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Abstract001

Despite the strong multilingual abilities002
of modern LLMs, biomedical information003
extraction remains inconsistent for low-004
resource, morphologically rich languages005
such as Bangla/Bengali and Basque. Prior006
investigations of prompt design and out-007
put schemas have been focused on high-008
resource settings. To bridge this gap, we009
systematically evaluate biomedical named010
entity recognition (NER) with open LLMs011
under multiple prompting settings. We012
find that span-based extraction is much013
more effective than BIO tagging for LLM014
prompting across all languages, while mov-015
ing from statement-based prompting to016
question-based prompting has a stronger017
effect on low-resource languages than on018
high-resource languages (e.g., +57% for019
Bangla and +109% for Basque, but only020
+28% for English and +22% for Span-021
ish). Our breakdowns by error type022
show that translation-based prompting023
cuts Bangla hallucinations by 64% and QA-024
style prompting lowers Basque empty pre-025
diction errors by 61%. Our results offer026
practical guidance for building reliable mul-027
tilingual biomedical NER systems in low-028
resource languages. We release our code at029
https://github.com/<anonymized>.030

1 Introduction031

Research on health and medical texts is im-032

portant because it affects people’s lives, can033

reduce cost and workload, and supports better034

clinical decisions (Agrawal et al., 2022; Averly035

and Ning, 2025). However, most medical infor-036

mation appears in unstructured text, so medi-037

cal named entity recognition (NER) is needed038

to identify and label key medical terms (Averly039

and Ning, 2025). Creating these labels re-040

quires medical expertise, which makes anno-041

tation slow, expensive, and hard to scale. Tra-042

Figure 1: A statement-based prompt for biomedi-
cal NER in Bangla results in an incorrect extrac-
tion (red), while a question-based prompt results
in a correct extraction (blue).

ditional fine-tuning for NER also needs many 043

labeled examples. To reduce this dependence, 044

prior work has explored prompting and in- 045

context learning with large language models 046

(LLM) achieving great performance in high- 047

resource languages like English (Ashok and 048

Lipton, 2023; Li et al., 2023a; Li and Zhang, 049

2024; Wang et al., 2025; Averly and Ning, 050

2025). In contrast, for low-resource languages, 051

we still lack a systematic understanding of 052

how different prompting strategies affect mul- 053

tilingual LLM performance in biomedical NER 054

(Azime et al., 2025; Kumar et al., 2025). 055

We present a study of how different prompt- 056

ing strategies behave in Bangla/Bengali 057

and Basque, two morphologically rich lan- 058

guages (Bhattacharyya and Bhattacharya, 059

2025; López de Lacalle et al., 2020) with 060

complex grammar that pose challenging low- 061

resource settings. To test whether prompt- 062
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ing effects generalize across languages, we063

also evaluate Spanish and English as high-064

resource comparisons, which lets us separate065

shared prompting behavior from language-066

specific effects under the same multilingual067

models. We compare two output represen-068

tations, Beginning–Inside–Outside (BIO) tag-069

ging (Chen et al., 2022) and span-based ex-070

traction, and provide practical guidance for071

converting BIO outputs into span format. Fi-072

nally, we analyze which prompting strategies073

help reduce common extraction errors, includ-074

ing entity hallucination, over-generation, and075

boundary mistakes. We summarize these goals076

in three research questions:077

• Which prompting strategy most reli-078

ably improves biomedical NER for low-079

resource languages?080

• Does the span-based format beat BIO tag-081

ging format, and why?082

• Which errors occur most often across083

prompts, and which prompting choices re-084

duce hallucination, over-generation, and085

boundary errors?086

We show that LLMs struggle generating out-087

puts in BIO format and that span-based ex-088

traction is a much better option. We also find089

that formulating NER as a question-style task090

(see Figure 1) obtains the best results, pro-091

viding major improvements for low-resource092

languages like Bangla and Basque. Our out-093

comes can benefit biomedical NER not only in094

other low-resource languages but also in other095

multilingual settings. Since multilingual mod-096

els share parameters across languages, meth-097

ods designed for low-resource settings often098

strengthen the shared multilingual backbone099

(Pfeiffer et al., 2020; Liu et al., 2021; Choenni100

et al., 2023; Pham et al., 2024).101

2 Related Work102

Prior work has explored zero-shot and few-103

shot methods for Bangla across several NLP104

tasks (e.g., Dementieva et al. 2025; Adak105

et al. 2025; Li et al. 2023b; Shafayat et al.106

2024); for example, Hasan et al. (2024) use 3-107

shot and 5-shot prompting for sentiment anal-108

ysis. Prompting has also been applied to gen-109

eral Bangla NER: Mahtab et al. (2025) pro-110

vide an English instruction prompt describing111

the BIO tags and rules, include 10 in-context112

input–output examples, and then prompt the 113

model to label a new Bangla sentence in 114

BIO format. Early work on Bangla biomed- 115

ical/telemedicine NER (e.g., Islam et al. 2022; 116

Sazzed 2022) primarily focused on dataset 117

construction. More recently, Khan et al. 118

(2023) introduce Bangla-HealthNER and eval- 119

uate fine-tuned BanglaBERT, BanglishBERT, 120

and mBERT models, and also report substan- 121

tially lower performance for zero-shot Chat- 122

GPT than for supervised fine-tuning. 123

For Basque, there is prior work on biomed- 124

ical NER, and most of it relies on super- 125

vised training or fine-tuning with BIO-style 126

output formats. Urbizu et al. (2022) intro- 127

duce the BasqueGLUE NLU benchmark; they 128

use standard fine-tuning and report baseline 129

results, and for the NER task they follow the 130

BIO annotation scheme. Zanoli et al. (2024b) 131

examine whether a multilingual clinical cor- 132

pus is effective for disorder NER; they train 133

and fine-tune supervised NER models and use 134

IBO/BIO-style tagging. 135

However, existing work for both Bangla and 136

Basque largely emphasizes supervised BIO tag- 137

ging, and we still lack a clear picture of how 138

prompt design and output format affect LLM- 139

based biomedical NER in these languages. To 140

fill this gap, we systematically evaluate mul- 141

tiple prompting strategies and compare BIO 142

tagging with span-based JSON extraction. 143

3 Methods 144

Figure 2 details our NER evaluation pipeline 145

and the different configurations we have ex- 146

plored in low-resource languages. We start 147

from a base prompt that includes instructions 148

for the task and some rules and hints to guide 149

the LLM when annotating the entities. In all 150

cases, the instructions are in English but indi- 151

cate the target language. For example, “You 152

are a biomedical NER assistant that performs 153

Named Entity Recognition in Bangla.” Build- 154

ing on this base, we explore different configura- 155

tions involving the output format of the anno- 156

tations, whether or not to include demonstra- 157

tion examples, the format of these examples, 158

or how the model should address the task. 159

3.1 Datasets 160

For our Bangla experiments, we use Bangla- 161

HealthNER (Khan et al., 2023), a large Ben- 162
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Datasets
Bangla-HealthNER

E3C (Basque/others)
Output Schema
BIO → Span-based (Alg. 1)

Demonstration examples
Zero-shot prompting
Few-shot prompting
Prompt Variations
QA-style prompting
Explanation-based prompting
Translation-based prompting

Language Models (∼8B)
Meta-Llama-3-8B
Qwen3-8B
Aya 8B

Model Outputs
span-based JSON

Evaluation
Exact-match entity-level
Precision / Recall / F1Controlled setup

Fixed decoding settings
Same prompts per language

Figure 2: Overview of our biomedical NER evaluation pipeline. We vary (i) output schema (BIO vs span-level
JSON) and (ii) prompting strategy, keep inference settings fixed, and evaluate with exact-match entity-level F1.

gali biomedical NER dataset built from con-163

sumer health Q&A collected from a public on-164

line health platform in Bangladesh. It con-165

tains 31,783 samples and 144,136 sentences,166

annotated in token-level (BIO-style) format.167

The dataset includes seven entity types: Symp-168

tom, Health_Condition, Medicine, Special-169

ist, Age, Dosage, and Medical_Procedure.170

We include Bangla-HealthNER because it is171

one of the largest publicly available human-172

annotated Bengali medical NER resources.173

For Basque, Spanish, and English, we use174

the European Clinical Case Corpus (E3C;175

Magnini et al., 2020), a multilingual collec-176

tion of clinical case narratives in five languages.177

The corpus reports clinical-case counts/tokens178

of English 9,533 (928K), Spanish 1,400 (531K),179

and Basque 122 (26K). Annotations are pro-180

vided in a two-level scheme: a THYME-style181

layer (Styler et al., 2014) that covers time182

expressions events and actors, and a clini-183

cal entity layer that provides UMLS1 Con-184

cept Unique Identifiers of different clinical dis-185

orders. From the THYME layer, we keep186

entities corresponding to the Patient and H-187

Professional (health professionals) categories.188

From the UMLS layer, we following previous189

work (Zanoli et al., 2024a) and label all disor-190

ders with the same Disorder category.191

3.2 Output Schema192

For all datasets, we evaluate two representa-193

tions: (1) the original BIO token-level labels194

and (2) a span-based format (entity mentions195

as text spans), allowing direct comparison be-196

tween tag-based and span-based extraction.197

BIO format (bio) is a token-level tagging198

scheme for NER (Ramshaw and Marcus, 1995)199

that has been previously used with LLMs for200

Bangla NER (Mahtab et al., 2025). Given a201

1https://www.nlm.nih.gov/research/umls/

Figure 3: Illustration of a BIO prompt for Bangla
biomedical NER, where the system instruction enforces
strict BIO tagging and the model outputs one label per
token.

tokenized sentence x = (x1, . . . , xn), dataset 202

assigns a tag sequence y = (y1, . . . , yn) where 203

each tag is one of: 204

yi ∈ {O} ∪ {B-t, I-t | t ∈ T }, 205

T is the set of entity types (e.g., Age, Symp- 206

tom, etc.). Here, B marks the beginning of 207

an entity span, I marks inside the same entity 208

span, and O means not an entity.” Figure 3 209

shows the prompt for the BIO tagging format. 210
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Algorithm 1 BIO → span-level JSON
Require: Tokens x1:n, BIO tags y1:n, entity types T
Ensure: J : map t ∈ T 7→ list of extracted span

strings
1: J (t)← [ ] ∀t ∈ T
2: i← 1
3: while i ≤ n do
4: if yi = B-t for some t ∈ T then
5: s← i
6: i← i+ 1
7: while i ≤ n and yi = I-t do
8: i← i+ 1
9: end while

10: e← i− 1
11: span← Detok(xs:e)
12: span← Clean(span)
13: if span 6= ∅ then
14: J (t)← J (t) ‖ [span]
15: end if
16: else
17: i← i+ 1
18: end if
19: end while
20: return J

Span-based format (json) means the211

model does not output a tag for every token.212

Instead, it directly outputs the entity men-213

tions as text spans from the sentence, usu-214

ally grouped by entity type in a JSON-like215

structure. Many prior works adopt span-based216

NER models (Sohrab and Miwa, 2018; Rojas217

et al., 2022). In contrast, our approach pre-218

dicts BIO tags and then performs BIO decod-219

ing (chunk extraction) to convert token-level220

predictions into span strings. Formally, BIO221

decoding yields a set of extracted spans:222

Ŝ =

{
(t, xs:e)

∣∣∣∣ ys = B-t, ∀i ∈ (s+1, . . . , e) : yi = I-t,
ye+1 6= I-t

}
223

where T is the set of entity types and xs:e is the224

token span reconstructed into text. We used225

Algorithm 1 to detokenize each extracted span226

and append it to J (t). Code is also available227

at: https://github.com/<anonymized>.228

3.3 Demonstration Examples229

Zero-shot prompting (zero) is a strategy230

where we provide only the task instruction and231

the list of entity types, without any labeled232

examples (Liu et al., 2023). We provided de-233

tailed guidelines to the model, e.g., instruct-234

ing it to skip negated symptoms, not confuse235

duration with age, not treat lab/test names236

as symptoms, and to select short, clean spans237

with no duplicates. This setting tests whether238

the model can perform biomedical extraction239

with only instructions and no demonstrations.240

Figure 4: Illustration of a question-style prompt for
Bangla biomedical NER, where the yellow-highlighted
text explicitly asks the model to identify predefined
medical entity types in the input text.

Few-shot prompting (few) is a way to use 241

an LLM without training it, where we show 242

the model a small number of labeled examples 243

(Pan et al., 2023; Cheng et al., 2025) inside the 244

prompt and then ask it to do the same task for 245

a new input. Such labeled examples are known 246

as the support set, SK , where K labeled exam- 247

ples are included in the prompt. Formally, we 248

combine the base prompt Pbase with this sup- 249

port set, and find the LLM’s most probable 250

output, ôFS, given this combined prompt: 251

PFS = Pbase ⊕ SK 252

ôFS = arg max
o

p(o | x, PFS) 253

The few-shot prompt contains K = 9 in- 254

context examples in the target language. We 255

designed the examples in a way that each en- 256

tity type appears at least once, and the set 257

includes both short and long examples. 258

3.4 Prompt Variations 259

Question-style prompting (qa) appends 260

an explicit question q to the prompt while us- 261

ing the same support set SK : 262

PQA = Pbase ⊕ SK ⊕ q 263

ôQA = arg max
o

p(o | x, PQA) 264

This approach presents the biomedical entity 265

extraction task as a direct question, such as 266

“Which entities of types (Age, Symptom, …) 267

appear in this text?””, as shown in Figure 4. 268
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Figure 5: Illustration of an explanation-based
prompt for Bangla biomedical NER, where the yellow-
highlighted text provides a natural-language explana-
tion of the clinical context and entity semantics.

Explanation-based prompting (expl) is269

a prompting strategy (Figure 5) that provides270

a brief description of what entities are likely271

present in the current text. First, the prompt272

explains the label boundaries (e.g., Health_-273

Condition is a diagnosis or stated condition,274

while Symptom is a complaint). Then, for275

each example, we add a short natural-language276

description in English that highlights the rele-277

vant cues in the input. We have used explana-278

tion only for examples, not the entire prompt.279

This prompt uses the same support set SK and280

adds label definitions D = {dℓ}ℓ∈L:281

PDesc = Pbase ⊕ SK ⊕D282

ôDesc = arg max
o

p(o | x, PDesc)283

Translation-based prompting (trans) is284

a process of prepending an English render-285

ing (Figure 6) of the input while also keep-286

ing the original Bangla/Basque text in the287

prompt. This encourages the model to reason288

in English, which can help when the model is289

stronger in English than in the target language.290

However, this approach can fail when transla-291

tion paraphrases the meaning, drops details,292

Figure 6: Illustration of a translation-based prompt
for Bangla biomedical NER, where the yellow-
highlighted text shows the English translation of the
original Bangla clinical text used for entity extraction.

mistranslates medical terms, or changes span 293

boundaries. Therefore, we treat translation- 294

based prompting as a practical baseline rather 295

than a guaranteed improvement. Let T (·) be 296

a translation function (e.g., Bangla/Basque → 297

English). We use the same support set SK , but 298

the input includes the translated text: 299

x′ = T (x) 300

PTrans = Pbase ⊕ SK 301

ôTrans = arg max
o

p(o | x′, PTrans) 302

3.5 Language Models 303

We primarily conduct our experiments us- 304

ing Meta-Llama-3-8B (Grattafiori et al., 305

2024), a widely adopted open-weights model 306

with strong general performance. However, 307

to test the effect of different model families, 308

we also evaluate the best-performing prompt 309

strategy under LLama-3 on two additional 310

models: Qwen3-8B (Team, 2025) and Aya 311

(Aryabumi et al., 2024). We include Qwen3 be- 312

cause it is a competitive recent model that of- 313

ten performs particularly well on high-resource 314

languages such as English, and Aya because 315
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Prompt Bangla Basque Spanish English
bio_few 0.054 0.104 0.019 0.120
json_few 0.345 0.312 0.445 0.527

Table 1: Biomedical NER Performance across out-
put schemas with Llama3-8B. In both cases, we
apply few-shot prompting.

it is designed for multilingual use and thus316

provides a useful contrast for low-resource set-317

tings. To ensure a fair comparison, we select318

similar size models (all in the ∼8B parameter319

range) and and keep inference settings fixed.320

4 Experimental Results321

4.1 Output Schema Comparison: BIO322

Tagging vs Span-Based323

Table 1 shows a large gap between BIO324

tagging and span-based extraction, indicat-325

ing that the output schema strongly affects326

LLM-based NER. Across languages, switch-327

ing from bio_few to json_few yields consis-328

tent absolute F1 gains: +0.291 (Bangla; 0.054329

→ 0.345), +0.208 (Basque; 0.104 → 0.312),330

+0.426 (Spanish; 0.019 → 0.445), and +0.407331

(English; 0.120 → 0.527). BIO tagging is likely332

harder for LLMs because the model must label333

every token in the exact order, with even one334

missing/extra token (or a tokenization mis-335

match in Bangla/Basque) breaking the whole336

alignment. Span-based extraction is easier be-337

cause the model can simply copy the entity338

text spans and return them as clean JSON,339

which matches how LLMs naturally answer.340

4.2 Prompting Strategy Comparison341

Across Languages342

Table 2 shows that QA-style prompting per-343

forms best across all languages. It even outper-344

forms detailed label explanations (expl) and345

translation of the input to English (trans), de-346

spite using only simple WH-questions. The347

strong performance of QA-style prompting is348

likely because modern LLMs are instruction349

tuned on many question-answer pairs. Prior350

work reformulating NER as machine reading351

comprehension similarly finds that QA-style352

formulations improve NER, attributing gains353

to query conditioning and (when available)354

semantically informative queries that encode355

entity-type knowledge (Li et al., 2020).356

Prompting strategy has a stronger effect on357

Prompt Bangla Basque Spanish English
json_zero 0.291 0.241 0.403 0.422
json_few 0.345 0.312 0.496 0.527
json_few_qa 0.458 0.503 0.528 0.541
json_few_trans 0.347 0.441 0.494 0.313
json_few_expl 0.417 0.386 0.477 0.304

Table 2: Prompting Strategy Comparison for Mul-
tilingual Biomedical NER Using Meta-Llama-3-8B

low-resource languages than on high-resource 358

languages. For example, moving from zero- 359

shot to question-style prompting improves 360

Bangla by 57.4% and Basque by 108.7%, while 361

Spanish improves by 21.8% and English by 362

only 28.2%. 363

4.3 Biomedical Entity-type-wise 364

Comparison 365

Table 3 and Table 4 break down performance 366

of prompting strategies by named entity types 367

for Bangla and Basque, respectively. In both 368

languages, question-style prompting is best for 369

most types, with the largest absolute gains 370

for Medical_Procedure in Bangla (37.8%) 371

and H-Professional in Basque (37.4%), in- 372

dicating that such prompting is especially help- 373

ful for rarer or harder-to-extract categories. 374

Occasionally, explanation or translation- 375

based prompting outperforms question-based 376

prompting. Explanation-based prompting 377

helps Bangla Symptoms and translation- 378

based prompting helps Bangla Specialists. 379

But the gains are modest over question-based 380

prompting, and translation-based prompting 381

fails badly for the Age category. 382

4.4 Model Comparison Under the 383

Best Prompt 384

Table 5 compares different LLMs under 385

the best-performing (question-style) prompt. 386

Overall, Llama-3-8B performs best on Bangla 387

(F1 = 0.494), while Qwen3-8B achieves the 388

highest score on English (F1 = 0.541) and 389

Basque (F1 = 0.550); Llama-3-8B performs 390

best on Spanish (F1 = 0.529); Aya performs 391

worse on all languages. This suggests that 392

Qwen may have stronger English and Basque 393

knowledge from pretraining, while Llama may 394

have stronger Spanish and Bangla knowledge, 395

and both Qwen and Llama likely have better 396

multilingual and/or biomedical domain knowl- 397

edge than Aya. These results reveal the im- 398
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Age Symptom Medicine Health_Condition Specialist Medical_Procedure
json_zero 0.4211 0.0674 0.4000 0.4000 0.5143 0.1333
json_few 0.2000 0.1978 0.4898 0.4000 0.6207 0.1667
json_few_qa 0.4706 0.2151 0.6000 0.5333 0.6000 0.5455
json_few_trans 0.0099 0.1957 0.5600 0.3333 0.6250 0.2222
json_few_expl 0.2353 0.2526 0.6000 0.5185 0.5000 0.3636

Table 3: Entity-type–wise F1 scores for Bangla biomedical NER under five prompting strategies. Bold
indicates the best F1 per entity type.

Disorder Patient H-Professional
json_zero 0.2153 0.3678 0.1401
json_few 0.3137 0.4413 0.1833
json_few_qa 0.4268 0.5151 0.5576
json_few_trans 0.3795 0.4100 0.3195
json_few_expl 0.4108 0.4093 0.3278

Table 4: Entity-type-wise F1 scores for Basque
biomedical NER under five prompting strategies.
Bold indicates the best F1 per entity type.

Model Bangla Basque Spanish English
Llama-3-8B 0.494 0.503 0.529 0.457
Qwen3-8B 0.399 0.550 0.514 0.541
Aya 0.229 0.282 0.349 0.318

Table 5: Prompting Strategy Comparison for Mul-
tilingual Biomedical NER Using Meta-Llama-3-8B
and question-style prompting (json_few_qa).

portance of LLM selection when working with399

low-resource languages.400

5 Error Analysis401

5.1 Error Categories402

We inspected the errors of the best performing403

models in Bangla and Basque. Below are the404

main failure modes, with the operational defi-405

nitions used in our evaluation. Examples of er-406

rors are given in Appendix D and Appendix E.407

Hallucination The gold annotation con-408

tains no entities, but the model outputs one409

or more spans.410

All-Missed The gold contains entities, but411

the model returns an empty JSON. This is the412

most severe recall failure.413

Missed Entities The model extracts some414

entities but misses others, without adding ex-415

tra entities.416

Extra Entities The model predicts addi-417

tional entities that are not in the gold but does418

not miss gold entities.419

Type Confusion The predicted entity span 420

matches the gold text, but the assigned type 421

is wrong. 422

Mixed Errors The model both adds and 423

misses entities. Extra-dominant cases indicate 424

over-extraction, while missed-dominant cases 425

indicate under-extraction. 426

Boundary Mismatch The model captures 427

the right concept but with different bound- 428

aries, becoming both a false positive and a 429

false negative under exact-match scoring. 430

5.2 Error Analysis Explanation 431

Figure 7 shows clear differences across prompt- 432

ing methods for Bangla biomedical NER er- 433

rors. Although we have seen that QA-style 434

prompts perform better on average, here we 435

see that translation-based prompting reduces 436

over-generation: it has the lowest Hallucina- 437

tion (2.6%) and comparatively low Bound- 438

ary Mismatch (13%). For span-level pre- 439

cision, question-style prompting yields the 440

largest Boundary Mismatch (29%), suggest- 441

ing it identifies the right concept but strug- 442

gles to copy the exact multiword span. Thus, 443

question-style prompting helps the model ex- 444

tract more entities, while translation-based 445

prompting helps reduce hallucination, extra 446

entities, and boundary mismatch errors. 447

For Basque (Figure 8), across all prompts, 448

Hallucination dominates the errors (about 449

38–52%), indicating that over-generation is 450

the primary failure mode in Basque. However, 451

the prompts shift the secondary errors: simple 452

statement-based prompting (json_few) notice- 453

ably reduces Hallucination (37.5%) com- 454

pared to the other methods, but it increases 455

All-Missed (14.8%), suggesting a more con- 456

servative behavior that sometimes fails to ex- 457

tract anything. In contrast, question-style 458

prompting extracts more aggressively and 459

keeps All-Missed low (5.8%), but this comes 460
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Figure 7: Error type distribution for LLM-extracted entities for Bangla.
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Figure 8: Error type distribution for LLM-extracted entities for Basque.

with higher Extra Entities (8.6%) and sub-461

stantial Boundary Mismatch (18.5%).462

6 Conclusion and Future Work463

We systematically evaluated prompt design464

choices and output schemas for multilingual465

biomedical NER, focusing on the low-resource,466

morphologically rich languages Bangla and467

Basque, while comparing against the high-468

resource languages Spanish and English. Over-469

all, question-style prompting is the most con-470

sistent way to improve exact-match entity-471

level F1 across languages. Our error analy-472

sis also shows clear trade-offs: question-style473

prompts usually help recall (fewer empty out-474

puts), while translation-based prompting can475

make the model more conservative and re-476

duce hallucinations and boundary errors in477

some settings. Together, these results provide478

practical guidance for building more robust479

biomedical NER pipelines in low-resource lan-480

guages without fine-tuning.481

We also find that BIO-formatted output482

is less suitable for LLMs than text-span483

based outputs. This contrasts with available484

datasets: not only biomedical NER, but nearly485

all Bangla NER datasets are annotated in the486

BIO format (e.g., Islam et al., 2022; Sazzed,487

2022; Khan et al., 2023; Mahtab et al., 2025). 488

BIO tagging requires an LLM to assign a cor- 489

rect label to every token and maintain strict 490

consistency. In practice, this is fragile: the 491

model must keep the exact token order and to- 492

ken count, and even one extra or missing token 493

breaks alignment. This becomes worse when 494

tokenization is difficult, as in morphologically 495

rich languages like Bangla and Basque, where 496

suffixes and punctuation frequently change to- 497

ken boundaries. In contrast, text-span-based 498

extraction simply asks the model to list the 499

entity strings in the sentence, which matches 500

how LLMs naturally respond and is easier to 501

parse and store as JSON. 502

In the future, we plan to test richer ques- 503

tion prompts that include short label defini- 504

tions and examples (not only WH-questions) 505

to see whether they further reduce bound- 506

ary mismatches and type confusion. We 507

also want to study better post-processing and 508

evaluation for near-miss spans and explore 509

lightweight adaptation methods that choose 510

the best prompt per language and entity type. 511

Finally, expanding to more low-resource lan- 512

guages and more medical datasets will help 513

confirm how general these findings are. 514
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Limitations515

A key limitation of this study is that we eval-516

uate only three open LLMs around 8B param-517

eters and two datasets, Bangla HealthNER518

and Basque E3C, so further work is needed to519

determine whether the findings generalize to520

other model sizes, closed models, or biomed-521

ical text styles. We also do not cover addi-522

tional low-resource languages because validat-523

ing prompts, examples, and error cases reliably524

requires language expert support. In addition,525

we did not evaluate paid or proprietary GPT526

models, and our strict exact match scoring can527

penalize near-correct span boundaries in mor-528

phologically rich languages.529
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A BIO Tagging vs Span-Based 814

The left panel of Figure 9 shows span-based ex- 815

traction, where entities are directly returned 816

as text spans grouped by type in a JSON 817

structure, while the right panel shows token- 818

level BIO tagging, which requires assigning a 819

label to every token and maintaining strict 820

alignment. This example illustrates how span- 821

based formats provide a simpler and more ro- 822

bust representation for LLM-based NER, espe- 823

cially for morphologically rich languages like 824

Bangla. 825

B Prompting Behavior and 826

Qualitative Analysis for Bangla 827

Table 6 illustrates qualitative differences 828

across three prompting strategies for Bangla 829

biomedical NER. In the question-style prompt, 830

the model correctly identifies most entities but 831
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E.g. Prompt
Type

Prompt Llama3-8B Gold Label

1 json_-
few_qa

You are a question-answering assistant that performs medical Named
Entity Recognition (NER). For each question, identify ONLY the
entities that are explicitly present in the provided text and answer
STRICTLY in JSON.

Question: Which entities (Age, Symptom, Medicine, Health_Condition, Special-
ist, Medical_Procedure) are present in this text?

Example 1:
এলািজর্র সমসয্ার কারেণ েরােদ েগেল গা িচটিমট কের, মাথার িভতের িকলিবল কের। সকােল ঘুম েথেক
উঠেল অনবরত হাঁিচ হয়। কখেনা িনয়িমত েকােনা এলািজর্র ওষুধ খাইিন। এেক্ষেতৰ্ আিম িক করেত পাির?
এনািজর্র কারেণ অেনক ৈদনিন্দন কাজ করেত পাির না।
Answer: Symptom – েরােদ েগেল গা িচটিমট কের | মাথার িভতের িকলিবল কের | হাঁিচ;
Medicine – এলািজর্র ওষুধ. Health_Condition – এলািজর্র.

Now extract all entities for this text:
ধনয্বাদ আপনার পৰ্েশ্নর জনয্। ফািটেয় িদেবন না। ইনেফকশন হেয় যােব। আপাতত এলারিজ উেদৰ্ককারী
খাবার, ধূলাবািল এিড়েয় চলুন। এলাটৰ্ল খান। না েদেখ সমাধান েদয়া যােচ্ছ না। সরাসির চমর্েরাগ িবেশষজ্ঞ
েদিখেয় পরামশর্ িনেত হেব ধনয্বাদ

Medicine:
এলাটৰ্ল Spe-
cialist: চমর্েরাগ
িবেশষজ্ঞ

Medicine:
এলাটৰ্ল Health_-
Condition:
ইনেফকশন Spe-
cialist: চমর্েরাগ
িবেশষজ্ঞ

2 json_-
few_-
trans

You are a NER assistant that performs medical Named Entity Recog-
nition (NER). For each question, identify ONLY the entities that are
explicitly present in the provided text and answer STRICTLY in JSON.

Example 1:
এলািজর্র সমসয্ার কারেণ েরােদ েগেল গা িচটিমট কের, মাথার িভতের িকলিবল কের। সকােল ঘুম েথেক
উঠেল অনবরত হাঁিচ হয়। কখেনা িনয়িমত েকােনা এলািজর্র ওষুধ খাইিন। এেক্ষেতৰ্ আিম িক করেত পাির?
এনািজর্র কারেণ অেনক ৈদনিন্দন কাজ করেত পাির না।

English translation of the Example: Because of allergy problems, when I go out
in the sun my body tingles, and I feel a crawling sensation inside my head. In
the morning after waking up I sneeze continuously. I have never taken any
allergy medicine regularly. In this case, what can I do? Because of this allergy, I
cannot do many daily tasks. Now findout the entities (Age, Symptom, Medicine,
Health_Condition, Specialist, Medical_Procedure) are present in this text.

Answer: Symptom – েরােদ েগেল গা িচটিমট কের | মাথার িভতের িকলিবল কের |
হাঁিচ; Medicine – এলািজর্র ওষুধ. Health_Condition – এলািজর্র.

Now extract all entities for this text:
আপনার বাচ্চােক আদা, মধু, গরম পািন খাওয়ান। িসরাপ এমেবৰ্াক্স খাওয়ােত পােরন আধা চামচ কের
িতন বার একজন িশশু িবেশষজ্ঞ েক েদিখেয় িনন।

Medicine: আদা
| গরম পািন | মধু
| িসরাপ এমেবৰ্াক্স
; Specialist: িশশু
িবেশষজ্ঞ

Medicine:
িসরাপ এমেবৰ্াক্স ;
Specialist: িশশু
িবেশষজ্ঞ

3 json_-
few_-
expl

You are a NER assistant that performs medical Named Entity Recog-
nition (NER). For each question, identify ONLY the entities that are
explicitly present in the provided text and answer STRICTLY in JSON.

Example 1:
এলািজর্র সমসয্ার কারেণ েরােদ েগেল গা িচটিমট কের, মাথার িভতের িকলিবল কের। সকােল ঘুম েথেক
উঠেল অনবরত হাঁিচ হয়। কখেনা িনয়িমত েকােনা এলািজর্র ওষুধ খাইিন। এেক্ষেতৰ্ আিম িক করেত পাির?
এনািজর্র কারেণ অেনক ৈদনিন্দন কাজ করেত পাির না।

Explanation of this Example: The Bangla text clearly describes an allergy problem,
which is a Health_Condition entity (“এলািজর্র”). It also describes allergy-related
symptoms, such as skin discomfort in the sun, crawling sensation in the head,
and continuous sneezing (Symptom). It mentions “এলািজর্র ওষুধ” only in a generic
way, but it still refers to medicine use (Medicine). No age, specialist, or procedure
is stated. Now read the Bangla text and check the Answer, then identify which
entities (Age, Symptom, Medicine, Health_Condition, Specialist, Medical_Procedure)
are present in the text.

Answer: Symptom – েরােদ েগেল গা িচটিমট কের | মাথার িভতের িকলিবল কের |
হাঁিচ; Medicine – এলািজর্র ওষুধ. Health_Condition – এলািজর্র.

Example 2:
েরাগীর বয়স ৫৫ বছর। িতিন ডায়ােবিটস ও উচ্চ রক্তচােপর েরাগী এবং েমটফরিমন ও েলাসারটান
খােচ্ছন।
Answer: Age – ৫৫ বছর. Health_Condition – ডায়ােবিটস | উচ্চ রক্তচাপ.

Now extract all entities for this text:
আমার বয়স ১৩ আমার পচন্ড পােয়র হার এর েবথা। আিম িক ঔষধ খাব বেলন সয্ার। Calcium BP
500mg িকনিছ খাব িক সয্ার।

Age: ১৩ বছর ;
Symptom: পচন্ড
পােয়র হার এর
েবথা ; Medicine:
Calcium BP
500mg ; Spe-
cialist: সয্ার

Age: ১৩ ;
Symptom:
পােয়র হার এর
েবথা ; Medicine:
Calcium BP
500mg

Table 6: Example prompt templates for Bangla biomedical NER. We show three prompt variants
(question-style, translation-based, and explanation-based) with one in-context demonstration and one
target Bangla input. For each example, we report the Meta-Llama-3-8B output and the corresponding
gold labels for comparison.
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E.g. Prompt
Type

Prompt Llama3-8B Gold Label

1 json_-
few_qa

You are an assistant that performs medical Named Entity Recognition
(NER) in Basque. For each input text, identify ONLY the entities that
are explicitly present in the provided text and answer STRICTLY in
JSON.

Question: Which entities (Disorder, Patient, H-Professional) are
present in this text?

Example 1:
Text: “-Eskuineko besapea:aurkikuntza patologikorik ez.”
Answer: {’Disorder’: [’aurkikuntza’], ’Patient’: [], ’H-Professional’: []}

Now extract all entities for this text:
Estenosi aortiko larriari bihotz-gutxiegitasuna eta sinkopea gehitu
zaizkionez, ebakuntza egiteko baldintzak betetzen ditu, eta Bihotz-
hodietako Kirurgiako Zerbitzuarekin harremanetan jarri gara.

Disorder:
bihotz-
gutxiegitasuna
| estenosi
aortiko
larria |
sinkopea ; H-
Professional:
Bihotz-
hodietako
Kirur-
giako Zer-
bitzuarekin

Disorder:
Estenosi aor-
tiko | bihotz-
gutxiegitasuna
| sinkopea]

2 json_-
few_-
trans

You are an assistant that performs medical Named Entity Recognition
(NER) in Basque. For each input text, identify ONLY the entities that
are explicitly present in the provided text and answer STRICTLY in
JSON.

Example 1:
Text: “-Eskuineko besapea:aurkikuntza patologikorik ez.”
English translation of the text: “-Right armpit: no pathological find-
ings.”
Answer: {’Disorder’: [’aurkikuntza’], ’Patient’: [], ’H-Professional’: []}

Now extract all entities for this text:
Txankro sifilitikoa/Sifilis primarioa.

Disorder:
Sifilis pri-
marioa |
Txankro sifil-
itikoa

Disorder:
Sifilis |
Txankro sifil-
itikoa

3 json_-
few_-
expl

You are an assistant that performs medical Named Entity Recognition
(NER) in Basque. For each input text, identify ONLY the entities that
are explicitly present in the provided text and answer STRICTLY in
JSON.

Example 1:
Text: “-Eskuineko besapea:aurkikuntza patologikorik ez.”
Description of text: A clinical examination of a right armpit with no
health disorders or pathological findings identified. You have to find
out which entities (Disorder, Patient, H-Professional) are present in the
text.
Answer: {’Disorder’: [’aurkikuntza’], ’Patient’: [], ’H-Professional’: []}

Now extract all entities for this text:
Edemarik ez; ez dago bena sakonetako tronbosi-zeinurik.

Disorder:
tronbosi-
zeinurik

Disorder:
Edemarik
| bena
sakonetako
tronbosi-
zeinurik

Table 7: Example prompt templates for Basque biomedical NER. We show three prompt variants
(question-style, translation-based, and explanation-based) with one in-context demonstration and one
target Basque input. For each example, we report the Meta-Llama-3-8B output and the corresponding
gold labels for comparison.

misses the Health_Condition (ইনেফকশন),832

showing that QA prompting can still suffer833

from recall gaps. In contrast, translation-834

based prompting leads to over-generation: the835

model incorrectly treats common home reme-836

dies such as গরম পািন (hot water) and মধু837

as Medicine, likely due to reasoning in838

English and broader semantic interpretation.839

Explanation-based prompting improves recall840

but introduces type confusion, as the model in-841

correctly labels the polite address সয্ার (“Sir”)842

as a Specialist. These examples highlight843

that while extended prompting strategies can844

help extraction, they also introduce distinct er-845

ror patterns depending on how semantic cues846

are framed.847

C Prompting Behavior and 848

Qualitative Analysis for Basque 849

Table 7 presents qualitative differences in 850

model behavior across three prompting strate- 851

gies for Basque biomedical NER. Under the 852

question-style prompt, the model successfully 853

identifies major disorders but exhibits bound- 854

ary and normalization issues, such as over- 855

specifying severity or partially mismatching 856

gold entity forms. Translation-based prompt- 857

ing generally improves coverage by leveraging 858

English semantics, but it can introduce la- 859

bel drift, as closely related clinical concepts 860

are normalized differently from the gold la- 861

bels. Explanation-based prompting further in- 862

creases recall by encouraging semantic infer- 863

ence, yet it also leads to over-generation, with 864

the model extracting implicit or negated find- 865
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Error Type Input Example Gold Output Pred Output
Hallucinations ধনয্বাদ আপনােক পৰ্েশ্নর জনয্। জব্র ৯৯ হেল ওষুধ খাওয়ােবন। নয়ত

দরকার েনই। ধনয্বাদ
Empty Symptom: জব্র

All-Missed আিম। আমার বয়স 27 বছর। সাম্পৰ্িতক সমেয় আিম আমার শরীের
অসব্স্…◌ান্ত হেয় েগিছ, আেগর েথেক শরীেরর ওজন বৃিদ্ধ েপেয়েছ, েপেট
পৰ্…

Age: 27 বছর ; Symptom:
একাধাের মািটেত বেস থাকেল মাজার
…| শরীেরর ওজন বৃিদ্ধ | হাটেলই
মেন হয় ক্লান্ত হেয়

Empty

Missed Entities total cholesterol 200 mg / dl serum triglycerides 553
mg / dl…how to lower triglycerides? am i prone to
heart disease?

Symptom: HDL
cholesterol 25 mg | LDL
cholesterol 93 mg |
cholesterol…| serum
triglycerides 553 mg ;
Health_Condition: heart
disease

Health_Condition:
heart disease

Extra Entities আপনােক ধনয্বাদ পৰ্শ্ন করার জনয্। আপিন গরম পািনর েধায়া নােক
িনয়…রােত একটা কের খান। একজন েমিডিসন িবেশষজ্ঞ পরামশর্ িনন।
ধনয্বাদ

Medicine: এলাটৰ্ল ; Specialist:
েমিডিসন িবেশষজ্ঞ

Medicine: এলাটৰ্ল | গরম
পািনর েধায়া ; Specialist:
েমিডিসন িবেশষজ্ঞ

Type Confusion আমার স্তৰ্ী বয়স ২৪ ও ১৪ িদেনর েপৰ্গনয্ান্ট অবস্থা MM Kit খায়
…আল্টােসৰ্াফৰ্ািগ করােত চাই, দয়া কের আমােক পিরক্ষার নাম টা িলেখ
িদেবন

Age: ২৪ ; Symptom: bleeding
আেন েবিশ যােচ্ছ ; Medicine: MM
Kit …; Health_Condition: মািসক
| ১৪ িদেনর েপৰ্গনয্ান্ট

Age: ১৪ িদন | ২৪ ;
Symptom: bleeding ;
Medicine: MM Kit ;
Health_Condition:
েপৰ্গনয্ান্ট অবস্থা ;
Medical_Procedure:
আল্টােসৰ্াফৰ্ািগ

Mixed Errors Thank you for your question. Your serum
Triglyceride is sligh…with your reports. Avoid fatty
food, carbohydrate. Thank you.

Symptom: serum
Triglyceride is slightly
raised

Medicine: drug ;
Specialist: doctor

Boundary Mismatch েবশ কেয়কিদন যাবত গলায় খুব বয্াথা েসই সােথ কািশ হয়। কািশর সােথ
ঘন কফ েবরহয় আর বুেক খুব বয্াথা হয়। জর ও আেছ।

Symptom: কািশ | কািশর সােথ ঘন
কফ | গলায় খুব বয্াথা | জর | বুেক
খুব বয্াথা

Symptom: কািশ | খুব
বয্াথা | ঘন কফ | জর |
বুেক খুব বয্াথা

Table 8: Representative QA-prompt error examples for Bangla biomedical NER (Llama3.1-8B). Each
row shows one real instance of a major error category under exact-match span scoring.

Error Type Input Example Gold Output Pred Output
Hallucinations Burua eta lepoa. Empty Disorder: Burua eta lepoa
All-Missed Ez dago aurkikuntza patologikorik. Disorder: aurkikuntza Empty
Missed Entities Estenosi aortiko larria eta

bihotz-gutxiegitasuna.
Disorder: Estenosi
aortiko larria |
bihotz-gutxiegitasuna

Disorder:
bihotz-gutxiegitasuna

Extra Entities Sabela. Empty Patient: Sabela
Type Confusion Biguna eta zanpagarria. Empty Disorder: Biguna |

Disorder: zanpagarria
Mixed Errors Biriketako murmurio normala. Empty Disorder: Biriketako

murmurio
Boundary Mismatch Ez dago aurkikuntza patologikorik. Disorder: aurkikuntza

patologikorik
Disorder: aurkikuntza

Table 9: Representative QA-prompt error examples for Basque biomedical NER (Meta-Llama-3-8B).
Each row illustrates a distinct error category under exact-match span evaluation.

ings (e.g., absence of edema or thrombosis) as866

entities. Overall, these examples demonstrate867

that richer prompting strategies can enhance868

extraction in Basque but also introduce sys-869

tematic errors related to semantic inference,870

normalization, and negation handling.871

D Bangla Errors (QA Prompt)872

Table 8 presents representative Bangla error873

cases for the QA-style prompt. A recurring874

pattern is that the model often identifies the875

correct medical concept but fails to repro-876

duce the exact mention boundaries, especially877

for multiword symptoms and colloquial ex-878

pressions, resulting in Boundary Mismatch.879

We also observe Hallucinations when generic880

medical advice or common words are treated881

as symptoms/conditions even when the gold882

annotation is empty. In contrast, All-Missed 883

cases reflect severe recall failures where the 884

model returns an empty JSON despite clear 885

entity cues (e.g., explicit age or specialist 886

mentions). Finally, Type Confusion com- 887

monly arises between semantically adjacent 888

categories (e.g., tests/procedures vs. condi- 889

tions, or informal medication names vs. reme- 890

dies), indicating that the model recognizes the 891

span but struggles with fine-grained label as- 892

signment. 893

E Basque Errors (QA Prompt) 894

Table 9 shows representative Basque error 895

cases for the same QA-style prompt. Across 896

prompts, the dominant failure mode is Hal- 897

lucinations, suggesting that the model is 898

prone to over-generation in Basque medical 899
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text: short phrases and anatomical references900

are frequently over-labeled as medical enti-901

ties even when the gold annotation contains902

none. We also see Boundary Mismatch in903

cases where the model selects a shorter head904

noun rather than the full descriptive mention,905

which is penalized under exact-match evalu-906

ation. Compared with Bangla, Basque ex-907

hibits more frequent over-extraction and fewer908

purely recall-only failures, consistent with the909

overall error distribution where FP-heavy er-910

rors occupy a larger fraction of error-only911

cases.912
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