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Abstract001

We propose DivAC-LLM, a hybrid pipeline002
that automatically generates physician-facing003
questionnaires from clinical trial eligibility cri-004
teria. The pipeline integrates rule-based sys-005
tems, shallow machine learning models, fine-006
tuned biomedical transformers, and prompt-007
engineered Large Language Models (LLMs).008
Unlike purely generative approaches, our sys-009
tem explicitly predicts the number of questions010
derived from each criterion and injects struc-011
tured cues into LLM prompts to improve con-012
trol and accuracy. We validate the approach on013
two datasets: CTQG, a corpus we created from014
cancer trials, and QG-SQuAD, a modified ver-015
sion of SQuAD for question generation. Exper-016
imental results show that combining symbolic017
and neural components reduces hallucinations018
and improves semantic alignment. The results019
highlight that LLMs benefit from lightweight020
structure and explicit intermediate reasoning021
when generating interpretable clinical question-022
naires.023

1 Introduction024

Since the mid-20th century, clinical trials have025

been the gold standard for evaluating the safety026

and efficacy of medical interventions (Weed, 1968).027

Randomized Controlled Trials (RCTs) have guided028

drug approvals, treatment guidelines, and health-029

care policies (Meinert, 2012). However, a bot-030

tleneck in this process is eligibility pre-screening031

(Brøgger-Mikkelsen et al., 2020). Although inclu-032

sion and exclusion criteria are designed to identify033

suitable patient subgroups, they are typically ex-034

pressed in unstructured free text. As a result, these035

criteria are often difficult to interpret, even for clin-036

icians, and pose significant challenges to automatic037

parsing and operationalization (Raghavan et al.,038

2014).039

With the widespread adoption of Electronic040

Health Records (EHRs) in the 2000s (Blumenthal041

and Tavenner, 2010), and the public availability042

of over 450,000 trials on ClinicalTrials.gov1, the 043

vision of automated patient-trial matching became 044

increasingly plausible. However, the gap between 045

free-text criteria and structured patient data remains 046

unresolved (Kaskovich et al., 2023). 047

One intermediate solution is the use of struc- 048

tured questionnaires automatically derived from el- 049

igibility criteria. These questionnaires, intended for 050

physicians, can be completed semi-automatically 051

using EHR data (Figure 1). They offer interpretabil- 052

ity, partial standardization, and actionable guid- 053

ance—enabling healthcare providers to assess trial 054

eligibility in a more streamlined and reproducible 055

manner. 056

Figure 1: Examples of question generation.

Prior literature has focused on query genera- 057

tion rather than on physician-oriented questionnaire 058

generation (Park et al., 2024a). However, recent 059

advances in LLMs enable prompt-based rephrasing 060

1https://ClinicalTrials.gov
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of eligibility criteria into questions, although LLMs061

alone remain insufficient (Smith et al., 2023). Our062

hypothesis is that LLMs need to be explicitly in-063

formed about the criteria values and the number064

of questions that a criterion generates, to improve065

their ability to create a questionnaire from a clinical066

trial.067

To explore this idea, we propose a hybrid068

pipeline that identifies criteria in trial descriptions,069

extracts the clinical attributes, and predicts whether070

a criterion should yield one or multiple questions071

before prompting an LLM. This produces question-072

naires where clinicians fill in patient information073

rather than interpreting raw text.074

We also create a dataset, called CTQG (Clincal075

Trial Question Generation), extracted from lung076

cancer clinical trials from ClinicalTrials.gov writ-077

ten exclusively in English, built to train models to078

translate criteria into questions.079

We evaluate our approach on an annotated cor-080

pus of real-world clinical trial criteria. In order081

to compare it with existing methods, we also ap-082

ply our approach to the SQuAD dataset (Rajpurkar083

et al., 2018).084

The contributions 2 of this paper are:085

• An overview of related work on patient pre-086

screening and automated processing of clini-087

cal trial criteria.088

• A reproducible and operational pipeline089

for transforming clinical trial criteria into090

physician-facing questionnaires.091

• A set of guidelines for the creation of the092

CTQG dataset and the public release of the093

QG-SQuAD dataset.094

2 Related Work095

Regarding clinical trial eligibility criteria process-096

ing, early efforts focused on rule-based extraction097

pipelines such as EliIE (Kang et al., 2017) and098

Criteria2Query (Yuan et al., 2019), as well as anno-099

tated corpora like Chia (Kury et al., 2020), which100

transform unstructured criteria into structured rep-101

resentations aligned with database queries.102

Text mining from clinical trial documents has103

also enabled alignment between eligibility crite-104

ria and structured patient data (Weng et al., 2011).105

This includes entity normalization, logical form106

2The clinical trial codes and the final prompts will be
available with the final version of this paper

parsing and OMOP-compatible cohort definitions 107

(Ziletti and D’Ambrosi, 2025). The Leaf Clinical 108

Trials corpus (Dobbins et al., 2022) has provided 109

a large-scale semantic benchmark for such tasks. 110

More recently, LeafAI (Dobbins et al., 2023) intro- 111

duced neural query generators that achieve retrieval 112

performance comparable to experienced program- 113

mers. 114

Some approaches convert criteria into interactive 115

questions to assist in patient recruitment. DQueST 116

(Liu et al., 2019) generates dynamic "Yes/No" ques- 117

tions to match patients with trials. However, it 118

lacks domain-specific clinical phrasing and does 119

not integrate EHR signals. 120

LLMs have opened new possibilities for clinical 121

trial matching. (Wornow et al., 2025) apply zero- 122

shot prompting to evaluate trial-patient compati- 123

bility and generate natural language justifications. 124

TrialGPT (Jin et al., 2024) fine-tunes generative 125

models for trial matching across thousands of real- 126

world protocols, while FollowupBench (Gatto et al., 127

2025) addresses clinical question generation from 128

patient-provider dialogues. However, these sys- 129

tems aim for classification or summarization, not 130

the generation of interpretable, structured questions. 131

Besides, they often suffer from factual hallucina- 132

tions, constraint omission, and semantic overgener- 133

alization (García-Barragán et al., 2025; Pal et al., 134

2022b). 135

Hybrid architectures have emerged to address 136

these shortcomings by combining symbolic, statis- 137

tical, and neural methods. (Li et al., 2024) propose 138

a post-processing framework to reduce hallucina- 139

tions in medical QA. (Yi et al., 2024) incorporate 140

entity-based pre-filtering before LLM reasoning 141

in trial-patient matching. Finally, (Shi and Bucher, 142

2025) combine prompt engineering with rule-based 143

parsing for better generalization across eligibility 144

criteria. It is the closest work to ours. 145

Recent works unleashed the power of LLMs to 146

enhance patient-trial matching. Criteria2Query3 147

(Park et al., 2024b) used GPT-4 to transform the 148

text from ClinicalTrials.gov into SQL queries. Fi- 149

nally, the PRISM framework (Gupta et al., 2024) 150

fine-tuned an LLM to both simplify eligibilty crite- 151

ria and realize patient prescreening, but the ques- 152

tion generation module does not consider that a 153

criteria can become several questions. However, it 154

is the closest work to ours. 155

Despite recent progress, no work has tackled 156

structured question generation from clinical trial 157

criteria for physician-facing tools. There is no stan- 158
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dard protocol or template to transform criteria into159

questions: identical meanings can yield distinct160

formulations across trials.161

3 Methodology162

3.1 Data163

3.1.1 CTQG dataset164

The main dataset used in this work has been de-165

signed based on a set of clinical trials obtained166

from the ClinicalTrials.gov platform. This is an167

online database, administered by the US National168

Institutes of Health (NIH), which contains infor-169

mation on more than 440,000 clinical studies from170

220 countries covering a wide range of diseases171

and conditions.172

These criteria were then refined with medical173

expert input to establish an explicit correspondence174

between each criterion and the questions required175

to operationalize it. An oncologist generated and176

curated 729 questions using ChatGPT-4o, ensuring177

normalization so that identical criteria across trials178

map to the same question. The main prompting179

setup is provided in Appendix A (Section A.1.1).180

Criteria were presented in blocks to obtain initial181

question drafts, which were edited and standard-182

ized. CTQG is designed as a high-precision expert-183

normalized benchmark, prioritizing semantic con-184

sistency over scale. The details of the questions185

creation is available at appendix B.186

Some prompts we crafted for ChatGPT are avail-187

able at Appendix A. No explicit rules were defined188

to sort criteria according to how many questions189

they generate.190

However, the correspondence between criterion191

and question is not strictly one-to-one, but can be192

also one-to-many or many-to-one (see Figure 1).193

Data have been processed representing this infor-194

mation.195

3.1.2 SQuAD dataset196

The second dataset employed in this study is the197

Stanford Question Answering Dataset (SQuAD)198

(Rajpurkar et al., 2018). Released in 2016, SQuAD199

1.1 was designed as a realistic benchmark for200

machine-reading comprehension. It consists of201

Wikipedia passages paired with human-written202

questions whose answers correspond to contigu-203

ous spans in the text, totalling over 100,000 ques-204

tion–answer pairs.205

For this work, SQuAD was transformed to mir-206

ror the structure of the CTQG dataset, yielding207

101,888 entries. Each passage was split into sen- 208

tences, their character offsets were recorded, and 209

each question was linked to the sentence contain- 210

ing its answer span (Algorithm 1). We used the 211

NLTK toolkit (Bird and Loper, 2004) for sentence 212

segmentation. 213

Algorithm 1 Map questions to sentence intervals
Require: Paragraphs P; contexts Cp per paragraph; for each context c: QA

pairsAc = {(a(k)
start , q

(k))}k
1: for all p ∈ P do
2: for all c ∈ Cp do
3: [s1, . . . , sL]← SPLITINTOSENTENCES(c)

4: o← 0;
5: for i = 1 to L do
6: ℓi ← INDEXOF(c, si, o); ri ← ℓi + |si|; o← ri
7: end for
8: for all (astart, q) ∈ Ac do
9: find j s.t. ℓj ≤ astart < rj ▷ binary search or scan
10: map q → (sj , [ℓj , rj))

11: end for
12: end for
13: end for

Furthermore, correspondences were identified 214

between each original text segment (or “Criterion”) 215

and the number of questions generated. The distri- 216

bution of the number of questions associated with 217

each criterion is as follows: 40,961 (40.2%) with 218

zero questions, 40,467 (39.72%) with one ques- 219

tion, 14,536 (14.27%) with two questions, 3,985 220

(3.91%) with three questions, 1,251 (1.23%) with 221

four questions, and 688 (0.67%) with five questions. 222

This distribution highlights that, unlike CTQG, this 223

dataset includes many cases in which no questions 224

are generated. QG-SQuAD reflects a positional 225

task: most sentences contain zero or one answer- 226

able segment, and the number of questions depends 227

on span alignment. In other words, QG-SQuAD 228

reflects positional span alignment, not conceptual 229

decomposition. As a result, QG-SQuAD offers 230

scale and robustness tests but evaluate another skill: 231

local span-driven generation rather than domain- 232

level reasoning. 233

Both processed datasets were partitioned into 234

training, validation, and test subsets, whose sizes 235

are given in Table 1. 236

3.1.3 Comparative of datasets 237

Throughout this section, both datasets have been 238

compared from different perspectives, both glob- 239

ally and with respect to the train, test, and valida- 240

tion partitions. These measures are presented in 241

Table 1. 242

As can be seen, there is homogeneity within the 243

partitions of each dataset, although certain differ- 244

ences can indeed be detected between them. For ex- 245

ample, SQuAD texts are longer in terms of the num- 246
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Dataset Partition Size Vocab. size Entropy Characters Words Sentences
Min Max Avg StD Min Max Avg StD Min Max Avg StD

CTQG

Train 473 1,879 9.19 5 602 126.62 99.94 1 76 18.77 14.91 1 4 1.15 0.43
Test 148 925 8.68 9 742 125.40 111.04 1 111 18.90 16.86 1 4 1.15 0.46
Validation 108 818 8.63 13 573 130.55 125.63 3 93 19.43 19.02 1 4 1.15 0.49
Total 729 2,244 9.25 5 742 126.95 106.24 1 111 18.90 15.96 1 4 1.15 0.44

SQuAD

Train 81,252 91,287 11.27 1 2,458 150.93 78.67 0 341 24.37 12.54 0 12 1.04 0.25
Test 10,407 26,644 10.95 2 781 150.39 79.04 1 127 24.29 12.55 0 4 1.04 0.23
Validation 10,229 26,877 10.93 1 1,412 155.68 85.23 0 230 25.13 13.58 0 11 1.05 0.31
Total 101,888 103,675 11.30 1 2,458 151.35 79.40 0 341 24.44 12.65 0 12 1.04 0.26

Table 1: Statistical summary of the datasets used (CTQG, QG-SQuAD) with respect to the different partitions (train,
test, validation, total), including values for size, vocabulary size, Shannon entropy, and the minimum, maximum,
mean, and standard deviation of the number of characters, words and sentences. Note that for the SQuAD dataset, a
sample of the total was taken for the development of this research.

ber of characters and words, although they contain247

fewer sentences than CTQG. Similarly, SQuAD248

shows a broader vocabulary as well as higher en-249

tropy, which makes sense given the size differences250

between the two datasets.251

3.2 DivAC-LLM pipeline252

To tackle the challenges mentioned in Section 2,253

our pipeline is divided into two tasks: predicting254

the number of questions to generate per criterion255

and the generation itself with criteria extraction.256

Figure 2 illustrates our pipeline and the next sec-257

tions explain the different modules.258

3.2.1 Question division prediction259

This task can either be seen as a regression (approx-260

imate the real number of questions to be generated261

from a criterion) or a classification (categorize the262

number of questions to be generated). In both cases,263

it is a supervised learning approach, as we know264

how many questions were generated for each cri-265

terion. To ease the task, we decided to treat it as a266

ternary classification problem: 0 (no question to be267

generated), 1 (one question to be generated) and 2268

(several questions to be generated).269

As it is a predictive task, LLMs are not as strong270

as most classic fine-tuning approaches (Trust and271

Minghim, 2024). In addition, since criteria are272

a short sentence (18.9 words on average), simple273

solutions can be effective, thus reducing computing274

time and energy consumptions. We created a voting275

algorithm in three steps, giving more weight to276

precision than recall, arguing that it is best that277

the system ignores how many questions have to be278

generated rather than guessing a number:279

1. We extracted dozens of features from the cri-280

terion with SpaCy (Honnibal et al., 2020)281

(whose list is available in Table 15 at Ap-282

pendix E) and established correlation pat-283

terns between the feature values and the three 284

classes in order to implement a rule-based sys- 285

tem. To complete it, we implemented a Ran- 286

dom Forest algorithm and we predicted the 287

remaining classes that had not been labeled by 288

the rule-based system, that has great precision 289

but low recall. 290

2. We fine-tuned two pre-trained transform- 291

ers specialized in the bio-medical domain 292

(BioBERT (Lee et al., 2019) and BioMedLM 293

(Bolton et al., 2024)) to predict the right class 294

for each criterion. 295

3. We crafted a voting algorithm with several 296

conditions, where in case of disagreement be- 297

tween the rule-based + Random Forest and 298

the different fine-tuned models, the priorities 299

could be given to a different predictor, or to 300

the "I don’t know" class. The description of 301

the different strategies is given in Table 16 in 302

Appendix E. 303

We chose the voting configuration that maxi- 304

mizes precision with acceptable recall. 305

The training process is illustrated in Algorithm 306

2 and the voting system in Algorithm 3, both in 307

Appendix C. 308

3.2.2 Question generation and criteria 309

management 310

Two approaches are state-of-the-art, as seen in 311

Section 2: supervised approaches with transform- 312

ers fine-tuning and zero-shot learning with LLMs. 313

They are end-to-end methods that take as input a 314

criterion in natural language and transform it into 315

questions. The fine-tuning approach can be con- 316

sidered as a machine translation task (Raffel et al., 317

2020), where the criterion is the source language 318

and the questions the target. The advantage of this 319
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Figure 2: Automatic questionnaire generation pipeline.

technique is that the model learns from real ques-320

tion examples and thus is accurate when "trans-321

lating". However, in order to work, it requires322

a parallel corpus of a minimum size (Koehn and323

Knowles, 2017) in order to be effective. On the324

other side, the LLM approach requires a few or325

even no question examples in order to work, due to326

its huge language model and generative capacities,327

but the issues are in the risks of hallucinations and328

variability in its generation.329

Nevertheless, as the LLMs approach is based330

on prompt engineering and instructions crafting331

(Liu et al., 2023), it is possible to control the out-332

put by adding to the prompt information about the333

criteria. In other words, the LLMs approach can334

be stronger if used with a previous step where the335

criteria values are extracted in a NER fashion and336

passed explicitly to the prompt. We decided to337

combine two LLMs:338

1. One is the state-of-the-art in criteria extrac-339

tion called AutoCriteria (Datta et al., 2024), a340

framework based on the GPT-4 model to ex-341

tract granular eligibility criteria information342

from clinical trial documents.343

2. Another is an instance of Llama 3.3344

(Grattafiori et al., 2024), an open-source LLM,345

easier to fine-tune than commercial ones, that346

we used in order to generate more accurate347

questions for each criterion with less variabil-348

ity among clinical trials with a few-shot learn-349

ing approach where we feed the generic LLM350

with examples of criteria-questions pairs. The351

prompts that have been used are presented in 352

Appendix A.1. 353

The final result is a three-module system (ques- 354

tion division, AutoCriteria and LLM) that we called 355

DivAC-LLM, optimized for questionnaire genera- 356

tion from clinical trials. 357

4 Experimental results and evaluation 358

4.1 Experimental setup 359

Regarding the baselines, we used, depending on 360

the dataset: 361

1. CTQG: three state-of-the-art pre-trained 362

transformers, two specialized in the medi- 363

cal domain (BioBART (Yuan et al., 2022), 364

BERT2BERT (Moll et al., 2025)), one 365

generic (Flan-t5 (Smilga and Alabiad, 2024)), 366

ChatGPT-4o and Llama 3.3 against the full 367

DivAC-LLM. 368

2. QG-SQuAD: two state-of-the-art generic pre- 369

trained transformers (Prophetnet (Qi et al., 370

2020), Pegasus-Xsum (Zhang et al., 2019)), 371

ChatGPT-4o and Llama3.3 against DivAC- 372

LLM. 373

For the experiments, the hardware, training time 374

and costs are available in Tables 18 and 19 in 375

Appendix E. When fine-tuning transformers mod- 376

els for question generation, we performed a grid 377

search, where the ranges are available at Table 21 378

in Appendix E. The best hyperparameters for each 379

dataset are available at Table 17 in Appendix E. 380
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Dataset & class Precision Recall F-score
CTQG 0 0.74 0.33 0.45
CTQG 1 0.84 0.71 0.77
CTQG 2 0.33 0.43 0.38
QG-SQuAD 0 0.69 0.41 0.52
QG-SQuAD 1 0.38 0.41 0.40
QG-SQuAD 2 0.45 0.68 0.54

Table 2: Results of question division prediction with the
best voting strategy for both CTQG and QG-SQuAD.

4.2 Results evaluation381

For question division, we realized a classic auto-382

matic evaluation. For question generation, we con-383

ducted two distinct evaluations, a human evalua-384

tion based on (Nema and Khapra, 2018) and an385

automatic evaluation based on the QGEval metrics386

benchmark (Fu et al., 2024).387

4.2.1 Question division evaluation388

As it is a module that can be activated or deacti-389

vated, we evaluate separately the question division390

prediction on both CTQG and QG-SQuAD. We391

show in Table 2 the results with the best voting392

strategy. While the question division module un-393

derperforms on QG-SQuAD, due to this module394

reliance on linguistic heuristics rather than domain-395

informed labeling, the module achieves better re-396

sults on CTQG, in the precision of classes 0 and 1.397

In the Section 4.2.3 we observe the impact of the398

module for questionnaire generation.399

4.2.2 Human evaluation400

We compared the results of the benchmarked mod-401

els with ours (DivAC-LLM) using a human evalua-402

tion. We used three metrics with three annotators403

(3 Spanish males between 30 and 40, 2 NLP engi-404

neers, 1 domain expert) to evaluate generated ques-405

tions quality: fluency (how fluent is the generated406

question), adequacy (how close are the reference407

and the generated question) and understandabil-408

ity (how understandable is the generated question)409

(Callison-Burch et al., 2006). Annotators followed410

a shared guideline defining adequacy, fluency and411

understandability, with ties allowed. For the three412

of them, a scale from 1 to 5 is asked for, where the413

higher the value, the better the text is with respect414

to such metric. These evaluations have been made415

individually, and no information about the model416

has been provided (blinded revision).417

We merged the mean of each annotator for each418

model and each metric and summarized it in the419

Table 3. The results show that for fluency and 420

understandability, the metrics that depend on the 421

quality of the generation, the gold standard and the 422

DivAC-LLM have similar scores, whereas DivAC- 423

LLM matches or slightly exceeds reference ade- 424

quacy, reflecting normalization consistency rather 425

than superior clinical judgment. 426

Additionally, two bio-medical experts (1 male, 427

1 female both Spanish and between 30 and 40) 428

were in charge of detecting which questions were 429

generated and which were the original reference 430

questions. In Table 4 we can observe that they 431

are unable to detect which of the questions belong 432

to the reference standard and which to Llama 3.3, 433

proving how hard it is to detect generated content 434

for a non-computing linguist. Finally, these two 435

annotators were asked to choose between DivAC- 436

LLM and their own ground truth. In 69.8% of the 437

cases, they chose DivAC-LLM. 438

Three annotators (two computational linguists 439

and one biomedical expert) rated all generated ques- 440

tions for adequacy, understanding, and fluency. Ta- 441

ble 5 reports standard inter-annotator agreement 442

(Fleiss’ κ, Krippendorff’s α, Scott’s π) (Artstein 443

and Poesio, 2008) together with a Wilcoxon domi- 444

nance score (W ) (Dror et al., 2018). The W score 445

summarises all pairwise one-sided Wilcoxon tests 446

as the number of significant wins minus losses for 447

each model, providing a single comparative indi- 448

cator that is not affected by chance-correction arti- 449

facts. 450

Agreement values are heterogeneous across sys- 451

tems: encoder-decoder baselines show moderate 452

agreement, whereas LLMs display low or nega- 453

tive κ/α/π, reflecting the instability of chance- 454

corrected measures under skewed or near-ceiling 455

rating distributions. The Wilcoxon scores of- 456

fer a clearer picture: DivAC-LLM and Chat- 457

GPT obtain the highest W values across all three 458

dimensions, while Pegasus underperforms with 459

negative scores. Mid-range models (BioBART, 460

BERT2BERT, FLAN-T5, ChatGPT-lite, Llama3.3) 461

show small positive or negative values, indicating 462

mixed performance. 463

4.2.3 QGEval evaluation 464

To validate DivAC-LLM, instead of relying on tra- 465

ditional machine translation metrics such as BLEU 466

(Papineni et al., 2001), ROUGE (Lin, 2004), or 467

BERT-score (Zhang et al., 2020), we used the 468

QGEval benchmark. This open source framework 469

brings together more than a dozen evaluation met- 470
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Model Annotator 1 Annotator 2 Annotator 3 Mean
Adeq. Underst. Flu. Adeq. Underst. Flu. Adeq. Underst. Flu. Adeq. Underst. Flu.

biobart 4.01 4.48 4.47 3.87 4.47 4.47 3.81 4.25 4.14 3.90 4.40 4.36
BERT2BERT 3.44 4.18 4.15 3.32 4.17 4.21 3.40 3.74 3.72 3.38 4.03 4.03
FLAN-T5 3.83 4.77 4.68 3.60 4.70 4.70 3.93 4.50 3.88 3.79 4.66 4.42
pegasus-xsum 2.86 3.46 3.41 2.76 3.45 3.46 2.50 2.99 2.40 2.71 3.30 3.09
ChatGPT 4.28 4.99 4.99 3.83 5.00 5.00 4.67 4.95 4.88 4.26 4.98 4.96
ChatGPT-lite 4.59 4.99 4.97 4.18 5.00 5.00 4.91 5.00 4.95 4.56 5.00 4.97
Llama3.3 4.28 5.00 5.00 3.99 5.00 5.00 4.58 4.68 4.60 4.28 4.89 4.87
DivAC-LLM 4.71 4.98 4.92 4.87 4.94 5.00 4.93 4.98 4.94 4.84 4.97 4.95
human 4.54 4.98 4.94 4.83 4.97 4.98 4.74 4.99 5.00 4.70 4.98 4.97

Table 3: Human evaluation scores for adequacy, understanding, and fluency from three annotators (Annotator 1-3)
and their mean.

Model Percentage (%)
FLAN-T5 6.4
ChatGPT 11.1
BERT2BERT 13.4
bioBART 13.4
ChatGPT lite 14.6
Llama3.3 20.5
Manual labeling 20.5

Table 4: Percentage of times each model was selected
as the best system.

rics, ranging from the aforementioned ones to oth-471

ers such as QRelScore (Wang et al., 2022) (which472

combines word-level matching with sentence-level473

generation) and UniEval (Li et al., 2025) (a set474

of fine-grained evaluation tags designed to better475

correlate with human judgments). A detailed de-476

scription of these metrics is provided in Tables 13477

and 14 in Appendix D. Table 6 shows the results478

of the metrics for the CTQG dataset. Our method479

outperforms all the other baselines in both lexical480

and semantic metrics. We also made an ablation481

study by removing the question division and then482

AutoCriteria modules. It is interesting to notice483

that a fine-tuned Llama 3.3 works best with both484

modules and then with none, so we hypothesize485

there could be some dependency between them.486

To confirm the importance of question division for487

this task, we also compared our method against an488

oracle, where the LLM knows the real number of489

questions to be generated. The oracle outperforms490

all the other configurations but the difference is not491

as big with DivAC-LLM, showing that our module492

is well trained.493

Regarding QG-SQuAD, as there are no criteria,494

we combined the question division module with495

different LLMs and compared the results with fine-496

tuned transformers. Table 7 shows the results for497

the QG-SQuAD dataset. In this case, the ques-498

tion division module improves LLMs models, but499

the fine-tuned models outperform the LLMs for 500

ROUGE and, more surprisingly, for BERTscore, 501

proving that the question division is critical for 502

clinical trials, but not generalizable for all question 503

generation tasks. 504

5 Discussion 505

Our results support three observations. First, condi- 506

tioning prompts with predicted question counts and 507

extracted criterion values improves CTQG genera- 508

tion across lexical and semantic metrics, and better 509

matches expert phrasing than bare LLM prompt- 510

ing. Second, separating division, extraction, and 511

generation yields more stable outputs than end-to- 512

end prompting, especially for multi-clause criteria. 513

Third, precision-oriented division reduces multi- 514

question splits and hallucinations. 515

The comparison with QG-SQuAD clarifies 516

scope. Because its “criteria” are generic sentences 517

and alignment is position-based, division accu- 518

racy has limited semantic impact, and fine-tuned 519

seq2seq baselines remain competitive on ROUGE 520

and BERTScore. In contrast, CTQG benefits from 521

explicit domain cues (entities, thresholds, excep- 522

tion lists), which allow rule- and feature-based 523

models to anchor generation. 524

Human evaluation mirrors these trends: fluency 525

and understandability vary little across strong sys- 526

tems, while adequacy is more sensitive to prompt 527

conditioning and explicit metadata. Inter-annotator 528

agreement is moderate, consistent with prior sub- 529

jective NLG evaluation. While the questionnaire 530

format improves clarity, errors may still affect eli- 531

gibility decisions. DivAC-LLM mitigates this risk 532

via rule-guided prompting and explicit metadata, 533

but remains a decision-support tool requiring clini- 534

cal supervision. 535

Finally, the pipeline ablation suggests that LLMs 536
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Model Adequacy Understanding Fluency
Fleiss κ Kripp. α Scott’s π W Fleiss κ Kripp. α Scott’s π W Fleiss κ Kripp. α Scott’s π W

biobart 0.326 0.318 0.316 -1 0.503 0.498 0.496 +1 0.471 0.466 0.463 +1
BERT2BERT 0.333 0.321 0.318 -1 0.457 0.447 0.445 +1 0.465 0.455 0.453 +1
FLAN-T5 0.255 0.245 0.242 -1 0.384 0.381 0.378 +1 0.156 0.134 0.130 +1
pegasus-xsum 0.308 0.281 0.278 -7 0.514 0.488 0.486 -7 0.355 0.323 0.321 -7
ChatGPT 0.199 0.163 0.160 +4 0.163 0.162 0.159 +4 0.055 0.045 0.041 +5
ChatGPT-lite 0.092 0.043 0.039 -1 1.000 1.000 1.000 +1 0.192 0.191 0.188 +1
Llama3.3 0.225 0.202 0.199 -1 1.000 -0.017 -0.021 +1 1.000 -0.022 -0.026 +1
human 0.220 0.214 0.211 NA 0.149 0.150 0.147 NA 0.071 0.068 0.065 NA
DivAC-LLM 0.015 -0.299 -0.304 +6 -0.001 -0.434 -0.439 +4 1.000 -0.434 -0.439 +5

Table 5: Inter-annotator agreement (Fleiss’ κ, Krippendorff’s α, Scott’s π) and Wilcoxon signed-rank dominance
score (W ). W is the number of significant wins minus losses for each model against all others for that dimension.

metrics QRelScore BERTScore ROUGE-L Q-BLEU4

bioBART 0.363 0.772 0.721 0.462
BERT2BERT 0.393 0.696 0.438 0.523
Flan-t5 0.658 0.710 0.471 0.443
ChatGPT 0.658 0.710 0.471 0.443
Llama3.3 0.670 0.709 0.475 0.456

Autocriteria + Llama3.3 0.745 0.891 0.399 0.395
Question division + Llama3.3 0.742 0.893 0.408 0.410
Fine tuned Llama3.3 0.710 0.944 0.694 0.618
DivAC-LLM 0.746 0.945 0.758 0.682

DivAC-LLM oracle mode (no autocriteria) 0.747 0.956 0.750 0.696
divAC-LLM oracle mode 0.752 0.953 0.722 0.653

Table 6: Automatic evaluation results on CTQG with respect to different models and combinations compared with
DivAC-LLM.

Model BERTScore BLEU ROUGE
Gemini 0.868 0.149 2.27
Gemini + div 0.855 0.209 2.98
ChatGPT 0.868 0.153 2.19
ChatGPT + div 0.874 0.210 3.07
Llama3.3 0.869 0.177 2.37
Llama3.3 + div 0.884 0.170 3.17
ProphetNet-large 0.888 0.143 3.41
Pegasus-XSum 0.898 0.173 3.21

Table 7: Automatic evaluation results on QG-SQuAD
comparing fine-tuned models and LLMs with question
division module.

are strong surface realizers but weak controllers537

without explicit inputs. Lightweight predictors pro-538

vide control signals that keep generation within539

clinically useful bounds.540

6 Future work541

In future work, we will replace the static voting542

mechanism with a learned calibration layer to im-543

prove per-criterion decision reliability, following544

recent work on expectation consistency calibration545

for neural networks (Clarté et al., 2023). We also546

plan to enrich criterion extraction with structured547

representations and apply constrained decoding to 548

enforce template-level consistency, extending re- 549

cent findings in controlled text generation (Hokamp 550

and Liu, 2017). Finally, we will integrate clinician 551

feedback in a human-in-the-loop workflow so that 552

their edits continuously fine-tune both division and 553

generation modules, aligning with current advances 554

in active learning for foundation models (Wan et al., 555

2023). 556

7 Conclusion 557

We introduced DivAC-LLM, a hybrid pipeline for 558

generating physician-facing questionnaires from 559

clinical trial criteria. By combining rule-based 560

signals and classical models with LLM prompt- 561

ing, and by explicitly injecting extracted values, 562

the system improves automatic metrics on CTQG 563

and yields human judgments comparable to strong 564

baselines for fluency and understandability while 565

improving adequacy. The findings indicate that 566

lightweight structure and prompt conditioning com- 567

pensate for limitations of end-to-end prompting in 568

clinical settings where multi-clause logic and ex- 569

ceptions are common. 570
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Limitations571

Certain limitations can be identified in this ap-572

proach:573

• Dataset scope. The dataset is limited to574

English-language lung cancer trials, which575

narrows both linguistic and clinical variabil-576

ity. Broader multilingual evaluation is needed577

to ensure robustness across registries and578

pathologies (Neumann et al., 2024).579

• Human evaluation scale. Expert assessment580

was conducted by only three annotators within581

one specialty, potentially biasing adequacy582

and fluency judgments. Larger collaborative583

annotation efforts such as MedMCQA illus-584

trate the benefits of scaling expert input (Pal585

et al., 2022a).586

• Model transparency. Although DivAC-LLM587

improves interpretability through explicit in-588

termediate steps, it still depends on opaque589

LLM components. Reliability and calibration590

remain open challenges before any clinical591

deployment.592

• External validation. No downstream testing593

has yet been performed on real patient screen-594

ing tasks, leaving practical effectiveness and595

safety unverified.596

• Energy consumption Although the efforts597

were optimized in order to avoid a huge en-598

ergy consumption, the training and fine-tuning599

periods were long enough to be costly and600

energy-greedy, which has to be improved in601

order to be more sustainable.602

• Why not fine-tuning an LLM to do every-603

thing? Given the size of the dataset and its604

high-quality expert-based annotation, a few-605

shot end-to-end supervised fine-tuning of a606

small Llama could have been used to enrich607

the benchmark. However, as we have very608

short inputs (and outputs), we prioritize pre-609

cision over recall (the "I always reply some-610

thing" from the LLM can decrease precision).611

Furthermore, the energy consumption would612

be even bigger, so we decided to skip this613

experiment.614
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A Appendix921

A.1 Prompts922

A.1.1 CTQG initial dataset generation923

I’ll give you (one by one) a set of clinical trial inclu-924

sion/exclusion criteria and I need you to turn them into a925

question, as if in a form. e.g. for criteria "patient is > 18" the926

question would be "is the patient > 18?"927

A.1.2 Question generation for Clinical Trials928

You are a clinical assistant specialized in communicating el-929
igibility criteria for clinical trials. Your task is to transform930
inclusion or exclusion criteria into understandable questions931
directed at patients in English, while maintaining both clinical932
accuracy and clarity of language.933
Additionally, you must briefly reason out loud before generat-934
ing each question, explaining step by step how you break down935
the criterion, what terms you identify, and how you decide to936
formulate the questions. This reasoning must be clear, logical,937
and concise, and should be included just before each group of938
questions.939
Objective: Convert each criterion into one or more clear and940
understandable questions in English, without losing medical941
rigor.942
Important instructions (read carefully and follow all of them):943

1. Analyze each criterion carefully: if the same criterion944
contains multiple clinical conditions, diseases, values,945
histories, or options, you must generate a separate ques-946
tion for each of those elements. Do not combine multiple947
conditions into a single question.948

2. Before generating the questions, write a brief explana- 949
tion of your reasoning in English (chain of thought), 950
identifying the relevant parts of the clinical criterion 951
and justifying how you are going to split them. 952

3. Always use the following format for your answers: 953

• “Reasoning: [your step-by-step explanation in En- 954
glish]” 955

• “New question N: [generated question]” 956
• If there is more than one question for that crite- 957

rion: “New question N: [question 1] || [question 958
2] || [question 3] ...” 959

4. Keep the original abbreviations (e.g., VIH, BMI, COPD). 960
Do not explain or expand them. 961

5. Do not rewrite or interpret the criteria. Only transform 962
them into questions. 963

6. Always generate the questions in English. 964

Reasoning example: 965
Criterion: Age ≥ 18 years old Reasoning: The criterion refers 966
to age, with a threshold of 18 years. It is a single condition 967
related to minimum age. New question 1: Is the patient ≥18 968
years old? 969
Other examples without reasoning: 970
Example 1: 971
Criterion: Age ≥ 18 years old 972
Question: Is the patient ≥18 years old? 973
Example 2: 974

... 975

A.1.3 Question generation for SQuAD 976
You are a documentalist, expert in converting sentences into 977
questions. Your task is to extract from the original text under- 978
standable questions in English which answer is included in 979
the same text, while maintaining both accuracy and clarity of 980
language. 981
Additionally, you must briefly reason out loud before gener- 982
ating each question, explaining step by step how you break 983
down the text, what terms you identify, and how you decide to 984
formulate the questions. This reasoning must be clear, logical, 985
and concise, and should be included just before each group of 986
questions. 987
Objective: Convert each sentence into one or more clear and 988
understandable questions in English, without losing rigor. 989
Important instructions (read carefully and follow all of them): 990

1. Analyze each text carefully: if the same text contains 991
multiple relevant questions, you must generate them. If 992
you consider that there is no relevant question to be 993
generated, simply write "Unknown" 994

2. Before generating the questions, write a brief explana- 995
tion of your reasoning in English (chain of thought), 996
identifying the relevant parts of the text and justifying 997
how you are going to split them. 998

3. Always use the following format for your answers: 999

• “Reasoning: [your step-by-step explanation in En- 1000
glish]” 1001

• “New question N: [generated question]” 1002
• If there is more than one question for that crite- 1003

rion: “New question N: [question 1] || [question 1004
2] || [question 3] ...” 1005

4. Keep the original abbreviations (e.g., VIH, BMI, COPD). 1006
Do not explain or expand them. 1007
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5. Do not rewrite or interpret the text. Only transform1008
them into questions.1009

6. Always generate the questions in English.1010

Remember: if necessary, you should generate various ques-1011
tions separated by "?", and avoid including new lines in the1012
questions and between them if many are generated1013
Example 1:1014
Criterion: Cultural reactions have varied from ridicule to ad-1015
miration; many common stereotypes exist regarding redheads1016
and they are often portrayed as fiery-tempered.1017
Question: What type of temper are people with red hair con-1018
sidered to have?1019
Example 2:1020

...1021

B Annotation guidelines for1022

criterion-to-question mapping1023

Unit of annotation The primary unit is an atomic1024

clinical condition expressed in an eligibility crite-1025

rion (e.g., age constraint, ECOG status, prior treat-1026

ment, specific comorbidity, organ function, preg-1027

nancy/contraception). A single textual criterion1028

may yield one or multiple questions if it contains1029

several independent conditions or clinically rele-1030

vant exceptions.1031

B.1 Inputs and annotator setup1032

• Source documents: full inclusion/exclusion1033

sections of oncology trial protocols.1034

• Annotator: one medically literate annota-1035

tor, working alone (no adjudication, no inter-1036

annotator agreement).1037

• LLM assistance: ChatGPT is used to draft1038

questions from criteria; the annotator then1039

manually edits the output to follow the rules1040

in this section.1041

• Effort: typical time per question is a few sec-1042

onds, with a single prompt per batch of criteria1043

(no iterative prompt engineering per item).1044

B.2 Question generation rules1045

B.2.1 General phrasing1046

1. Patient-centred formulation: questions are1047

formulated about the patient, not about ab-1048

stract “participants”. Typical patterns:1049

• “Is the patient . . . ?”1050

• “Does the patient have . . . ?”1051

• “Has the patient . . . ?”1052

2. Binary questions by default: questions are 1053

yes/no. The logical polarity (inclusion vs. ex- 1054

clusion) is not encoded in the wording. For 1055

example, both “patients with X are excluded” 1056

and “patients must have X” yield questions of 1057

the form “Does the patient have X?” 1058

3. Preserve clinical content and terminology: 1059

clinical constructs (e.g., ECOG, TNM, PD- 1060

L1, drug names, numeric thresholds) are pre- 1061

served verbatim. Acronyms and units are not 1062

simplified or explained. 1063

4. Abstract away protocol management: 1064

protocol-management phrasing (“must be”, 1065

“is required”, “prior to enrolment”) is removed 1066

when it does not alter the clinical condition. 1067

Time constraints that affect eligibility are kept 1068

(e.g., “within N days before treatment”). 1069

B.2.2 Numbers, thresholds and comparators 1070

5. Preserve numeric operators and units: in- 1071

equalities (≥, ≤, >, <) are kept as symbols 1072

in the question text. Units (g/dL, ×ULN, 1073

mL/min, mmHg, months, weeks, years, etc.) 1074

are preserved. Example pattern: 1075

Criterion: “Age ≥ X years” → 1076

Question: “Is the patient ≥ X years 1077

old?” 1078

6. Multi-constraint tests: when a criterion ag- 1079

gregates several lab thresholds or organ func- 1080

tion conditions that jointly define a single con- 1081

cept (e.g., “adequate organ function”), a single 1082

question is created: 1083

“Does the patient meet the criteria 1084

for adequate [organ] function (e.g., 1085

[list of thresholds])?” 1086

If thresholds appear elsewhere as independent 1087

criteria, they may be annotated separately. 1088

B.2.3 Splitting criteria into multiple questions 1089

7. One atomic condition → one question: if a 1090

criterion includes several independent clauses 1091

(e.g., age + performance status + disease 1092

stage), these are split into separate questions, 1093

one per atomic condition. 1094

8. Exceptions and complex logic: for patterns 1095

of the form “X except Y and Z”: 1096
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• At least one question captures the broad1097

condition (e.g., “Does the patient have1098

any previous or current malignancy?”).1099

• Additional questions may be created1100

for clinically important exceptions when1101

they are meaningful variables (e.g., ma-1102

jor cardiovascular disease).1103

• Benign exceptions (e.g., vitiligo, alope-1104

cia) are not systematically turned into1105

separate questions; they remain implicit1106

in the logic.1107

B.2.4 Multi-choice vs. yes/no questions1108

9. Yes/No for presence/absence: conditions that1109

are naturally binary (pregnancy, presence of a1110

comorbidity, history of a given treatment, pres-1111

ence of brain metastases, etc.) are encoded as1112

yes/no questions.1113

10. List when categories are enumerated: if a1114

criterion explicitly enumerates mutually exclu-1115

sive categories (e.g., tumour types, histologic1116

subtypes, study cohorts), it is encoded as a1117

single multi-choice question:1118

“Which of the following applies to1119

the patient? (1) . . . , (2) . . . , (3) . . . ”1120

The corresponding answer type is a list.1121

Follow-up criteria that merely continue the1122

list are not considered separate items.1123

B.2.5 Target population1124

11. Question population: for each question, a1125

separate field encodes the subpopulation for1126

which the question is meaningful, e.g.:1127

• “All patients”1128

• “Women of childbearing potential”1129

• “Male participants”1130

• “Only if [brain metastases = yes]”1131

Optionally, population restrictions may be re-1132

peated in the question text as a leading clause1133

(e.g., “For women of childbearing potential:1134

. . . ”).1135

B.3 Summary of the annotation process1136

All questions are created by a single medically liter-1137

ate annotator using ChatGPT as a drafting tool, fol-1138

lowed by manual post-editing to enforce the guide-1139

lines above. Each criterion is processed once (no1140

double annotation, no adjudication), and the order1141

of questions within each trial follows the original1142

ordering of criteria. When a criterion yields multi- 1143

ple questions, these appear immediately after the 1144

parent in the internal sheet. 1145

C Question division experimental details 1146

C.1 Data preparation details 1147

• CTQG: there is a large imbalance in classes, 1148

where class 1 is over-represented compared to 1149

the other two (Table 8).

Class Description Proportion
0 criterion generates no question 0.196
1 criterion generates one question 0.647
2 criterion generates several questions 0.157

Table 8: Data class support for CTQG question division
prediction.

1150

• QG-SQuAD: there is more balance than in 1151

CTQG, but this time there is one class that is 1152

under-represented, class 2 (Table 9).

Class Description Proportion
0 criterion generates no question 0.405
1 criterion generates one question 0.405
2 criterion generates several questions 0.190

Table 9: Data class support for QG-SQuAD question
division prediction.

1153

C.2 Rules sample 1154

The rules we extracted from the CTQG features are 1155

available at Table 10 and the ones for QG-SQuAD 1156

at Table 11. 1157

Algorithm 2 Question division algorithm
Require: Labeled criterion {(xi, yi)}
1: Extract features Φ(xi)
2: Fit/keep high-precision rules R
3: Train RandomForest on (Φ(xi), yi)
4: Compute embeddings E(xi)
5: Fine-tune transformer models {fm} on (E(xi), yi)

D Complementary results 1158

Tables 13 and 14 present the complementary results 1159

of Tables 6 and 7, respectively, with additional 1160

metrics introduced section 4.2.3. 1161

E Complementary information 1162

In this last Appendix, we include all details on 1163

the methods we used (Tables 15, 16) or on the 1164

experimental set-up (Tables 17, 19, 18, 20). 1165
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Rule condition Class Precision Support
raw_word_len ≥ 36 AND shannon_char_entropy ≤
4.1787

2 1.00 5

raw_word_len ≥ 39 AND num_clauses ≤ 4 2 1.00 5
raw_word_len ≤ 2 AND num_words ≤ 2 0 1.00 5
raw_char_len ≤ 179 AND raw_char_2grams_voc ≥
113

2 1.00 5

raw_char_len ≥ 263 AND raw_char_2grams_voc ≤
142

2 1.00 5

raw_char_len ≥ 216 AND raw_char_3grams_voc ≤
174

2 1.00 5

raw_char_len ≥ 216 AND raw_char_4grams_voc ≤
194

2 1.00 6

raw_char_len ≥ 273 AND
raw_word_2grams_voc_lemma ≤ 38

2 1.00 5

raw_char_len ≤ 188 AND
raw_word_2grams_voc_pos ≥ 15

2 1.00 5

raw_char_len ≥ 271 AND num_clauses ≤ 4 2 1.00 5
raw_char_len ≤ 12 AND num_words ≤ 2 0 1.00 6
raw_voc_len ≥ 28 AND shannon_char_entropy ≤
4.1705

2 1.00 5

raw_voc_len ≤ 2 AND num_words ≤ 2 0 1.00 5
raw_voc_len ≤ 33 AND num_words ≥ 47 2 1.00 5

Table 10: Validated rule set for the main classifier. Each rule is defined by a condition, target class, precision, and
support.

Algorithm 3 Inference and voting (precision-
prioritized
Require: Criterion x, rules R, RF, models {fm}, thresholds

τr, τft, τmaj

1: Compute Φ(x) and E(x)
2: If a rule in R fires with confidence ≥ τr , return class
3: Get RF prediction (yrf , crf )
4: Get FT predictions {(ym, cm)} and majority ymaj with

support pmaj and min confidence Cmaj

5: if pmaj ≥τmaj and Cmaj≥τft then return ymaj

6: end if
7: if crf ≥τft then return yrf
8: end if
9: return IDK
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Rule condition Class Precision Support
raw_char_2grams_voc ≤ 0 AND shan-
non_word_entropy ≥ 4

0 0.90 10

raw_voc_len ≥ 5 AND raw_word_2grams_voc_pos
≤ 0

0 0.83 6

raw_char_len ≤ 2 AND raw_word_voc_pos ≥ 5 1 0.80 5
raw_char_4grams_voc ≥ 5 AND
raw_word_2grams_voc_pos ≤ 0

0 0.80 5

raw_char_4grams_voc ≤ 0 AND shan-
non_word_entropy ≥ 3

0 0.78 36

raw_char_len ≥ 5 AND raw_word_2grams_voc_pos
≤ 0

0 0.75 8

raw_char_2grams_voc ≤ 0 AND num_words ≥ 4 0 0.75 8
raw_char_len ≤ 0 AND shannon_word_entropy ≥ 3 0 0.74 42
raw_voc_len ≤ 2 AND raw_word_2grams_voc_pos
≥ 5

1 0.71 7

Table 11: Validated rule set derived from the SQuAD-style subset.

Hyperparameter value
Activation function Softmax
loss function cross-entropy
dropout 0.1
class weighting No
weight decay 0.000001
epochs 3
batch size 32
learning rate 0.000005
warm-up 1000 steps

Table 12: Best hyper parameters for transformers
fine-tuning for question division prediction with QG-
SQuAD.
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Metrics (I) QRelScore METEOR ROUGE-L QSTS QBLEU BARTScore
BERT2BERT 0.34 0.32 0.47 0.69 0.38 -4.65
bioBART 0.43 0.39 0.52 0.79 0.41 -4.37
Llama3.3 0.68 0.44 0.47 0.79 0.46 -3.55
FLAN-T5 0.66 0.36 0.41 0.72 0.35 -3.83
ChatGPT 0.66 0.44 0.47 0.74 0.44 -3.49
DivAC-LLM 0.74 0.53 0.56 0.77 0.52 -3.16
Metrics (II) BARTScore fluency clarity conciseness relevance consistency
BERT2BERT 0.77 -5.22 0.88 0.76 0.77 0.78
bioBART 0.81 -4.86 0.88 0.80 0.81 0.82
Llama3.3 0.92 -3.60 0.89 0.92 0.92 0.92
FLAN-T5 0.86 -3.85 0.86 0.85 0.86 0.86
ChatGPT 0.91 -3.69 0.88 0.90 0.91 0.91
DivAC-LLM 0.93 -3.38 0.91 0.92 0.93 0.92
Metrics (III) answerability acceptance answer consistency overall mean scaled
BERT2BERT 0.77 0.78 0.75 0.78 0.11 0.32
bioBART 0.81 0.81 0.78 0.82 0.19 0.46
Llama3.3 0.93 0.91 0.84 0.91 0.36 0.71
FLAN-T5 0.87 0.85 0.80 0.85 0.29 0.58
ChatGPT 0.92 0.90 0.85 0.90 0.35 0.69
DivAC-LLM 0.93 0.92 0.83 0.91 0.42 0.83

Table 13: Extended automatic evaluation results on CTQG with respect to five different models compared with
DivAC-LLM.

Metrics (I) QRelScore METEOR ROUGE-L QSTS QBLEU BARTScore
Gemini 0.46 0.23 0.23 0.62 0.15 -4.28
Gemini + div 0.35 0.24 0.30 0.58 0.21 -4.30
ChatGPT 0.47 0.22 0.22 0.62 0.15 -4.33
ChatGPT + div 0.33 0.24 0.31 0.59 0.21 -4.37
Llama3.3 0.32 0.17 0.24 0.52 0.18 -4.63
Llama3.3 + div 0.28 0.21 0.32 0.54 0.17 -4.47
ProphetNet-large 0.26 0.28 0.34 0.30 0.14 -3.75
Pegasus-XSum 0.37 0.24 0.32 0.36 0.17 -3.79
Metrics (II) BARTScore fluency clarity conciseness relevance consistency
Gemini -3.74 0.81 0.89 0.90 0.90 0.90
Gemini + div -4.28 0.78 0.82 0.82 0.84 0.82
ChatGPT -3.77 0.85 0.91 0.91 0.92 0.91
ChatGPT + div -4.35 0.77 0.79 0.80 0.82 0.80
Llama3.3 -4.56 0.87 0.87 0.87 0.88 0.87
Llama3.3 + div -4.64 0.86 0.86 0.86 0.88 0.86
ProphetNet-large -4.19 0.66 0.76 0.77 0.77 0.77
Pegasus-XSum -4.21 0.87 0.90 0.92 0.92 0.92
Metrics (III) answerability acceptance answer consistency overall mean scaled
Gemini 0.90 0.89 0.73 0.86 0.19 0.62
Gemini + div 0.83 0.82 0.72 0.81 0.15 0.52
ChatGPT 0.91 0.91 0.75 0.88 0.19 0.65
ChatGPT + div 0.80 0.80 0.73 0.79 0.14 0.50
Llama3.3 0.88 0.88 0.69 0.85 0.11 0.47
Llama3.3 + div 0.86 0.87 0.73 0.85 0.14 0.56
ProphetNet-large 0.77 0.77 0.67 0.74 0.15 0.46
Pegasus-XSum 0.92 0.91 0.76 0.89 0.22 0.81

Table 14: Extended automatic evaluation results on QG-SQuAD comparing fine-tuned models and LLMs with and
without question division module.
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Feature Mean value
AND or OR in text 0.52
has semicolon 0.03
has conjonction 0.57
number of clauses 2.49
number of words 18.32
word length 15.73
character length 108.58
vocab. length 13.82
word bigrams 14.44
character bigrams 68.92
word trigrams 13.66
character trigrams 89.26
word quadrigrams 12.72
character quadrigrams 94.41
word lemmatized 13.73
word bigrams_lemma 14.42
word trigrams_lemma 13.65
word quadrigrams_lemma 12.72
word POS 7.39
word bigrams POS 7.00
word trigrams POS 6.13
word quadrigrams POS 5.28
word NER 1.24
word bigrams NER 0.66
word trigrams NER 0.31
word quadrigrams NER 0.14
shannon character entropy 4.01
shannon word entropy 3.45
conditional word entropy 0.12
conditional character entropy 0.08
renyi word entropy 0.12
renyi character entropy 1.69

Table 15: Average feature values per criterion in CTQG.

18



Voting Strategy Description / Decision Rule
pred If both the rule-based model (prediction) and BioBERT agree on a class

different from 2, use that class; otherwise, output 2.
default1 If both the rule-based model and BioBERT agree on a class different from 1,

use that class; otherwise, output 1.
majority_transformer If the two transformers (BioBERT and BioMedLM) agree, take their class;

otherwise, fall back to the rule-based model.
majority_rules If the rule-based model agrees with either transformer, use the rule-based

prediction; otherwise, fall back to BioBERT.
hybrid_priority Prioritize class 1 if any transformer predicts 1; prioritize class 2 if rules predict

2; otherwise, if rules and BioBERT agree, keep that; else 0.
consensus_only Output the class only if all three models (rules, BioBERT, BioMedLM) fully

agree; otherwise, label as −1 (uncertain).
strict_negative Reject (−1) if all predict −1; if all agree otherwise, output that class; else fall

back to BioBERT.
2of3 If any two of the three models agree, take that class; otherwise, label as −1 (no

consensus).

Table 16: Overview of voting strategies combining rule-based predictions, BioBERT, and BioMedLM outputs.

Hyperparameter Value
Activation function Softmax
Loss function Cross-entropy
Dropout 0.5
Class weighting No
Weight decay 5e-6
Epochs 8
Batch size 4
Learning rate 1e-5
Warm-up 100 steps

Table 17: Best hyperparameters
for transformer fine-tuning (ques-
tion division, CTQG).

Metric Value Assumptions / Notes
Total utterances 92
Total tokens 24,949
Avg. tokens / utterance 271.200 Computed as 24,949/92
GPU time 0.153 h (9.000min) Inference only
Energy consumption 0.046 kWh 0.153 h × 0.300 kW
CO2 emissions 9.200 g EU grid avg.

0.200 kgCO2/kWh
Electricity cost C0.009 C0.20/kWh (EU, 2024)
Cloud rental C0.380 C2.50/GPUh (on-

demand)

Table 18: Approximate compute and environmental footprint for 92
utterances (24,949 tokens) on one NVIDIA A100 40GB at 300.000W.
Power and emissions factors from NVIDIA (2022) and IEA (2023).

Experiment Duration GPU h Energy (kWh) Elec. (C) Cloud (C) CO2 (kg)
CTQG ∼2 weeks 350 105 21 875 21
QG-SQuAD ∼1 month 700 210 42 1750 42

Table 19: Runtime and cost estimates for grid search (question generation + division)
on a single A100 40GB at 300.000W. Prices: C0.20/kWh (EU 2024), C2.50/GPUh
(on-demand). Emissions: 0.200 kgCO2/kWh.
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Parameter CTQG QG-SQuAD
Batch size 16 32
Learning rate 0.0001 0.00001
Epochs 8 12
Warm-up steps 50 1500

Table 20: Hyperparameter configura-
tions used in CTQG and QG-SQuAD
experiments.

Hyperparameter CTQG QG-SQuAD
Epochs [4, 6, 8, 10, 12] [6, 8, 10, 12, 14]
Batch size [16, 32, 64, 128] [32, 64]
Learning rate [5e−6, 1e−6, 1e−5, 1e−4, 5e−5] [5e−5, 1e−5]
Warm-up steps [10, 50, 100] [1k, 5k, 10k]

Table 21: Grid search hyperparameter ranges for CTQG and QG-SQuAD experiments.
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