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Abstract001

Current research on Large Language Model002
(LLM) personalities often overlooks occupa-003
tional traits and relies on Likert scales, which004
are prone to bias. To address these is-005
sues, this study introduces the MAP Oc-006
cupational Personality Test, a widely used007
forced-choice occupational personality scale008
in China, into the domain of LLM personality009
assessment. Besides, based on MAP Occupa-010
tional Personality Test and incorporating open-011
ended tests, Holland Occupational Themes,012
this study developed the Competency-Based013
Occupational Role-Playing Assessment Sys-014
tem for LLMs (CORAL). We evaluated four015
LLMs (Deepseek-V3, Gemini-2.5-pro, Qwen-016
3-max, and GPT-4o) across managerial pro-017
fessionals, technological innovators, and high-018
caliber financial professionals. Results con-019
firm the MAP tests reliability and validity for020
LLMs. Notably, the models performed best on021
open-ended questions, followed by trait under-022
standing, with the poorest performance in oc-023
cupational motivations. This pattern suggests024
that LLM proficiency drops from surface-level025
tasks to deep-level motivations, highlighting026
the need for future research to focus more on027
the underlying personality and motivation of028
these models.029

1 Introduction030

Large Language Models (LLMs) like GPT and031

DeepSeek have evolved from standard dialogue032

systems into ’cognitive agents’ capable of per-033

forming specialized tasks in fields, ranging034

from psychological counseling to human re-035

sources(Dasaklis et al., 2025). In these profes-036

sional contexts, LLMs act as domain experts, a037

role that necessitates not only cognitive profi-038

ciencysuch as reasoning and knowledge applica-039

tionbut also specific non-cognitive competencies.040

Attributes such as professional communication041

styles, emotional regulation, and stable behavioral042

tendencies are critical for building user trust and 043

ensuring high-performance standards(Jiang et al., 044

2024). As LLMs are increasingly deployed in real- 045

world scenarios, evaluating their general personal- 046

ity is no longer sufficient. Therefore, this study 047

emphasizes the necessity of systematically assess- 048

ing LLMs’ occupational personality traits to ver- 049

ify their suitability for specific professional roles. 050

The most commonly utilized model for measur- 051

ing non-cognitive traits in LLMs is the Five-Factor 052

Model (FFM) (McCrae, 2010), and other widely 053

adopted models include the HEXACO framework 054

and the Dark Triad(Ye et al., 2025). While these 055

models are effective in assessing the general non- 056

cognitive traits of LLMs, such traits may be too 057

general to accurately reflect LLM’s performance 058

in some tasks. Furthermore, in these personality 059

models, some personality traits with excessively 060

high or low social desirability are prone to elicit- 061

ing response biases when measured using Likert- 062

type scales(Yi et al., 2025), thereby hindering the 063

accurate assessment of LLMs’ true non-cognitive 064

traits. 065

Therefore, employing a multidimensional 066

forced-choice personality assessment, developed 067

based on the noncognitive traits required in pro- 068

fessional settings, can more effectively evaluate 069

the noncognitive characteristics of large language 070

models (LLMs) within specific occupational 071

contexts. Research on human subjects has shown 072

that forced-choice scales demonstrate higher 073

predictive validity regarding job performance, 074

turnover intention, and job satisfaction compared 075

to general personality inventories(Salgado et al., 076

2012; Salgado and Salgado, 2017). Such scales 077

are generally accompanied by occupational norms, 078

which describe the performance of both the gen- 079

eral population and specific occupational groups. 080

By comparing the results of LLMs with these 081

human norms, we can examine the plausibility of 082

the noncognitive trait profiles exhibited by LLMs 083
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when simulating roles in designated professions.084

To this end, we, for the first time, introduced085

the commercially mature forced-choice occupa-086

tional personality assessment, the MAP Occupa-087

tional Personality Inventory, to evaluate LLMs’088

non-cognitive traits in occupational contexts.089

Four representative models were selected for090

the experiments: GPT-4o-2024-11-20 (gpt-4o),091

Deepseek-V3(deepseek-chat), gemini-2.5-pro,092

and qwen3-max-2025-09-23(qwen3). Study 1 ex-093

plored the performance of LLMs on the MAP Oc-094

cupational Personality Inventory. In this study, we095

implemented forced-choice item response theory096

(IRT) to estimate the latent traits of LLMs, ex-097

amined the reliability of measuring LLMs’ non-098

cognitive attributes using this methodology, and099

compared the results with those obtained from100

human samples. In Study 2, we adopted role-101

playing techniques, assigning LLMs to simulate102

three representative occupational roles: manage-103

rial professionals, technological innovators, and104

high-caliber financial professionals. By integrat-105

ing the MAP Occupational Personality Inventory106

with various other assessments, we developed the107

Competency-Based Occupational Role-Playing108

Assessment System for LLMs (CORAL). This sys-109

tem was used to evaluate LLMs’ performance110

across multiple dimensions of competency-based111

models and compare their results with those of real112

human populations.113

The contributions of our study are as follows:114

• The MAP Occupational Personality Test, a115

mature and widely used commercial forced-116

choice occupational personality assessment, was117

introduced to evaluate the occupational non-118

cognitive traits of LLMs. The multidimen-119

sional forced-choice IRT model restored latent120

traits, and psychological reliability metrics as-121

sessed the accuracy of the results.122

• General and occupational role-playing personal-123

ity traits of LLMs were compared with human124

general and specific occupational personal-125

ity traits respectively, providing deeper insights126

into the latent traits identified.127

• The Competency-Based Occupational Role-128

Playing Assessment System for LLMs129

(CORAL) was developed by integrating open-130

ended questions, and the Self-Directed Search131

(SDS), enabling comprehensive evaluations132

of LLMs under occupational role-playing133

scenarios.134

2 Related Work 135

2.1 Occupational Personality Forced-choice 136

Tests 137

The forced-choice occupational personality test 138

is an assessment tool designed within the frame- 139

work of occupational personality theory, primar- 140

ily employed in high-stakes contexts such as per- 141

sonnel selection(Christiansen et al., 2005; Stark 142

et al., 2005). Developed based on the Five-Factor 143

Model(Barrick and Mount, 1991) and competency 144

theories, these inventories are tailored to specific 145

target populations and objectives, typically con- 146

sisting of 20 to 30 personality dimensions that 147

cover cognitive styles, attitudinal tendencies, and 148

social characteristics. Notably, the dimensions 149

within forced-choice tests often exhibit similar lev- 150

els of social desirability, reducing biases associ- 151

ated with traits of low social desirability(Cheung 152

and Chan, 2002). Compared to general per- 153

sonality inventories, forced-choice occupational 154

personality inventories demonstrate superior 155

predictive validity for job performance(Salgado 156

and Tauriz, 2014; Salgado and Salgado, 2017). 157

Prominent examples include the Edwards 158

Personal Preference Schedule (EPPS(Jianping, 159

2024)), the Occupational Personality Question- 160

naire 32 (OPQ32(Bartram et al., 2006)), and 161

the Tailored Adaptive Personality Assessment 162

System (TAPAS(Drasgow et al., 2012)). In 163

China, the MAP Occupational Personality Inven- 164

tory is widely used domestically developed forced- 165

choice assessment tool. Since its introduction 166

in 2013, MAP has been updated to its third ver- 167

sion, with over a million administrations (Bei- 168

jing Zhidin Youyuan Management Consulting Co., 169

Ltd., 2021). Based on the MAP competency 170

model, MAP 3.0 evaluates personality traits across 171

three dimensions: M (Mental propensity ), A (atti- 172

tudes and drive), and P (interpersonal style). The 173

test consists of 88 blocks, each containing three 174

items. The response format is Rank, requiring 175

respondents to rank the three items within each 176

block from "most consistent" to "least consistent" 177

based on their preferences or perceptions. Utiliz- 178

ing the 2PLM-Rank model(Zheng et al., 2024a) 179

within forced-choice item response theory (IRT) 180

for scoring, MAP 3.0 demonstrates robust reliabil- 181

ity and validity, providing a comprehensive frame- 182

work for occupational personality assessment. See 183

Appendix A for a detailed introduction of the di- 184

mensions 185
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2.2 Non-cognitive Evaluation in LLM186

Role-play187

The evaluation of role-playing performance can188

be categorized into two main types: overall role-189

playing ability assessment and fidelity evaluation190

for specific roles. Most personality-related assess-191

ments of role-playing outcomes fall under the cat-192

egory of "fidelity evaluation for specific roles."193

For instance, (Wang et al., 2024a) evaluated the194

role-playing results of characters from popular fic-195

tional works using the Big Five Personality (FFM)196

framework. Such assessments often rely on estab-197

lished frameworks like the Myers-Briggs Type In-198

dicator (MBTI) and the Five-Factor Model (FFM)199

to evaluate character traits(Jiang et al., 2023; Pan200

and Zeng, 2023; Wang et al., 2024b). On the one201

hand, these characters often come with predefined202

personality judgments in various datasets, making203

their role-playing outcomes easier to evaluate. On204

the other hand, since such assessments are limited205

to specific characters, they are less applicable to206

the practical tasks performed by LLMs, thus con-207

straining the utility of personality assessment re-208

sults in real-world applications.209

The application of forced-choice occupational210

personality tests addresses this limitation. By211

leveraging the occupational norms established212

through long-term testing, these tests effectively213

mitigate the absence of generalizable norms for214

generic roles. Furthermore, occupational person-215

ality traits, compared to general personality traits,216

are more closely aligned with actual performance217

in practical scenarios, thereby offering stronger218

guidance for real-world applications(Salgado and219

Salgado, 2017).220

3 Exploring the Feasibility of Using221

MAP Test222

The introduction of a new assessment (MAP Occu-223

pational Personality Test) and a new latent trait es-224

timation method (MFC-IRT) requires a thorough225

evaluation. This section presents the evaluation226

framework and results. First, the evaluation frame-227

work and metrics are described, followed by the228

results of the reliability analysis. Finally, the dif-229

ferences in latent traits between LLMs and human230

groups are compared and discussed.231

3.1 Evaluation Framework232

This study employs the MFC-IRT model to esti-233

mate item parameters for the test and the latent234

Figure 1: Evalation Framenwork

trait parameters of LLMs. However, using only 235

LLM response data for IRT parameter estimation 236

often leads to extreme parameter values, render- 237

ing the results less applicable for the estimation of 238

latent traits. In order to solve this problem, this 239

study utilizes human response samples to assist in 240

the estimation of item parameters and conducts a 241

comparative analysis between the latent traits of 242

human samples and LLMs. This approach pro- 243

vides deeper insights into the interpretation of la- 244

tent trait parameters. 245

Human Samples: This study utilized a pub- 246

licly available dataset of 1610 participants1. Af- 247

ter excluding invalid responses (e.g., incomplete 248

answers or response times exceeding), 1433 valid 249

responses were retained. The sample consisted of 250

777 males (54.22%) and 656 females (45.78%), 251

aged 19 to 44 years (M = 25.77, SE = 4.15). Edu- 252

cational qualifications included 976 bachelor’s de- 253

grees, 407 master’s degrees, 39 associate degrees 254

or below, and 11 doctoral degrees. This dataset 255

served as the human sample for comparison with 256

LLMs. 257

LLM Response: This study selects four main- 258

stream LLMs for scoring: Deepseek-V3, gemini- 259

2.5-pro, qwen-3-max, and gpt-4o. They are all 260

accessed via official APIs. To control for the po- 261

tential influence of block item(Coda-Forno et al., 262

2023) order and temperature(Miotto et al., 2022; 263

Safdari et al., 2023) on LLM responses in forced- 264

choice inventories, the model temperature was sys- 265

tematically varied at 0, 0.2, 0.4, 0.6, 0.8, and 1, 266

and the item order within blocks was permutated 267

into six distinct arrangements. This resulted in a 268

total of 144 controlled experimental conditions (4 269

models Œ 6 temperatures Œ 6 item orders), with 270

each condition tested 5 times. The prompt design 271

adhered to the MAP Template format outlined in 272

Table 1. 273

MFC-IRT Algorithm: The MFC-IRT algo- 274

rithm was implemented using the 2PLM-Rank 275

1GitHub - SAL-Lab-ECNU/MIRT4FC
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MAP and IPIP Template SDS Template Open-ended question Template
Please read the following descriptions and
rank them based on how similar they are
to your nature as an AI. Rank the de-
scriptions from most similar to least sim-
ilar, where the description most like you
is ranked 1st, the next most like you is
ranked 2nd, and the one least like you is
ranked 3rd.
Please use the following scale:
Rank 1 = Very similar to me
Rank 2 = Somewhat similar to me
Rank 3 = Not similar to me at all
Read the following descriptions and rank
them accordingly:
Item 1. {$Statement}
Item 2. {$Statement}
Item 3. {$Statement}
Answer:

Please read the following item descrip-
tions and answer honestly according to
your own judgment.
Item descriptions: {$Statement}

Please provide your responses in the
following JSON format:
<item content>: <your answer>
Please answer in Chinese, follow the
specified format exactly, and do not
include any additional explanation!

Table 1: Prompt templates for different tests. {$Statement} representing the item description.

model. Detailed explanations of the model are pro-276

vided in Appendix B . The algorithm was executed277

using the R package MIRT4FC2, and parameter es-278

timation was performed on a laptop equipped with279

a 13th Gen Intel(R) Core(TM) i5-13500H (2.60280

GHz) CPU and 16GB of RAM.281

3.2 Evaluation Metrics282

This study employs reliability metrics specifically
designed for forced-choice IRT models, namely
IRT reliability and standard error (SE). The for-
mula for IRT reliability(Lin, 2022) is as follows:

rxx = 1− 1∑
Ik(θ)

whereIk(θ) represents the information provided283

by block k. It was calculated by the R package284

numDeriv.285

Standard error (SE), a commonly used metric286

in psychometrics, reflects the measurement error287

within an assessment and quantifies the poten-288

tial difference between observed scores and true289

scores. SE is calculated using the following for-290

mula:291

SE =
1√∑
Ik(θ)

Additionally, this study uses parallel-form re-292

sponse consistency and test-retest response consis-293

tency as analogs to parallel-form reliability and294

test-retest reliability in psychometrics(Li et al.,295

2025). These two consistency measures are used296

2GitHub - SAL-Lab-ECNU/MIRT4FC

to reflect the response reliability of LLMs. De- 297

tailed definitions and results for these consistency 298

metrics are provided in Appendix. . 299

3.3 Evaluation Results 300

IRT reliability and SE: The IRT reliability and 301

standard error (SE) were calculated for responses 302

from LLMs and human participants. Both groups 303

showed IRT reliability exceeding 0.95 across most 304

dimensions and SE values below 0.3, demonstrat- 305

ing the scale’s high accuracy and reliability in 306

evaluating latent traits. LLM responses exhib- 307

ited minimal variability in reliability and SE, in- 308

dicating high consistency, while human responses 309

showed greater variability, potentially influenced 310

by dimension-specific factors. The lowest relia- 311

bility and highest SE for humans appeared in "In- 312

terpersonal Sensitivity" (r = 0.937, SE = 0.252), 313

while for LLMs, it was "Achievement Motivation" 314

(r = 0.962, SE = 0.196). 315

Across LLM models, reliability remained con- 316

sistently high (most dimensions with r > 0.95) and 317

SE low, with minimal variability between models. 318

These results confirm the scale’s strong stability 319

and accuracy in assessing the latent traits of differ- 320

ent LLM models. 321

LLM non-cognitive latent traits: While main- 322

taining overall trends consistent with human 323

populations, large language models (LLMs) ex- 324

hibit lower personality tendencies, suggesting that 325

LLMs possess less distinct occupational person- 326

ality traits compared to humans. Specifically, in 327

MAP personality dimensions closely aligned with 328

the Big Five trait of extraversion (e.g., Social Con- 329
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Figure 2: LLM’s MAP Personalities Compared to Hu-
man

fidence, Sociability, Dominance, and Persuasion),330

LLMs scored significantly lower than human sam-331

ples. This finding aligns with prior research on332

LLMs using forced-choice versions of the Big333

Five personality assessment but contrasts with334

findings from Likert-type versions, further high-335

lighting the accuracy advantage of forced-choice336

measures in assessing LLMs(Li et al., 2025). Ad-337

ditionally, while LLM models show similar trends338

across various occupational personality traits, cer-339

tain differences are observed, with more pro-340

nounced trait differentiation compared to Big Five341

assessments. For example, gemini-2.5-pro demon-342

strates a notable advantage in Achievement Moti-343

vation, whereas deepseek-chat excels in Conscien-344

tiousness.345

4 The Competency-Based Occupational346

Role-Playing Assessment System for347

LLMs (CORAL)348

This framework integrates the MAP Vocational349

Personality Scale with a suite of assessment350

instrumentsincluding the Self-Directed Search351

(SDS) (Holland, 1997)and open-ended ques-352

tionsto conduct a comprehensive evaluation of353

Large Language Models (LLMs) in vocational354

role-playing contexts(Safdari et al., 2023). This355

section delineates the framework structure, fol-356

lowed by its components: induction methods for357

vocational role-playing, measurement tools and358

scoring mechanisms across different facets, analyt-359

ical procedures, and the experimental design em-360

ployed for validation.361

4.1 Framework Description362

Based on the Competency Model(McClelland,363

1973; Spencer and Spencer, 1993), this framework364

utilizes diverse assessment modalities to provide365

Figure 3: CORAL Framework

a multi-dimensional and multi-level characteriza- 366

tion of LLM vocational role-playing capabilities. 367

The procedure begins with the creation of specific 368

Vocational Role Cards and corresponding Base- 369

line Cards. These are formed into Card Pairs 370

and subjected to comparative testing to evaluate 371

performance differentials. 372

4.2 Card Pair Creation 373

Drawing on prior research regarding generative 374

agents and persona construction(Park et al., 2023; 375

Shanahan et al., 2023), the construction of role 376

cards is divided into two distinct segments: 377

1. Role Attributes: Specifies demographic de- 378

tails, specifically the gender and age of the 379

character. 380

2. Vocational Attributes: Comprises four key 381

elements provided by domain experts: 382

• Profession Category: Defines the 383

macro-level occupational positioning. 384

• Role Description: Outlines specific per- 385

sonas and core capabilities. 386

• Core Competencies: Summarizes the 387

essential skills and competitive advan- 388

tages required. 389

• Representative Roles: Concretizes the 390

vocational anchors. 391

To establish a control group, the Baseline Card 392

(or General Card) retains the Role Attributes but 393

defines the vocational status as "a recent graduate 394

lacking relevant work experience." 395

4.3 Data Analysis 396

To evaluate the efficacy of LLM vocational role- 397

playing, we assess Card Pairs across five di- 398

mensions derived from the Competency Model 399

(Spencer and Spencer, 1993): Skills, Knowledge, 400

Self-Awareness, Traits, and Motivation. 401

• Skills and Knowledge: Assesses domain- 402

specific information and technical pro- 403
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ficiency using open-ended, profession-404

specified questions. Focusing on three405

high-profile professions within the Chinese406

context, experts curated 2025 questions per407

profession for this assessment.408

• Self-Awareness: Evaluates identity percep-409

tion and self-evaluation using generalized410

open-ended questions. A standardized set of411

five questions covering self-description, inter-412

ests, and strengths is applied across all profes-413

sions to ensure consistency.414

• Traits: Characterizes inherent features and415

typical behavioral patterns using the MAP416

Vocational Personality Test.417

• Motivation: Determines the intrinsic stabil-418

ity regarding external behaviors using the 90-419

item version of the Holland Self-Directed420

Search (SDS).421

Positive Negative
Rank 1 1 -1
Rank 2 0 0
Rank 3 -1 1

Table 2: Score conversion rules for forced-choice test.

5 Experiment422

5.1 Experimental Designs423

We evaluated the vocational role-playing capabili-424

ties of LLMs across three high-profile professions425

within the Chinese context: Managerial Profes-426

sionals, Technological Innovators, and High-427

Caliber Financial Professionals.428

The study employed a 4 × 3 factorial de-429

sign (4 LLMs × 3 Profession Types), collect-430

ing 30 Card Pairs for each condition. To en-431

sure consistent baseline knowledge, no additional432

pre-training was applied to the models. The in-433

ference temperature was controlled at 0.7 for all434

tests to balance generation diversity with coher-435

ence(Holtzman et al., 2019) Research Questions436

(RQs):437

• RQ1: Does vocational role-playing enhance438

LLM performance in skills, knowledge, and439

self-awareness? This is assessed by compar-440

ing score differentials between Card Pairs on441

open-ended inquiries.442

• RQ2: Does vocational role-playing signifi-443

cantly alter vocational traits? This is exam-444

ined by comparing Card Pair scores on the445

MAP occupational personality test using psy-446

chometric alignment techniques.447

• RQ3: Does vocational role-playing effec- 448

tively shift vocational motivation? We an- 449

alyzed preference shifts in the Self-Directed 450

Search (SDS). Drawing on Hollands theory 451

of vocational choice (Holland, 1997), we 452

hypothesize that Managerial, Technological, 453

and Financial roles align with Enterpris- 454

ing (E), Investigative (I), and Conventional 455

(C) interests, respectively. We investigated 456

whether role-playing LLMs demonstrate ele- 457

vated scores in these target dimensions com- 458

pared to baseline models. 459

5.2 Evaluation Method 460

Analysis of Open-Ended Questions We collected 461

a total of 9,600 domain-specific and 1,440 general 462

response pairs. To validate the automated scor- 463

ing, a random subset (300 domain-specific and 464

180 general pairs) was scored independently by 465

two human experts and GPT-4o. Inter-rater re- 466

liability was assessed using Fleiss’ Kappa(Fleiss, 467

1971). The analysis indicated a high level of agree- 468

ment among raters (0.85), supporting recent find- 469

ings on the efficacy of LLMs as reliable evaluators 470

(Zheng et al., 2024c); consequently, GPT-4o was 471

employed to score the full dataset. 472

Fleiss’ Kappa (κ) is calculated as follows to 473

measure the reliability of agreement between a 474

fixed number of raters: 475

κ =
P̄ − P̄e

1− P̄e
(1) 476

where P̄ represents the mean of the proportion of 477

assignment agreement, and P̄e represents the pro- 478

portion of agreement expected by chance. 479

Analysis of MAP test 480

Latent traits of the LLMs were reconstructed 481

using the Multidimensional Forced-Choice Item 482

Response Theory (MFC-IRT) model,(Zheng et al., 483

2024b) ensuring robust parameter estimation for 484

forced-choice formats. 485

Analysis of SDS 486

We calculated and analyzed the "hit rate" for 487

the 30 Card Pairs, measuring the frequency with 488

which the models aligned with their target voca- 489

tional interest dimensions (Enterprising, Investiga- 490

tive, or Conventional). 491
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Model Scores
GPT-4o 119:1 120:0 120:0
Gemini-2.5-Pro 120:0 120:0 120:0
Qwen3 120:0 120:0 120:0
DeepSeek-V3 120:0 120:0 120:0

Table 1: Scores in general questions

Model Scores
GPT-4o 794:76 756:144 552:78
Gemini-2.5-Pro 869:1 890:10 628:2
Qwen3 817:53 791:109 569:61
DeepSeek-V3 845:25 812:88 603:27

Table 2: Scores in domain-specific questions

6 Results492

6.1 Open-ended Question Analysis (RQ1)493

Analysis of the results regarding both domain-494

specific and general open-ended questions indi-495

cates that role-playing LLMs exhibit substantial496

improvements over generic LLMs in addressing497

both categories. These models demonstrate a mas-498

tery of profession-specific knowledge and skills,499

as well as a clearer self-awareness. This suggests500

that the role-playing mechanism significantly en-501

hances the command of vocational competencies502

and self-perception.503

6.2 Personality Analysis (RQ2)504

After incorporating role-playing elements for pro-505

fessions, the professional personality traits of the506

LLM exhibited a significant shift.507

1. Stereotypical Archetypes The mod-508

els consistently encode stereotypical profiles:509

Technological innovator are framed as "High-510

Cognition/Low-Affiliation" rule-followers;511

Managerial professionals appear as balanced,512

achievement-driven leaders; and High-caliber513

financial professionals are reconstructed as514

persuasive, detail-averse extroverts.515

2. Competency Misalignment Two critical bi-516

ases emerged relative to real-world competencies:517

1) The Innovation Paradox, where technologi-518

cal innovators are modeled with high theoretical519

rigidity but negative Innovation scores; and 2) The520

Risk-Blindness in Finance, where high-caliber521

financial professionals exhibit a severe deficit in522

Attention to Detail, contradicting essential risk-523

management requirements.524

3. Model-Specific Inductive Bias Gemini-2.5-525

Pro exhibits high feature polarization, tending to526

caricature roles. Qwen3 applies a strict penalty527

function, enforcing rigid role boundaries by sup-528

Figure 4: MAP test results, professional_0 refers to
Technological innovator, professional_1 refers to Man-
agerial professionals, professional_2 refers to High-
caliber financial professionals

pressing non-dominant traits. GPT-4o maintains a 529

more moderate, balanced baseline strategy. 530

The results indicate that while role-playing ex- 531

erts a tangible influence on vocational traits, the 532

resulting profiles do not fully align with theoret- 533

ical expectations. At the trait level, this sug- 534

gests that accurate simulation of specific profes- 535

sions requires further methodological refinement 536

and stronger inductive prompting. 537

6.3 SDS Analysis (RQ3) 538

1. Cognitive Fixation in Baseline. All models ex- 539

hibited a dominant Investigative (I) orientation in 540

their baseline state. This suggests an intrinsic self- 541

positioning as "analytical agents" within their la- 542

tent space (Safdari et al., 2023). This strong prior 543

creates a "cognitive fixation," whereregardless of 544

the assigned rolethe underlying vocational motiva- 545

tion remains anchored in analysis and cognition, 546

proving difficult to override. 547

2. Deviations in Technological Roles. While 548

maintaining the expected high Investigative (I) 549

scores, models such as DeepSeek, Gemini, and 550

Qwen3 also exhibited unexpectedly high scores in 551

Social (S) and Enterprising (E) dimensions. This 552

profile diverges significantly from the traditional 553

occupational motivation associated with techno- 554

logical innovators and presents a marked inconsis- 555

tency with the personality trait measurements ob- 556

served in the previous section. 557

3. Identity Inertia in Management. A se- 558

vere alignment failure was observed in managerial 559

roles, characterized by "identity inertia." Notably, 560

DeepSeek and Qwen3 displayed occupational in- 561

terest vectors nearly identical to their baseline vec- 562

tors. This suggests the models failed to distinguish 563
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"managerial" roles as a distinct category with spe-564

cific motivational preferences, instead conflating565

them with their default state of general intelli-566

gence(Shanahan et al., 2023).567

4. Decoupling of Interest and Behavior in Fi-568

nance. Although financial roles successfully an-569

chored to the Conventional (C) interest dimen-570

sion (favoring order and data), this creates a para-571

dox when contrasted with the low conscientious-572

ness behaviors observed in trait analysis. This in-573

dicates a decoupling of motivation and behavior:574

while the models semantically profess an interest575

in order, they fail to operationalize this into the rig-576

orous behavioral standards required, demonstrat-577

ing a gap between declared intent and functional578

capability(Turpin et al., 2024).579

7 Discussions580

In this section, we discuss significant divergences581

observed within the CORAL framework.582

(1) Functional Competence vs. General Ca-583

pability. Role-playing LLMs significantly outper-584

formed general baselines in both domain-specific585

knowledge and social cognition tasks. This in-586

dicates that vocational induction effectively ac-587

tivates latent domain-specific schemas, enabling588

the models to demonstrate high functional compe-589

tence when executing discrete, profession-aligned590

tasks (Shanahan et al., 2023).591

(2) The Trait-Task Dissociation. Conversely,592

at the trait level, LLMs failed to internalize the593

latent dispositional attributes of professions. De-594

spite explicit prompting, models exhibited persis-595

tent stereotypes and deviations from modern vo-596

cational understandings. This reveals a "func-597

tional tunnel vision" where models prioritize ex-598

plicit task completion while neglecting the non-599

cognitive requirements of the role (Wan et al.,600

2023). Such dispositional misalignment impairs601

team dynamics in multi-agent systems and dimin-602

ishes human trust and support in human-AI collab-603

oration(Glikson and Woolley, 2020).604

(3) Motivational Deficits and Cognitive Load.605

The most profound failure occurred in the motiva-606

tional dimension, where models struggled to repli-607

cate the intrinsic drives associated with specific608

professions. This suggests a fundamental deficit609

in understanding "motivation" within role-playing610

contexts. Even with robust induction, the resulting611

"agency gap"characterized by low initiative and612

enthusiasmincreases the unpredictability of model613

behavior. Consequently, this elevates the cognitive 614

load for human users and accelerates the erosion 615

of trust(Xi et al., 2023; Lee and See, 2004) . 616

8 Conclusion 617

By introducing the forced-choice MAP test and 618

the CORAL assessment framework, this study 619

confirms the reliability and validity of MFC- 620

IRT models in evaluating the non-cognitive traits 621

of LLMs while uncovering a significant "Depth- 622

dependent Degradation" in occupational role- 623

playing. Although LLMs demonstrate excep- 624

tional proficiency in surface-level functional tasks 625

(knowledge and skills), they remain constrained 626

by stereotypes (e.g., the "Innovation Paradox") 627

at the intermediate level of personality traits and 628

exhibit severe "Cognitive Fixation" at the deep 629

level of occupational motivation, failing to ef- 630

fectively internalize specific professional drives. 631

These findings indicate that current role-playing 632

mechanisms primarily activate semantic knowl- 633

edge bases rather than reshaping underlying be- 634

havioral dispositions, rendering models essentially 635

as knowledgeable "tools" rather than professional 636

"agents." Consequently, future research must pri- 637

oritize deep alignment techniques that transcend 638

superficial prompting to bridge the gap between 639

functional competence ("Can Do") and disposi- 640

tional willingness ("Will Do"), paving the way 641

for the development of authentic occupational AI 642

agents. 643

Limitations 644

This study has several limitations: 645

(1) Linguistic and Cultural Specificity: The 646

study was conducted exclusively in Chinese, as 647

the MAP Vocational Personality Scale lacks a psy- 648

chometrically validated English adaptation. Direct 649

translation without rigorous verification of cross- 650

cultural measurement equivalence risks compro- 651

mising construct validity(Beaton et al., 2000). 652

Consequently, the generalizability of these find- 653

ings to multilingual contexts remains a subject for 654

future verification. 655

(2) Scope of Psychometric Assessment:The in- 656

vestigation focused exclusively on vocational non- 657

cognitive traits, omitting general personality tax- 658

onomies such as the IPIP-NEO(Goldberg, 1999). 659

While vocational traits offer high fidelity for work- 660

place behaviors, incorporating general personality 661

measures in future research would enable a more 662

8



holistic analysis of the interaction between intrin-663

sic personality configurations and adopted voca-664

tional roles.665

(3) Model Training and Domain Adapta-666

tion: To control for confounding variables aris-667

ing from disparate pre-training corpora, we uti-668

lized a zero-shot setting without domain-specific669

fine-tuning. However, acknowledging that super-670

vised fine-tuning (SFT) or domain-adaptive pre-671

training can substantially enhance domain-specific672

reasoning (Gururangan et al., 2020), future studies673

should explore how such architectural adjustments674

influence the fidelity of vocational role-playing675

across a broader spectrum of models.676
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A Introduction of Dimensions in MAP875

MAP Occupational Personality Test trait dimen-876

sions include Innovation, Forward-thinking, The-877

oretical Thinking, Skepticism, Data Orientation,878

Practicality, Attention to Detail, Emotional Sta-879

bility, Optimism, Resilience, Conscientiousness,880

Rule-Following, Proactivity, Achievement Moti-881

vation, Competitiveness, Introspectiveness, Deci-882

siveness, Social Confidence, Sociability, Interper-883

sonal Sensitivity, Helpfulness, Dominance, Per-884

suasiveness, and Autonomy. By assessing these885

dimensions, MAP provides enterprises and organi-886

zations with a comprehensive profile of individual887

personality characteristics, thereby supporting pre-888

cise talent selection and management decisions.889

B 2PLM-Rank Algorithm890

Among these models, the 2PLM-Rank model, as891

a representative IRT scoring model, is widely892

used in the parameter estimation of forced-choice893

scales. Based on Luce’s Choice Axiom, this model894

interprets the individual’s selection process within895

an item block as a series of independent choice896

behaviors. For example, in an item block contain-897

ing three items, the individual first selects the item898

most aligned with their inclination from all items,899

removes it, and then selects the most aligned item900

from the remaining ones, continuing this process901

until all items are ranked. By calculating the prob-902

ability of each response pattern, one can obtain the903

individual’s response tendencies across different904

blocks and their latent trait scores.905

The scoring process of this model is illustrated906

below. Taking a triplet as an example, there are907

six possible response outcomes under the Rank re-908

sponse format, as shown in the following formula909

(using the result where item a is the most fitting910

and item c is the least fitting as an example). This911

IRT-based scoring method not only reflects an indi-912

vidual’s latent traits more accurately but also effec-913

tively avoids the inherent defects of ipsative data,914

providing a modern solution for the widespread ap-915

plication of forced-choice testing.916

Pj(a > b > c) = Pj(a > b, c | θa, θb, θc)
Pj(b > c | θb, θc)

(2)917

where:918

919
920

Pj(a > b, c | θa, θb, θc) =
Pj(a)Qj(b)Qj(c)

Pj(a)Qj(b)Qj(c)+Qj(a)Pj(b)Qj(c)+Qj(a)Qj(b)Pj(c)

(3)
921

Pj(b > c | θb, θc) =
Pj(b)Qj(c)

Pj(b)Qj(c) +Qj(b)Pj(c)
(4) 922

The probability Pj(a) on the right side of the 923

equation is calculated using the 2PL function. Ac- 924

cording to Luce’s Choice Axiom, for a 2-tuple 925

item block j containing two items a and b (i.e., 926

two statements), the probability of an individual 927

choosing item a over item b is: 928

Pj(a > b | θa, θb) =
Pj(a)Qj(b)

Pj(a)Qj(b) +Qj(a)Pj(b)
(5) 929

The probability Pj(a) on the right side is calcu- 930

lated by the 2PL function: 931

Pj(a) =
exp(αjaθa − βja)

1 + exp(αjaθa − βja)
(6) 932

Qj(a) = 1 − Pj(a). Here, α represents 933

the item’s discrimination/slope parameter, θ repre- 934

sents the latent trait measured by the item respec- 935

tively, and β is the difficulty/intercept parameter. 936

C Consistency Metrics and Results 937

Complete Order Consistency (Ccompletek ) is de- 938

fined for a specific item (k) as the ratio of the fre- 939

quency of the most occurring response sequence to 940

the total number of responses within the same test 941

session. For instance, if among 6 responses rank- 942

ing items from “most fitting” to “least fitting,” the 943

sequence 1-2-3 appears 4 times and 1-3-2 appears 944

2 times, the count is recorded as 4. This count is 945

then divided by the total number of trials. 946

When considering Test-Retest Complete Con- 947

sistency, a “test session” is defined as all re- 948

sponses generated by the same model at the same 949

temperature and with the same item order permu- 950

tation. When considering Parallel-Form Com- 951

plete Consistency, a “test session” is defined as 952

all responses generated by the same model at the 953

same temperature and collection batch, spanning 954

all item order permutations. The formula is ex- 955

pressed as: 956
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Ccompletek =
max(Rk1, Rk2, . . . , Rkm)

n
(7)957

where Rk1, Rk2, . . . , Rkm represent the occur-958

rence counts of all distinct response sequences959

(m ≤ 6), and max(Rk1, Rk2, . . . , Rkm) denotes960

the count of the most frequent response sequence.961

n represents the total number of trials in the ses-962

sion.963

Consequently, the mean Parallel-Form Com-964

plete Consistency across all item blocks (K) over965

L collection batches is expressed as:966

Ccompleteal =
1

L×K

L∑
l=1

K∑
k=1

Ccompletek (8)967

Similarly, the mean Test-Retest Complete Con-968

sistency across all item blocks (K) over M test969

replications is expressed as:970

Ccompletere =
1

M ×K

M∑
m=1

K∑
k=1

Ccompletek (9)971

The consistency metric proposed in Study (4.3)972

is termed Partial Order Consistency (Cpartial),973

which is expressed as:974

Cpartialk =
∑

1≤i<j≤3

max(Aij , Bij)

n
(10)975

where Aij and Bij represent the total counts for976

the two distinct relative orderings of items i and j,977

respectively. The function max() indicates the se-978

lection of the larger value between the two counts,979

and n is the total number of trials in the session.980

Thus, the mean Parallel-Form Partial Consis-981

tency across all item blocks (K) over L collection982

batches is expressed as:983

Cpartialal =
1

L×K

L∑
l=1

K∑
k=1

Cpartialk (11)984

The mean Test-Retest Partial Consistency985

across all item blocks (K) over M test replications986

is expressed as:987

Cpartialre =
1

M ×K

M∑
m=1

K∑
k=1

Cpartialk (12)988

The results regarding Test-Retest Partial 989

Agreement and Test-Retest Exact Agreement 990

for the models across different temperatures are 991

presented below. The data indicates that the four 992

models performed highly on both consistency met- 993

rics. Specifically, Test-Retest Partial Agreement 994

ranged from 0.899 to 0.994, and Test-Retest Exact 995

Agreement ranged from 0.782 to 0.988, demon- 996

strating that the scale possesses good reliability in 997

terms of test-retest stability. A further compari- 998

son of the two consistency metrics across differ- 999

ent temperatures reveals a slight downward trend 1000

in both partial and exact agreement as LLM tem- 1001

perature increases; however, the magnitude of this 1002

decline is small and does not significantly compro- 1003

mise the overall reliability level. A comparison be- 1004

tween models indicates that DeepSeek-chat and 1005

Qwen-3 exhibited the best performance in terms 1006

of test-retest consistency. 1007

In the analysis of Test-Retest Reliability by 1008

Item Block, the Test-Retest Partial Agreement 1009

for all item blocks ranged from 0.898 to 0.990 1010

(M = 0.960, SD = 0.024), while Test-Retest Ex- 1011

act Agreement ranged from 0.756 to 0.998 (M = 1012

0.894, SD = 0.053). Notably, six items (Items 1013

21, 43, 47, 53, 54, and 62) showed Test-Retest Ex- 1014

act Agreement scores below 0.8, suggesting lower 1015

stability during retesting and indicating a need for 1016

further attention and optimization. 1017

The results regarding Parallel-Form Partial 1018

Agreement and Parallel-Form Exact Agree- 1019

ment for the models across different temperatures 1020

are presented below. The results show that the five 1021

models performed relatively well on both consis- 1022

tency metrics, though lower than their test-retest 1023

performance. Parallel-Form Partial Agreement 1024

ranged from 0.894 to 0.914, and Parallel-Form 1025

Exact Agreement ranged from 0.715 to 0.780, in- 1026

dicating that the scale maintains a certain level 1027

of reliability regarding parallel-form consistency. 1028

Comparing the two metrics across temperatures 1029

reveals no significant changes in partial or exact 1030

agreement as LLM temperature increases. A com- 1031

parison between models shows similar consistency 1032

levels across the board, suggesting that changes in 1033

item order within blocks exert a comparable influ- 1034

ence on all models. 1035

In the analysis of Parallel-Form Reliability by 1036

Item Block, the Parallel-Form Partial Agreement 1037

for all blocks ranged from 0.744 to 0.999 (M = 1038

0.903, SD = 0.062), while Parallel-Form Exact 1039

Agreement ranged from 0.460 to 0.998 (M = 1040

12



0.751, SD = 0.129). As shown in the figure1041

regarding the distribution of Parallel-Form Exact1042

Agreement, the data presents a positively skewed1043

distribution. Most items achieved an exact agree-1044

ment score above 0.7; however, Items 41, 42, 43,1045

53, and 62 scored below 0.5. This suggests that1046

response stability for these items is low when the1047

item order within blocks is altered, necessitating1048

further attention and optimization. Synthesizing1049

the results from both test-retest and parallel-form1050

analyses, Items 43, 53, and 62 performed poorly1051

across both consistency measures. This indicates1052

that responses to this subset of items are signif-1053

icantly affected by irrelevant factors, warranting1054

further optimization.1055
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Table 3: IRT Reliability Results

2*Item IRT reliability SE
(lr)2-3 (lr)4-5 human LLM human LLM
innovation 0.997 0.998 0.054 0.044
forward-thinking 0.995 0.994 0.070 0.077
theoretical thinking 0.998 0.998 0.048 0.043
skepticism 0.999 0.998 0.037 0.041
data orientation 0.998 0.997 0.046 0.050
practicality 0.997 0.995 0.058 0.072
attention to detail 0.997 0.998 0.055 0.049
emotional stability 0.996 0.999 0.060 0.027
optimism 0.997 0.996 0.057 0.065
resilience 0.988 0.995 0.108 0.068
conscientiousness 0.985 0.989 0.122 0.107
rule-following 0.999 0.999 0.031 0.033
proactivity 0.955 0.992 0.211 0.088
achievement motivation 0.950 0.962 0.223 0.196
competitiveness 0.999 0.999 0.019 0.031
introspection 0.986 0.984 0.119 0.126
decisiveness 0.990 0.992 0.099 0.091
social confidence 0.996 0.998 0.063 0.046
sociability 0.999 0.994 0.028 0.078
interpersonal sensitivity 0.937 0.978 0.252 0.147
helpfulness 0.995 0.995 0.074 0.071
dominance 0.999 0.999 0.022 0.029
persuasiveness 0.965 0.978 0.188 0.149
autonomy 0.985 0.988 0.121 0.110
Average 0.988 0.992 0.090 0.077
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Table 4: LLM MAP Results Comparison

2*Dimension 2*Human LLM
(lr)3-6 deepseek-chat gemini-2.5-pro gpt-4o qwen3
innovation 0.095(0.288) 0.060(0.158) -0.134(0.167) 0.189(0.164) -0.035(0.197)
forward-thinking 0.147(0.392) 0.243(0.310) -0.102(0.245) 0.480(0.163) 0.402(0.278)
theoretical thinking 0.993(0.303) 0.601(0.132) 0.669(0.190) 0.745(0.167) 0.570(0.184)
skepticism 0.413(0.384) 0.428(0.193) 0.537(0.212) 0.627(0.175) 0.349(0.193)
data orientation 0.858(0.368) 0.524(0.176) 0.703(0.181) 0.836(0.144) 0.753(0.195)
practicality -0.191(0.386) -0.619(0.292) -0.794(0.249) -0.871(0.376) -0.850(0.101)
attention to detail 0.406(0.407) -0.032(0.236) 0.024(0.187) 0.008(0.155) -0.043(0.125)
emotional stability 0.953(0.287) 0.278(0.175) 0.459(0.199) 0.551(0.179) 0.447(0.315)
optimism -0.267(0.257) -0.672(0.105) -0.760(0.144) -0.476(0.170) -0.622(0.111)
resilience 0.447(0.344) 0.125(0.278) 0.408(0.273) 0.383(0.241) 0.077(0.160)
conscientiousness 0.228(0.418) 0.267(0.266) -0.113(0.311) 0.151(0.234) -0.081(0.308)
rule-following -0.128(0.309) 0.006(0.156) -0.166(0.243) 0.046(0.113) -0.135(0.214)
proactivity 1.246(0.385) 0.324(0.263) 0.258(0.253) 0.665(0.216) 0.375(0.295)
achievement motivation 0.997(0.369) 0.712(0.213) 0.988(0.208) 0.672(0.162) 0.712(0.168)
competitiveness 0.796(0.326) 0.033(0.214) 0.032(0.161) -0.199(0.220) -0.365(0.092)
introspection -0.186(0.366) -0.423(0.376) -0.316(0.230) -0.315(0.210) -0.368(0.305)
decisiveness 0.958(0.291) 0.687(0.195) 0.780(0.144) 0.691(0.166) 0.709(0.092)
social confidence 1.022(0.306) 0.322(0.145) 0.607(0.132) 0.406(0.148) 0.421(0.159)
sociability 0.056(0.288) -0.741(0.147) -0.765(0.165) -0.609(0.192) -0.803(0.184)
interpersonal sensitivity 0.345(0.222) -0.038(0.137) -0.006(0.192) -0.096(0.148) -0.158(0.091)
helpfulness -0.227(0.314) -0.687(0.336) -0.257(0.218) -0.409(0.268) -0.802(0.271)
dominance 0.954(0.304) 0.025(0.146) -0.202(0.120) 0.014(0.094) -0.014(0.097)
persuasiveness 0.945(0.279) 0.433(0.183) 0.317(0.205) 0.425(0.166) 0.132(0.144)
autonomy 0.087(0.403) -0.384(0.286) -0.674(0.275) -0.803(0.292) -0.723(0.365)
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Table 5: Prompts for Professional Role-play

Profession
Category

Representative Roles Role Description Core
Competencies

managerial
professionals

Management Trainees,
Management Reserves

Managerial professionals not only excels within
their respective functional domains but is also
capable of viewing organizational development
from a long-term strategic perspective. With
forward-looking and innovative thinking, they lead
teams toward continuous progress. Such talent is
expected to demonstrate strong managerial
potential, guiding teams to overcome challenges
and achieve organizational goals.

Strategic Thinking,
Organizational
Coordination,
Team Leadership

technological
innovators

AI Algorithm
Engineers, Artificial
Intelligence Engineers,
Chip Architecture
Engineers,
Researchers

Technological innovators play a critical role in
enabling enterprises to achieve technological
breakthroughs and maintain industry leadership.
Beyond possessing deep professional expertise,
they are characterized by a keen sense of innovation
and sustained enthusiasm and curiosity toward
technology. Moreover, they are expected to
embrace continuous learning, constantly acquiring
new knowledge to drive technological advancement
and industrial upgrading.

Technical Analysis,
Innovative
Thinking, Problem
Modeling

high-caliber
financial
professionals

Actuaries,
Accountants,
Financial Specialists

High-caliber financial professionals serve as a vital
pillar on the front lines of the market. Through
focused execution and continuous learning, they
ensure stability in a dynamic and evolving financial
environment, creating reliable value for
organizations. Such talent not only enhances
productivity and service quality but also strengthens
organizational cohesion and competitiveness.

Data Analysis,
Risk Assessment,
Continuous
Learning

Table 6: Occupational LLM SDS Results

Model Profession R I A S E C
deepseek-v3 baseline 8.933 15.000 10.667 10.000 10.967 10.367
deepseek-v3 profession_0 6.733 14.867 11.533 14.300 13.933 11.367
deepseek-v3 profession_1 8.933 15.000 10.700 10.000 11.033 10.367
deepseek-v3 profession_2 6.033 14.533 8.100 10.500 11.133 12.867
gemini-2.5-pro baseline 10.933 14.833 14.067 14.867 13.833 13.233
gemini-2.5-pro profession_0 9.767 14.467 12.500 15.000 14.600 8.967
gemini-2.5-pro profession_1 14.000 14.967 12.867 10.500 12.367 11.800
gemini-2.5-pro profession_2 11.067 14.500 6.667 9.900 11.067 13.400
gpt-4o baseline 9.933 13.800 11.533 9.567 9.400 11.167
gpt-4o profession_0 8.800 14.067 12.467 14.067 13.100 11.367
gpt-4o profession_1 10.400 14.367 11.733 9.967 10.300 11.900
gpt-4o profession_2 8.467 14.167 9.067 11.200 11.133 14.833
qwen3 baseline 10.667 15.000 11.567 12.067 9.933 9.433
qwen3 profession_0 8.967 14.967 12.167 15.000 13.000 9.333
qwen3 profession_1 10.667 15.000 11.567 12.067 9.933 9.433
qwen3 profession_2 6.433 14.733 8.800 12.533 9.900 14.000
Note: R=Realistic, I=Investigative, A=Artistic, S=Social, E=Enterprising, C=Conventional. Underlines in text are escaped as

\_
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