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Abstract001

Large language models (LLMs) have shown002
strong performance on medical question-003
answering benchmarks, yet such evaluations004
often rely on single-choice formats that may005
overestimate true clinical competence. More-006
over, medical LLM performance varies substan-007
tially across languages, highlighting the impor-008
tance of evaluations grounded in local medical009
practice and linguistic context. In this work,010
we reassess LLM performance on Polish medi-011
cal examinations by extending and refining an012
existing benchmark based on Polish Medical013
Exams. We broaden the evaluation scope by014
incorporating questions from additional profes-015
sional medical exams, and by modifying ques-016
tion structures to create a more challenging and017
informative evaluation setting. Through these018
extensions, we examine how evaluation design019
and question formulation influence model per-020
formance across diverse medical domains in021
Polish. Our results provide deeper insights into022
the robustness and limitations of LLMs in non-023
English medical contexts and highlight the need024
for more expanded evaluation frameworks in025
medical NLP. To facilitate further research, we026
make our benchmark publicly available.1027

1 Introduction028

Large language models (LLMs) are increasingly ex-029

plored for medical applications (Yang et al., 2023),030

motivating the need for reliable and informative031

evaluation frameworks. In recent years, a wide032

range of benchmarks has been introduced to track033

progress in medical LLM capabilities, with most034

evaluations relying on question-answering tasks.035

However, most existing evaluation setups provide036

only a limited view of a model’s true clinical rea-037

soning abilities. Predominantly single-choice and038

multiple-choice questions can overestimate perfor-039

mance and fail to capture reasoning depth, un-040

1https://anonymous.4open.science/r/
MedicalExams-6341

certainty handling, or realistic clinical decision- 041

making (Gu et al., 2025). Consequently, high 042

benchmark scores do not necessarily translate into 043

robust medical competence. 044

In addition, LLM performance in the medical do- 045

main varies appreciably across languages (Alonso 046

et al., 2024; Jin et al., 2024). These findings sug- 047

gest that medical questions require not only general 048

biomedical knowledge but also local contextual un- 049

derstanding, including region-specific disease pat- 050

terns, health-system constraints, and socio-cultural 051

factors (Nimo et al., 2025). This highlights the 052

need for evaluation benchmarks grounded in local 053

medical practice and linguistic context. 054

Considering all limitations of the question- 055

answer benchmarks, we decided to extend and re- 056

fine the previously introduced medical benchmark 057

for Polish medical examinations (Grzybowski et al., 058

2025). Our work addresses the following research 059

questions: 060

• How do large language models perform across 061

a broader and more diverse set of medical 062

domains in the Polish language? 063

• How does modifying the structure of medical 064

questions influence LLM performance? 065

• How to address limitations imposed by the 066

evaluation, consisting of the exam-based 067

single-choice questions? 068

To address the research questions outlined above, 069

we introduce a set of extensions that meaningfully 070

broaden the evaluation landscape of LLMs in the 071

medical domain for the Polish language. Figure 1 072

presents the overview of our methodology. Our 073

contributions include: 074

• Extension of the previously introduced Polish 075

medical knowledge evaluation dataset2 by in- 076

corporating over 12,600 new questions from 077

2https://huggingface.co/spaces/amu-cai/Polish_
Medical_Exams
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Figure 1: Overview of our methodology.

the Pharmaceutical Specialist Examination078

and Examination for Laboratory Diagnosti-079

cians Specialization.080

• Alteration of question structure, resulting in081

a new evaluation method backed by a re-082

composed, specialized, and more challenging083

benchmark.084

• Comprehensive evaluation of 20 LLMs, cover-085

ing a broad range of model families, spanning086

general-purpose models, medical-domain spe-087

cialized models, and Polish-language models,088

enabling a systematic comparison of their per-089

formance and robustness to question modifi-090

cations.091

2 Related work092

A substantial portion of effort on medical093

benchmark construction has focused on ques-094

tion–answering (QA) datasets, resulting in widely095

adopted benchmarks such as MedQA (Jin et al.,096

2021), MedMCQA (Pal et al., 2022), PubMedQA097

(Jin et al., 2019), and more. While these resources098

have played an essential role in assessing progress,099

recent studies have identified several limitations of100

QA-based evaluation. In particular, many bench-101

marks fail to capture the complexity of realistic clin-102

ical scenarios, lack systematic validation against103

expert medical judgment, and are increasingly sat-104

urated, leaving limited headroom for meaningful105

performance differentiation. Moreover, rather than106

demonstrating robust medical reasoning, models107

often exploit innate pattern recognition abilities,108

leading to an overestimation of LLMs’ capabilities109

in clinical reasoning and decision support. This110

behavior has been observed in settings where mod- 111

els are able to correctly quess answers even when 112

key elements of the input question are masked or 113

removed (Gu et al., 2025; Singh et al., 2025). 114

Another limitation of the QA-based evaluation 115

approach concerns biases exhibited by LLMs. Se- 116

lection bias refers to the tendency of a model to 117

preferentially select specific answer option iden- 118

tifiers (e.g., A/B/C/D) independently of their se- 119

mantic content. This behavior persists even when 120

the option or question text is altered, provided that 121

the option identifiers remain unchanged (Zheng 122

et al.). Positional bias, in contrast, captures the 123

model’s sensitivity to the structural placement of 124

answer options within a multiple-choice question. 125

This bias arises from factors such as the order in 126

which options are presented, their relative positions 127

(e.g., first or last), and the overall ordering of the 128

option list, irrespective of the option identifiers 129

(Pezeshkpour and Hruschka, 2023; Zheng et al.). 130

More generally, label bias refers to a model’s ten- 131

dency to systematically prefer certain answer labels 132

over others, regardless of the content of the input 133

task. In prompt-based classification settings, the 134

model selects the answer with the highest proba- 135

bility, but this probability is often biased by the 136

prompt rather than the task semantics. Such biases 137

may be influenced by the choice of label verbal- 138

ization, as well as the selection and ordering of 139

in-context examples (Reif and Schwartz, 2024). 140

Reforming evaluation paradigms toward free- 141

text generation or multi-turn conversational settings 142

has therefore been proposed as a more informative 143

and robust approach to assessing LLM competence 144

in medical domains (Arora et al., 2025; Singh et al., 145
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2025). However, evaluating open-ended text gener-146

ation remains substantially more challenging, as it147

typically relies on expert human annotation, which148

is costly, time-consuming, and difficult to scale. In149

response, LLM-as-a-Judge approaches have been150

explored. Nevertheless, research work indicates151

that expert involvement remains necessary when152

evaluating knowledge-intensive domains such as153

healthcare, particularly with respect to medical154

correctness and potential harm (Szymanski et al.,155

2025; Diekmann et al., 2025).156

LLMs are increasingly being explored in Polish-157

language medical settings, ranging from medical158

benchmarks to systems designed to support emer-159

gency care (Chojnicki et al., 2025). Selected spe-160

cializations, question sets, and exam subsets from161

the Medical Final Exam (LEK, Lekarski Egzamin162

Końcowy), the Medical–Dental Final Exam (LDEK,163

Lekarsko-Dentystyczny Egzamin Końcowy), and164

the Polish Board Certification Examination (PES,165

Państwowy Egzamin Specjalizacyjny) have been166

used in multiple studies to evaluate the LLMs’ med-167

ical capacity in the Polish language (Rosoł et al.,168

2023; Wójcik et al., 2024; Suwala et al., 2023;169

Nicikowski et al., 2024; Pokrywka et al., 2024;170

Siebielec et al., 2024; Jassem et al., 2025).171

The most comprehensive analysis to date of mul-172

tiple LLMs on official Polish medical examinations173

is provided by Grzybowski et al. (2025). This study174

aggregates and publicly releases the largest collec-175

tion of available exam materials. However, existing176

evaluations have not yet incorporated the Pharma-177

ceutical Specialist Examination (PESF, Państwowy178

Egzamin Specjalizacyjny Farmaceutów) or the Ex-179

amination for Laboratory Diagnosticians’ Special-180

ization (PESDL, Państwowy Egzamin Specjaliza-181

cyjny Diagnostów Laboratoryjnych).182

3 Exams183

The LEK Medical Final Exam in Poland is required184

for medical faculty graduates to obtain the right to185

practice and be admitted into a specialization. The186

exam consists of 200 closed questions with four187

distractors and one correct answer. Although a188

score of 56% is sufficient to pass, specialization189

placement depends on ranking, as the number of190

available training positions is limited. As a result,191

most candidates aim for a score of around 90%.192

Similarly, LDEK is an equivalent of LEK but for193

dentistry graduates. The PES Polish Board Certi-194

fication Exam is a mandatory exam for physicians195

and dentists who have completed their specializa- 196

tion. It consists of two parts: a written exam and an 197

oral. The written part consists of 120 closed ques- 198

tions with four distractors and one correct answer, 199

and the participant passes if they obtain at least 200

60% of the possible points. Laboratory diagnosti- 201

cians and pharmacists have their own equivalents 202

of the PES, the Pharmaceutical Specialist Examina- 203

tion (PESF), and the Examination for Laboratory 204

Diagnosticians Specialization (PESDL). Both of 205

them have the same structure and characteristics 206

as PES. Previous studies (Grzybowski et al., 2025) 207

included from LEK, LDEK and PES together with 208

English counterparts of LEK and LDEK, from the 209

Centre of Medical Examination (Centrum Egzam- 210

inów Medycznych - CEM)3 and Supreme Medical 211

Chamber (Naczelna Izba Lekarska - NIL).4 Re- 212

cently, these institutions have released the question 213

sets from the PESF and PESDL exams, which have 214

not been included in any of the prior studies. This 215

has opened an avenue for more diverse evaluation 216

of medical knowledge 217

4 Dataset creation 218

In this section we describe the process behind the 219

curation of additional exams and our modifications 220

to the question format. 221

4.1 Additional datasets sourcing 222

As described in the previous Section, we included 223

the PESF and PESDL datasets using scraping 224

scripts, which removed unnecessary information, 225

extracting only the contents of the questions and 226

answer key. All of the exam questions and keys 227

were available in the PDF format. Two of the PESF 228

exam editions were in the form of PDF scans, re- 229

sulting in multiple OCR errors and rendering them 230

unsuitable for future processing. They were dis- 231

carded because they constituted only a minority 232

of the exam’s editions. As a result, over 12,000 233

questions were added to the benchmark. 234

4.2 Question modification 235

The multiple-choice format, due to its inherent lim- 236

itations, is not well-suited for evaluating the true 237

depth of knowledge possessed by LLMs. Look- 238

ing at the formulation of a multiple-choice QA, we 239

can observe that given a question Q and a set of 240

choices A including a correct answer ai ∈ A the 241

3https://cem.edu.pl/index.php
4https://nil.org.pl/
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task in fact is not revolved around the generation242

of the correct answer, but around the separation243

between incorrect and correct ones. This is backed244

by the experiments performed by (Chandak et al.,245

2025) that highlight that models fine-tuned for QA246

given only the set of answers A, are significantly247

outperforming the random accuracy baseline. This248

suggests that the question content may be entirely249

redundant, and the model can discriminatively se-250

lect the correct answer based solely on the context251

of the choices.252

To limit this phenomenon and propose modifica-253

tions to the original multiple-choice formulation,254

three main groups of question structures that enable255

alteration have been identified and are described256

below. The examples of modified questions in the257

English version are provided in Section E.258

1) Hidden multiple-response questions In the259

Multiple Statements (MS) setting, questions origi-260

nally formulated as multiple-choice with composite261

answer options (each option encoding a subset of262

statements) are reformulated to require the model263

to output the set of correct statements directly. An264

answer is considered correct only if the predicted265

set exactly matches the ground truth.266

In the Multiple Answers (MA) setting, ques-267

tions containing meta-options (e.g., “answers C268

and D are correct”) are transformed into standard269

multiple-response questions by removing such op-270

tions and marking the underlying answers as cor-271

rect. Models must identify all of the answers to be272

correct.273

2) Questions where the correct answer can be274

substituted with "None of the answers is cor-275

rect." Correct answer substitution (AS) tests a276

model’s ability to abstain when no provided option277

is correct. In this setting, the original correct an-278

swer is replaced with an option indicating that none279

of the remaining answers is correct, requiring the280

model to recognize the absence of a valid choice.281

3) Questions that can be modified to be open-282

ended. Open-ended questions (OE) are derived283

from exam items that can be answered solely based284

on their textual context, without reliance on prede-285

fined options. This format reduces multiple-choice286

bias and better reflects realistic model usage. How-287

ever, evaluation is more challenging, as multiple288

valid phrasings may exist and domain expertise is289

required for judgment. In this setting, we employ290

LLM-as-a-judge.291

The structure of the exam questions is consistent, 292

enabling the filtering of questions into modification 293

groups using regular expressions. The regular ex- 294

pression analysis and filtering were done in Polish. 295

Since the English question sets are parallel to Pol- 296

ish, the same filters have been applied to them, as 297

the question structures were the same. 298

Exam #Original #Covered Coverage

LEK 4,312 2,610 61%
LDEK 4,309 3,059 71%
PES 9,965 7,070 71%
LEK ENG 2,725 1,627 60%
LDEK ENG 2,726 1,878 69%
PESDL 10,908 7,627 70%
PESF 1,710 982 57%

All 36,655 24,853 68%

Table 1: Coverage statistics by source.

The obtained dataset spans over 35,000 ques- 299

tions covers multiple medical domains Table 1, and 300

proposed alterations cover 68% of the original ques- 301

tions.The distributions of altered question types 302

vary across exam sets Figure 2, because the ques- 303

tions suited for modifications are not distributed 304

equally in each exam set. Additionally, open-ended 305

alteration had priority over others, since it had the 306

most rigorous filtering, so if the question was suited 307

for both open-ended and None of the answers is 308

correct alterations, the open-ended was chosen. 309

5 Methodology 310

5.1 Obtaining answers 311

Since LLMs are extremely vulnerable to prompt 312

formulations, we have decided to inspect whether 313

the prompt formulation strategy taken in (Grzy- 314

bowski et al., 2025), does not influence the dis- 315

tribution of the produced answers on the Polish 316

medical exams benchmark. To achieve this, anal- 317

ysis of the produced answers by various LLMs, 318

including Polish Bielik (Ociepa et al., 2025b,a,d,c) 319

and PLLuM (Kocoń et al., 2025) variants, but also 320

English-centered models like Qwen (Team, 2025b) 321

and GPT-5-mini (OpenAI, 2025a) has been con- 322

ducted using the following instruction: 323

Your task is to provide answers to a 324

medical test for doctors. From all the 325

provided answers A, B, C, D, E select 326

only one. If you are not sure, choose 327

the most probable one. Answer in a 328

manner: Correct answer is B. 329
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Figure 2: Question type composition across exam question sets.

The initial analysis suggests that the considered330

models are biased towards the answer that is in-331

cluded as a sample answer format in the prompt,332

and that even the order of listing the answers in333

the instruction might influence the model’s pre-334

diction. These initial takeaways are based on the335

comparison between the ground-truth answer dis-336

tribution (correct answers for the medical exams)337

and the distribution of answers generated by the338

aforementioned models. Since the formulation of339

the questions that comprise the benchmark already340

includes the possible answers in a classical order341

(A, B, C, D, E), providing the possible answers in342

the instruction is not necessary.343

Your task is to provide answers to344

a medical test for doctors. From the345

provided answers, select the correct346

one and respond only with that answer.347

End your answer with a period.348

When applicable5, constrained generation based349

on a set of allowed tokens was used paired with the350

instruction suited for the modified question types.351

For example, in one of the multiple-choice sce-352

narios, the model had to return the set of correct353

statements; the generation was constrained to re-354

turn only the indices of the statements considered355

5Some of the tokenizers have unique way of encoding the
numbers into multiple tokens, when constrained to generate
only tokens that are used to form numbers from 1-20 (indices
of correct statements) the model generated complex multi-digit
numbers instead, which rendered a constrained generation
unapplicable.

true, and a suitable instruction was modified to 356

meet these requirements. All of the instructions for 357

generating answers are provided in the Appendix 358

C. 359

5.2 Answer evaluation 360

Answer-key During the dataset alteration, the an- 361

swer key for a given modification was modified on 362

the fly to resemble the modifications made. When 363

considering multi-answer or multi-statement ques- 364

tions, the answer was deemed only correct when 365

the provided output included an identical set of 366

correct statement indices or answers. 367

LLM-as-a-judge For evaluating open-ended 368

questions, the LLM-as-a-judge approach was 369

adopted using GPT-oss-120B (OpenAI, 2025b). 370

However, since the original answer to the modi- 371

fied question may not be the only correct one, and 372

judgment based solely on the original answer key 373

would be insufficient, the model requires extensive 374

medical knowledge to make a correct assessment. 375

Additionally, binary judgments can overstate the ac- 376

curacy of LLMs as evaluators, since the two-class 377

setup allows even chance-level predictions to score 378

relatively high. Instruction for the LLM judgement 379

is provided in the Appendix C. 380

Annotations To address the issues of inflated 381

judgment scores and resolve whether out-of- 382

domain LLM can be sufficient for the evaluation, a 383

meta-evaluation dataset has been introduced using 384

human annotation to measure the alignment be- 385
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All Annotation Samples 1,200
Invalid Samples – Missing Labels 16
Invalid Samples – Invalid Question 167
Positive Labels 280
Negative Labels 647

Fleiss Kappa 0.839

Table 2: Annotation process summary

Samples judged 927
Positive Labels 305
Negative Labels 622

Cohen Kappa (Human, LLM) 0.598

Table 3: LLM-as-a-judge labels on the meta evaluation
dataset with measured agreement with human annota-
tion.

tween LLM-as-a-judge and domain experts - doc-386

tors. A sample from LEK and PES open-ended387

questions was used to generate answers from four388

models: PLLuM-12B-instruct (Kocoń et al., 2025),389

gpt-oss-20b (OpenAI, 2025b), Bielik-11B-v2.6-390

Instruct (Ociepa et al., 2025a,d) and Qwen/Qwen3-391

30B-A3B-Instruct-2507 (Team, 2025b). Each an-392

notator, a medical professional, was given a set393

of 200 (question, generated-answer, original an-394

swer) triplets, together with annotation guidelines.395

Each set of samples included 15 control triplets396

to measure the agreement between the annotators.397

The annotation task was defined as a binary assess-398

ment of whether the generated answer is, in fact,399

a correct answer to the question, with the original400

answer provided as an additional context. The an-401

notators could additionally decide if the question402

is poorly constructed, outdated, or unsuitable for403

a clear answer and discard it from the annotation404

pool.405

The annotation process resulted in 927 valid406

annotation samples and 90 valid control samples.407

Over 150 triplets were invalid due to the question408

construction or being outdated. We have calcu-409

lated the Fleiss Kappa to measure the agreement410

between the annotators on the control group Ta-411

ble 2. To facilitate our LLM-as-judge evaluation,412

we have compared the labels produced by Experts413

and LLM using the Cohen Kappa Table 3. We414

have concluded that the obtained kappa of 0.598 is415

sufficient to extrapolate the judge method to unsu-416

pervised examples. Both the annotation guidelines417

and the instructions for the judge were similarly418

constructed.419

6 Experiment setup 420

The experiments consist of two parts. The first part 421

focuses on the outcomes of the efforts to limit the 422

bias and create a fair evaluation. In this part, the 423

LLMs are evaluated on the unmodified exam sets, 424

comparing two evaluation techniques: the tech- 425

nique reproduced from the Polish Medical Exams 426

benchmark (Grzybowski et al., 2025) and the intro- 427

duced one that changes the instruction to minimize 428

bias and utilizes constrained generation. Addition- 429

ally, including the PESF and PESDL exam ques- 430

tions as an extension to the benchmark. The second 431

part of the experiments presents a comparison of 432

the results obtained from the evaluation using the 433

original and altered question structures. Each exam 434

set is divided according to the alteration method 435

and then evaluated on the same questions, both 436

unmodified and altered. 437

6.1 Models 438

Models under study are categorized in the follow- 439

ing way: medical-domain fine-tuned models, Pol- 440

ish LLMs, and general-purpose LLMs. 441

Medical models: BioMistral-7B and BioMistral- 442

7B-DARE (Labrak et al., 2024) , Meditron3-70B 443

(OpenMeditron), Llama3-OpenBioLLM-70B (Pal 444

and Sankarasubbu, 2024), MedGemma (4B and 445

27B versions) (Sellergren et al., 2025). 446

General-purpose models: Qwen2.5-72B (Yang 447

et al., 2024; Team, 2024), Qwen3-30B (Team, 448

2025b), Llama3.3-70B (AI@Meta, 2025), Llama3- 449

8B (AI@Meta, 2024), Gemma3 (12B and 27B ver- 450

sions) (Team, 2025a). 451

Polish LLMs: PLLuM-12B-instruct, Llama- 452

PLLuM-70B-instruct (Kocoń et al., 2025), Bielik- 453

11B-v2.6-Instruct (Ociepa et al., 2025a,d) and 454

Bielik-4.5B-v3.0-Instruct (Ociepa et al., 2025b,c) 455

6.2 Evaluation 456

We use accuracy expressed in % as a metric for 457

evaluation. Additionally, we aggregate the accu- 458

racies from respective modification groups, taking 459

an average of MS MA and AS and an accuracy on 460

the unmodified equivalents to measure the average 461

change of the performance of a given model on 462

a given exam between the original and modified 463

questions. The evaluation of the OE questions is 464

also expressed as an accuracy measure where the 465

correct answer is determined based on the judg- 466
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Exam Performance (%)

Model LEK LDEK PES PESDL PESF LEK-ENG LDEK-ENG

OM PM OM PM OM PM OM PM OM PM OM PM OM PM

Bielik-4.5B 47.91 43.39 37.25 33.37 32.15 30.58 31.21 34.20 23.92 27.31 52.70 50.13 39.62 38.19
Bielik-11B 64.05 58.93 47.04 41.94 44.38 39.04 50.14 43.27 46.73 37.89 59.71 52.26 44.24 36.90
PLLuM-12B-NC-Inst 48.84 48.77 36.04 35.76 32.91 32.49 37.30 35.84 31.23 32.22 42.83 39.96 32.17 31.07
PLLuM-12B-NC-Chat 49.56 48.59 37.34 35.48 32.94 32.75 37.59 36.29 32.92 31.40 43.89 44.55 33.16 33.24
PLLuM-12B-Inst 46.24 36.46 35.16 27.52 32.65 25.14 35.20 27.83 30.58 22.92 40.88 28.84 30.45 24.17
PLLuM-12B-Chat 38.50 20.80 29.47 17.96 27.49 14.96 30.66 14.88 23.92 12.92 30.94 25.69 24.94 18.97
PLLuM-70B-Inst 70.64 45.99 51.84 32.93 50.43 31.12 57.67 35.78 47.84 27.72 71.27 61.10 50.48 41.82

LLaMA3-8B 44.53 45.73 36.88 39.13 35.93 37.41 40.82 42.58 31.99 34.09 60.81 61.28 42.74 43.21
Gemma-3-12B 64.29 53.83 48.99 38.25 45.90 36.16 53.08 42.30 46.20 37.66 68.73 61.80 47.36 41.64
Gemma-3-27B 72.19 68.02 54.44 49.18 52.23 48.00 59.75 56.81 50.47 50.64 74.39 70.13 52.49 49.16
Qwen3-30B-A3B 74.81 72.52 57.67 54.17 57.42 54.60 66.14 61.72 54.39 50.23 80.84 78.97 60.49 57.15
LLaMA3.3-70B 78.39 79.04 60.57 60.64 59.98 59.70 66.35 67.29 56.43 55.56 81.21 82.28 59.79 62.40
Qwen2.5-72B 77.95 75.83 61.87 58.53 61.04 57.69 69.69 66.93 57.89 54.56 82.75 77.83 64.64 56.53

MedGemma-4B 50.12 43.95 39.61 34.56 37.86 32.78 42.45 36.41 36.08 29.53 58.50 53.72 39.51 36.43
MediPhi-Instruct 33.28 26.95 32.12 26.43 29.87 24.61 34.27 26.62 26.32 20.64 60.77 55.38 42.37 37.89
BioMistral-7B 32.03 19.71 29.06 19.47 27.35 18.52 29.83 19.16 21.64 12.57 42.86 33.06 32.87 25.35
BioMistral-7B-DARE 31.86 24.05 28.92 23.04 26.33 21.47 30.05 22.78 20.00 17.08 44.77 35.16 33.79 27.48
MedGemma-27B 73.86 70.64 53.84 50.17 52.47 49.77 58.92 55.57 51.35 50.88 76.48 73.43 54.37 48.13
OpeOMioLLM-70B 67.67 59.53 50.17 42.17 50.62 40.84 57.43 47.56 48.83 35.03 73.65 74.83 53.37 53.08
Meditron3-70B 65.47 26.00 50.52 32.84 48.44 21.55 54.44 19.42 47.08 15.15 71.74 2.50 53.85 1.10

Table 4: Model evaluation results expressed as percentages. OM = Our evaluation Methodology, PM = Previous
evaluation Methodology.

ment from the described LLM-as-a-judge approach467

using GPT-oss-120B (OpenAI, 2025b).468

7 Results and discussion469

Limiting the bias The results of the replicated470

evaluation methodology used in (Grzybowski et al.,471

2025) and the proposed one are presented in Ta-472

ble 4. The vast majority of the models outperform473

the previous methodology. This is consistent with474

the hypothesis that the bias inferred by the instruc-475

tion and generation method negatively affects the476

benchmark results.477

Question alteration effect The evaluation of478

models’ performance on the altered question479

groups (MS, MA, AS) presented in the Table 5480

showcases a significant drop in performance, sug-481

gesting that the high scores on the original ques-482

tions might be attributed not to the competence of483

the models in medical domains but to the formu-484

lation of the evaluation. Detailed results for each485

alteration group are presented in the Appendix D.486

Open-ended questions Answering open-ended487

questions is the most natural setting for evaluat-488

ing LLMs, as it resembles both day-to-day and489

in-domain use. The results of the evaluation on the490

OE group, presented in the Table 6, show that the491

models are not competent enough to provide the492

correct answers in this setting. None of the models493

has surpassed the average accuracy of 45%, with494

the best model being Qwen3-30B. Moreover, there495

is no significant improvement between the spe- 496

cialised medical models and the general-purpose 497

ones. We observe a consistent trend where larger 498

models achieve higher accuracy, suggesting that 499

memorisation capacity may play an important role 500

in this setting. 501

Model groups Comparing general-purpose and 502

specialised (Polish-language oriented, medical) 503

models highlights several differences. The general- 504

purpose group not only consistently performs well 505

on the original questions from multiple medical 506

domains but also performs well both in English 507

and Polish. There is no significant gap between 508

the general-purpose models and Polish LLMs on 509

Polish exams, and the discrepancy between medi- 510

cal models and general ones on various exams is in 511

favour of the multi-purpose ones. 512

8 Conclusion 513

We extended and refined a Polish medical exam 514

benchmark to provide a more informative evalua- 515

tion of LLMs beyond standard single-choice ques- 516

tions. Our results show that both question structure 517

and domain coverage substantially influence model 518

performance, suggesting that high scores may not 519

reliably reflect true medical competence. These 520

findings underscore the need for more robust, lin- 521

guistically and contextually grounded evaluation 522

frameworks as well as better pre-training protocols 523

for medical LLMs. 524
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Original vs modified avg difference (%)

Model LEK LDEK PES PESDL PESF LEK-ENG LDEK-ENG

Bielik-4.5B -32.22 -23.50 -21.73 -17.79 -12.07 -30.74 -23.93
Bielik-11B -44.56 -30.80 -29.35 -35.60 -34.86 -31.81 -24.23
PLLuM-12B-NC-Inst -33.97 -24.62 -22.20 -26.22 -17.28 -31.47 -24.11
PLLuM-12B-NC-Chat -35.93 -27.98 -23.18 -25.95 -20.71 -35.10 -26.00
PLLuM-12B-Inst -31.97 -25.27 -22.64 -26.49 -24.04 -32.62 -22.58
PLLuM-12B-Chat -27.64 -21.29 -20.26 -24.37 -23.00 -22.28 -17.44
PLLuM-70B-Inst -51.60 -38.83 -37.37 -42.89 -35.90 -51.61 -37.76

LLaMA3-8B -21.22 -17.46 -16.23 -23.24 -22.69 -32.82 -21.04
Gemma-3-12B -54.44 -41.80 -38.53 -46.99 -53.49 -47.85 -34.22
Gemma-3-27B -50.68 -38.40 -35.15 -41.84 -31.33 -49.53 -34.22
Qwen3-30B-A3B -36.64 -28.85 -28.52 -34.58 -28.52 -39.13 -32.68
LLaMA3.3-70B -49.10 -42.98 -40.19 -43.17 -38.91 -53.63 -41.90
Qwen2.5-72B -36.43 -31.42 -29.76 -33.43 -26.02 -38.39 -32.62

MedGemma-4B -37.55 -30.23 -28.64 -31.89 -33.82 -41.88 -29.37
MediPhi-Instruct 9.46 9.40 6.40 -0.95 -4.58 -34.84 -24.88
BioMistral-7B -25.72 -21.12 -21.31 -25.10 -19.87 -34.30 -25.00
BioMistral-7B-DARE -22.05 -17.28 -17.40 -22.93 -13.53 -34.43 -25.83
MedGemma-27B -55.90 -42.52 -39.78 -44.56 -40.59 -58.45 -45.39
OpenBioLLM-70B -36.10 -26.40 -27.38 -33.40 -27.68 -37.65 -25.95
Meditron3-70B -29.10 -27.48 -21.25 -26.95 -22.79 -47.51 -37.47

Table 5: Weighted (by the number of questions in each question group) average differences between the original
question scores and the modified (Multiple Statement – MS, Multiple Answer – MA, Correct answer substitution –
AS).

Open-ended question accuracies (%)

Model LEK LDEK PES PESDL PESF LEK-ENG LDEK-ENG Avg

Bielik-4.5B 32.70 20.14 15.15 18.98 0.00 27.74 16.67 18.77
Bielik-11B 38.39 25.60 17.93 26.62 23.81 36.50 21.51 27.19
PLLuM-12B-NC-Inst 44.55 25.94 20.20 32.41 14.29 38.69 26.34 28.92
PLLuM-12B-NC-Chat 49.76 24.57 21.21 29.40 9.52 43.07 24.19 28.82
PLLuM-12B-Inst 36.97 22.18 16.41 23.84 14.29 43.80 26.34 26.26
PLLuM-12B-Chat 40.28 19.45 16.16 21.53 4.76 37.23 22.58 23.14
PLLuM-70B-Inst 46.45 30.38 21.97 37.27 38.10 62.77 44.09 40.15

LLaMA3-8B 28.44 18.77 15.66 22.45 9.52 37.96 32.80 23.66
Gemma-3-12B 39.34 26.96 19.70 23.84 9.52 54.74 31.18 29.33
Gemma-3-27B 46.45 30.72 25.51 34.72 28.57 50.36 40.32 36.66
Qwen3-30B-A3B 51.18 31.06 28.54 39.58 38.10 66.42 46.24 43.02
LLaMA3.3-70B 51.18 29.01 26.26 40.05 23.81 60.58 44.62 39.36
Qwen2.5-72B 43.60 28.33 26.52 37.50 47.62 53.28 44.09 40.13

MedGemma-4B 22.27 20.82 11.87 15.05 14.29 40.88 22.58 21.11
MediPhi-Instruct 9.48 6.14 5.56 9.49 0.00 38.69 33.33 14.67
BioMistral-7B 10.43 9.22 5.30 8.10 0.00 39.42 27.42 14.27
BioMistral-7B-DARE 20.38 13.99 8.08 11.11 14.29 31.39 23.12 17.48
MedGemma-27B 48.82 29.35 24.24 36.34 23.81 52.55 50.00 37.87
OpenBioLLM-70B 48.34 30.38 25.00 38.19 28.57 54.74 45.16 38.63
Meditron3-70B 41.71 27.30 25.51 34.95 19.05 57.66 47.85 36.29

Table 6: Performance of models on open-ended questions across exams. Values denote the percentage of correctly
generated answers judged by the GPT-oss-120B. “Avg” column is the mean across accuracies on all exams.
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Limitations525

While we present comprehensive evaluation of var-526

ious models, due to computational and cost limi-527

tations, we did not exhaust all of the experimental528

possibilities, which could include more models in529

the same size range, another family of models like530

Mistral, or flagship commercial models like Claude531

or GPT5.532

The GPT-oss-120B model used in the LLM-as-533

a-judge approach, although shows high agreement534

with expert annotations, is not specialised in the535

medical domain. This may limit its ability to con-536

sistently identify subtle clinical inaccuracies or537

domain-specific reasoning errors.538

The regex approach employed to filter the ques-539

tions into modification groups does not capture all540

edge cases, leaving the possibility of errors in gen-541

erated answers due to mismatches between ques-542

tions and instructions. Such errors are expected543

to be infrequent but could introduce noise into the544

analysis for certain modification types.545

Ethical Considerations546

The exam questions used in this work were origi-547

nally created by the Centre of Medical Examina-548

tion (Centrum Egzaminów Medycznych - CEM)549

and made publicly available. Our contribution is550

limited to restructuring and modifying them. The551

part of our dataset was also developed based on552

an existing benchmark dataset (Grzybowski et al.,553

2025), with permission from its authors, and we554

preserve attribution to the original sources.555

To validate the quality of the LLM-as-a-judge556

setup, we used Polish-speaking human annotators557

with medical expertise. Annotators were recruited558

via direct personal invitations and collaborated out-559

side any commercial crowd-annotation platform.560

This helped ensure domain competence and re-561

duced risks related to low-quality or uninformed562

annotations.563

Importantly, performance on written medical ex-564

ams reflects only a narrow slice of medical com-565

petence. Clinical practice additionally requires,566

among other things, taking a patient history, per-567

forming a physical examination, interpreting labo-568

ratory and imaging results, considering contraindi-569

cations and comorbidities, communicating uncer-570

tainty, and making decisions under incomplete571

information. Therefore, high benchmark scores572

should not be interpreted as evidence that LLMs573

“outperform doctors” or are ready to replace clini- 574

cal professionals. 575

Finally, while LLMs can be useful for medical 576

education and as decision-support tools, they may 577

still produce hallucinated or incorrect outputs. This 578

creates a safety risk if such outputs are treated 579

as authoritative. We stress that clinicians should 580

be explicitly informed about these limitations and 581

encouraged to verify model outputs, particularly 582

because medical errors can have serious conse- 583

quences for patient health and life. 584
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Adrian Gwoździej, Krzysztof Wróbel, SpeakLeash 687
Team, and Cyfronet Team. 2025b. Bielik-4.5b-v3- 688
instruct model card. 689

Krzysztof Ociepa, Łukasz Flis, Remigiusz Kinas, 690
Krzysztof Wróbel, and Adrian Gwoździej. 2025c. 691
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C Instructions810

Your task is to provide answers to a medical test for doctors. From the provided statements, select
all that are correct and return only their indexes. End your answer with a period.

Table 7: Instruction for inferring the answer for a Multiple Statements type of question.

Your task is to provide answers to a medical test for doctors. From the provided options, select all
the correct ones and respond only with those answers. End your answer with a period.

Table 8: Instruction for inferring the answer for a Multiple Answers type of question.

Your task is to provide a precise and specialized answer to a medical question for doctors. Answer
with one sentence, phrase, medical term, most appropriate clinical course of action, or diagnosis.

Table 9: Instruction for inferring the answer for an Open-Ended type of question.

Take on the role of a medical examiner in an oral exam. You ask the doctor a question (QUESTION),
and the doctor provides a proposed answer (PROPOSED ANSWER). You also know the correct
answer (ORIGINAL ANSWER). Based on your objective judgment, medical knowledge, and
known guidelines, is the PROPOSED ANSWER correct? Do you determine that the PROPOSED
ANSWER is the correct answer to the QUESTION? If the PROPOSED ANSWER is correct return
True, if the PROPOSED ANSWER is incorrect return False. Do not return anything more than a
Boolean.

Table 10: Instruction used in LLM-as-a-judge.
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D Detailed results811

Tables 11, 12 and 13 present the detailed results812

over the different question alteration groups. Each813

group of modified questions from a given exam814

is compared with the same set of questions, but815

unmodified, and an evaluation method with con-816

strained generations is used.817

The results of the evaluation on the MS, and AS818

questions (Table 11 and 12) present a significant819

drop in the accuracies between the original ques-820

tions and the multiple response ones, showcasing821

the vulnerabilities in models’ reasoning and their822

medical knowledge.823

When it comes to the AS results (Table 13),824

which present the models’ ability to abstain when825

there is no correct answer, the observed drop in ac-826

curacy is substantial. The only model that presents827

improvement over the original evaluations is Med-828

Phi, which on Polish exams obtains an accuracy of829

over 50%. However, in English, it does not show-830

case the same trend. Since it is an English-centered831

model, there might be some training bias that has832

interfered with the evaluation method in Polish.833
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Exam Performance (%)

Model LEK LDEK PES PESDL PESF LEK-EN LDEK-EN

OM MS OM MS OM MS OM MS OM MS OM MS OM MS

Bielik-4.5B 22.78 18.25 20.7 10.05 21.98 10.16 3.79 8.98 8.11 19.64 43.88 16.12 35.6 9.93
Bielik-11B 56.26 24.59 37.91 16.12 38.82 12.86 44.32 13.84 60.54 32.61 51.34 19.1 37.42 10.93
PLLuM-12B-NC-Inst 33.94 22.62 23.78 11.04 25.26 11.9 26.89 12.6 29.55 31.71 21.19 10.15 18.05 5.3
PLLuM-12B-NC-Chat 31.37 15.54 25.47 8.26 24.45 9.66 25.82 12.63 31.89 29.19 25.67 7.16 21.52 4.97
PLLuM-12B-Inst 26.4 8.75 22.49 4.98 23.29 7.07 25.26 5.71 28.29 14.23 21.79 10.45 22.68 7.12
PLLuM-12B-Chat 24.13 3.17 21.89 1.59 21.78 2.55 24.54 2.19 23.6 6.13 17.31 5.97 20.36 5.13
PLLuM-70B-Inst 58.67 40.27 39.1 19.3 38.43 20.39 48.63 24.67 57.12 40.0 55.22 42.99 34.77 20.03

LLaMA3-8B 33.79 15.69 28.26 10.35 28.81 10.97 31.07 11.68 38.92 20.36 43.28 25.37 32.12 13.41
Gemma-3-12B 59.13 2.71 40.7 1.59 40.29 2.24 46.41 1.66 61.26 5.59 63.58 41.19 42.72 18.05
Gemma-3-27B 66.06 42.99 46.97 22.29 44.26 23.95 52.32 28.33 66.67 50.99 69.55 46.27 45.36 23.84
Qwen3-30B-A3B 71.34 44.34 51.24 22.59 51.87 24.87 60.97 28.07 70.09 45.59 78.81 50.45 53.64 27.81
LLaMA3.3-70B 73.45 50.53 53.93 25.97 54.73 28.43 60.02 34.3 74.95 50.63 78.21 49.55 51.99 24.83
Qwen2.5-72B 74.81 48.72 56.82 27.06 54.46 29.39 65.63 36.36 76.4 56.04 83.28 56.42 59.11 30.3

MedGemma-4B 39.97 15.38 31.14 11.14 30.67 9.66 31.89 10.35 44.14 17.84 43.88 20.6 29.64 11.92
MediPhi-Instruct 31.83 10.41 27.86 10.55 27.39 8.3 27.64 7.87 33.33 12.61 47.16 25.07 38.58 16.56
BioMistral-7B 25.04 9.8 20.4 6.77 21.67 8.27 20.14 4.24 20.72 11.53 19.7 12.54 19.54 7.62
BioMistral-7B-DARE 18.85 12.82 18.91 8.86 18.66 9.73 20.82 6.63 18.56 15.32 19.4 15.52 21.19 7.78
MedGemma-27B 66.82 30.17 43.98 10.25 44.03 14.33 49.9 18.15 68.47 38.02 72.24 14.33 46.52 3.81
OpenBioLLM-70B 54.9 38.61 36.52 18.41 41.14 20.97 47.26 24.74 62.88 44.68 62.69 42.39 38.25 21.36
Meditron3-70B 52.94 45.7 32.84 21.79 37.2 26.19 43.86 31.59 57.66 50.09 51.64 45.07 34.93 21.69

Table 11: Model evaluation results. OM = Our evaluation methodology used on original questions, MS = Multiple
Statements results on the same set of questions as OM

Exam Performance (%)

Model LEK LDEK PES PESDL PESF LEK-EN LDEK-EN

OM MA OM MA OM MA OM MA OM MA OM MA OM MA

Bielik-4.5B 46.12 32.33 43.79 22.88 43.07 22.67 46.21 23.79 41.18 35.29 47.97 31.76 52.0 21.33
Bielik-11B 58.62 35.34 51.63 26.8 53.4 21.91 59.31 23.79 58.82 23.53 60.14 36.49 53.33 22.67
PLLuM-12B-NC-Inst 40.52 25.43 32.03 22.88 35.26 18.64 36.72 17.41 47.06 29.41 39.19 16.22 38.67 13.33
PLLuM-12B-NC-Chat 44.83 26.72 35.29 21.57 39.04 18.14 38.97 19.83 41.18 29.41 39.86 19.59 32.0 14.67
PLLuM-12B-Inst 32.76 20.26 29.41 13.73 35.77 13.6 31.38 14.83 17.65 11.76 30.41 13.51 26.67 12.0
PLLuM-12B-Chat 38.79 25.0 24.18 11.76 33.25 15.37 27.76 16.72 35.29 17.65 17.57 14.19 13.33 9.33
PLLuM-70B-Inst 59.05 26.29 50.98 18.95 52.9 19.4 49.83 18.28 76.47 17.65 54.05 30.41 49.33 20.0

LLaMA3-8B 49.57 19.4 47.06 14.38 49.87 16.12 64.66 16.03 52.94 23.53 56.08 15.54 48.0 14.67
Gemma-3-12B 51.29 18.53 44.44 15.69 44.84 17.63 46.03 16.21 64.71 11.76 58.78 25.68 52.0 21.33
Gemma-3-27B 61.21 21.55 50.33 13.73 54.41 14.61 60.69 16.03 52.94 17.65 63.51 23.65 54.67 16.0
Qwen3-30B-A3B 66.38 23.28 57.52 19.61 57.18 17.88 68.1 16.72 76.47 17.65 68.24 29.05 57.33 17.33
LLaMA3.3-70B 71.98 56.47 62.09 38.56 62.47 43.32 67.76 48.1 76.47 70.59 68.24 57.43 60.0 48.0
Qwen2.5-72B 74.57 21.98 64.71 16.34 61.96 16.88 75.52 16.72 82.35 17.65 79.73 25.0 62.67 12.0

MedGemma-4B 47.41 25.86 50.33 20.26 45.59 16.62 51.03 21.55 29.41 11.76 47.97 38.51 49.33 14.67
MediPhi-Instruct 43.1 19.4 48.37 14.38 49.37 17.88 51.21 13.28 47.06 29.41 46.62 26.35 46.67 16.0
BioMistral-7B 40.52 13.36 45.1 13.07 44.33 9.32 50.86 5.52 35.29 11.76 34.46 18.24 41.33 12.0
BioMistral-7B-DARE 43.53 12.5 43.79 13.07 45.09 10.08 51.55 6.55 29.41 5.88 38.51 14.86 48.0 9.33
MedGemma-27B 68.53 23.71 50.98 16.34 55.42 14.61 61.38 17.93 52.94 17.65 66.22 26.35 58.67 20.0
OpeOMioLLM-70B 61.21 21.55 56.86 16.99 54.16 20.91 65.0 17.24 76.47 17.65 62.16 23.65 62.67 12.0
Meditron3-70B 56.47 23.71 54.25 26.14 55.92 20.65 59.14 19.31 76.47 35.29 58.78 34.46 60.0 30.67

Table 12: Model evaluation results. OM = Our evaluation methodology used on original questions, MA = Multiple
Answers results on the same set of questions as OM
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Exam Performance (%)

Model LEK LDEK PES PESDL PESF LEK-EN LDEK-EN

OM AS OM AS OM AS OM AS OM AS OM AS OM AS

Bielik-4.5B 56.05 8.78 40.98 9.2 35.47 6.64 44.47 7.6 50.64 4.63 54.52 20.66 39.59 17.18
Bielik-11B 65.76 12.23 47.39 10.39 44.52 13.02 51.79 11.74 60.67 15.94 58.39 25.52 44.72 22.31
PLLuM-12B-NC-Inst 52.93 6.05 39.49 5.97 35.06 6.05 42.69 5.04 51.16 6.17 45.18 5.66 36.62 5.82
PLLuM-12B-NC-Chat 53.79 6.25 40.67 4.6 35.22 5.91 43.09 5.01 53.98 7.2 46.18 3.38 36.33 4.05
PLLuM-12B-Inst 50.13 8.84 38.56 7.52 35.76 8.57 41.9 7.8 46.79 7.71 46.18 4.17 32.77 5.43
PLLuM-12B-Chat 41.36 8.64 30.1 7.34 29.42 8.19 35.0 6.73 37.53 6.43 35.95 7.25 26.55 6.81
PLLuM-70B-Inst 74.4 5.25 54.35 2.99 55.23 3.88 65.7 4.62 67.1 5.4 73.19 4.37 54.2 2.07

LLaMA3-8B 44.55 23.34 36.26 20.52 37.07 23.86 42.72 20.3 46.02 17.74 61.27 24.63 44.03 22.51
Gemma-3-12B 66.42 9.51 50.25 5.53 47.56 7.48 58.8 7.07 59.9 9.51 69.71 11.22 48.08 7.9
Gemma-3-27B 74.87 10.31 55.66 8.52 54.69 9.63 65.0 8.22 63.24 9.77 74.68 15.0 52.52 11.06
Qwen3-30B-A3B 75.6 35.7 55.78 27.67 58.22 29.77 70.43 37.14 72.49 39.59 80.14 37.44 61.6 25.37
LLaMA3.3-70B 78.59 12.77 60.88 6.65 60.9 8.7 71.56 9.49 73.01 11.83 82.13 13.9 59.62 6.71
Qwen2.5-72B 78.59 40.09 60.88 30.04 62.93 31.53 72.88 40.02 75.32 42.93 82.32 42.5 65.65 32.08

MedGemma-4B 51.0 5.25 40.61 3.98 38.12 4.18 45.03 3.83 49.61 4.37 58.39 5.56 39.88 3.95
MediPhi-Instruct 32.91 61.1 31.59 61.82 30.21 58.57 36.24 57.59 41.65 60.67 62.26 21.05 42.74 16.58
BioMistral-7B 33.38 3.26 27.8 3.05 28.63 3.25 33.6 3.86 38.05 3.08 47.27 1.29 34.06 1.58
BioMistral-7B-DARE 34.11 6.38 27.24 6.72 27.68 6.24 32.7 5.83 31.88 4.11 49.16 2.98 34.85 2.57
MedGemma-27B 76.0 9.91 55.04 6.28 54.04 7.29 63.93 8.14 67.61 12.34 75.57 14.2 56.66 9.18
OpenBioLLM-70B 70.08 25.8 51.87 21.58 54.07 22.26 62.29 21.85 65.55 25.71 75.57 32.27 55.28 25.77
Meditron3-70B 70.94 32.78 56.34 18.66 52.96 26.03 63.48 25.96 67.87 24.16 74.88 10.33 57.95 5.43

Table 13: Model evaluation results. OM = Our evaluation methodology used on original questions, AS = Correct
answer substitution results on the same set of questions as OM
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E Question modification examples834

1) Hidden multiple-response questions835

836

Multiple Statements (MS)837

838

Original question:839

Indicate true statements regarding840

complications associated with using841

chemotherapy in cancer treatment:1)842

the most frequent haematological843

complication is neutropenia (found844

in 60-88% of the patients treated);2)845

neutropenic fever is found in ca. 10-50%846

of patients treated for solid tumours847

and in over 80% of patients treated for848

haematological malignancies;3) the849

G-CSF prophylaxis is recommended850

only in radical and palliative treatment.851

The correct answer is:852

A. 1,2.853

B. all of the above.854

C. 1,3.855

D. 2 only.856

E. 3 only.857

Correct answer: A858

859

860

861

Modified question:862

Indicate true statements regarding863

complications associated with using864

chemotherapy in cancer treatment:1)865

the most frequent haematological866

complication is neutropenia (found867

in 60-88% of the patients treated);2)868

neutropenic fever is found in ca. 10-50869

of patients treated for solid tumours870

and in over 80% of patients treated for871

haematological malignancies;3) the872

G-CSF prophylaxis is recommended873

only in radical and palliative treatment.874

Correct answer: 1, 2875

876

877

878

879

880

881

882

883

884

Multiple Answers (MA) 885

886

Original question: 887

Which of the following activities are 888

characteristic of six-month-old infants? 889

A. supporting their body on the extended 890

arms with partly or fully opened hands. 891

B. bringing a toy from one hand to the 892

other. 893

C. dropping things on purpose. 894

D. answers A,B are correct. 895

E. answers A,B,C are correct. 896

Correct answer: D 897

898

Modified question: 899

Which of the following activities are 900

characteristic of six-month-old infants: 901

A. supporting their body on the extended 902

arms with partly or fully opened hands. 903

B. bringing a toy from one hand to the 904

other. 905

C. dropping things on purpose. 906

Correct answer: A, B 907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

929

930

931
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2) Correct Answer substitution (AS)932

933

Original question:934

An elderly male patient with obturative935

lung disease was diagnosed with her-936

nia. It was protruding from the abdomi-937

nal cavity through the transverse fascia938

which forms the posterior wall of the in-939

guinal canal, at the site bordering the con-940

joint tendon at the top, the inguinal liga-941

ment at the bottom, and laterally, through942

inferior epigastric vessels. The hernia in943

such location is known as:944

A. oblique inguinal hernia.945

B. scrotal hernia.946

C. direct inguinal hernia.947

D. femoral hernia.948

E. spigelian hernia.949

Correct answer: C950

951

Modified question:952

An elderly male patient with obturative953

lung disease was diagnosed with her-954

nia. It was protruding from the abdomi-955

nal cavity through the transverse fascia956

which forms the posterior wall of the in-957

guinal canal, at the site bordering the con-958

joint tendon at the top, the inguinal liga-959

ment at the bottom, and laterally, through960

inferior epigastric vessels. The hernia in961

such location is known as:962

A. oblique inguinal hernia.963

B. scrotal hernia.964

C. none of the answers is correct965

D. femoral hernia.966

E. spigelian hernia.967

Correct answer: C968

969

970

971

972

973

974

975

976

977

978

979

3) Open-Ended (OE) 980

981

Original question: 982

A 36-year-old multiparous woman went 983

to see a gynecologist because of regular 984

but excessive and painful periods which 985

has lasted for the last few years. This is 986

accompanied by increasing fatigue, gen- 987

eral weakness, and more frequent urina- 988

tion. The pathological findings included 989

pale mucosa. Gynecological exam re- 990

vealed a tumour the size of a 4-month 991

pregnancy. Blood test and transvaginal 992

ultrasound were made. What lab test re- 993

sults and diagnosis can you expect? A. 994

aneamia, uterine myomas. 995

B. anaemia, pregnancy. 996

C. normal blood count, pregnancy. 997

D. normal blood count, simple ovarian 998

cyst. 999

E. anaemia, simple ovarian cyst. 1000

Correct answer: A 1001

1002

Modified question: 1003

A 36-year-old multiparous woman went 1004

to see a gynecologist because of regular 1005

but excessive and painful periods which 1006

has lasted for the last few years. This is 1007

accompanied by increasing fatigue, gen- 1008

eral weakness, and more frequent urina- 1009

tion. The pathological findings included 1010

pale mucosa. Gynecological exam re- 1011

vealed a tumour the size of a 4-month 1012

pregnancy. Blood test and transvaginal 1013

ultrasound were made. What lab test re- 1014

sults and diagnosis can you expect? 1015

Correct answer: aneamia, uterine myomas 1016

1017

1018

1019

1020

1021

1022

1023

1024

1025

1026

1027

1028
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