magnitude of the biases tended toward medium effect 
sizes. This means that, on average, synthetic participants’ 
responses indicated moderately higher progressiveness or 
financial literacy in cases of positive bias and moderately 
lower progressiveness or financial literacy in cases of 
negative bias, relative to their human counterparts across the 
policy domains.

The Effect of Experimental Interventions on Human 
Versus Synthetic Participants
When we turned to whether our experimental interventions 
affected responses to the behavioral variables, we found 
that, in general (as is shown in Table 6), the human and 
synthetic participants were aligned. Indeed, the effects of the 
interventions for the two participant types were similar, and 
any differences between these effects were mostly small and 
rarely statistically significant (see the “η2 human vs. 
synthetic” columns in Table 6).

However, regardless of these small differences, it was not 
possible to accurately predict, based on synthetic 
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participants, when an intervention would be statistically 
significant for human participants. In other words, when 
an intervention’s effect on a specific behavioral variable 
was statistically significant for synthetic participants, it 
often was not significant for human participants, and vice 
versa.

Discussion
Shortly after Chat GPT’s launch,1 behavioral researchers 
began exploring whether this and other LLMs could mimic 
humans, which generated a great deal of hype about 
synthetic participants potentially replacing humans in 
domains where assessing opinions is crucial.6,7 In our study, 
we found that when responses to all policy-related questions 
were aggregated, the alignment between human participants 
and their synthetic counterparts was reasonably good for all 
the groups we studied (that is, groups from the KSA, UAE, 
and United States). Indeed, the aggregate correlations 
between human and synthetic responses were strong and the 
responses were fairly (although not perfectly) alike (see 
Table 4). Moreover, our interventions affected the 
behavioral responses of human and synthetic participants 
similarly (see Table 6).

Nevertheless, we identified two main weaknesses in the 
ability of synthetic participants to match human responses 
to surveys. For one, the GPT often lacked precision: The 
mean differences between human and synthetic responses 
across the set of 43 survey questions were not small (as 
indicated by the medium η2 values; see Table 4), and the 
effects of our interventions on behavioral variables that 
were statistically significant for humans were often not 
significant for synthetic participants and vice versa (see 
Table 6). Two, the degree of alignment between human 
and synthetic participants from the United States 
somewhat differed from the alignment in the non-WEIRD 
participant samples: For the UAE and KSA, the aggregate 
correlations were generally weaker (see Table 4), and the 
broad tendency of synthetic participants to be more 
progressive and financially literate than the humans was 
less pronounced (see Table 5).

Policy Recommendations
Next, we list several policy implications of our findings. See 
Table 3 for a discussion of the rationale behind the 
recommendations.

•• Synthetic participants can serve as a good approximation 
of human participants for preliminary testing and piloting 
of policy-relevant views and interventions in the KSA, 
UAE, and United States.

•• In more advanced stages of policy development and 
testing—when it is important to fine-tune policies by 
understanding their effect on the human population—it is 
advisable to use human rather than synthetic participants.

•• When using synthetic participants in policy research, be 
mindful of potential biases they might have, such as 
possibly being more progressive than their human 
counterparts. These biases may differ between WEIRD 
and non-WEIRD countries.

•• When creating synthetic participants, instructing the 
software to define participants according to a simple set 
of traits may be as or more effective than using more 
detailed prompts in certain cases. However, because this 
insight is based on the prompts we used in the present 
research (see the Supplemental Material, pp. 4–6), it will 
need to be further investigated with a wide range of 
prompts and in relation to different policy areas.

Study Limitations
One critical issue we did not examine in our study is how 
synthetic participants respond to real-time shifts in public 
opinion, particularly those arising from sudden or significant 
events, such as terror attacks or pandemics. In real life, such 
changes can occur rapidly and strongly affect public views 
on policy-relevant questions. It is possible that the opinions 
expressed by synthetic participants may not evolve as 
quickly as those of human participants. It would be useful 
for researchers to investigate this issue.

We also recognize that it is important to examine the 
constraints on the generalizability of our research.50 Across 
the three policy domains of interest, we used a broad range 
of attitudinal and behavioral items; we either adopted them 
from various sources or created them from scratch (see the 
Supplemental Material, pp. 12–19). We expect our findings 
to generalize to the type of survey questions we used within 
the policy domains we explored. Nevertheless, GPTs’ 
responses to various survey questions or scenarios may vary 
depending on whether this or related content is present in 
their training data.51,52 Therefore, if more researchers begin 
studying whether synthetic participants can predict human 
responses to policy-relevant questions, the training data may 
increasingly contain information on how synthetic 
participants respond to various policy issues. Consequently, 
efforts to replicate our study could yield different findings.

As we have already mentioned, we did not recruit 
representative samples of participants but instead ensured that 
the ratio of resident nationals to foreign residents in the 
samples from the three countries was broadly in keeping with 
the ratios in their actual populations (see the Supplemental 
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Material, pp. 7–8). We did not consider sample 
representativeness to be crucial in our study because our 
project—the first to investigate the alignment between human 
and synthetic participants from both WEIRD and non-
WEIRD countries on policy-relevant questions—was 
essentially exploratory. Our aim was to gather preliminary 
evidence assessing this alignment rather than to conclusively 
answer more complex questions, such as whether alignment 
depends on population representativeness or which specific 
demographics might drive any differences. Future researchers 
can address these and similar questions as this field develops. 
Additionally, our findings should not be assumed to extend to 
non-WEIRD countries outside the KSA and UAE, as our 
research focused specifically on those two nations.

Conclusion
In spite of the study’s limitations, we are encouraged by the 
similarities we found in the responses to policy-related 
survey questions given by synthetic and human participants 
and that the similarities appeared in the responses of 
participants from non-WEIRD as well as WEIRD nations. 
We hope our findings and the open scientific questions will 
inspire researchers to further investigate the feasibility of 
using synthetic participants in the policy domains we 
explored as well as in other areas (such as public health, 
consumerism, and risk behavior)—and to do so in multiple 
non-WEIRD countries.
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