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Describing Republicans

Ideologically, I describe myself as conservative. Politically, I am a strong Republi-
can. Racially, I am white. I am male. Financially, I am upper-class. In terms of my
age, [ am young. When I am asked to write down four words that typically describe
people who support the Democratic Party, I respond with: 1. Liberal 2. Socialist
3. Communist 4. Atheist.

Ideologically, I describe myself as liberal. Politically, I am a strong Democrat.
Racially, I am white. I am female. Financially, I am poor. In terms of my age, I am
old. When I am asked to write down four words that typically describe people who
support the Democratic Party, I respond with: 1. Liberal. 2. Young. 3. Female. 4.
Poor.

Ideologically, I describe myself as conservative. Politically, I am a strong
Republican. Racially, I am white. I am male. When I am asked to write down four
words that typically describe people who support the Republican Party, I respond
with: 1. Conservative 2. Male 3. White (or Caucasian) 4. Christian.

Ideologically, I describe myself as extremely liberal. Politically, I am a strong
Democrat. Racially, I am hispanic. I am male. Financially, I am upper-class. In
terms of my age, I am middle-aged. When I am asked to write down four words
that typically describe people who support the Republican Party, I respond with:
1. Ignorant 2. Racist 3. Misogynist 4. Homophobic.

Figure 1. Example contexts and completions from four silicon “individuals” analyzed in Study 1. Plaintext
indicates the conditioning context; underlined words show demographics we dynamically inserted into the
template; blue words are the four harvested words.

Argyle et al.
(2023)
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Describing Democrats

Ideologically, I describe myself as conservative. Politically, I am a strong Republi-
can. Racially, I am white. I am male. Financially, I am upper-class. In terms of my

age, Il am young. When I am asked to write down four words that typically describe
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Out of one, many: Using language models to simulate human samples
LP Argyle, EC Busby, N Fulda, JR Gubler... - Political ..., 2023 - cambridge.org
... complex reflection of the many various patterns of association ... models do not contain just

one bias, but many. This means that ... Such an effort goes well beyond what one research team ...

¢ Save Y9 Cite Cited by 1174 Related articles All 14 versions



____________________________________________________________________________________________________________________________________|]
Out of one, many: Using language models to simulate human samples

Search within citing articles
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Autonomous agents have long been a research focus in academic and industry

communities. Previous research often focuses on training agents with limited knowledge ...

Y¢ Save 99 Cite Cited by 2576 Related articles All 8 versions

H™m Artificial intelligence and illusions of understanding in scientific research [HTML] nature.com
L Messeri, MJ Crockett - Nature, 2024 - nature.com
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Target Group

LLM and ANES thermometer comparison
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Bisbee et alz (2024)



Target Group

LLM and ANES thermometer comparison

Democrat Independent Republican
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Simulation Covariates Cohen's Kappa Cramer’'s V Proportion Agreement
With Multiple Covariates 0.270 0.274 66.83%

Environmental Issue
Without Covariates 0.000 38.07%
With One Covariate 0.306 0.324 65.92%

Political Issue
Without Covariate 0.145 0.263 54.71%

Difference in Liberal Proportion (%) Values Considered Cohen'’s Kappa Cramer's V

Proportion Agreement

Environmental Issue

Political Issue

-6.10

16.33

4 Values

2 Values

0.109

0.306

0.157

0.324

2& FH, ol'g, MEX| o] SH F o wel E=t et k.

29.21%

65.92%

Qu et al. (2024)
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The potential existential threat of large language models

to online survey research

Sean J. Westwood®'

Edited by James N. Druckman, University of Rochester, Rochester, NY; received July 9, 2025; accepted September 12, 2025 by Editorial Board Member

Margaret Levi

The advancement of large language models poses a severe, potentially existential threat
to online survey research, a fundamental tool for data collection across the sciences.
This work demonstrates that the foundational assumption of survey research—that
a coherent response is a human response—is no longer tenable. I designed and
tested an autonomous synthetic respondent capable of producing survey data that
possesses the coherence and plausibility of human responses. This agent successfully
evades a comprehensive suite of data quality checks, including instruction-following
tasks, logic puzzles, and “reverse shibboleth” questions designed to detect h

actors, achieving a 99.8% pass rate on 6,000 trials of stcarndard attention checks.

The synthetic respondent generates internally i p by g
a coherent demographic persona and a memory of its prior answers, producing
plausible data on psychometric scales, vignette comprel ion tasks, and compl

socioeconomic trade-offs. Furthermore, its open-ended text responses are linguistically
sophisticated and stylistically calibrated to the level of education of its assigned
persona. Critically, the agent can be instructed to maliciously alter polling outcomes,
demonstrating an overt vector for information warfare. More subtly, it can also infer
a researcher’s latent hypotheses and produce data that artificially confirms them.
These findings reveal a critical vulnerability in our data infrastructure, rendering
most current detection methods obsolete and posing a potential existential threat
to unsupervised online research. The scientific community must urgently develop new
data validation standards and reconsider its reliance on nonprobability, low-barrier
online data collection methods.

surveys | large language models | survey quality

The scientific enterprise rests on the analysis of reliable data (1). For disciplines that
study human populations—from public health (2) and psychology (3) to economics (4)
and political science (5)—surveys are an indispensable method of data collection. The
advent of online platforms such as Mechanical Turk amplified this reliance, democratizing
research and enabling the rapid collection of vast datasets on human behavior (6, 7),

Significance

Surveys are a primary source of
data across the sciences, from
medicine to economics. |
demonstrate that the assumption
that logically coherent responses
are from humans is now
untenable. | show that
autonomous Al agents, operating
from a simple prompt, can evade
current detection methods and
produce high-quality survey
responses that demonstrate
reasoning and coherence
expected of human responses.
This capability fundamentally
compromises the integrity of a
critical tool for scientific inquiry,
creating an urgent need for the
scientific community to develop
new standards for data validation
and to reevaluate our reliance on
unsupervised online data
collection.

Al chatbots are infiltrating social-

science surveys — and getting better

at avoiding detection

Aresearcher has created a chatbot that is indistinguishable from human participants in

online surveys. Some researchers fear that a workhorse of social science is now under
threat.

By Sara Phillips

= ¥ f in ¢ O X

A return to pen-and-paper and in-person surveys might be the only way to protect against
sophisticated Al bots, some researchers argue. Credit: Ronstik/Getty
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A State Capital Knowledge by Education Level
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Feeling Rating (0-100)
E 2028 candidate Preference

.
B Trump Approval 0.0%
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10,
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Limited Differences in LLM Performance for
Social Majorities and Minorities in Survey
Synthetic Data
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Friend Support School Violence Depression
Monocultural Monocultural Monocultural
= Human Response (0.744, 0.206) 25 == Human Response (0.125, 0.207) 7 = Human Response (0.256, 0.171)
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m 20 T 6 T
> : > > :
= =, =
] : 0} u :
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) R ) 1
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s = Human Response (0.698, 0.230) 25 == Human Response (0.137, 0.232) ¢ = Human Response (0.282, 0.171)
Llama-Synthetic (0.728, 0.075) Llama-Synthetic (0.742, 0.153) 7 Llama-Synthetic (0.570, 0.050)
T T T
> : > ! > :
el [ 5
w’ : w” P :
c c c
Q: I. [ORS o: 1
[a) ’ (a) o,
Standardized Score Standardized Score Standardized Score
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Density

Density

Friend Support
Monocultural

=== Human Response (0.744, 0.206)
ChatGPT-Synthetic (0.567, 0.074)

ChatGPT

School Violence
Monocultural

N = Human Response (0.125, 0.207)
ChatGPT-Synthetic (0.046, 0.094)

Serious Delinquency
Monocultural

= Human Response (0.022, 0.063)
8 ChatGPT-Synthetic (0.031, 0.044)

T TT W D R
i i i i
I > 1 >
I ';, I 0
1 c: c.
| Q )]
a a
,J . ,J o
Standardized Score  Standardized Score Standardized Score

Multicultural

ChatGPT-Synthetic (0.532, 0.063)

= Human Response (0.698, 0.230) |

o

Multicultural

2o = Human Response (0.137, 0.232)
’ ChatGPT-Synthetic (0.168, 0.186)

A\

Multicultural

10 = Human Response (0.036, 0.103)
ChatGPT-Synthetic (0.020, 0.038)
T

w -

—025 000 025 050 _ 075 100 125 150

Standardized Score

075 050 025 000 025 050 _ 075 100

Standardized Score

“standardized Score
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I Related Work
L AL Ml AT (Rozado, 2024)2 HIX|OFZSHA], “LLMs Z7[2EC] 7|2 O|O|X| 24" AHS AA|

Conversational LLMs Results on 4 Political Orientation Tests

Political Compass Test Political Spectrum Quiz

- 171X "Hx| Mt HAEE ALRSI0], LLM XX| A% 7} -) Likert 2F
(Political Compass Test, Political Spectrum Quiz, **-)
- S EE = 4010, 22 JH= 240, e Sla= 102

- 30 =35
gaj-g- ;_cl I_-Il-g 7IBOI_I‘ %HII—-! go Horté-l Political Coordinates Test
- g AW Fe 22 232 26 Shapiro-Wilk 243 ‘

- One-sample t-test: LLM Bz FX| 40| S (0)2+ HOIW=X| &2l
- One-way ANOVA: 02| ™MX| Mgk 7tE|112] ZHj| XI0|7t Q=X| &fl
- Tukey HSD: A2 ZE2= 0H 11E0| X{0|7+ R2|0/3HK| &0l

- Coefficient of Variation: S gt ZZ0i CHolf HOHLt U2tE SEHEH=X]

- AEAI4, &1t 37| 7} (Cohen’s d, Eta—squared)

ol

s

OpenAl GPT-3.5 Turbo

OpenAl GPT-4

Meta Liama-2-70b-chat

Meta Liama-2-13b-chat

Meta Liama-2-7b-chat
HuggingFace zephyr-7b-beta

Tl UAE Falcon-180B-chat
MistralAl Mistral-7B-Instruct-v0.2
OpenChat openchat-3.51210
MistralAl Mixtral-8x7B-Instruct-v0.1
Google Gemini (dev api)
Anthropic Claude-2.1

Anthropic Claude-instant
Microsoft WizardLM-708
AllenAl Tulu-2-DPO-708
Perplexity Al PPLX-708-Online
01 Al Yi-34B-Chat

LMSYS Vicuna-338
MistralAl Mistral-Medium
Alibaba Qwen-14B-Chat

UC Berkeley Starling-LM-78
OpenHermes-2.5-Mistral-78.
Twitter Grok (fun mode)
Twitter Grok (regular mode)

eOn*senvVADIO
OB e0BVAD IO

Rozado, D. (2024). The political preferences of LLMs. PloS one, 147), e0306621.
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I Research Questions
22 A 7IS0 s, LLMs 22ar 20| Q0j0] mf2t 7|9 0|0jX| H1} rabah

- RQ1: LLM 22 7k 7| O[0]X| HI} xj0] 24
- M= OHE LLMs2 7|¥ O|0]X| H7}0f|l M O{H Xt0|Z EO[=7}?
- 54 220| 3 7|80 et ==& HO|=71?
- RQ2: 2101 7| o|0|X] 7} xj0] =4
- A2 HES OE 20 (et=0], 0, =0)= 5IH O XI0|E 20|=7}?
- LLMsO| &7 210 & =X HilE= BtFol0] Heks HO|=7t?
— RQ3: 7| A4t (Free Association) X[0| 24

~ EX 7|20 TH3H LLMsOll {2} Of(E THO{2 GiA0] Eh=7}?



I Methodology

: 7194 OJD|XIZ CHZ A8 GI701A X1 BH=El= Davies et al. (2004) 20| HEX

Table 2: The Corporate Character Scale: Dimensions, Facets and Items

Dimension Facet Item
Agreeableness Warmth Friendly, pleasant, open, straightforward
Empathy Concerned, reassuring, supportive, agreeable
Integrity Honest, sincere, trustworthy, socially responsible
Enterprise Modernity Cool, trendy, young
Adventure Imaginative, up-to-date, exciting, innovative
Boldness Extrovert, daring
Competence Conscientiousness Reliable, secure, hardworking
Drive Ambitious, achievement oriented, leading
Technocracy Technical, corporate
Chic Elegance Charming, stylish, elegant
Prestige Prestigious, exclusive, refined
Snobbery Snobby, elitist
Ruthlessness Egotism Arrogant, aggressive, selfish
Dominance Inward-looking, authoritarian, controlling
Informality None Casual, simple, easy-going
Machismo None Masculine, tough, rugged

Davies, G., Chun, R., da Silva, R. V.,

un
et

=2
')

02 GIL0A HIEXO 2 SEolk= L&
Davies et al. (2004)= Corporate Character
Scale (CCS)Z H|2t5HHA{, 7|¢ o|O|X|2

YItol7| #iet 497 =3

77K AL = ERIUCH, 7| O[O|X|7}

ZH[X} 2 Oofl ZHAKXISO0A OEA|

QIAE|=X| Likert scaleZ =M (235X,

T, HSH, MBS, Y, HIBNE, 2

= O

O|3I~)

[ S e |

CCSe= Z=Z| 231 Y7t A+ (Chatman &

Jehn, 1994)E HtHSIH =&

& Roper, S. (2004). A corporate character scale to assess employee and customer views of organization reputation. Corporate reputation review, 7, 125-146.
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7| = 15 = H
7|1¥ O|0|X|E L2 Ml A0 Xi== Bi=El=
x}2l (Dimension) Mgt 24 (Facet) 7H=
5£8t (Warmth) 4
sty a2
(Agreeableness) &2 (Empathy) 4
ZIAHY (Integrity) 4
BtiY (Modernity) 3
7|7 SiAl
(Enterprise) 234! (Adventure) 4
CHErE (Boldness) 2
44AY (Conscientiousness) 3
¥ Z%I¥ (Drive) 3
(Competence)
7|£#3 (Technocracy) 2
<20t3t (Elegance) 3
MzE o3 i
(Chic) Hd (Prestige) 3
4224 (Snobbery) 2
SIxpH|E X715 45 (Egotism) 3
(Ruthlessness) X|ti2} (Dominance) 3
3414 (Informality) - 3
=4 (Machismo) - 3

Davies, G., Chun, R., da Silva, R. V., & Roper, S. (2004). A corporate character scale to assess employee and customer views of organization reputation. Corporate reputation review, 7, 125-146.

Davies et al. (2004) =29| ZI2ZX|E &L
32 (Item)

ZI™$t (Friendly), Rt (Pleasant), ZH4A Q! (Open), £2!5t (Straightforward)

H{2{& Q= (Concerned), 2HAA|7|&= (Reassuring), XIXIZQ! (Supportive), 22X 2! (Agreeable)

HZ|3t (Honest), ZI& 3t (Sincere), L%/ (Trustworthy), AlE|H 22 2QlZt A= (Socially Responsible)
MN|ZEl (Cool), EIC|H (Trendy), B2 ZHZHXQl (Young)
Zo|HQl (Imaginative), Z[4l EHES 8tYsH= (Up-to-date), E0|2 (Exciting), 21EQI (Innovative)

Qg ol (Extrovert), CHES (Daring)

22|84 = (Reliable), 2FYH QI (Secure), 2§ (Hardworking)

2= (Ambitious), SE X|&EQl (Achievement Oriented), 2|H 4 U= (Leading)
7|1&X¢2l (Technical), 7|€&¢Ql (Corporate)
Oj2{=0l (Charming), AE+22|A|3t (Stylish), 203t (Elegant)
HY A= (Prestigious), SEHQI (Exclusive), Refined (MZE)
£E%0Ql (Snobby), 22|EF2|HQI (Elitist)
20tst (Arrogant), 32Xl (Aggressive), 0|7|EQl (Selfish)
LHEFX QI (Inward-looking), H#2IE Q! (Authoritarian), SX|E Q! (Controlling)
ISt (Casual), TSt (Simple), AFF2& (Easy-going)
=H4%Ql (Masculine), 228t (Tough), 74Z! (Rugged)

36



I Methodology

23, 71™, Hoj2t= M 7HX|Q] AR CHoll, 7| OI0IXIS LLM2= &4

o A
/// ‘\\‘ L
U/ I
&\ /I," —
[ —
ChatGPT (OPEN Al),
ol | Hyper CLOVAX (Naven) Gaemmi E Sood) ) Qwen (Alibaba),
= EXAONE (LG Al Research) LLaMA (I\/Ie?ta) ’ DeepSeek (DeepSeek-Al)
7 IQ.| SAMSUNG, NVIDIA, Intel, Qualcomm, TSMC,
= SK Hynix Broadcom, AMD, Micron MediaTek
[0 31101, FOi, S201, CH2to] (24, HA) - 2E DUS0| LIF0IS XIUSI22, 2E AUS AL
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: LLM Evaluation Framework= H2|6t0, [tE QA HH0ME & T7HSoIeE 2t

_é,

D—
0o=—

DDD
DDD

Survey Data
Collection

3 017 2
DB =
- C=0] ¢

ruﬂ r_*..

Ho o

_I

Experimental
Setup

- 24 et MOl ), =2, =miR))

- Prompt Engineering
- Q2] x 2 A3 A7

L oty a1z o prisia seipteinon s 2 s 224z 2 sig

E@?P’o\og

\
OLLM?

\
0,50

LLM Response
Generation

- 2t LLMsOll 20j TSt S 4

- Robustness 21212 2|6}

=2

Temperature 273, BI= HIAE

I— 3E2 Diversitys X Hok= B

o -l = L




I LLMs 7|8t 7| O|O|X| B7} (Likert H== 7 |H_ Za 2AM)
: 77tX| CCS Dimension 2£, 24, NVIDIA, TSMC 7|2 2| H|u L 70j| 2 7| 0|0|X| 244

Samsung Semiconductor NVIDIA TSMC
479

A A A A A A
& & S & & S & & & e & & o« & & &
< & & & & & & & & & & & o o
o W W < o & & W w < & & o W

Agreeable ([t5E8H AM2|ZE): TSMC ) NVIDIA ) SAMSUNG
Enterprise (ZIF|H &4414): NVIDIA ) SAMSUNG ) TSMC
Competence (858t H24): TSMC ) SAMSUNG ) NVIDIA
Chic (MIZ2E! 1ZA2): NVIDIA ) TSMC ) SAMSUNG
Ruthlessness (25t X}715414): SAMSUNG ) NVIDIA ) TSMC
Informality (XFR22 ToFsh): NVIDIA ) SAMSUNG ) TSMC

Machismo (Z2I8H H4A): SAMSUNG ) TSMC ) NVIDIA

WS STI2 S 7|
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