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Abstract001

Many studies have reported that large language002
models (LLMs) tend to express similar val-003
ues to people from Western countries, such004
as prioritizing individualism over collectivism.005
However, evidence for this ethical bias comes006
mostly from LLMs made by American compa-007
nies. The current crop of state-of-the-art mod-008
els includes several made in China, so we con-009
ducted the first large-scale investigation of how010
models made in China and the USA align with011
people from China and the USA. We elicited012
responses from ten Chinese models and ten013
American models to the Moral Foundations014
Questionnaire 2.0 and the World Values Survey,015
two well-validated measures with responses016
from thousands of Chinese and American peo-017
ple. We found that all models respond to both018
surveys more like American people than like019
Chinese people. This skew toward American re-020
sponses is only slightly mitigated when prompt-021
ing the models in Chinese or imposing a Chi-022
nese persona on the models. Given that LLMs023
may serve as tools for soft power competition024
between China and the USA, this persistent025
alignment with Americans may have impor-026
tant implications for geopolitics, and given that027
LLMs already help people make decisions, it028
has important implications for daily life.029

1 Introduction030

For all but a few companies, large language031

models (LLMs) are prohibitively expensive to train.032

They require thousands of GPUs, large amounts033

of energy, and institutional knowledge, so until034

recently, state-of-the-art LLMs were made almost035

exclusively in the USA. LLMs already speak and036

make decisions on behalf of people, which raises037

the possibility that LLMs will propagate American038

value priorities (e.g., Atari et al., 2023b). However,039

the Chinese company DeepSeek made headlines in040

early 2025 by training state-of-the-art LLMs for041

a fraction of the cost of American models (Guo042

Figure 1: Cosine similarity of LLM responses to human
responses on the MFQ-2 and WVS. Cross bars indicate
means.

et al., 2025), and other Chinese companies, such as 043

Alibaba and Baidu, have released several models 044

that rank toward the top of LLM leaderboards 045

(Yang et al., 2025; ERNIE Team, 2025). In this 046

paper, we compare human participants’ responses 047

to the Moral Foundations Questionnaire 2.0 048

(MFQ-2; Atari et al., 2023a) and the World 049

Values Survey (WVS; Haerpfer et al., 2022) with 050

responses from LLMs made in China and the USA. 051

As previewed in Figure 1, we show that all the 052

LLMs respond more like American participants. 053

Our contributions are as follows. (1) As far 054

as we are aware, this is the first systematic 055

comparison of the moral values expressed by 056

LLMs made in China versus the USA, using 057

data from thousands of human subjects. (2) 058

We base our value-elicitation method on well- 059

established approaches to measuring human 060

values, the MFQ-2 and WVS. (3) We study the 061

effects of manipulating prompt language and 062

imposing national personas on LLMs. (4) We have 063

made our data, containing the values expressed 064

by 20 LLMs, available on Github: https: 065

//github.com/Anonym-Academic-Submission/ 066

China_US_LLM_Alignment. 067
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2 Background068

2.1 The Moral Foundations Questionnaire 2.0069

and the World Values Survey070

In this work, we use Moral Foundations Theory071

(MFT) and the WVS to evaluate cross-cultural072

variation in moral values. This choice is motivated073

by limitations in a growing body of work that074

probes moral values in LLMs using data-driven075

(rather than theory-driven) questionnaires (e.g.,076

Emelin et al. 2021; Forbes et al. 2020). While077

such approaches are broad and scalable, they lack078

theoretical grounding and empirical validation, and079

without systematically collected human response080

data from different populations, they cannot081

compare model behaviour and population-level082

value patterns in different societies. In contrast,083

MFT is among the most developed frameworks084

in moral psychology, grounded in theories of085

moral psychology and linked to evolutionary and086

cultural anthropology and adjacent work in social087

neuroscience (e.g., Atari et al. 2023a; Graham088

et al. 2013). It provides a theoretical account089

of how culturally diverse moral norms can arise090

from underlying themes, conceptualized as moral091

“foundations.” Empirically, MFT has been studied092

across diverse cultural contexts, and its updated093

instrument (the MFQ-2, released in 2023) was094

validated with standardized translations on large095

human samples across 25 populations. The WVS096

offers an independently developed and extensively097

fielded survey instrument: Its translations and098

items have been tested by social scientists, and its099

most recent wave (2017–2023) spans 66 countries,100

with large samples that reflect the age, gender, and101

education levels of those countries. In short, the102

MFQ-2 and WVS provide recent, large, publicly103

accessible, item-level survey responses from104

Chinese and American people.105

The MFQ-2 consists of 36 items probing six106

moral dimensions, which Atari et al., 2023a107

describe as follows:108

109

Care: Intuitions about avoiding emotional and110

physical damage to another individual.111

Equality: Intuitions about equal treatment and112

equal outcome for individuals.113

Proportionality: Intuitions about individuals114

getting rewarded in proportion to their merit or115

contribution.116

Loyalty: Intuitions about cooperating with117

ingroups and competing with outgroups.118

Authority: Intuitions about deference toward 119

legitimate authorities and the defense of traditions. 120

Purity: Intuitions about avoiding bodily and 121

spiritual contamination and degradation. 122

123

Participants respond to each statement with a rating 124

from 1, indicating that the statement “Does not de- 125

scribe me at all”, to 5, indicating that the statement 126

“Describes me extremely well”. For example, the 127

statement “I think children should be taught to be 128

loyal to their country” gauges the Loyalty dimen- 129

sion (Atari et al., 2023a). 130

The seventh wave of the WVS consists of 290 131

items probing religious values, attitudes toward mi- 132

gration, and many other themes. The rating scales 133

for items vary (e.g., some are binary ratings, some 134

range from 1 to 4, others range from 1 to 10), and 135

some items lack responses from Chinese partici- 136

pants (e.g., questions about security and political 137

regimes), so in this study, we focus on 19 questions 138

from the Ethical Values and Norms section (ques- 139

tions 177–195). Those 19 items share a prompt 140

(“Please tell me for each of the following actions 141

whether you think it can always be justified, never 142

be justified, or something in between”) and a rating 143

scale (from 1, “Never justifiable”, to 10, “Always 144

justifiable”). The 19 actions, including euthanasia, 145

terrorism, and divorce, are enumerated in Figures 146

2 and 5. 147

2.2 Moral Values in LLMs 148

Despite early instances of chatbots spewing hate 149

speech (e.g., Wolf et al., 2017), LLMs have come 150

to encode commonsense values and abide by so- 151

cial norms (e.g., Schramowski et al., 2022). For 152

example, models from OpenAI, Google, Meta, and 153

Anthropic are confident that drivers should avoid 154

pedestrians, while they express uncertainty about 155

assisted suicide (Scherrer et al., 2023). However, 156

different societies have different norms, and LLMs 157

are more likely to express the values of people from 158

Western countries. For example, in two studies with 159

tens of thousands of participants from dozens of 160

countries, GPT models respond to the MFQ-2 more 161

like participants from Western countries than other 162

countries (Zewail et al., 2025), and they respond 163

to the World Values Survey more like participants 164

from countries more culturally similar to the USA 165

(Atari et al., 2023b; see also Qi et al., 2025). 166

The skew toward Western values is clear, but evi- 167

dence comes almost entirely from American-made 168

LLMs. Liu et al., 2024 therefore compared two 169
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American models, GPT-3.5 and Gemini, to two Chi-170

nese models, ChatGLM-2 and Ernie. They found171

that the American LLMs express more individu-172

alist values, whereas the Chinese LLMs express173

more collectivist values, consistent with an LLM’s174

country of origin dictating its morals. However,175

Liu et al., 2024 measured the similarity of LLMs176

to a single human sample, 30 Chinese university177

students, which they treat as a proxy for Western178

people (i.e., they assume that young, educated peo-179

ple have more individualist values). Münker, 2025180

more directly compared the values expressed by181

LLMs from different countries (the USA, France,182

and China) to the values expressed by people from183

different countries (the USA and South Korea).184

However, that study emphasizes the skew toward185

liberal versus conservative values within each coun-186

try, not the skew toward the values of one country187

or another, and the human populations do not corre-188

spond to the LLMs’ countries of origin (i.e., there189

are no French or Chinese participants). Huang190

et al., 2024 report performance by 14 Chinese-191

made LLMs on a values benchmark, but they do192

not investigate whether country of origin affects193

alignment with human populations. So, it remains194

to be seen whether the bias toward Western norms195

persists in Chinese LLMs.196

2.3 Steering LLMs’ values197

A recurring question in the literature is how to mit-198

igate the skew toward Western values in LLMs.199

Several studies report that the values expressed by200

LLMs vary as a function of language. For exam-201

ple, on the MFQ-2, LLMs from OpenAI, Meta,202

and Mistral rated the Care, Loyalty, and Purity203

dimensions higher when prompted in Western lan-204

guages, such as English and French, than in Eastern205

languages, such as Chinese and Japanese (Aksoy,206

2025). However, this runs counter to the finding207

that the Western skew in LLMs involves low Purity208

ratings (Zewail et al., 2025), which suggests that al-209

though prompt language affects LLM responses, it210

does not align LLMs with the values of speakers of211

that language. The simpler conclusion is that per-212

formance in general, and moral reasoning ability in213

particular, decreases in lower resource languages214

(e.g., Arora et al., 2023; Durmus et al., 2023; Häm-215

merl et al., 2023; Kwok et al., 2024; Wang et al.,216

2024). The multilingual abilities of LLMs have im-217

proved substantially since the release of GPT-4, and218

larger, newer LLMs respond to ethical dilemmas219

more consistently across languages (e.g., Agarwal220

et al., 2024; Khandelwal et al., 2024; Naous et al., 221

2024), but that stability implies a persistent West- 222

ern bias, such as low Purity ratings or an inclination 223

toward individualism. 224

A more effective way to mitigate biases in LLMs 225

is by assigning personas to them (e.g., Kwok et al., 226

2024; Simmons, 2023; Wang et al., 2024; Wright 227

et al., 2024). For example, Qi et al., 2025 found 228

that instructing GPT-3.5 to act like a person from a 229

specific country reduced the bias towards dominant 230

populations in its responses to the World Values 231

Survey. However, they stress that persona prompts 232

do not eliminate biases entirely. Lee et al., 2024 233

similarly report that on the MFQ, LLMs from Ope- 234

nAI, Anthropic, and Meta exhibit a striking consis- 235

tency across personas, and Münker, 2025 reports 236

that LLMs from Google, Meta, Mistral, and Al- 237

ibaba can be steered toward liberal or conservative 238

values only to a limited degree. When manipu- 239

lating an LLM’s persona, its moral biases persist, 240

which underscores the importance of identifying 241

those biases in state-of-the-art LLMs. 242

3 Methodology 243

3.1 Research questions 244

We investigated three research questions: 245

246

RQ1. Do LLMs made in China versus the USA 247

express similar values as people from China versus 248

the USA, respectively? 249

RQ2. Does manipulating questionnaire language 250

or imposing a national identity steer LLMs toward 251

the value patterns of the corresponding human pop- 252

ulation? 253

RQ3. Which moral dimensions on the MFQ-2, and 254

which questions on the WVS, explain the align- 255

ment of LLMs made in China versus the USA with 256

people from China versus the USA? 257

3.2 Analysis plan 258

We operationalized moral values as responses to 259

the MFQ-2 and to the Ethical Values and Norms 260

section of the WVS. We selected 10 LLMs made by 261

American companies and 10 made by Chinese com- 262

panies. See Appendix A. For each LLM, we manip- 263

ulated whether the questionnaire was presented in 264

English or Chinese and whether the system prompt 265

said that the LLM was a Chinese or American cit- 266

izen or did not mention nationality, i.e., a design 267

of 2 (language: Chinese or English) x 3 (persona: 268

Chinese, American, or null). To account for the 269
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Figure 2: Normalized human and LLM ratings, grouped by dimension for MFQ-2 and question for WVS. Responses
are z-scored within each participant and within each LLM. These data exclude the manipulation of persona and
language.

probabilistic nature of LLM output, we presented270

the surveys to each LLM in each condition 20 times271

and computed the mean response to each item in272

each condition. For the MFQ-2, we used human273

data from Atari et al., 2023a, who presented the274

survey to 517 Chinese participants and 515 Ameri-275

can participants. For the WVS, we used data from276

Haerpfer et al., 2022, who report responses to each277

of the 19 Ethical Values items from 2,808 Chinese278

participants and 2,357 American participants.279

We represented responses from each participant280

and each LLM as vectors in a 36-dimension space,281

for MFQ-2, or a 19-dimension space, for WVS.282

We z-scored the ratings for each item within each283

participant and within each LLM in each condi-284

tion (after averaging the 20 responses to each item),285

such that each participant and each LLM has a286

mean normalized rating of 0, and positive or neg-287

ative values indicate a tendency to give higher or288

lower ratings to that item. To measure how similar289

LLM and human responses are, we calculated the290

cosine similarity between vectors.291

3.2.1 Prompt construction292

As shown schematically in Appendix B and de-293

tailed in the online supplement, we adapted the294

MFQ-2 and WVS instructions to elicit moral judge-295

ments from LLMs. MFQ-2 participants are identi-296

fied as being from China or the USA, so the MFQ-2297

persona prompt states “You are from China”, “You298

are from the USA”, or is left empty. WVS partic-299

ipants are identified as Chinese or American na-300

tionals, so the WVS persona prompt states “You301

are a Chinese national”, “You are an American na- 302

tional”, or is left empty. The content in the English 303

and Chinese language conditions is identical to the 304

original English and Chinese surveys. In the Chi- 305

nese language condition, all aspects of the prompt 306

are in simplified Chinese. 307

3.2.2 RQ1 308

To answer RQ1, we fit two mixed effects models 309

(separately for the MFQ-2 and WVS), regressing 310

the cosine similarity of human–LLM responses on 311

the interaction of participant nationality (Chinese 312

or American) and LLM origin (China or the USA). 313

Each model includes 20 observations per partici- 314

pant (i.e., compared to each LLM) and hundreds 315

of observations per LLM (i.e., compared to each 316

participant), so to capture individual differences 317

and avoid inflating p-values, we included by-LLM 318

random slopes for participant nationality and by- 319

participant slopes for LLM country of origin. We 320

sum coded the participant nationality and LLM 321

origin factors such that being from China is the 322

positive value (i.e., Chinese = 0.5, American = 323

-0.5). Consequently, a positive main effect of LLM 324

origin would indicate that Chinese LLMs respond 325

more like human participants, and a positive main 326

effect of participant nationality would indicate that 327

all LLMs respond more like Chinese participants. 328

A positive interaction would indicate that any ten- 329

dency to respond more like Chinese participants 330

is greater in Chinese LLMs than American LLMs. 331

For the first analysis, we did not manipulate per- 332

sona, and we paired human responses with LLM 333
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responses in the same language. For the WVS,334

five LLMs (Claude 4, DeepSeek-V2, ERNIE-4.5,335

GPT-4, and GPT-4o) refused to respond to some336

items in all 20 iterations, such as whether abortion337

is justifiable, excluding them from this analysis338

of similarity on the WVS. In Appendix C, we de-339

tail differences in refusal rates for the MFQ-2 and340

WVS by LLMs made in China and the USA.341

3.2.3 RQ2342

To answer RQ2, we again fit two mixed effects343

models, regressing the cosine similarity of human344

and LLM responses on the interaction of participant345

nationality with LLM country of origin, persona,346

and language. We again included by-LLM random347

slopes for participant nationality and by-participant348

slopes for LLM country of origin. We sum coded349

all factors such that being a person from China,350

being made in China, being assigned a Chinese351

persona, or being prompted in Chinese is the posi-352

tive value (i.e., Chinese = 0.5, American = -0.5). In353

each case, a positive interaction with the nationality354

factor would indicate that any tendency to respond355

more like Chinese participants is greater in Chinese356

LLMs, when assigned a Chinese persona, or when357

prompted in Chinese, respectively.358

3.2.4 RQ3359

To answer RQ3, we re-standardized and recom-360

puted the cosine similarity of LLM and human re-361

sponses when removing each dimension (for MFQ-362

2) or each question (for WVS). As with RQ1, we363

did not manipulate persona, and we paired human364

responses with LLM responses in the same lan-365

guage. (As we show in the online supplement,366

including the persona and language manipulations367

does not change the direction or significance of the368

critical effects.) We regressed the cosine similar-369

ity of human and LLM ratings on the interaction370

of participant nationality, LLM country of origin,371

and dimension or question removed (including by-372

LLM random slopes for participant nationality and373

by-participant slopes for LLM country of origin).374

We sum coded nationality and origin such that be-375

ing from China is the positive value (i.e., American376

= -0.5; Chinese = 0.5), and crucially, we treatment377

coded dimension / question such that none removed378

is the reference level (i.e., none removed = 0; di-379

mension / question removed = 1). The main effects380

of nationality and origin therefore do not involve381

removing any dimensions / questions, and the inter-382

actions with a given dimension / question indicate383

Predictor β SE p
MFQ-2
Intercept .207 .009 < 2e-16
Chinese person -.179 .015 6e-13
Chinese LLM -.008 .017 .663
Chinese person : LLM -.002 .026 .951
WVS
Intercept .423 .008 < 2e-16
Chinese person -.297 .016 5e-14
Chinese LLM -.011 .014 .432
Chinese person : LLM .028 .028 .340

Table 1: Results of two mixed effects models regressing
the cosine similarity of LLM–human responses on the
interaction of participant nationality with LLM country
of origin. Both factors are sum coded and mean centered
with Chinese as the positive value.

how those main effects change when removing that 384

dimension / question. For example, if LLMs tend 385

to be more similar to American participants, na- 386

tionality will have a negative main effect, but if 387

the Purity dimension were the sole cause of this 388

greater similarity to Americans, then removing Pu- 389

rity would have a positive interaction as large as 390

the negative main effect, cancelling it out. 391

4 Results 392

Figure 2 illustrates mean human and LLM ratings 393

for the six MFQ-2 moral dimensions and the 19 394

WVS ethical questions, grouped by nationality for 395

human participants and grouped by country of ori- 396

gin for LLMs. For example, on the MFQ-2, Chi- 397

nese participants (the light grey bars with red out- 398

lines) gave high ratings to questions probing the 399

Loyalty dimension, and on the WVS, they rated the 400

death penalty (Question 195) as very justifiable. 401

4.1 RQ1: Do people and LLMs from the same 402

country share values? 403

To investigate whether LLMs from China versus 404

the USA respond more like participants from China 405

versus the USA, we regressed the cosine similarity 406

of each participant’s ratings to each LLM’s rating 407

on the interaction of participant nationality with 408

LLM country of origin. As reported in Table 1, 409

there is a significant negative main effect of par- 410

ticipant nationality for both the MFQ-2 and WVS 411

(both ps < 2e-16), indicating greater similarity of 412

LLMs to American participants than to Chinese 413

participants (since Chinese participants are coded 414

as the positive value). For the MFQ-2, the interac- 415
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Figure 3: Cosine similarity of each human’s ratings to each LLM’s ratings. The bars with grey backgrounds are
LLMs made in China.

tion of participant nationality with LLM country416

of origin is far from significant (p > .9), therefore417

providing no evidence that Chinese LLMs tend418

to respond more like Chinese participants or that419

American LLMs respond more like American par-420

ticipants. In fact, the interaction trends in the op-421

Predictor β SE p
MFQ-2
Intercept .207 .009 < 2e-16
Human nationality -.144 .009 < 2e-16
LLM origin -.016 .017 .332
Language -.018 .001 < 2e-16
Persona -.002 .001 .001
Nation : Origin .008 .012 .516
Nation : Language .034 .001 < 2e-16
Nation : Persona .028 .001 < 2e-16
WVS
Intercept .430 .006 < 2e-16
Human nationality -.326 .012 < 2e-16
LLM origin -.016 .011 .143
Language .039 .000 < 2e-16
Persona .023 .000 < 2e-16
Nation : Origin -.020 .020 .335
Nation : Persona .077 .001 < 2e-16
Nation : Language .072 .001 < 2e-16

Table 2: Results of two mixed effects models regressing
the cosine similarity of LLM–human responses on the
interaction of participant nationality with LLM country
of origin, prompt language, and LLM persona. All
factors are sum coded and mean centered with Chinese
as the positive value.

posite direction (i.e., has a negative sign). For the 422

WVS, that interaction is again far from significant 423

(p > .3). Figure 3 illustrates how all LLMs, regard- 424

less of country of origin, respond to the MFQ-2 425

and WVS more like American participants than 426

like Chinese participants. 427

4.2 RQ2: Does language or persona steer 428

LLMs toward human populations? 429

Next, we investigated whether manipulating 430

prompt language and/or imposing personas on 431

LLMs made their responses more like those of 432

the corresponding participant nationality. We re- 433

gressed the cosine similarity of each participant’s 434

ratings to each LLM’s rating on the interaction of 435

participant nationality with LLM country of ori- 436

gin, assigned persona, and prompt language. As 437

reported in Table 2, the interaction with language 438

and persona is highly significant for both the MFQ- 439

2 and WVS (all ps < 2e-16), indicating that LLMs 440

respond more like the corresponding nationality 441

when manipulating the language they are prompted 442

with or the persona they are assigned. However, 443

the effect sizes of these interactions (β around .03 444

for the MFQ-2, around .07 for the WVS) are far 445

smaller than the main effects of participant nation- 446

ality (β = -.14 for the MFQ-2, -.33 for WVS). The 447

key takeaway, evident in Figure 4, is that although 448

language and persona steer LLMs toward the ex- 449

pected human populations, they do little to mitigate 450

the greater similarity of LLMs to American partici- 451

pants. 452
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Figure 4: Cosine similarity of LLMs to humans,
grouped by LLM country of origin, manipulating
prompt language (top) or prompt persona (bottom).
Cross bars indicate means.

4.3 RQ3: Which items align LLMs with453

American participants?454

Finally, we investigated which MFQ-2 dimensions455

and WVS questions cause the overall greater sim-456

ilarity of LLMs to American participants. We re-457

computed the cosine similarity of human ratings to458

LLM ratings when removing the six items that cor-459

respond to each MFQ-2 dimension or when remov-460

ing each WVS question. In two linear regression461

models, reported in full in the online supplement,462

we regressed cosine similarity on the interaction of463

LLM country of origin, participant nationality, and464

the removed dimension / question. For the MFQ-465

2, Authority and Loyalty have significant positive466

main effects (βs = .008 and .022, ps = 1e-12 and467

< 2e-16, respectively), indicating that removing468

those dimensions increases the similarity of LLMs469

to humans, regardless of nationality. Equality has470

a significant negative main effect (β = -.053, p <471

2e-16), so removing it decreases similarity. More472

importantly, Authority and Loyalty have negative473

interactions with participant nationality (βs = -.030474

and -.015, p < 2e-16 and = 5e-11, respectively), in-475

dicating that removing those dimensions decreases476

similarity to Chinese participants relative to Amer-477

ican participants (because Chinese nationality is478

sum coded as the positive value). Explaining the479

greater similarity to American participants instead480

requires a significant positive interaction (i.e., re-481

moving that dimension increases similarity to Chi-482

nese participants), and on the MFQ-2, the Care and483

Purity dimensions meet this requirement (βs = .073484

and .007, ps < 2e-16 and = .001, respectively). The485

interaction of Care with nationality is by far the 486

largest of any effect other than the main effect of 487

participant nationality (β = .179). This is apparent 488

in Figure 5 and, above, in Figure 2, where Chinese 489

participants are conspicuously dissimilar to LLMs 490

and American participants on the Care dimension. 491

The three-way interaction of participant nationality 492

and LLM country of origin with the Care dimen- 493

sion is far from significant (same for the Purity 494

dimension), therefore providing no evidence that 495

the greater similarity to American participants on 496

those dimensions differs in LLMs made in China 497

versus the USA. See the online supplement for the 498

full results. 499

To explain the greater similarity of LLMs to 500

American participants on the WVS, we again 501

looked for large positive interactions of question 502

with participant nationality (large relative to the 503

main effect of participant nationality: β = .297). 504

Four questions fit the bill: Q177 (taking illicit gov- 505

ernment benefits; β = .016, p < 2e-16), Q182 (ho- 506

mosexuality; β = .034, p < 2e-16), Q190 (corporal 507

punishment; β = .027, p < 2e-16), and Q193 (casual 508

sex; β = .024, p = 8e-11). As illustrated in Figure 2, 509

these questions differentiate Chinese participants 510

from American participants, such that Chinese par- 511

ticipants find homosexuality and casual sex less jus- 512

tifiable and find taking illicit benefits and corporal 513

punishment more justifiable. We also found smaller 514

but significant positive interactions with participant 515

nationality for Q184, Q185, and Q189 (abortion, 516

divorce, and domestic abuse; βs = .007, .002, and 517

.005, ps = 8e-13, .013, and 2e-8, respectively). Of 518

these items, Q177, Q184, Q190, and Q193 have 519

small but significant negative three-way interac- 520

tions with LLM country of origin and participant 521

nationality (all βs < .01), indicating that those ques- 522

tions increase similarity to American participants 523

more for American LLMs than Chinese LLMs, 524

while Q182 has a significant positive three-way 525

interaction (β = .018), indicating that it increases 526

similarity to American participants more for Chi- 527

nese LLMs than American LLMs. Because these 528

null persona data exclude Claude 4, DeepSeek-V2, 529

ERNIE-4.5, GPT-4, and GPT-4o, we conducted a 530

follow-up analysis using the LLM persona manip- 531

ulation (which excludes only DeepSeek-V2, GPT- 532

4, and Yi-34B, as in Section 4.2). We found the 533

same pattern and significance of effects for the in- 534

teractions of participant with each item (i.e., the 535

same items explain the greater similarity of LLMs 536

to American participants), but the three-way inter- 537
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Figure 5: Change in cosine similarity of LLMs to humans when removing a dimension (MFQ-2) or item (WVS).

actions differ slightly, such that Q190 and Q193538

instead increase similarity to American participants539

more for Chinese LLMs than American LLMs. See540

the online supplement.541

5 Discussion and conclusion542

We measured the similarity of LLM responses to543

human responses on the MFQ-2 and the seventh544

wave of the WVS. We found that all 20 LLMs re-545

sponded more like American participants than like546

Chinese participants. This skew toward American547

responses was only slightly mitigated when im-548

posing a Chinese identity on the LLMs and when549

presenting the surveys and prompts in Chinese. On550

the MFQ-2, the greater similarity to Americans is551

largely due to the Care dimension (and to a lesser552

extent, the Purity dimension), where American par-553

ticipants and LLMs gave substantially higher rat-554

ings than Chinese participants did. On the WVS,555

the greater similarity to Americans is largely due556

to a few questions: LLMs and Americans rate ho-557

mosexuality and casual sex (and to a lesser extent,558

abortion and divorce) as more justifiable than Chi-559

nese participants do, and they rate corporal punish-560

ment and taking illicit government benefits (and to561

a lesser extent, domestic abuse) as less justifiable562

than Chinese participants do. Bear in mind that563

these differences emerge only in the aggregate and564

do not reliably predict individuals’ values.565

Why do LLMs tend to respond more like Ameri-566

can participants than Chinese participants? Train-567

ing data is probably one important factor. OpenAI568

has alleged that DeepSeek relied on training data569

distilled from GPT models (Sweney and Milmo,570

2025), consistent with anecdotal evidence that 571

DeepSeek identifies itself as GPT-4 (e.g., Wiggers, 572

2025). Training on the output of big, slow, and ex- 573

pensive LLMs can allow companies to train smaller, 574

faster, and cheaper LLMs with competitive perfor- 575

mance (Hsieh et al., 2023), and one consequence 576

of this distillation might be that smaller “student” 577

LLMs absorb the values of larger “teacher” LLMs. 578

Fine-tuning probably plays an important role, too. 579

Before pretrained models are released to the public, 580

they undergo reinforcement learning to align them 581

with human preferences (e.g., Bai et al., 2022), 582

which often emphasizes harmless (Askell et al., 583

2021). On the MFQ-2, Harm is the flip side of 584

Care (Haidt and Graham, 2007), which could ex- 585

plain why LLMs give especially high ratings to 586

items on the Care dimension. Regarding the WVS, 587

LLMs often express liberal values (e.g., Hartmann 588

et al., 2023; Motoki et al., 2024; Rozado, 2024), 589

and their responses regarding homosexuality and 590

corporal punishment are consistent with a liberal 591

perspective (e.g., Graham et al., 2009). 592

We have shown that, despite Beijing’s direc- 593

tive to align AI systems with “socialist core val- 594

ues,” (Cyberspace Administration of China, 2023), 595

LLMs made in China and the USA alike are closely 596

aligned with American people. That could be a con- 597

scious decision made by Chinese AI companies, 598

but more likely, it reveals how standard training 599

methods and available training data perpetuate the 600

values of the community that generated those meth- 601

ods and data. As LLMs become pervasive, it will be 602

increasingly important that users understand what 603

values LLMs tolerate and propagate. 604
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6 Limitations605

Our study focuses on two surveys: the MFQ-2606

and the “Ethical Values and Norms” section of607

the WVS. This raises questions about the scope608

and generalizability of our findings. First, are our609

analyses comprehensive, justifying the conclusion610

that LLMs made in China express similar values611

to American people? For the WVS, we restricted612

our analysis to 19 items, and although they cover613

a variety of morally loaded topics—ranging from614

capital punishment to casual sex—they cannot be615

comprehensive. As noted in the Introduction, we616

selected those 19 items because, unlike some WVS617

sections, they include responses from both Chinese618

and American participants, they respond to a sin-619

gle prompt (rating justifiability), and they share a620

rating scale (1–10). Furthermore, they are themat-621

ically consistent with the MFQ-2 (i.e., they deal622

with morality, not sociology), and their specificity623

complements the broader, more abstract questions624

on the MFQ-2. Crucially, those MFQ-2 questions625

are designed to be comprehensive; the six moral626

dimensions are foundational. The practical value627

of Moral Foundations Theory is that it has allowed628

researchers to design short surveys that are easy629

to deliver yet reliably differentiate cultures (e.g.,630

Atari et al. 2023a; Graham et al. 2009). At the same631

time, future work that replicates and extends our632

findings using different surveys would strengthen633

our conclusions.634

Second, do responses to these surveys generalize635

to the real world? The MFQ-2 is not only of practi-636

cal value; it is also motivated by and grounded in637

theories of moral psychology, and crucially, it has638

been validated by its ability to predict human be-639

haviour, such as attitudes toward abortion and gun640

ownership (Koleva et al., 2012). Again, the WVS641

corroborates conclusions drawn from the MFQ-642

2 by asking participants about the sorts of con-643

tentious issues that, as we have seen, differentiate644

many American participants from many Chinese645

participants. Still, there is evidence that LLMs are646

sensitive to superficial changes in prompts (e.g.,647

Lum et al. 2025; Röttger et al. 2024), so we wel-648

come work that tests our claims using alternative649

methods. That includes open-ended questionnaires,650

which capture nuance that may be missed by Likert651

scales (i.e., ratings from 1–7 and 1–10). However,652

gathering and comparing open-ended responses653

to dozens of questions from thousands of partic-654

ipants introduces many practical and theoretical655

challenges, and it drives home why we opted for 656

the MFQ-2 and WVS in the first place: They are 657

carefully designed surveys which are widely used 658

to differentiate cultures. With publicly available 659

data from thousands of human participants, they 660

are ideal for providing evidence that LLMs made in 661

the USA and China express values that are, on aver- 662

age, much more similar to the values expressed by 663

American people than by Chinese people, notwith- 664

standing substantial overlap in the values expressed 665

across cultures. 666

Finally, we elicited responses from only 20 667

LLMs, which limits our claims about the values ex- 668

pressed by Chinese and American LLMs in general. 669

In this fast-moving field, new LLMs are released 670

often, and it will be important to see whether or 671

when LLMs shift in alignment. However, in the 672

grand scheme of things, state-of-the-art Chinese 673

LLMs are a new phenomenon, and we stand by our 674

decision to exclude smaller, older LLMs that strug- 675

gle to abide by system prompts (e.g., answering 676

on a scale of 1 to 7) and to instead focus on the 677

LLMs that are more widely used. That is, we se- 678

lected LLMs that are available via API and provide 679

quality interactions, which are the sorts of LLMs 680

that have drawn attention to LLMs made in China 681

and whose values could plausibly seep into the real 682

world. 683

7 Potential risks 684

We have not introduced any new LLMs; all the data 685

we gathered came from publicly available models, 686

so any risks associated with the values expressed 687

by those models exist independently of this study. 688

If anything, we have taken steps to help others mit- 689

igate those risks by identifying the values LLMs 690

tend to express. However, this study does deal 691

with sensitive subjects, both in the details (such 692

as whether capital punishment is justifiable) and 693

the big picture (namely the extent to which people 694

from different cultures express different values). 695

The main risks associated with this study, then, are 696

that people might be offended by discussions of sen- 697

sitive subjects or that people might misinterpret our 698

findings, such as inferring that nationality predicts 699

an individual’s values. We have tried to prevent 700

offense by limiting references to sensitive subjects, 701

and we have tried to prevent misinterpretation by 702

reiterating that differences between Chinese and 703

American subjects emerge only at the group level: 704

People from the same country can have very differ- 705
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ent values, and people from different countries can706

have very similar values.707
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A LLM Details919

Model Origin Company
Baichuan2-13B-Chat China Baichuan
Claude-3.5-Sonnet USA Anthropic
Claude-3.7-Sonnet USA Anthropic
Claude-Opus-4 USA Anthropic
DeepSeek-V2-Lite-Chat China DeepSeek
DeepSeek-V3 China DeepSeek
Ernie-4.5-300B-A47B China Baidu
Gemini-2.0-Flash USA Google
Gemini-2.5-Flash USA Google
GLM-4-Plus China Zhipu AI
GPT-4 USA OpenAI
GPT-4o USA OpenAI
GPT-4.1 USA OpenAI
Kimi 1.5 China Moonshot
Kimi K2 China Moonshot
Llama-3.3-70B-Instruct US Meta
Llama-4-Maverick US Meta
Qwen2.5-72B-Instruct China Alibaba
Qwen3-235B-A22B China Alibaba
Yi-34B-Chat China 01.AI

B LLM Prompts920

We adapted the MFQ-2 and WVS instructions921

to elicit moral judgements from LLMs with the922

following prompts.923

924

MFQ-2925

System prompt:926

{Persona manipulation}927

Respond only with a number from 1 to 5.928

User message:929

Please indicate how well the statement below930

describes you or your opinions.931

Options:932

1: Does not describe me at all933

2: Slightly describes me934

3: Moderately describes me935

4: Describes me fairly well936

5: Describes me extremely well937

Statement: {Survey item}938

939

WVS940

System prompt:941

This is a global study of what people value in942

life.943

{Persona manipulation}944

Respond only with a number from 1 to 10.945

User message:946

On a scale of 1 (never justifiable) to 10 (always 947

justifiable), do you think the following action is 948

always justifiable, never justifiable, or something 949

in between: {Survey item} 950

951

MFQ-2 participants are identified as being from 952

China or the USA, so the MFQ-2 persona prompt 953

states “You are from China”, “You are from the 954

USA”, or is left empty. WVS participants are iden- 955

tified as Chinese or American nationals, so the 956

WVS person prompt states “You are a Chinese na- 957

tional”, “You are an American national”, or is left 958

empty. In the Chinese language condition, all as- 959

pects of the prompt are in simplified Chinese. 960

C LLM Refusals 961

In some cases, LLMs refused to respond to survey 962

items, or failed to provide valid responses: 2.6% 963

of trials for the MFQ-2 (SD = 15.8%) and 7.7% of 964

trials for the WVS (SD = 26.6%). On the MFQ-2, 965

LLMs made in the USA refused to respond more 966

often (3.8% of trials, SD = 19.2%) than LLMs 967

made in China (1.3% of trials, SD = 11.3%), with 968

Claude 4 refusing most often (21.5% of trials, SD 969

= 41.1%). As reported in Table 3, LLMs made in 970

the USA refused to respond most often to Purity 971

items, whereas LLMs made in China refused to 972

respond most often to Loyalty items. As reported 973

in Table 5 and illustrated in Figure 6, both sets of 974

LLMs refused most often when prompted in Chi- 975

nese and when not assigned a persona. To evaluate 976

whether these differences are significant, we fit a 977

Figure 6: Rate of refusal by survey, LLM country of
origin, prompt language, and persona manipulation.
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mixed effects logistic regression model, predict-978

ing whether LLMs refuse to respond to each trial979

as a function of the interaction of LLM country980

of origin (sum coded such that Chinese LLMs =981

0.5) with prompt language (sum coded such that982

Chinese = 0.5) and with persona (treatment coded983

with no persona as the reference level), including984

LLM as a random intercept. As reported in Ta-985

ble 7, there is a significant negative main effect986

of LLM origin, indicating that LLMs from China987

refuse less often; a significant positive main ef-988

fect of language, indicating that both sets of LLMs989

refuse more often when prompted in Chinese; and990

significant negative main effects of both Chinese991

and American personas, indicating that both sets992

of LLMs refuse to respond more often with no993

persona. LLM origin has a significant positive in-994

teraction with language, indicating that the effect995

of language (more refusals in Chinese) is amplified996

in Chinese LLMs. LLM origin has a significant997

negative interaction with American persona, indi-998

cating that assigning an American persona reduces999

refusals more for Chinese LLMs.1000

On the WVS, unlike the MFQ-2, LLMs made1001

in China refused to respond more often (10.7%1002

of trials, SD = 30.9%) than LLMs made in the1003

USA (4.6%, SD = 21.0%), with DeepSeek-V2 re-1004

fusing most often (a whopping 50.1% of trials, SD1005

= 50.0%), followed closely by Yi-34B (45.3%, SD1006

= 49.8%). LLMs made in the USA refused to re-1007

spond most often to item 184, regarding the justi-1008

fiability of abortion (15.0% of trials, SD = 35.7%,1009

compared to 12.1% of trials for LLMs made in1010

China), whereas LLMs made in China refused to1011

respond most often to item 182, regarding the jus-1012

tifiability of homosexuality (14.4% of trials, SD1013

= 35.1%, compared to 8.4% of trials for LLMs1014

made in the USA). As reported in Table 5 and il-1015

lustrated in Figure 6, LLMs made in China refused1016

to respond most often when prompted in Chinese,1017

across all three persona levels, and LLMs made in1018

the USA refused to respond most often when not1019

assigned a persona, across both languages. As with1020

the MFQ-2, we fit a logistic regression model with1021

LLM as a random intercept, reported in Table 7.1022

The null effect of LLM origin indicates that the1023

overall higher rate of refusal for Chinese LLMs1024

compared to American LLMs (i.e., when averaging1025

across all personas) is not significant when LLMs1026

are not assigned a persona (i.e., in the reference1027

level). The overall higher rate of refusal is reflected1028

in the large positive interactions with Chinese and1029

Dimension China LLMs USA LLMs
Care 0.9 (9.7) 1.6 (12.4)
Equality 1.5 (12.0) 4.8 (21.3)
Proportion. 1.4 (11.6) 1.8 (13.3)
Authority 1.2 (10.7) 4.0 (19.6)
Loyalty 1.7 (12.9) 4.1 (19.8)
Purity 1.1 (10.4) 6.7 (25.0)

Table 3: Mean percent (SD) of refusals to the MFQ-2
by LLM country of origin and moral dimension.

Item Ch. LLM US LLM
177 (steal benefits) .11 (.31) .02 (.15)
178 (avoid fares) .11 (.31) .02 (.14)
179 (steal property) .11 (.31) .00 (.00)
180 (evade taxes) .13 (.34) .02 (.15)
181 (accept bribes) .11 (.31) .01 (.09)
182 (homosexuality) .14 (.35) .08 (.28)
183 (prostitution) .12 (.33) .10 (.31)
184 (abortion) .12 (.33) .15 (.36)
185 (divorce) .08 (.26) .04 (.19)
186 (premarital sex) .09 (.29) .08 (.27)
187 (suicide) .14 (.35) .07 (.25)
188 (euthanasia) .10 (.30) .07 (.26)
189 (wife beating) .08 (.27) .00 (.06)
190 (child beating) .09 (.29) .02 (.15)
191 (violence) .08 (.27) .00 (.00)
192 (terrorism) .06 (.27) .00 (.00)
193 (casual sex) .10 (.30) .07 (.26)
194 (polit. violence) .13 (.34) .03 (.16)
195 (death penalty) .14 (.34) .08 (.28)

Table 4: Mean percent (SD) of refusals to the WVS by
LLM country of origin and item.

American personas. As with the MFQ-2, language 1030

has a significant positive main effect, indicating 1031

more refusals when prompted in Chinese, and a 1032

small but significant positive interaction with LLM 1033

origin, again indicating that this effect is (slightly) 1034

amplified in Chinese LLMs. 1035
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Lang., persona China LLMs USA LLMs
MFQ-2
English, null 0.4 (6.0) 2.9 (16.8)
Chinese, null 4.2 (20.1) 7.8 (26.8)
English, USA 0.1 (3.3) 0.3 (5.1)
Chinese, USA 1.8 (1.3) 4.7 (21.2)
English, China 0.1 (2.4) 0.3 (5.0)
Chinese, China 1.2 (10.7) 7.1 (25.7)
WVS
English, null 3.8 (19.2) 7.6 (26.5)
Chinese, null 14.8 (35.5) 13.8 (34.5)
English, USA 8.6 (28.0) 1.0 (10.1)
Chinese, USA 14.4 (35.1) 2.3 (15.1)
English, China 6.4 (24.5) 0.5 (7.1)
Chinese, China 16.0 (36.7) 2.5 (15.6)

Table 5: Mean percent (SD) of invalid responses to the
MFQ-2 (top) and WVS (bottom), by LLM country of
origin, prompt language, and persona manipulation.

LLM MFQ-2 WVS
Baichuan2-13B-Chat .00 (.00) .06 (.23)
Claude-3.5-Sonnet .01 (.08) .00 (.00)
Claude-3.7-Sonnet .01 (.11) .00 (.00)
Claude-Opus-4 .22 (.41) .18 (.38)
DeepSeek-V2-Lite-Chat .12 (.33) .51 (.50)
DeepSeek-V3 .00 (.00) .00 (.02)
Ernie-4.5-300B-A47B .00 (.00) .01 (.09)
Gemini-2.0-Flash .00 (.00) .00 (.00)
Gemini-2.5-Flash .00 (.02) .01 (.08)
GLM-4-Plus .00 (.05) .04 (.19)
GPT-4 .11 (.31) .22 (.42)
GPT-4o .04 (.19) .06 (.23)
GPT-4.1 .00 (.06) .00 (.02)
Kimi 1.5 .00 (.05) .00 (.04)
Kimi K2 .00 (.00) .00 (06)
Llama-3.3-70B-Instruct .00 (.03) .00 (.03)
Llama-4-Maverick .00 (.00) .00 (.00)
Qwen2.5-72B-Instruct .00 (.00) .00 (.00)
Qwen3-235B-A22B .00 (.00) .00 (.00)
Yi-34B-Chat .00 (.02) .45 (.50)

Table 6: Mean percent (SD) of invalid responses to the
MFQ-2 and WVS by LLM.

Predictor β SE p
MFQ-2
Intercept -7.86 0.92 <2e-16
LLM origin -3.84 1.83 .036
Language 2.50 0.09 <2e-16
American persona -1.07 0.07 <2e-16
Chinese persona -1.10 0.07 <2e-16
Origin : Lang. 0.90 0.19 2e-6
Origin : Chinese -0.17 0.14 .202
Origin : American -1.19 0.15 1e-15
WVS
Intercept -5.84 0.90 7e-11
LLM origin 0.33 1.79 .852
Language 1.32 0.05 <2e-16
American persona -1.01 0.06 <2e-16
Chinese persona -1.10 0.07 <2e-16
Origin : Lang. 0.51 0.10 4e-7
Origin : Chinese 2.84 0.13 <2e-16
Origin : American 2.92 0.13 <2e-16

Table 7: Results of two mixed effects logistic regression
models, predicting whether LLMs refuse to respond to
survey items as a function of the interaction of LLM
country of origin with prompt language and with per-
sona manipulation. Country of origin and language
are sum coded with made in China and the Chinese
language as the positive values (0.5), and persona is
treatment coded with no persona as the reference level.
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