
Take Out Your Calculators: Estimating the Real Difficulty of
Question Items with LLM Student Simulations

Anonymous ACL submission

Abstract
Standardized math assessments require expen-001
sive human pilot studies to establish the dif-002
ficulty of test items. We investigate the pre-003
dictive value of open-source large language004
models (LLMs) for evaluating the difficulty of005
multiple-choice math questions for real-world006
students. We show that, while LLMs are poor007
direct judges of problem difficulty, simulation-008
based approaches with LLMs yield promising009
results under the right conditions. Under the010
proposed approach, we simulate a “classroom”011
of 4th, 8th, or 12th grade students by prompt-012
ing the LLM to role-play students of varying013
proficiency levels. We use the outcomes of014
these simulations to fit Item Response The-015
ory (IRT) models, comparing learned difficulty016
parameters for items to their real-world diffi-017
culties, as determined by item-level statistics018
furnished by the National Assessment of Ed-019
ucational Progress (NAEP). We observe cor-020
relations as high as 0.75, 0.76, and 0.82 for021
grades 4, 8, and 12, respectively. In our sim-022
ulations, we experiment with different “class-023
room sizes,” showing tradeoffs between com-024
putation size and accuracy. We find that role-025
plays with named students improves predic-026
tions (compared to student ids), and stratify-027
ing names across gender and race further im-028
proves predictions. Our results show that LLMs029
with relatively weaker mathematical abilities030
(Gemma) actually yield better real-world diffi-031
culty predictions than mathematically stronger032
models (Llama and Qwen), further underscor-033
ing the suitability of these models for the task.034

1 Introduction035

The accurate estimation of question difficulty is key036

for developing reliable educational assessments as037

difficulty is essential in determining the quality and038

validity of these test items (Alkhuzaey et al., 2023).039

Multiple-choice mathematics question items which040

measure mathematical ability independent of con-041

textual knowledge, requires rigorous validation042

Simulate Student Responses

Generate Simulated Classroom

Fit IRT Model 

Q. 1
There are 8 students 
playing in the school 
yard. …….What is the 
ratio of girls to boys.
A. 3:5 B. 5:3 …E. 8:5

Student 1 
Answers 

Q.1: A 
Q.2: C
Q.3: B
…..
Q.N: A

PROMPT: You are a 
[SKILL LEVEL] student 
in the [GRADE]th 
grade, given the task 
to answer a math 
question…..

[SKILL LEVEL] = Basic
[GRADE] = 4

[SKILL LEVEL] = Advanced
[GRADE] = 4

{𝜷below_basic, 𝜷basic, 𝜷proficient, 𝜷advanced}

{𝛿1, 𝛿2, … , 𝛿𝑁}

Figure 1: We simulate classrooms by prompting LLMs
at different skill levels. Simulated students with varying
abilities respond to question items . An IRT model is fit
to the simulated responses to estimate students’ ability,
β and item difficulty, δ.

of difficulty to be used in assessments. Tradi- 043

tional approaches rely on expert cognitive anal- 044

ysis (Leighton and Gierl, 2007; Wu et al., 2025) 045

or retrospective psychometric studies of student 046

performance through pilots (Harris, 1989; Bond 047

and Fox, 2013). However, these pilot studies are 048

costly, time-consuming, and difficult to scale with 049

costs reaching thousands of dollars and weeks to 050

complete (National Academies of Sciences and 051

Medicine, 2022). 052

Automated approaches like Question Difficulty 053

Estimation from Text (QDET) offer a potential solu- 054

tion, but produce weak correlations with real world 055

difficulty estimation(Scarlatos et al., 2025). Even 056

with chain-of-thought and stronger closed-source 057

models, direct text-based prediction fails to cap- 058

ture the misconception patterns underlying item 059

difficulty (Li et al., 2025). As difficulty inherently 060

depends on who answers, not just what is asked 061
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(Martínez-Plumed et al., 2022), we need individual-062

level responses for established framework Item Re-063

sponse Theory (Hambleton, 1985) to estimate both064

difficulty and discriminability parameters, that di-065

rect estimation cannot provide. This requires costly066

individual response data (Zelikman et al., 2023).067

Even when such data exist, they are often propri-068

etary or provide only aggregate metrics rather than069

the individual response IRT requires, thus a need070

to simulate realistic student responses.071

Recent work shows that LLMs can simulate072

human-like responses across diverse tasks, includ-073

ing preliminary explorations in assessments (Lu074

and Wang, 2024; Xu et al., 2025b; Liu et al., 2023).075

We extend this direction by prompting open-source076

models, requiring no additional training data/fine-077

tuning, and validate difficulty estimates using IRT.078

We simulate diverse student profiles (varying079

skill levels from Below Basic, Basic, Proficient,080

Advanced and identity attributes including student081

ids and demographic names) and validate these082

simulations against real NAEP mathematics data083

using IRT (Figure 1). We study: (1) To what extent084

do LLM-simulated student responses mimic real-085

world difficulty (2) How do prompt design, identity086

attributes and model selection affect simulated vs087

real student performance alignment? We find corre-088

lations as high as 0.75, 0.76, and 0.82 for grades 4,089

8, and 12, respectively, with LLMs with relatively090

weaker mathematical abilities and an ensemble of091

top performing models falling within acceptable092

range by standard reliability benchmarks (Cicchetti,093

1994). Diverse identity improves correlations over094

no-identifier baselines and IRT-estimated difficul-095

ties achieve AUC scores of 0.78–0.90, suggesting096

that simulations can discriminate between items097

that real students find easy versus hard. LLMs098

with relatively weaker mathematical abilities out-099

perform highly-proficient models, suggesting that100

these proficient models struggle to reproduce re-101

alistic error patterns. These findings show open102

source LLM simulations can offer a practical low-103

cost screening tool, with the counterintuitive find-104

ing that LLMs with relatively weaker mathematical105

abilities often better simulate struggling students.106

2 Related Work107

Recent work show LLMs can act as “silicon”108

subjects, reproducing human behavioral patterns109

across diverse tasks (Xie et al., 2024; Argyle et al.,110

2023; Dillion et al., 2023; Manning et al., 2024;111

Yang et al., 2024). Scarlatos et al. (2025) pro- 112

pose SMART for difficulty prediction of open 113

ended question using Direct Preference Optimiza- 114

tion (DPO) and IRT, while Lu and Wang (2024) 115

introduce a Generative Students framework where 116

GPT-4 is prompted with student knowledge profiles 117

to answer Multiple Choice Questions (MCQs), find- 118

ing that the LLM responses align with the intended 119

profiles and that the set of “hard” questions align 120

with real students’ difficulty. Similarly, Benedetto 121

et al. (2024) develop skill-level prompts for GPT- 122

3.5/4 across domains, noting model-specific tuning 123

requirements. Liu et al. (2024) use multiple LLMs 124

(GPT-3.5/4, Llama 2/3, Gemini-Pro, etc.) to pretest 125

College Algebra items. Other works consider in- 126

corporating student learning behaviors, knowledge 127

states, and memory limitations into LLM simu- 128

lations, to provide potential alternatives to con- 129

ventional knowledge tracing systems (Wang et al., 130

2023; Hu et al., 2025). Our work extends these 131

with open source models, by estimating abilities 132

at a group level where we do not have individual 133

real world student responses, examining student ids 134

and first names as demographic identifiers in our 135

prompting techniques and leveraging ensembling 136

techniques across models. 137

3 Preliminaries 138

3.1 Data 139

We collect 631 maths MCQs from the National Re- 140

port Card website (National Center for Education 141

Statistics (NCES)) for grades 4, 8 and 12. NAEP is 142

a congress authorized project of the National Cen- 143

ter for Education Statistics (NCES) with the Insti- 144

tute of Education Sciences of the U.S. Department 145

of Education. These questions provide real stu- 146

dent statistics across the United States, providing a 147

benchmark against which our LLM simulations can 148

be evaluated. This data also serves as the only na- 149

tionally representative and continuing assessment 150

of student achievement in the USA. Questions from 151

the NAEP have undergone rigorous development 152

and validation processes. Each problem includes a 153

multiple choice question, several answer choices, a 154

correct answer, and metadata including difficulty, 155

content area, grade level, and student performance 156

statistics across demographics. The items cover a 157

diverse range of mathematical concepts. Figure 3 158

in the appendix presents the distribution of ques- 159

tion items across content areas. Given that we are 160

not conducting combinatorial experiments across 161
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multiple variables, but rather evaluating LLM ca-162

pabilities against human benchmarks, this sample163

size provides sufficient coverage of key mathemati-164

cal concepts. Table 6 in the appendix summarizes165

the distribution of question items by grade level166

and difficulty.167

3.2 Task168

Our task is to use LLMs to predict classroom perfor-169

mance by simulating how N students with varying170

skill levels would answer a given math question.171

Each simulated response is graded as correct or172

incorrect against the answer key as shown in Fig-173

ure 1. Given a math question, q with multiple174

answer choices {a1, a2..am}, we generate N indi-175

vidual student responses. We then aggregate these176

responses to compute the simulated classroom suc-177

cess rate as an estimated proportion ŷq ∈ [0, 1]178

representing the predicted percentage of simulated179

students who would correctly answer the question180

q. To evaluate our approach, we test whether sim-181

ulated performance aligns with real-world data.182

Given a set of Q = {q1, q2, ..., qm} with student183

performance statistics Y = {y1, y2, ..., ym} (where184

each yi ∈ [0, 1] represents the actual percentage of185

students answering qi correctly), we compute the186

correlation r(Ŷ , Y ), between our simulated suc-187

cess rates Ŷ and real world success rates, Y . In188

addition to percentage correct rates, we ground189

our approach using Item Response Theory (IRT), a190

well established psychometric framework that esti-191

mates item difficulties (δ) and student abilities (β)192

by modeling response probabilities. IRT requires193

individual student responses, to separate true item194

characteristics from population-level effects. We195

fit our IRT model to our simulated N students re-196

sponses and test whether the estimated difficulty197

parameters predict real world outcomes, showing198

psychometric validity beyond simple correlations.199

4 Experiment200

We extend Benedetto et al. (2024) and Lu and Wang201

(2024), to generate simulated students with varying202

skill competencies. We map each simulated student203

to a grade level, and one of the four National As-204

sessment of Educational Progress (NAEP) levels:205

Below Basic, Basic, Proficient, or Advanced.These206

NAEP levels provide the concrete descriptors for207

the skills and performance we attribute to each sim-208

ulated student.1 We also simulate students using209

1The NAEP definitions for the performance levels are de-
scribed here.

student ids (A.4) and first names to test whether 210

individuating students further improves simula- 211

tion quality. To avoid overgeneralization to a spe- 212

cific demographic, we take a stratified sample of 213

names across intersections of associated gender 214

and race/ethnicity. For each question, we generate 215

responses for a simulated classroom of size N with 216

a non-uniform skill distribution: 25% Below Basic, 217

35% Basic, 25% Proficient, and 15% Advanced, 218

reflecting NAEP’s typical pattern of a large Basic 219

cohort, roughly equal Below-Basic and Proficient 220

groups, and a small Advanced group. 221

Names To investigate whether adding identity 222

markers improves simulation, we assign first names 223

to simulated students. Prior work shows name em- 224

beddings are sensitive to demographic correlates 225

of first names (Caliskan et al., 2017; Wolfe and 226

Caliskan, 2021; Zhang et al., 2024). We sample 48 227

names evenly distributed between four associated 228

races (Asian, Black, Hispanic, and White) and gen- 229

ders (female and male) to reduce chances of over- 230

generalization of the simulation on a single name, 231

demographic association, or stereotype. While indi- 232

vidual simulations may exhibit demographic-based 233

stereotypes, in this work our goal is to use aggre- 234

gate statistics to predict entire population-level out- 235

comes on test items, though future work can look 236

at distinguishing this stereotype activation. We em- 237

phasize that we do not use these names to make 238

predictions about specific people/groups but report 239

empirical observations of using these names. These 240

names were selected following An et al. (2024). A 241

comprehensive list of these names is in § A.3. 242

G2 G3 L3 Q2.5 Q3

9B 27B 4B 12B 27B 8B 70B 14B 32B 4B

Acc. ↑ 0.72 0.74 0.56 0.78 0.83 0.81 0.92 0.92 0.93 0.93

Table 1: Model Accuracy Across All Questions. G2/G3
= Gemma-2/3, L3 = Llama-3, Q2.5/Q3 = Qwen-2.5/3.

Models We experiment with ten open-source 243

LLM from different model families and genera- 244

tions of varying sizes: Gemma-2 (9b and 27b) 245

(Team et al., 2024), Gemma-3 (4b, 12b, 27b) (Team 246

et al., 2025), Llama 3.1-8B and Llama-3.3-70B 247

(Grattafiori et al., 2024), Qwen2.5 (14B and 32B) 248

(Yang et al., 2025b) and Qwen3-4B(Yang et al., 249

2025a). These models show moderate to good math 250

reasoning with accuracy scores (Table 1) on the 251

NAEP questions, as well as abilities in role-playing 252

and following instructions. Recent works study 253

open source LLMs in replicating human behavior, 254
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cognition and testing settings (Schröder et al., 2025;255

Scarlatos et al., 2025; Xu et al., 2025a; Jiang et al.,256

2025) which makes them candidates for our stu-257

dent simulations. We note that all selected models258

are instruction-tuned and used according to their259

intended purpose. However, we recognize that a260

model’s ability to simulate different student perfor-261

mance (such as an advanced student who answers262

more correctly versus a below-basic student) will263

be inherently influenced by whether the model can264

actually solve the question correctly on its own, as265

shown in Table 1.266

4.1 Methods267

Direct Question Difficulty Estimation from Text268

Recent Question Difficulty Estimation from Text269

(QDET) (Benedetto, 2023) approaches use em-270

beddings or transformers to directly estimate the271

difficulty of question items. We implemented272

Word2Vec-based difficulty estimation, which en-273

codes question texts as embeddings and uses them274

as input to a Random Forest regression model275

to output continuous difficulty values. For trans-276

former baselines, we extract [CLS] token embed-277

dings from pre-trained BERT-base-uncased and278

DistilBERT-base-uncased and run inference on279

question text concatenated with the correct answer.280

This setting enables comparison with LLM prompt-281

ing, where correlations are computed over all 631282

items without task-specific training.283

Direct Percentage Correct Estimation (DPCE)284

We also establish baseline performance by directly285

prompting LLMs to estimate the percentage of stu-286

dents, at a specified grade level, who would solve287

the given question item correctly with prompt A.2.288

This tests whether models can directly assess a289

given question item’s difficulty by predicting stu-290

dents success rates (i.e, percentage of students who291

answer correctly) to estimate how challenging the292

question item would be for students. The idea is293

that questions answered correctly by most students294

are estimated as easier while those answered incor-295

rectly by most students are estimated as harder. We296

run this by first setting our (temp. T = 0) and using297

greedy decoding to generate a single deterministic298

single prediction for the percentage of student who299

would answer correctly for each question. The sec-300

ond averaged approach, uses stochastic sampling301

(temp. T = 0.3) to generate ten responses per ques-302

tion, then aggregates their predictions by averaging303

the resulting percentages. We theorize that simulat-304

ing multiple students responses is a more reliable305

way to get information about question difficulty 306

from LLMs rather than asking them directly (Scar- 307

latos et al., 2025), as difficulty inherently depends 308

on who answers, not just what is asked, however 309

the latter is computationally cheaper, thus we in- 310

clude it as a baseline. 311

Simulated Classroom Performance Estimation 312

We prompt the LLMs in a student role-play prompt 313

approach to generate N simulated student re- 314

sponses. Without simulating individual students, 315

we cannot access the variance patterns and response 316

distributions that reveal whether a question is gen- 317

uinely difficult. A single prediction (e.g., "60% of 318

students will answer correctly") from DCPE cannot 319

provide the response variance patterns necessary 320

for difficulty estimation using established psycho- 321

metric IRT framework.The prompt asks the LLM to 322

answer the question as a student of a given skill pro- 323

file with Prompt A.3. For each question, we prompt 324

LLMs to generate individual student responses us- 325

ing role-play prompts that specify grade level and 326

NAEP skill level (Below Basic, Basic, Proficient, 327

Advanced). Each simulated response is scored as 328

correct or incorrect against the answer key. We 329

then compute the classroom success rate: the pro- 330

portion of all simulated students who answered 331

correctly, aggregated across the skill distribution 332

(25% Below Basic, 35% Basic, 25% Proficient, 333

15% Advanced). To investigate whether student 334

identity grounding affects difficulty estimation, we 335

vary the identifier type across four conditions: (1) 336

No Identifier (2) Student IDs, where each student 337

receives a randomly generated alphanumeric identi- 338

fier (e.g., STU000142); (3) Single Name, where all 339

students in a classroom share the same first name 340

but differ in skill level. For example, one classroom 341

might consist entirely of students named ‘Aryan’ 342

with varying skill levels, while another consists of 343

students named ‘Nichelle’; and (4) Diverse Names, 344

where students have different first names sampled 345

across demographic groups (gender and race). This 346

setup tests whether diverse student identities in sim- 347

ulated classrooms improves correlation with real- 348

world performance using prompts A.4 and A.5. In- 349

cluding student ids and demographic names serves 350

as a minimal persona cue to empirically improve 351

correlation, though the underlying mechanism re- 352

mains uncertain. This improvement could reflect 353

increased prompt specificity, or other factors requir- 354

ing further investigation. This effect is important 355

to produce more consistent simulations that leads 356

to more stable IRT parameter estimates, which in 357
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turn produce more reliable difficulty predictions358

that educators can rely on when designing assess-359

ments. We investigate practical considerations, by360

varying the class size to investigate whether addi-361

tional simulated responses lead to more reliable362

difficulty estimates. While increased simulation363

sizes reduces sampling variance, they also incur364

higher computational costs. By testing multiple365

classroom sizes, we aim to understand how corre-366

lation strength scales with our class size.367

IRT Difficulty Estimation We estimate item dif-368

ficulties using an IRT model (Rasch, 1980) fitted369

to the individual binary response data simulated370

from our best model for our simulated classroom,371

in order to understand how accurately these esti-372

mated item difficulties accurately predict real world373

outcomes, using the equation below.374

P
(
Xni = 1 | βn, δi

)
=

exp(βn − δi)

1 + exp(βn − δi)
375

where: βn = Ability of student n; δi = Diffi-376

culty of item i. This In our MCQ setting, we377

compare the simulated students response with378

the correct answer key and treat each simulated379

student’s response as binary (correct=1, incor-380

rect=0) and use maximum likelihood estimation381

to jointly estimate student abilities at a group level382

({βbelow_basic, βbasic, βproficient, βadvanced}) and item383

difficulties from the response. After fitting the IRT384

model to responses from our simulated classroom385

of diverse students, we extract the estimated dif-386

ficulties δi for each test item, that we then com-387

pare with real world difficulties. When IRT esti-388

mated difficulties align with real-world outcomes,389

it demonstrates that we have captured the true psy-390

chometric properties of each item so that a difficult391

question item remains difficult whether tested on392

high-performing or struggling students.2393

4.2 Evaluation394

Before applying IRT to extract difficulty parame-395

ters, we must validate that our simulated responses396

reflect real student behavior, otherwise even the397

most sophisticated psychometric analysis would398

yield meaningless results. For each math question,399

we compute an accuracy, representing the percent-400

age of students in a simulation that got the question401

right, which we compare to real-world accuracy402

rates from NAEP student testing meta-data.403

2Appendix B.1 summarizes all experiments conducted for
this work.

We compute correlation between simulated and 404

real-world accuracy rates using Pearson (linear re- 405

lationship) and Spearman (rank ordering). To vali- 406

date IRT-estimated difficulties, we use regression 407

to predict difficulty class, evaluating with AUC to 408

measure how well difficulties discriminate between 409

easy and hard items. We do this as we do not have 410

direct numerical ground truth difficulty estimates to 411

directly compare our estimated difficulty against. 412

5 Results and Discussion 413

We validate the relationship between expert- 414

assigned difficulty labels of (Easy, Medium and 415

Hard) with real world student outcomes on the 416

NAEP math word problems across different grade 417

levels. Figure 4 shows ‘Easy’ questions consis- 418

tently give higher average correctness rates for 419

the real world across different grade levels, while 420

‘Hard’ questions show lower correctness rates. This 421

indicates the percentage of students answering a 422

question correctly informs item difficulty. We 423

present baseline results from direct difficulty es- 424

timation and simulated students results that show 425

simulating students produces difficulty estimates 426

that correlate better with the real world. 427

5.1 Direct Difficulty Estimation Produces 428

Unreliable Predictions 429

Question Difficulty Estimation from Text 430

(QDET) Table 8 shows Word2Vec has moderate 431

performance (ρ=0.30-0.36 at Grades 4 and 12) but 432

weakest at Grade 8 (ρ=-0.04). BERT and Distil- 433

BERT have relatively weaker correlations (ρ=0.01- 434

0.21), suggesting that these text embeddings pro- 435

vide limited signal for our domain-specific diffi- 436

culty prediction. These results show that question 437

and answer text complexity is insufficient for accu- 438

rate difficulty prediction in our NAEP context. 439

Direct Prompting LLMs Correlations between 440

these LLM-generated percentage predictions and 441

real human student percentages shows that direct 442

prompting has weak correlations across different 443

models for different grade levels, as indicated by 444

the negative correlation values reported in Table 12 445

and 13 of the appendix. Across all models tested, 446

correlations remain consistently near zero (ranging 447

from -0.139 to 0.137), with no model showing mod- 448

erate or strong correlations. Grade 12 predictions 449

show predominantly negative correlations, suggest- 450

ing that directly prompting becomes particularly 451

unreliable for more advanced grades. 452
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Model (r, PC) ↑ (ρ, SC) ↑ AUC ↑

G4 G8 G12 G4 G8 G12 G4 G8 G12

Gemma-2-9b 0.69 0.61 0.74 0.69 0.59 0.73 0.84 0.78 0.84
Gemma-2-27b 0.69 0.68 0.78 0.68 0.67 0.78 0.85 0.83 0.9
Gemma-3-27b 0.70 0.72 0.75 0.74 0.72 0.75 0.88 0.85 0.89

Llama-3-8b 0.42 0.44 0.44 0.40 0.46 0.48 0.67 0.72 0.75

Qwen2.5-32B 0.60 0.62 0.51 0.64 0.65 0.50 0.82 0.81 0.76

Qwen3-4b 0.60 0.58 0.62 0.64 0.63 0.62 0.79 0.80 0.83

Table 2: Selected Models Correlation and AUC Results of Simulated Students. All correlations are statistically
significant at p < 0.01. r = Pearson correlation; ρ = Spearman correlation; AUC = Area Under Curve. See full
results for other models in Table 10

5.2 LLMs Can Simulate Real Student453

Performance Distributions454

Simulating Classrooms of Individual Students455

Correlates with Real World Students Our results456

provide evidence that LLM-simulated students can457

mimic response selections relevant for difficulty458

estimation to an extent. Using a class size of 300459

with sampling proportion (75 Below basic, 105 Ba-460

sic, 75 proficient and 45 advanced students), the461

aggregated simulated student performance shows462

some correlation with real-world performance as463

seen in Table 2, although the strength varies sub-464

stantially across models and grades. Correlation465

coefficients range from 0.42 to 0.78. We find the466

Gemma models have the relative strongest corre-467

lations, with Gemma-2-27b achieving the highest468

correlations at grade 12 (r = 0.78, ρ = 0.78), while469

the Llama models show weaker correlations, with470

Llama-3-8b ranging from 0.42 to 0.44.471

Models That Struggle with Problems Better Sim-472

ulate Student Performance A key finding is that473

larger and higher predictive accuracy models do474

not necessarily produce better simulations of stu-475

dent performance. Within the Gemma-2 family,476

the 9B parameter model achieves almost compa-477

rable correlations to the 27B model at grade 4 (r478

= 0.69 vs. 0.69), despite having fewer parameters.479

We also find, Qwen2.5-32B (one of the largest and480

highest predictive accuracy models tested), pro-481

duces only moderate correlations (r = 0.51-0.62)482

suggesting that model scale alone is insufficient483

for simulation fidelity. Similarly, Llama-3-3-70b484

shows strong baseline performance (92% accuracy)485

but produced relatively poor simulation correla-486

tions (Table 10). This suggests that models that are487

adept at solving mathematical problems may strug-488

gle to authentically simulate the response patterns489

of struggling students. Models that find the prob-490

lems more challenging may better capture the dis- 491

tribution of student difficulties. Across grades, we 492

generally observe stronger correlations for higher 493

grades, though this pattern is not universal. Most 494

models show improvement from grade 4 to grade 495

12, with notable exceptions: Gemma-2-9b exhibits 496

lower correlations at grade 8 (r = 0.61) compared 497

to grades 4 and 12, while Qwen2.5-32B shows 498

worse correlations at grade 12. The Gemma fam- 499

ily shows the most consistent performance across 500

grade levels, with Gemma-3-27b maintaining cor- 501

relations above r = 0.70 and ρ=0.72 (Spearman) 502

across all grades. We also visualize the correlation 503

patterns in scatter plots shown in Figure 6 which 504

show that Gemma models with stronger correla- 505

tions have tighter clustering around the diagonal of 506

perfect agreement, with the select Gemma models 507

showing relatively clearer linear trends than Llama. 508

Approach (r, PC) ↑ (ρ, SC) ↑

G4 G8 G12 G4 G8 G12

Averaged 0.73 0.72 0.74 0.72 0.70 0.74
Weighted 0.75 0.76 0.82 0.75 0.75 0.82

Table 3: Ensemble Model Performance Across Grades

509

Ensembling Models Improves Correlation 510

Strength We ensemble models in Table 3 in an 511

average approach (all 10 models percentage cor- 512

rect value is averaged for each item) and in a 513

the weighted (equal weights) ensemble of top- 514

performing models (Gemma-2-9B, Gemma-2-27B, 515

Gemma-3-27B). We see that averaging all model 516

predictions gives ρ=0.70-0.74, while our weighted 517

ensemble of top-performing models achieves a rel- 518

atively stronger correlation of ρ=0.82 at Grade 12. 519

Performance Varies by Content Area Content- 520

area analysis (Table 14) show simulations excel 521
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at Measurement (ρ=0.78-0.87) but struggle with522

Algebra (ρ=0.45-0.64).523

Class Size (r, PC) ↑ (ρ, SC) ↑

G4 G8 G12 G4 G8 G12

50 0.62 0.57 0.67 0.61 0.55 0.66
100 0.67 0.60 0.71 0.66 0.58 0.71
300 0.69 0.61 0.74 0.69 0.59 0.73

Table 4: Correlation values for Gemma-2-9b-it by class
size across grades. Larger class sizes consistently im-
prove correlation with real student skill levels. All val-
ues statistically significant with p<0.01.

Larger Class Sizes Improve Reliability We varied524

the class size for our simulated students while keep-525

ing other parameters constant. Using the Gemma526

2-9B model for its speed of runs and smaller param-527

eter size, we generate individual student responses528

for simulated classrooms of 50, 100 and 300 with529

the same skill level distributions maintained across530

these sizes. The results in Table 4 show a pattern of531

improved correlations with larger class sizes across532

all grade levels. For grade 4, correlations increase533

from (r = 0.62 to 0.69) as class size grows(50 to534

300), while the increase from 100 to 300 students535

provides only marginal benefits. We note that while536

larger samples provide more reliable statistical re-537

lationships (Luxburg and Scholkopf, 2008) they538

require more resources compared to smaller sizes.539

This trade-off indicates a practical workflow where540

researchers can use small simulations (n=50) for541

rapid iteration during assessment development, and542

validate promising items with larger simulations543

(n=300) before any human testing.544

Diverse Names Identifier Improves Correlation545

Performance We simulate a classroom of 50 stu-546

dents using Gemma-2-9b with different identifier547

strategies: no identifier, student IDs, single homo-548

geneous names (all students share one name), and549

diverse names sampled across gender and race. We550

find that providing student identifiers improves per-551

formance over no-identifier baselines, with student552

IDs (Pearson: 0.60-0.72, Spearman: 0.58-0.72)553

outperforming no identifier (Pearson: 0.57-0.67,554

Spearman: 0.55-0.66) across grades(Table 5). For555

single homogeneous names (where all 50 students556

share the same name but have different skill levels),557

we observe some variance across individual name558

choices (SD=0.059-0.090), with Grade 12 corre-559

lations ranging from 0.48 (Eun) to 0.77 (Inaanya)560

for Pearson and 0.53 (Chip) to 0.76 (Tameka) for561

Spearman. Aggregating this single name choice by562

race shows Hispanic names have highest average 563

performance (r: 0.64, ρ: 0.62), followed by White 564

(r:0.63, ρ:0.61), Black (r:0.63, ρ:0.60), and Asian 565

names (r:0.60, ρ:0.58). Notably, aggregating all 566

single homogeneous names perform comparable to 567

no-identifier baselines, suggesting that providing 568

a uniform name across all students offers minimal 569

benefit over no identifier (Table 5). However, di- 570

verse names consistently achieve the strongest cor- 571

relations. Even when comparing classrooms with 572

diverse names within single racial groups against 573

classrooms with diverse names across all races, 574

the fully diverse condition outperforms all race- 575

specific diverse conditions across grades (Table 11), 576

showing that cross-racial demographic diversity 577

improved model’s correlation. We emphasize that 578

these empirical results examine aggregate patterns 579

across demographics; individual name results are 580

never used to make claims about specific people, 581

and all analyses report only aggregate statistics to 582

characterize systematic model behavior rather than 583

individual-level outcomes.

Prompt (r, PC) ↑ (ρ, SC) ↑

G4 G8 G12 G4 G8 G12

No identifier 0.62 0.57 0.67 0.61 0.55 0.66
Std. IDs 0.66 0.60 0.72 0.64 0.58 0.72
Single 0.61 0.59 0.68 0.60 0.57 0.65
Diverse 0.72 0.66 0.74 0.71 0.64 0.74

Table 5: Correlations on prompt approaches for Gemma-
2-9b across grades. Prompt approaches: No Name (no
student identifier), Student IDs, Single Name, Diverse
Names. All values statistically significant with p<0.01.

584

We also observe simulated performance corre- 585

lates well with real world gender performance pat- 586

terns (r: 0.69 to 0.74 and ρ: 0.69 to 0.79) in Table 587

9 and show similar correlation strengths. The dif- 588

ferences between Pearson and Spearman correla- 589

tions are minimal, suggesting that the relationship 590

between simulated and real performance is both 591

monotonic and approximately linear for gender. 592

While not yet a complete replacement for human 593

data, these results show that simulated responses 594

have psychometric signal to inform item design. 595

5.3 Simulated Students Performance are 596

Aligned with the Student’s Skill Profiles 597

The generated responses fitted to IRT models to 598

extract difficulty parameters, provide a statistical 599

framework for modeling how student group abil- 600

ity and item characteristics interact to produce re- 601

sponses. The results in Figure 2 show a monotonic 602
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Figure 2: IRT group ability estimates for for different
LLMs across different skill levels.

increase from a Below Basic skill level to an Ad-603

vanced skill level, although there seems to be a604

more sharper increase from the Basic to Proficient.605

This increase could be as result of the description606

of these skill levels, where Basic students are de-607

fined as student struggling when problems become608

more complex compared to the Proficient student609

who’s proficiency allows them to adapt and apply610

mathematical concepts to different problems irre-611

spective of their complexity. We observe a slightly612

lower increase from the Below Basic to Basic, com-613

pared to the Proficient to Advanced, which may be614

attributed to an attenuated skill level abilities de-615

scribed in the prompt for these lower level skills616

lending to low mastery compared to higher skills.617

We also measure the aggregated correctness rates618

of the group skill levels and present results in Fig-619

ure 5 which show a consistent trend with the real620

world where lower skill levels on average have621

lower accuracy rates and this rate increases as we622

move from the below basic to advanced students.623

In short, the simulated students’ answers do align624

with their scripted skill levels, but the fidelity of625

that varies by LLM. While we lack ground-truth626

data to evaluate whether LLM-generated reason-627

ing/explanations for selecting correct answers are628

‘human-like,’ a manual analysis of these LLM gen-629

erated explanations shows clear differences in cer-630

tainty across skill levels. For lower-level skill lev-631

els, we observe LLMs tend to use hedging language632

that shows uncertainty (Alseweed, 2005), including633

phrases like ‘I think/I guess,’ or explicit admissions634

of arbitrary choices such as ‘I just picked 15 be-635

cause it seemed like it could fit’, while higher profi-636

cient students are more confident in their reasoning637

for the answer selected (Tables 16 to 18).638

5.4 IRT Estimated Difficulties Can Predict 639

Real World Outcomes 640

We examine if simulations capture the deeper psy- 641

chometric structure needed for meaningful diffi- 642

culty estimation. If our IRT-estimated difficulties 643

only reflects simulation artifacts rather than true 644

item properties, they would fail to predict how real 645

students perform. We see in Table 2 that the IRT 646

difficulty parameters derived from simulated stu- 647

dent responses show moderate to strong predictive 648

validity for real world outcomes. AUC specifically 649

measures the models’ understanding of relative dif- 650

ficulty (which items are harder than others). The 651

Gemma models achieved AUC scores ranging from 652

0.78 to 0.90 across different grade levels, indicat- 653

ing that simulated difficulty estimates can meaning- 654

fully discriminate between items that real students 655

find easy versus hard. Thus our pipeline is able to 656

generate responses that capture meaningful aspects 657

of item difficulty that translate to real student per- 658

formance, though the relationship varies by model 659

and grade. We observe that model size does not 660

guarantee better difficulty discrimination ability. 661

6 Conclusion 662

We show that open-source LLMs can simulate stu- 663

dents to estimate math question difficulty, achiev- 664

ing correlations as high as 0.75, 0.76, and 0.82 665

for grades 4, 8, and 12, respectively, outperform- 666

ing baseline text-based and direct prompting ap- 667

proaches. Our simulations differentiate student 668

skill levels (Below Basic, Basic, Proficient, Ad- 669

vanced) in ways that align with psychometric ex- 670

pectations for predicting real student outcomes. We 671

find that diverse names improve correlations over 672

no names or homogeneous names, though the un- 673

derlying mechanism requires further investigation. 674

Content-area analysis reveals simulations excel at 675

Measurement problems where misconceptions fol- 676

low predictable patterns, but struggle with Alge- 677

bra where diverse reasoning strategies complicate 678

simulation. Counterintuitively, LLMs with rela- 679

tively weaker mathematical abilities produce better 680

student simulations than higher mathematical pro- 681

ficient models, suggesting models should experi- 682

ence difficulty to authentically simulate struggling 683

students. While these simulated students’ compu- 684

tational costs are higher than direct methods (4- 685

48 GPU-hours), these produces psychometrically 686

valid difficulty estimates suitable for preliminary 687

item screening before expensive human piloting. 688
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Limitations689

Distractor Answer Selection We included new690

analysis in Figure 7 and Table 15 examining691

whether simulated students select the same incor-692

rect answers (distractors) as real students. Figure 7693

reports the percentage of exact match on the top-1694

distractor answers selected by our simulated stu-695

dents and the real world students, to understand if696

the two populations share a most-popular distractor.697

Table 15 measures the distractor match rate, the per-698

centage of items where the most popular incorrect699

answer among simulated students matches the most700

popular incorrect answer among real students (ran-701

dom chance: 25% for 4-choice MCQ and 20% for702

5-choice MCQ). We observe relatively low matches703

with all models, which suggests that these models704

are useful predictors of whether students will get a705

question right or wrong, but they aren’t very good706

models (in this set of experiments) of *how* stu-707

dents get questions wrong (i.e. WHICH wrong708

answer they will pick). We see a similar trend with709

the content area correlation results which shows710

the real world distractor answer selection has more711

distractor alignment on Measurement problems,712

where misconceptions follow predictable proce-713

dural patterns while, misconception matches are714

weakest on Algebra, reflecting greater diversity in715

algebraic reasoning errors. However, as we focus716

the scope of this work to our primary goal of using717

the correctness rates, so future work could look718

at developing better models of how students get719

questions wrong.720

LLM Limitations Our experiments relied on721

open-source language models, which may not re-722

flect the upper bounds of performance achievable723

with larger, proprietary models such as GPT-4. It724

is possible that such models, although more expen-725

sive would provide more accurate simulations of726

student behavior, potentially narrowing the perfor-727

mance gap between direct and generative prompt-728

ing strategies. Expanding the model pool with vary-729

ing model families and architecture can also pro-730

vide more robust conclusions and generalization731

of our findings. We deliberately focus on open-732

source models to enable reproducibility and cost-733

effective deployment. While proprietary models734

may achieve different results, our goal is demon-735

strating practical screening tools accessible to edu-736

cational practitioners without API costs.737

Limited Data size and question types We eval- 738

uated model-generated responses on 631 multiple- 739

choice questions for Grade 4, 8 and 12. While these 740

cover a range of difficulty levels and content areas, 741

the size and scope of the questions remain con- 742

strained for math Multiple choice questions. We 743

focus mostly on MCQs as they provide a clear cor- 744

rectness criteria, so we can validate these computed 745

IRT difficulty estimates, more effectively. We ac- 746

knowledge that the dataset that we use in this work 747

is limited in size (number of problems) and from 748

a single source (NAEP), and highlight some of the 749

uniquely enabling strengths that this data source 750

offers, and why we chose to use it for our study. 751

(1) Because our goal is to measure how well LLMs 752

can predict the difficulty of math problems for real 753

students, we felt that the single most important 754

quality of the dataset was the quality of the asso- 755

ciated real-world test performance statistics. In 756

this regard, we believe the NAEP-reported perfor- 757

mance statistics associated with each of the 631 758

math problems is particularly invaluable, and not 759

easily obtainable from other sources. In particular, 760

the NAEP statistics are collected as part of a U.S. 761

congressionally mandated effort to assess educa- 762

tional achievement across public and private school 763

districts across the U.S. The NAEP tests are admin- 764

istered to be nationally representative. Thus the 765

resulting performance statistics reflect a large pool 766

of test-takers, specifically sampled to be representa- 767

tive of the broader U.S. student population, in terms 768

of gender, race and ethnicity, socioeconomic sta- 769

tus, geographic location, and public/private school 770

status, among others. This gives us confidence that 771

the associated student test accuracy rates associated 772

with each test item is broadly representative of the 773

U.S. population, and is much less subject to the 774

kinds of selection population biases that would be 775

unavoidable with smaller-scale, privately collected 776

data. Of course, we acknowledge the limitation that 777

the U.S. population is not reflective of the broader 778

world-wide population; however, we believe it is a 779

strength of this data that the corresponding popu- 780

lation is well-defined and well-represented therein, 781

even though it is not universal. 782

Limited diversity in demographics, grade and 783

class size experiments We simulated student 784

personas using 48 distinct first names distributed 785

across four racial/ethnic groups (Black, Asian, His- 786

panic, and White) and two genders. While this 787

offers a starting point for exploring demographic 788
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variation, it does not capture the full richness and789

intersectionality of real classrooms. Broader name790

sets, additional identity dimensions (e.g., socioe-791

conomic status, multilingual background), and in-792

tersectional profiles could allow for a more fine-793

grained analysis of item performance and fairness.794

We recognize that our use of demographic name795

proxies may activate stereotypes encoded in model796

training data. While our aggregate results show797

diverse names improve correlation, we cannot de-798

termine whether this reflects: (1) stereotype-based799

performance simulation (models enacting biased800

assumptions about name-associated demograph-801

ics), (2) increased prompt specificity providing802

better grounding, or (3) other mechanisms. In-803

dividual name variance (SD=0.059-0.090) could804

suggest potential stereotype activation, though we805

emphasize all analyses report only aggregate statis-806

tics across demographic categories, never making807

individual-level predictions. Future work can in-808

vestigate whether observed performance patterns809

reflect genuine diversity benefits or problematic810

stereotype reinforcement.811

Our simulations were also constrained to Grade812

4, Grade 8 and Grade 12 students, however, stu-813

dent behavior and response patterns may differ in814

early primary or upper high school levels. Extend-815

ing the approach to other grades could uncover816

new insights or limitations. For each test item, we817

simulated responses from between 100-300 stu-818

dents. Although we observed improved correlation819

with real-world data as sample size increased, we820

limited our simulations to manage resource costs.821

Larger sample sizes may offer more stable perfor-822

mance estimates and more realistic modeling of823

population-level variance, but at a greater computa-824

tional cost.825

Data Leakage We acknowledge that NAEP826

items are public and may appear in training data.827

However, this does not invalidate our approach be-828

cause: (1) We evaluate whether models can predict829

student performance rates, not solve problems cor-830

rectly—a fundamentally different task; (2) Direct831

prompting for performance statistics yields poor832

correlations, suggesting models haven’t memorized833

NAEP data; (3) Our simulation method substan-834

tially outperforms direct prediction, indicating gen-835

uine modeling rather than memorization; (4) NAEP836

statistics are stored separately from items, making837

training contamination unlikely. Thus, even poten-838

tial exposure to questions doesn’t compromise our839

evaluation of difficulty estimation capabilities. 840

Ethics Statement 841

In this study, we simulate student responses using 842

a large language model (LLM) and vary the first 843

names of hypothetical students—selecting names 844

statistically associated with different genders and 845

racial/ethnic groups. We acknowledge that infer- 846

ring or assigning demographic identities based on 847

first names is an inherently imperfect and sensi- 848

tive approach, one that carries the risk of over- 849

generalization or reinforcement of stereotypes. A 850

first name is at best a loose proxy for a demo- 851

graphic group, and relying on names can inad- 852

vertently evoke stereotypical assumptions if not 853

handled carefully. To mitigate these concerns, we 854

employ first-name variations purely as a controlled 855

variable in a bias audit context, ensuring that any 856

observed performance differences are attributed to 857

the model’s behavior or potential biases in the con- 858

tent rather than presumed traits of any real group. 859

We emphasize that these are empirical observations 860

and that they correlate with improved alignment in 861

our experiments. 862

We further recognize the broader risk that large 863

language models may reproduce or amplify societal 864

biases present in their training data. In our simula- 865

tions, the model’s outputs could reflect such histor- 866

ical biases or stereotypes—for example, it might 867

yield systematically different responses or difficulty 868

assessments for different name conditions, echoing 869

real-world disparities. Our intent, however, is to 870

leverage these controlled simulations to identify 871

and understand potential inequities, not to perpetu- 872

ate them. 873
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A Appendix 1073

A.1 Data Details 1074

We present two examples of question texts from 1075

our collected data. 1076

1077
Example 1:
Sebastian is making lemonade. His recipe requires 750 grams of sugar to make
20 liters of lemonade. Sebastian wants to make 12 liters of lemonade. How
many grams of sugar does Sebastian need to maintain the same ratio of sugar to
lemonade as in his recipe?

Example 2: Ms. Thierry and 3 friends ate dinner at a restaurant.
The bill was $67. In addition, they left a $13 tip. Approximately what percent
of the total bill did they leave as a tip?

1078
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Difficulty Total # Grade 4 Grade 8 Grade 12

Easy 254 102 108 44
Medium 217 76 106 35
Hard 160 50 68 42
Total 631 228 282 121

Table 6: Breakdown of question difficulty by grade.

A.2 Prompts1079

Prompt A.1: Baseline-Knowledge Prompt

**Task**:
You are an expert problem solver. Solve step by step the following math
word problems. Only respond with the letter of the correct answer. Prefix
your final answer with Answer Key: [letter]".

1080

Prompt A.2: Baseline-Direct Simulation Prompt

**Task**:
You are an expert in predicting student performance. Given this math word
problem written for {grade}th-grade students, estimate the percentage of
students at this grade level who will answer the question correctly. Your pre-
diction should be based on factors such as problem difficulty and cognitive
load at this grade level. Prefix your final answer with "Percentage Correct:
[percentage]".

1081

Prompt A.3: Student Simulation Prompt

**Task**:
You are a {skill level} student in the {grade}th grade, given the task to answer
a math word problem question on {content area of problem}, taking into
account the difficulty of this question. {Definition of skill level continues}.
In all your responses, you have to completely forget that you are an AI
model, but rather this {skill level} student, and completely simulate yourself
as one.

1082

Prompt A.4: Demographic Student Simulation Prompt

**Task**:
You are [NAME], a student in the {grade}th grade, given the task to answer
a math word problem question on {content area of problem}, taking into
account the difficulty of this question. {Definition of skill level continues}.
In all your responses, you have to completely forget that you are an AI
model, but rather this student [NAME], and completely simulate yourself as
one.

1083

Prompt A.5: Student ID Simulation Prompt

**Task**:
You are [STDID], a student in the {grade}th grade, given the task to answer
a math word problem question on {content area of problem}, taking into
account the difficulty of this question. {Definition of skill level continues}.
In all your responses, you have to completely forget that you are an AI
model, but rather this student [STDID], and completely simulate yourself as
one.

1084

A.3 Names1085

The names used in our experiments are listed.1086

Asian female names Syeda, Thuy, Eun, Ngoc,1087

Inaaya, Priya1088

Asian male names Aryan, Vihaan, Armaan,1089

Quang, Trung, Chang1090

Black female names Latoya, Lashelle, Imani,1091

Shante, Tameka, Nichelle1092

Black male names Malik, Leroy, Darius, Tyrone, 1093

Rashaun, Cedric 1094

Hispanic female names Alejandra, Xiomara, 1095

Mariela, Migdalia, Marisol, Julissa 1096

Hispanic male names Lazaro, Osvaldo, Alejan- 1097

dro, Jairo, Heriberto, Guillermo 1098

White female names Susan, Courtney, Kimberly, 1099

Heather, Barbara, Molly 1100

White male names Charles, Roger, Wilbur, 1101

Hank, Chip, Hunter 1102

1103

A.4 Student IDs Used 1104

We generated alphanumeric identifiers following 1105

the format STU followed by a 6-digit zero-padded 1106

number (e.g., STU000001, STU600298). IDs were 1107

randomly generated to avoid any systematic pat- 1108

terns, with randomly sampled from 000000-99999 1109

and prepended with STU to create the identifier. 1110

B Additional Experiment 1111

B.1 Experimental Setup Details 1112

Experimental Design Summary We formalize 1113

our simulation as a function with the parameters: 1114

Correlation = f(M,S, I, N, E) (1) 1115

where: 1116

• M: Model selection – which LLM(s) is used 1117

• S: Skill distribution – proportion of Below 1118

Basic, Basic, Proficient, Advanced students 1119

• I: Identifier strategy – how students are 1120

identified (No Identifier, Student IDs, Single 1121

Name, Diverse Names) 1122

• N : Classroom size – number of simulated 1123

students per question 1124

• E : Estimation method – how difficulty 1125

is computed (Direct prompt, Simulated re- 1126

sponses + IRT) 1127

Table 7 summarizes all experimental configurations 1128

and their corresponding results. 1129
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Experiment Purpose Key Parameters Models

Baseline: QDET Establish text-based difficulty
estimation baseline

Method: Word2Vec,
BERT, DistilBERT

BERT, Distil-
BERT

Baseline: Direct Prompting Establish direct LLM prompting
baseline

Method: Greedy & av-
eraged predictions

All 10 models

Core Simulation Evaluate simulation fidelity
across models

M: 10 models; I: No
Name; N : 300

All 10 models

Model Ensembling Test if combining models im-
proves correlation

E : Averaged vs.
Weighted ensemble

Averaged (all
10), Weighted
(top 3)

Class Size Variation Determine optimal classroom
size

N : 50, 100, 300 stu-
dents

Gemma-2-9b

Identifier Strategy Compare naming/ID approaches I: None, IDs, Single
Name, Diverse Names

Gemma-2-9b

Within-Category Diversity Test racial homogeneity vs. di-
versity

I: Single-race diverse
vs. all-race diverse

Gemma-2-9b

Gender Correlation Validate against gender-specific
performance

I: Diverse Names
(gender-specific analy-
sis)

Gemma-2-9b

Content Area Analysis Identify domain-specific
strengths/weaknesses

Stratify by: Algebra,
Geometry, Measure-
ment, etc.

All 10 models

Skill Level Alignment Verify IRT ability estimates
match skill levels trend expec-
tations

S: NAEP 4-level distri-
bution

All 10 models

Table 7: Summary of experimental configurations. All simulations use NAEP skill distribution (25% Below Basic,
35% Basic, 25% Proficient, 15% Advanced) unless noted otherwise.

Computational Cost QDET baselines require1130

less than 1 minute for transformer inference across1131

all 631 items on A6000. While our simulation ap-1132

proach using open-source models requires approxi-1133

mately 4-5 GPU-hours on A6000 GPUs for models1134

in the 8-12B parameter range to generate 300 simu-1135

lated student responses across all 631 items. Larger1136

models (e.g., 70B parameter) would require propor-1137

tionally more time, though we found the correlation1138

strengths are not comparable with model scale. For1139

example the Gemma-2-9B needs 4.34 GPU-hours1140

on 1 A 6000, for all 631 items for 300 students1141

and Llama-3.3-70B requires up to 48 hours with 41142

A6000s for 300 student simulation.1143

Terms of use for each model We carefully fol-1144

low the guidelines per the terms of usage described1145

by the model authors or company1146

• Gemma2: https://github.com/1147

google-deepmind/gemma/blob/main/1148

LICENSE1149

• Gemma-3: https://ai.google.dev/1150

gemma/terms 1151

• Llama3: https://llama.meta.com/ 1152

llama3/license/ 1153

• Qwen2.5/3: https://github.com/QwenLM/ 1154

Qwen/blob/main/LICENSE 1155

Licenses The NAEP data is used under the MIT3 1156

and CC-BY4 licenses. 1157

B.2 Additional Results 1158

3https://opensource.org/license/MIT
4https://creativecommons.org/licenses/by/4.0/
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Figure 4: Average Percentage Correct Score by NAEP Assigned Difficulty at a grade and content area breakdown.
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Figure 5: Average Accuracy rates for simulated students of different skill levels across grades, 4, 8 and 12.

Figure 6: Complete rank-order difficulty scatter plots for select models ( Gemma-2-9, Gemma-3-27, Llama-3-8)
across three grade levels. Each panel shows the rank-ordered difficulty of 631 test items (0=easiest, 100=hardest)
for human students (x-axis) versus LLM simulations (y-axis). Tighter clustering around the diagonal indicates better
preservation of relative item difficulty. These visualizations confirm that correlation strength reliably predicts visual
clustering quality, with r>0.65 indicating suitable performance for preliminary item screening.
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Figure 7: Full report of top distractors that matches for the real-world and llm response. The percentage shows the
exact match on the top-1 distractor answers selected by our simulated students and the real world students.
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Approach Grade 4 Grade 8 Grade 12

Word2Vec + RF 0.36 -0.04 0.30
BERT 0.05 0.03 0.21
DistillBERT 0.04 0.01 0.17

Table 8: Comparison of QDET performance across different grade levels.

Gender (r, PC) ↑ (ρ, SC) ↑

G4 G8 G12 G4 G8 G12

Females 0.69 0.73 0.74 0.69 0.75 0.77
Males 0.70 0.71 0.74 0.70 0.75 0.79

Table 9: Correlation results with real world gender demographic groups based on diverse names for Gemma-2-9b
across grades. All values statistically significant with p<0.01.

Model (r, PC) ↑ (ρ, SC) ↑ AUC ↑

G4 G8 G12 G4 G8 G12 G4 G8 G12

Gemma-2-9b 0.69 0.61 0.74 0.69 0.59 0.73 0.84 0.78 0.84
Gemma-2-27b 0.69 0.68 0.78 0.68 0.67 0.78 0.85 0.83 0.9

Gemma-3-4b 0.58 0.57 0.68 0.57 0.54 0.66 0.77 0.77 0.83
Gemma-3-12b 0.66 0.70 0.76 0.67 0.70 0.75 0.82 0.82 0.88
Gemma-3-27b 0.70 0.72 0.75 0.74 0.72 0.75 0.88 0.85 0.89

Llama-3-8b 0.42 0.44 0.44 0.40 0.46 0.48 0.67 0.72 0.75
Llama-3-3-70b 0.56 0.53 0.46 0.54 0.52 0.46 0.73 0.74 0.75

Qwen2.5-14B 0.59 0.61 0.58 0.61 0.61 0.57 0.80 0.79 0.80
Qwen2.5-32B 0.60 0.62 0.51 0.64 0.65 0.50 0.82 0.81 0.76

Qwen3-4b 0.60 0.58 0.62 0.64 0.63 0.62 0.79 0.80 0.83

Table 10: Full Correlation and AUC Results of Simulated Students by Model and Grade. All correlations are
statistically significant at p < 0.01. r = Pearson correlation; ρ = Spearman correlation; AUC = Area Under ROC
Curve

Names Used Grade 4 Grade 8 Grade 12
(r, PC) ↑ (ρ, SC) ↑ (r, PC) ↑ (ρ, SC) ↑ (r, PC) ↑ (ρ, SC) ↑

Diverse Asian Names 0.502±0.051 0.474±0.030 0.513±0.018 0.509±0.024 0.572±0.037 0.562±0.029

Diverse Black Names 0.536±0.052 0.495±0.023 0.513±0.026 0.514±0.021 0.585±0.028 0.559±0.019

Diverse Hispanic Names 0.503±0.049 0.491±0.049 0.519±0.030 0.516±0.031 0.580±0.027 0.567±0.029

Diverse White Names 0.575±0.054 0.499±0.022 0.514±0.019 0.487±0.020 0.622±0.026 0.578±0.030

Diverse Names 0.596±0.027 0.557±0.038 0.582±0.028 0.554±0.034 0.639±0.049 0.612±0.047

Table 11: Correlations across different name conditions and grades with standard deviations. r = Pearson correlation,
ρ = Spearman correlation. Values shown as mean±SD. We simulate smaller classroom sizes to ensure unique
name assignment, with each student sampled from different skill levels. Within each race condition (Asian,
Black, Hispanic, White), names are sampled to ensure diversity in gender (male/female) while maintaining racial
homogeneity. For example, the Asian condition uses different Asian male and female names across students. The
"Diverse Names" condition samples names across all four racial groups while maintaining gender diversity and
unique skill-level representation. The lower correlations compared to Table 5 reflect the reduced classroom size, yet
the pattern persists: diverse names across racial groups consistently outperform racially homogeneous conditions,
showing that cross-racial diversity improves correlations
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Model (r, PC) ↑ (ρ, SC) ↑

G4 G8 G12 G4 G8 G12

Gemma-2-9b 0.003 0.017 -0.120 0.058 -0.048 -0.067
Gemma-2-27b -0.042 -0.094 -0.018 -0.003 -0.091 -0.031

Gemma-3-4b 0.059 -0.079 0.045 0.053 -0.097 -0.035
Gemma-3-12b 0.020 0.014 0.108 0.006 0.010 -0.105
Gemma-3-27b 0.021 -0.074 -0.059 0.021 -0.087 -0.053

Llama-3-8b -0.011 0.031 -0.066 -0.037 0.027 -0.048
Llama-3.3-70b 0.095 0.029 -0.014 0.098 0.036 -0.053

Qwen2.5-14B 0.071 0.019 -0.034 0.062 0.022 -0.029
Qwen2.5-32B 0.100 -0.042 -0.050 0.137 0.002 -0.068

Qwen3-4b 0.010 -0.058 0.041 0.022 -0.047 0.024
Qwen3-32b -0.021 0.018 -0.017 0.028 -0.003 0.020

Table 12: Direct Prompting Correlation Results by Model and Grade. r = Pearson correlation; ρ = Spearman
correlation; PC = Pearson Correlation; SC = Spearman Correlation

Model (r, PC) ↑ (ρ, SC) ↑

G4 G8 G12 G4 G8 G12

Gemma-2-9b 0.028 -0.002 -0.139 0.041 -0.017 -0.108
Gemma-2-27b -0.018 -0.080 -0.015 -0.016 -0.063 -0.035

Gemma-3-4b 0.031 -0.001 -0.018 0.000 -0.035 -0.039
Gemma-3-12b 0.033 0.027 -0.110 0.022 0.016 -0.124
Gemma-3-27b 0.001 -0.079 -0.037 -0.011 -0.084 -0.016

Llama-3-8b -0.015 0.037 -0.029 -0.051 0.016 -0.048
Llama-3.3-70b 0.087 0.021 -0.038 0.087 0.046 -0.039

Qwen2.5-14B 0.077 -0.021 -0.048 0.066 -0.027 -0.055
Qwen2.5-32B 0.094 -0.059 0.006 0.117 -0.040 0.000

Qwen3-4b -0.008 -0.018 0.054 0.003 -0.033 0.044
Qwen3-32b -0.018 -0.029 0.021 -0.006 -0.044 0.020

Table 13: Averaged Prompting Correlation Results by Model and Grade. r = Pearson correlation; ρ = Spearman
correlation; PC = Pearson Correlation; SC = Spearman Correlation
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Grade Classification Spearman Correlation (ρ) ↑

G2-9 G2-27 G3-4 G3-12 G3-27 L3-8 L3-70 Q2.5-14 Q2.5-32 Q3-4

4

Algebra 0.74 0.78 0.81 0.80 0.78 0.54 0.67 0.66 0.74 0.67
Data Analysis 0.62 0.50 0.51 0.54 0.77 0.10 0.36 0.52 0.37 0.36
Geometry 0.74 0.83 0.73 0.71 0.59 0.40 0.59 0.67 0.40 0.58
Measurement 0.81 0.75 0.69 0.78 0.80 0.60 0.72 0.72 0.75 0.63
Number Properties 0.59 0.61 0.36 0.48 0.60 0.35 0.47 0.45 0.55 0.62

8

Algebra 0.45 0.60 0.35 0.61 0.64 0.30 0.49 0.47 0.56 0.43
Data Analysis 0.69 0.68 0.59 0.78 0.84 0.59 0.56 0.58 0.60 0.56
Geometry 0.45 0.57 0.45 0.63 0.64 0.34 0.50 0.54 0.49 0.56
Measurement 0.77 0.79 0.71 0.78 0.77 0.47 0.61 0.80 0.73 0.69
Number Properties 0.65 0.71 0.60 0.72 0.76 0.47 0.54 0.60 0.66 0.63

12

Algebra 0.64 0.71 0.69 0.70 0.70 0.53 0.37 0.47 0.35 0.58
Data Analysis 0.80 0.80 0.72 0.89 0.74 0.38 0.29 0.74 0.55 0.62
Geometry 0.57 0.61 0.42 0.51 0.69 0.05 0.43 0.21 0.55 0.13
Measurement 0.87 0.86 0.59 0.81 0.88 0.49 0.53 0.77 0.71 0.65
Number Properties 0.80 0.86 0.72 0.76 0.73 0.52 0.56 0.58 0.58 0.77

Table 14: Spearman Correlations by Content Area and Grade Level Across Models. Model abbreviations: G2/G3 =
Gemma-2/3, L3 = Llama-3, Q2.5/Q3 = Qwen2.5/3. Numbers indicate parameter count in billions (e.g., G2-9 =
Gemma-2-9b). To understand where simulations succeed and fail, we analyze correlations across the five content
areas. From the table, we observe that problems that evaluate students understanding on the Measurement content
area, consistently achieve strongest correlations. Problems on Algebra and Geometry show the weakest performance:
Algebra averages ρ=0.58 across grades with particularly poor Grade 8 performance (most models), while Geometry
shows high variance with weaker correlations at Grade 12 for some models (Llama-3-8B).

Grade Classification Distractor Match (%) ↑

G2-9 G2-27 G3-4 G3-12 G3-27 L3-8 L3-70 Q2.5-14 Q2.5-32 Q3-4

4

Algebra 43.3 43.3 26.7 33.3 43.3 46.7 36.7 50.0 36.7 40.0
Data Analysis 44.0 48.0 40.0 56.0 48.0 44.0 40.0 48.0 48.0 28.0
Geometry 36.8 36.8 31.6 31.6 42.1 31.6 31.6 36.8 21.1 52.6
Measurement 27.8 46.3 46.3 38.9 29.6 51.9 50.0 42.6 40.7 53.7
Number Properties 34.0 29.0 34.0 32.0 20.0 40.0 43.0 30.0 37.0 38.0

8

Algebra 27.8 29.2 26.4 29.2 45.8 22.2 30.6 27.8 33.3 33.3
Data Analysis 33.3 42.4 30.3 30.3 30.3 27.3 18.2 45.5 30.3 42.4
Geometry 28.9 31.1 40.0 35.6 28.9 31.1 35.6 33.3 26.7 35.6
Measurement 41.7 52.1 33.3 45.8 35.4 37.5 37.5 25.0 45.8 35.4
Number Properties 34.5 38.1 36.9 42.9 45.2 27.4 29.8 42.9 44.0 28.6

12

Algebra 31.4 25.7 40.0 42.9 48.6 25.7 17.1 25.7 25.7 34.3
Data Analysis 42.1 42.1 36.8 42.1 26.3 10.5 10.5 42.1 31.6 42.1
Geometry 50.0 50.0 42.9 35.7 21.4 35.7 50.0 14.3 35.7 35.7
Measurement 26.1 30.4 43.5 39.1 39.1 47.8 34.8 43.5 34.8 21.7
Number Properties 36.7 46.7 40.0 50.0 46.7 20.0 23.3 50.0 50.0 26.7

Table 15: Distractor Match by Content Area and Grade Level Across Models. Model abbreviations: G2/G3 =
Gemma-2/3, L3 = Llama-3, Q2.5/Q3 = Qwen-2.5/3. Numbers indicate parameter count in billions.
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Question Kirstin wants to buy a flute that costs $240. She has saved $20 each
week for 3 weeks. How many more weeks does Kirstin need to save
money if she continues to save $20 each week?

Answer Choices A. 9 weeks B. 10 weeks C. 11 weeks D. 12 weeks
Content Area Number Properties and Operations
Below Basic Response {’reasoning’: ’She saved 20 for 3 weeks which means 20 times 3, so that

is 50 dollars. I need to figure out the difference between 240 and 50. I
think that is 190. Hmm...If she saves 20 each week, that is 180 subtracted
by 20, which is 160 weeks, I don’t see the 160 so I will pick the highest
option which is 12’, ’answer key’: ’D’

Basic Response {’reasoning’: ’She saved $60. I think I need to take $240 and subtract
$60...that is $180 left. I need to figure out how many more weeks it will
take to save $180. $20 each week... so maybe 9 weeks?’, ’answer key’:
’A’}

Proficient Response {’reasoning’: "Kirstin has saved 3 weeks * $20/week = $60. She needs
$240 - $60 = $180 more. If she saves $20 each week, she’ll need to save
for $180 / $20/week = 9 more weeks.", ’answer key’: ’A’}

Advanced Response {’reasoning’: ’First, I need to figure out how much money Kirstin has
saved so far. She saves $20 each week for 3 weeks, so she has $20 x 3 =
$60. Next, I need to figure out how much more money she needs. The
flute costs $240 and she has $60 saved, so she needs $240 - $60 = $180
more. Finally, to figure out how many more weeks she needs to save, I
divide the amount she needs by how much she saves each week: $180 /
$20 = 9 weeks.’, ’answer key’: ’A’}

Table 16: Sample student responses from Gemma-2-9B across skill levels for Grade 4 question item.

Question Joseph’s current test scores, in points, are 83, 97, 80, 87, and 93. He
earns 100 points on his sixth test. By how many points does Joseph’s
mean (average) test score increase with the sixth test?

Answer Choices A. 2 B. 3 C. 6 D. 12 E. 20
Content Area Data Analysis, Statistics, and Probability
Below Basic Response {’reasoning’: ”, ’answer key’: ”
Basic Response {’reasoning’: ’Let’s find out how many points Joseph had before his sixth

test. . . . If I add them together, he has 440 points. The sixth test added
100 points, so now he has 540 points total. . . To find the average, I divide
540 by 6, which is 90. Before the sixth test, 440/5 = 88. He’s increased by
90 minus 88, so he increased by two points’, ’answer key’: ’A’}

Proficient Response {’reasoning’: "First five scores sum to 430 points (so 430/5 = 86 as the
old average). Adding the 100-point test gives 530 total. Dividing by 6
gives a new average of 88.33. Subtracting, the difference is 2.33, so the
mean increases by 2 points (rounding to whole points).", ’answer key’:
’A’}

Advanced Response {’reasoning’: ’Calculating the original total: 83+97+80+87+93 = 440.
Dividing by 5 gives 88, New total with sixth score: 440+100 = 540.
Dividing 540 by 6 yields 90. Subtracting yields 2, so the average increases
by 2 points.’, ’answer key’: ’A’}

Table 17: Sample student responses from Gemma-2-9B across skill levels for Grade 8 question item.

20



Question Which of the following expressions does NOT have the same value as
two times five times eight?

Answer Choices A. two times forty; B. ten times sixteen; C. five times eight times two; D.
two times five times two times four

Content Area Number Properties and Operations
Below Basic Response {’reasoning1’: ’I think that is fifty minus twelve...’, ’answer key’: ’B’,

’reasoning2’: ’I know two times five times eight equals forty. I think two
times forty is the only choice that doesn’t have forty in it.’, ’answer key’:
’B’}

Basic Response {’reasoning1’: ’I know 2 times 5 is 10, and 5 times 8 is 40, so I thought 10
times 40. I see the answer is 200, so I thought I did something wrong, and
I checked the other answers. I didnt see any that were really wrong, but I
decided to pick the one that was different. It was the only one that had the
word times twice, so I picked that one’, ’answer key’: ’D’, ’reasoning2’:
’I know two times five times eight equals forty. I think two times forty is
the only choice that doesn’t have forty in it.’, ’answer key’: ’B’}

Proficient Response {’reasoning1’: ’I know that 2 times 5 times 8 is 80, so I need to figure
out which one is not 80. I know that 2 times 40 is 80, so that’s not the
answer. I know that 10 times 16 is 160, so that’s not the answer. I know
that 5 times 8 times 2 is 80, so that’s not the answer. I know that 2 times
5 times 2 times 4 is 80, so that’s not the answer. ’, ’answer key’: ’B’,
’reasoning2’: ’I know that 2 times 5 times 8 is 80, so I need to figure out
which one is not 80. I know that 2 times 40 is 80, so that’s not the answer.
I know that 10 times 16 is 160, so that’s not the answer. I know that 5
times 8 times 2 is 80, so that’s not the answer. I know that 2 times 5 times
2 times 4 is 80, so that’s not the answer. I think the answer is A.’, ’answer
key’: ’B’}

Advanced Response {’reasoning1’: ’The first step is to find two times five, which is ten. Then,
I can multiply ten by eight to get eighty. Since two times five times eight
is equal to eighty, I will eliminate any answer choices that equal eighty.
The only answer choice that does not equal eighty is two times forty, so I
will choose this answer. I also notice that the other answer choices can be
simplified to have factors of five and eight, so this choice must be the right
one. I could also double-check by plugging in numbers, but this would
take longer.’, ’answer key’: ’A’, ’reasoning2’: ’I can see that two times
five times eight is 40, so I need to find the expression that doesn’t also
equal 40. I notice that ten times sixteen is 160. So it is not the same as
the other three choices, which are 40, 80, and 80. So my answer is B.’,
’answer key’: ’B’}

Table 18: Sample student responses from Llama-3-8B across skill levels for Grade 4 question item. This model
selects B despite flawed reasoning. Below Basic claims "2×5×8=40" (wrong =80); Proficient calculates correctly,
states "answer is A," yet picks B. This model prioritizes accuracy over role-fidelity, generating superficial errors
while making correct selections.

21


	Introduction
	Related Work
	Preliminaries
	Data
	Task

	Experiment 
	Methods
	Evaluation

	Results and Discussion
	Direct Difficulty Estimation Produces Unreliable Predictions
	LLMs Can Simulate Real Student Performance Distributions
	Simulated Students Performance are Aligned with the Student’s Skill Profiles
	IRT Estimated Difficulties Can Predict Real World Outcomes

	Conclusion
	Appendix
	Data Details
	Prompts
	Names
	Student IDs Used

	Additional Experiment
	Experimental Setup Details
	Additional Results


