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Abstract

Large language models (LLMs) are increas-001
ingly used as sources of health advice, raising002
urgent concerns about reliability, safety, and003
personalization. While prior work has stud-004
ied health advice conflicts, these efforts typi-005
cally ignore patient context and treat contradic-006
tions as universal. In this paper, we propose the007
task of contextualized divergence detection,008
which frames divergence not only as strict con-009
tradictions but also as context-dependent mis-010
matches. To support this task, we introduce a011
novel dataset of 10,545 samples that combines012
user profiles, consumer medication guideline013
documents, and advice statements, with diver-014
gences synthetically generated across four cat-015
egories: direct, conditional, temporal, and sub-016
typical. We benchmark a set of LLM-based in-017
ference approaches, including prompt-based in-018
ference, retrieval-augmented generation (RAG),019
supervised finetuning, and agent-based reason-020
ing. We observe that relevance-filtered RAG021
achieves the highest accuracy and robustness022
for large models, while agent-based reasoning023
improves interpretability at the cost of accu-024
racy and supervised fine-tuning is essential for025
smaller models. A qualitative error analysis026
highlights recurring challenges such as hedging027
language, temporal mismatches, and profile-028
advisory inconsistencies. This work provides029
the first dataset and systematic evaluation of030
contextualized divergence detection in health031
advice, paving the way toward safer, more per-032
sonalized interactions with LLMs.033

1 Introduction034

Understanding and detecting divergence in text,035

defined as statements that are inconsistent, mis-036

matched, or conditionally incompatible, is a foun-037

dational problem in natural language processing.038

From an NLP perspective, contextualized diver-039

gence detection can be viewed as a generalization040

of natural language inference (NLI) (Bowman et al.,041

2015), in which entailment and contradiction are042

evaluated relative to external context rather than 043

treated as intrinsic properties of text pairs. In high- 044

stakes domains, unresolved divergence can lead 045

to confusion, misinterpretation, or harmful down- 046

stream decisions. This challenge has become more 047

acute as large language models (LLMs) are increas- 048

ingly used alongside human-authored content as 049

sources of advice and guidance, particularly in sen- 050

sitive domains such as healthcare, law, education, 051

public policy, and journalism. While LLMs can 052

generate fluent and persuasive responses, they may 053

produce advice that subtly diverges from authori- 054

tative sources, prior context, or user-specific con- 055

straints, raising urgent concerns about reliability, 056

safety, and evaluation (Draelos et al., 2025; Wells, 057

2025; Liu and Roth, 2025). 058

Most existing NLP approaches treat divergence 059

as a universal property of text pairs, focusing on 060

identifying direct contradictions or entailment re- 061

lations between statements (Liu and Roth, 2025; 062

Storks et al., 2019; Sammons, 2015). However, 063

many real-world divergences are inherently contex- 064

tual. Advice that is generally correct may become 065

unsafe or misleading when applied to the wrong 066

individual, under specific conditions, at an inappro- 067

priate time, or to a particular subpopulation. Such 068

divergences depend not only on surface textual in- 069

consistency, but also on external factors such as 070

personal attributes, comorbidities, temporal con- 071

straints, and concurrent interventions. As a result, 072

context-agnostic divergence detection often fails to 073

surface mismatches that are practically consequen- 074

tial, despite being linguistically subtle. 075

Healthcare provides a clear and high-stakes set- 076

ting to study this problem. Individuals increasingly 077

rely on fragmented information from clinicians as 078

well as online resources, often receiving advice 079

that is partially overlapping, conditionally applica- 080

ble, or implicitly inconsistent (Kern et al., 2024, 081

2019; Carpenter et al., 2014; Preum et al., 2017b; 082

Linn et al., 2019). Patients have already reported 083

1



confusion and harm resulting from conflicting or084

poorly contextualized medical advice (Carpenter085

et al., 2014; Li et al., 2021; Vijaykumar et al., 2021;086

Carpenter et al., 2010; Elstad et al., 2012; Santos087

et al., 2022). Importantly, such divergences often088

do not stem from overt contradictions, but rather089

from advice that ignores patient-specific contexts.090

Consider the following realistic scenario. James,091

a 66-year-old with atrial fibrillation and non-092

Hodgkin’s lymphoma (one type of blood cancer),093

was prescribed warfarin to reduce the risk of stroke094

and imatinib as part of his chemotherapy. His on-095

cologist encouraged a high-vegetable diet to sustain096

energy during cancer treatment, an advice that is097

generally sound. However, increasing the intake098

of dark leafy greens reduced the effectiveness of099

warfarin, creating a clinically meaningful diver-100

gence that only becomes apparent when the advice101

is evaluated in relation to James’s medications and102

conditions (Elstad et al., 2012; Carpenter et al.,103

2014; Santos et al., 2022). A generic NLP system104

that compares advice statements in isolation would105

likely miss this mismatch, whereas a context-aware106

system grounded in patient-specific profile could107

flag it proactively (Liu and Roth, 2025).108

In this work, we explore contextualized diver-109

gence detection, reframing divergence not as a110

static property of text, but as a form of context-111

sensitive inference grounded in individual profiles112

and external medication guideline documents. We113

focus on advice about medications as a methodolog-114

ical testbed as it demands precise reasoning about115

conditions, timing, and subpopulations, and ex-116

poses clear safety consequences when divergence117

is missed. We introduce a structured scaffolding118

that evaluates advice relative to a user’s health pro-119

file and associated medication documentation, en-120

abling divergence to be assessed with respect to the121

target user and their specific circumstances.122

Using this formulation, we curate a large-scale123

dataset of 10,545 samples that combines user pro-124

files, consumer medication guideline documents125

(U. S. Food and Drug Administration, 2023; Wal-126

lace et al., 2008), and advice statements, with di-127

vergences spanning direct, conditional, temporal,128

and sub-population–specific categories. Our contri-129

butions are as follows:130

• We formalize contextualized divergence detec-131

tion as a context-sensitive inference task that132

evaluates advice relative to individual profiles133

and authentic medical guideline documents.134

• We curate and release a large-scale dataset of 135

10,545 instances of contextualized medical ad- 136

vice grounded in user profiles and medication 137

documents, capturing direct, conditional, tem- 138

poral, and subpopulation-specific divergence 139

types, available here. 140

• We provide a systematic evaluation of LLM- 141

based inference paradigms, including prompt- 142

ing, retrieval-augmented generation, super- 143

vised fine-tuning, and agent-based reasoning, 144

revealing key limitations and trade-offs in ac- 145

curacy, robustness, and interpretability. 146

2 Dataset 147

We extend our dataset to systematically support 148

contextual divergence detection using real-world 149

sources. We first curate user profiles describing 150

individuals with specific health conditions, pre- 151

scribed medications, and demographics from MT- 152

Samples.com (2024). Each user profile consists of 153

a list of medical conditions and a corresponding 154

list of medications. 155

For each user profile, we collect consumer 156

medication guideline documents from Medscape 157

(2024), commonly referred to as patient handouts. 158

These documents are designed for patient education 159

and treatment adherence and are typically provided 160

by pharmacies at the time of medication dispens- 161

ing. From each medication guideline document, 162

we extract a set of reference advice relevant to the 163

user profile. This process yields 2,109 base triplets 164

of the form (user profile, medication document, 165

reference advice), representing ground-truth con- 166

text–advice pairs derived from real clinical sources. 167

From each base triplet, we construct five advice 168

variants: one non-divergent instance and four di- 169

vergent instances. Following the health advice di- 170

vergence taxonomy of Preum et al. (2017a), we 171

generate these variants using GPT-5 with controlled 172

prompting and post-generation validation: 173

• Non-divergence: advice consistent with the 174

source guideline 175

• Direct divergence: advice that directly con- 176

tradicts the source 177

• Conditional divergence: divergence arising 178

only under specific conditions; 179

• Temporal divergence: divergence related to 180

timing, frequency, or duration of medication 181

use. 182
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Figure 1: Pipeline for dataset creation, illustrating the integration of user profiles with medication documents and
the generation of divergent and non-divergent advice samples.

• Sub-typical divergence: divergence applica-183

ble to specific sub-populations (e.g., pregnant184

individuals or patients with comorbidities).185

This procedure produces 2,109 × 5 or 10,545186

labeled samples. Each sample is annotated with187

its divergence type, profile attributes, and associ-188

ated reference advice, yielding a dataset that cap-189

tures both direct and context-dependent advice mis-190

matches. Appendix A.2 provides representative191

examples from the dataset for each divergence cat-192

egory. The resulting dataset supports a range of193

LLM-based inference paradigms, from zero-shot194

inference to supervised fine-tuning, as described in195

Section 4.196

For evaluation, we split the dataset into training197

and test sets using an 80/20 ratio. The test set198

contains 2,110 samples evenly distributed across all199

five categories (422 per category). The remaining200

8,435 samples form the training set, which is used201

for supervised fine-tuning and for tuning prompts202

in our in-context learning setups.203

3 Related Works204

3.1 Divergent Information Detection205

A comprehensive survey of conflicting informa-206

tion in NLP, unifying a wide range of inconsisten-207

cies under a common framework, is presented in208

(Liu and Roth, 2025). They categorize conflicts209

into three broad sources: (i) natural texts on the210

web, where factual inconsistencies and ambigu-211

ity introduce contradictions; (ii) human-annotated212

data, where annotator disagreement, bias, and noise213

affect supervision quality; and (iii) model interac-214

tions, where hallucinations and knowledge con-215

flicts arise between parametric memory and exter-216

nal context. The survey highlights how conflicts 217

undermine model reliability and trustworthiness, 218

and discusses mitigation strategies such as conflict- 219

aware retrieval, disambiguation, and reasoning over 220

contradictory evidence. While this line of work es- 221

tablishes a unifying conceptual foundation for un- 222

derstanding conflicts in NLP, it primarily treats con- 223

flicts as properties of texts, annotations, or model 224

behaviors in isolation. In contrast, our work fo- 225

cuses on contextualized divergence, where advice 226

may be correct in general but becomes unsafe or 227

misleading when evaluated relative to individual- 228

specific context, such as patient profiles, medica- 229

tions, and temporal or sub-population constraints. 230

Preum et al. (2017a,b) introduced early work 231

on health advice divergence through the PRE- 232

CLUDE framework, later extended in Gatto et al. 233

(2022) as the Health Conflict Detection (HCD) 234

task. These efforts classify health-related state- 235

ment pairs as “conflict,” “no conflict,” or “neu- 236

tral,” with transformer-based models such as 237

BERT, RoBERTa, and DeBERTa-v3 providing 238

the strongest baselines. To address data scarcity, 239

they further proposed synthetic augmentation with 240

human-in-the-loop verification, yielding perfor- 241

mance gains while preserving medical coherence. 242

Beyond healthcare, related tasks include con- 243

tradiction detection in legal contracts (Con- 244

tractNLI (Koreeda and Manning, 2021)) and clini- 245

cal inference benchmarks (MedNLI (Romanov and 246

Shivade, 2018)). These highlight the broader im- 247

portance of contradiction detection in high-stakes 248

domains, such as healthcare and legal services. 249

While impactful, these approaches remain 250

context-agnostic: advice is evaluated indepen- 251

dently of the patient receiving it. In contrast, many 252
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real-world divergences only matter when grounded253

in patient-specific factors such as comorbidities, de-254

mographics, or concurrent medications. Our work255

addresses this gap by situating divergence detection256

within personalized health contexts.257

It should be noted that our task differs from fact-258

checking and misinformation detection, which fo-259

cus on verifying factual correctness against trusted260

sources. In contrast, divergence may occur among261

multiple advice statements that are individually262

correct but contextually incompatible, for example,263

due to patient-specific, temporal, or sub-population264

factors. Nonetheless, our approach can support mis-265

information detection by using authoritative guide-266

line documents as reference sources to identify con-267

textually inappropriate or misleading advice.268

3.2 Retrieval-Augmented Generation in269

Medical AI270

Recent research highlights the potential of271

Retrieval-Augmented Generation (RAG) to im-272

prove factuality, and trustworthiness in clinical273

settings (Gargari and Habibi, 2025). By inte-274

grating retrievers with LLMs, RAG systems re-275

duce hallucinations and anchor advice in reliable276

sources. Common design choices include BM25277

and dense retrievers trained on biomedical cor-278

pora (e.g., PubMed Central), enhanced by domain-279

specific embeddings, e.g. BioBERT (Lee et al.,280

2020). However, despite their effectiveness, RAG281

pipelines lack standardized evaluation frameworks282

for context-dependent mismatches. Our work283

extends these directions by combining retrieval284

grounding with contextual divergence detection,285

enabling systems to flag advice mismatches that286

are not universally contradictory but become diver-287

gent in light of an individual’s medical profile.288

3.3 Personalized Healthcare Assistants289

Work on personalized healthcare assistants further290

emphasizes tailoring language models to individ-291

ual contexts. For example, Shi et al. (2024) show292

how adapting LLMs to demographics and medical293

history improves trust and relevance. Our approach294

complements this by focusing not on generating295

advice, but on systematically flagging divergences296

once advice is contextualized to a patient profile.297

Also, a recent study (Lee et al., 2025) has shown298

that LLM-based healthcare assistants are vulner-299

able to context-aware prompt injection, particu-300

larly in moderate- and high-risk scenarios such as301

pregnancy contraindications or opioid prescribing,302

leading to unsafe or guideline-inconsistent advice. 303

Although our work does not explicitly model adver- 304

sarial attacks, our divergence detection framework 305

is complementary, as grounding responses against 306

authoritative reference documents and individual- 307

specific context can help identify unsafe or mis- 308

leading outputs induced by adversarial prompts. 309

4 Methods 310

4.1 Task Formulation 311

Given a profile p, a set of medication docu- 312

ments D = d1, . . . , dm providing a set of guide- 313

lines/advice for medication usage and constraints, 314

and a reference advice statement a, the goal of 315

contextualized divergence detection is to predict 316

whether the advice a diverges from the information 317

supported by the documents in D, conditioned on 318

the profile p, and to assign an appropriate diver- 319

gence label: 320

y ∈



Non-Divergent

Direct Divergence

Conditional Divergence

Temporal Divergence

Sub-Typical Divergence


321

This multi-class formulation captures the range 322

of ways in which advice may diverge from medi- 323

cation constraints or patient-specific attributes. In 324

addition to reporting multi-class performance, we 325

also evaluate a binary formulation by collapsing the 326

label space into Non-Divergent versus Divergent. 327

This binary setting reflects practical deployment 328

scenarios in which systems must rapidly flag poten- 329

tially unsafe advice without necessarily identifying 330

the specific divergence type. 331

Each input (p,D, a) is restricted to the medi- 332

cation documents explicitly listed in the profile. 333

These documents constitute the relevant clinical 334

evidence against which divergence is evaluated. 335

4.2 Prompt-Based Inference 336

Large language models (LLMs) provide a natural 337

baseline for divergence classification by following 338

task instructions in a prompt-based inference set- 339

ting. We evaluate two prompting strategies: 340

Zero-shot prompting. The model receives 341

(p,D, a) and is asked to output one of the five diver- 342

gence labels without any demonstration examples. 343

This setting tests whether models can perform con- 344

textualized medical reasoning from instructions. 345

4



Figure 2: Workflow for contextualized divergence detection in health advice, illustrating how health advice is
evaluated against medication documentation conditioned on an individual’s medical profile.

Chain-of-thought prompting. To encourage ex-346

plicit reasoning, we additionally evaluate prompts347

that request an intermediate explanation before pre-348

dicting a divergence label. Such prompting can be349

beneficial for tasks requiring multi-step contextual350

comparison.351

All prompt templates are fixed across models352

and selected from held-out data to avoid evaluation353

contamination. Few-shot prompting is excluded354

from our main experiments due to its sensitivity to355

demonstration selection and ordering, which can356

confound systematic comparison.357

4.3 Retrieval-Augmented Generation (RAG)358

While prompt-based inference embeds all informa-359

tion into a single context window, real-world medi-360

cal scenarios often involve long or multi-document361

evidence. Retrieval-Augmented Generation (RAG)362

addresses this by selecting a small, relevant subset363

of documents D prior to inference.364

We implement a RAG pipeline using the365

LangChain framework. Medication documents are366

segmented with a recursive text splitter, embed-367

ded using OpenAI’s text-embedding-3-large368

model, and retrieved chunks are concatenated with369

the profile–advice pair (p, a) before being passed370

to an LLM for divergence prediction. To align371

with the evidence structure used in prompt-based372

baselines and reduce retrieval noise, the retrieval373

corpus is restricted to medication guideline docu-374

ments corresponding to the medications specified375

in each profile.376

We evaluate Top-k retrieval with k ∈377

{1, 3, 5, 7, 10} and use k = 5 as the primary con-378

figuration across all main experiments, balancing379

retrieval coverage, robustness, and computational380

efficiency. A detailed analysis of retrieval quality 381

and design choices, including embedding selection 382

and Top-k sensitivity, is provided in Appendix A.3. 383

4.4 Supervised Fine-Tuning 384

To specialize general-purpose LLMs for contextual 385

divergence detection, we perform supervised fine- 386

tuning using Low-Rank Adaptation (LoRA) (Hu 387

et al., 2022). Due to computational constraints, 388

fine-tuning is restricted to models with fewer than 389

10B parameters. 390

Each training instance contains (p,D, a) paired 391

with its ground-truth divergence label. Fine-tuning 392

enables the model to learn fine-grained semantic 393

distinctions among the five divergence types that 394

are difficult to acquire through prompting alone. 395

The resulting LoRA adapters are evaluated using 396

the same zero-shot prompting pipeline as their base 397

models, enabling controlled assessment of how 398

fine-tuning modifies divergence detection behavior 399

without introducing retrieval-specific confounds. 400

4.5 Agent-Based Divergence Detection 401

To explore interpretable and modular reasoning, we 402

evaluate a multi-agent debate framework inspired 403

by (Du et al., 2023). Two agents are first prompted 404

to advocate opposing positions: one argues that the 405

advice is divergent, while the other argues that it 406

is non-divergent. A third agent, the judge, receives 407

both arguments, weighs their evidential support, 408

and issues a final divergence label. All three roles 409

are instantiated using the same underlying language 410

model, with role-specific prompts. 411

This setup is designed to surface explicit reason- 412

ing traces and highlight factors contributing to the 413

final decision. All prompts and agent role defini- 414
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tions are provided in Appendix A.1.415

5 Evaluation Setup416

Models are evaluated under two complementary417

settings. Sub-10B models are evaluated on the full418

held-out test set, enabling comprehensive assess-419

ment across all divergence categories. Due to cost420

and latency constraints, larger models are evaluated421

on balanced 500-sample evaluation subsets drawn422

from the test set, consisting of 250 non-divergent423

and 250 divergent examples, with the divergent por-424

tion evenly split across the four divergence types.425

This protocol ensures fair within-family compari-426

son while preserving consistent evaluation criteria427

across methods.428

We report different evaluation metrics for the429

multi-class and binary divergence settings. For430

multi-class divergence detection, we use macro-431

averaged precision, recall, and F1 to equally weight432

divergence types and mitigate the impact of class433

imbalance across the five-class setting.434

For binary divergence detection, we report stan-435

dard binary precision, recall, and F1 with Diver-436

gent as the positive class and Non-Divergent as437

the negative class. In this setting, macro averaging438

is unnecessary because performance is naturally439

interpreted with respect to the safety-critical pos-440

itive class. This distinction reflects deployment441

scenarios in which systems must first flag poten-442

tially unsafe advice, while fine-grained divergence443

detection remains a secondary task.444

6 Results445

We report results under two evaluation settings that446

reflect the computational constraints of different447

model families. Large language models (e.g., GPT448

and Llama variants) are evaluated on balanced 500-449

sample evaluation subsets, while sub-10B models450

(e.g., Qwen3-1.7B and Qwen3-8B) are evaluated451

on the full 2,110-sample test split. Because these452

evaluation sets differ in scale and sampling proce-453

dure, we avoid direct numerical comparison across454

tables and instead analyze trends and qualitative455

insights within each setting.456

6.1 Results on Larger Models (Smaller457

Evaluation Set)458

Due to computational and inference cost con-459

straints, large LLMs are evaluated on balanced 500-460

sample evaluation subsets randomly drawn from461

the full test split described in Section 5. To account462

for variance introduced by subsampling, we repeat 463

evaluation across three independently drawn sub- 464

sets and report the mean and standard deviation 465

of performance. All ± values in Table 1 therefore 466

reflect sensitivity to evaluation subset composition. 467

Binary versus multi-class performance. Across 468

all large models, binary divergence detection sub- 469

stantially outperforms multi-class classification. 470

This gap reflects the inherent difficulty of fine- 471

grained divergence labeling: while models are gen- 472

erally effective at identifying whether advice di- 473

verges from the provided medical context, they 474

frequently misclassify which type of divergence is 475

present. For example, advice that is conditionally 476

incorrect for elderly patients may be misclassified 477

as sub-typical divergence or another fine-grained 478

category, even when the binary divergence deci- 479

sion is correct. As a result, predictions that are 480

correct at the binary level often receive an incor- 481

rect multi-class label, leading to high binary F1 482

score but lower macro F1 score. This pattern is 483

reflected in the normalized confusion matrix in Fig- 484

ure 3, where sub-typical divergence exhibits lower 485

class-specific accuracy but is predominantly mis- 486

classified as another divergence category, rather 487

than as non-divergent. 488

Figure 3: Normalized Confusion Matrix from o3-mini
in the RAG setup, showcasing the unique dynamics
of mislabeled classes. Temporal and sub-typical diver-
gences are misclassified more frequently compared to
the other three classes.

Prompt-based inference. Among zero-shot 489

prompts, OpenAI-o3-mini achieves the strongest 490

overall performance. Open-source models exhibit 491

both lower accuracy and higher variance across 492

evaluation subsets. Chain-of-thought prompting 493
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Multi-Class Binary
Method Macro F1 Macro Precision Macro Recall F1 Precision Recall

Zero-Shot Prompt
Mixtral 8x7B 0.39±0.06 0.49±0.06 0.42±0.05 0.39±0.04 0.34±0.04 0.44±0.05

Llama-3.3-70B 0.45±0.05 0.53±0.03 0.44±0.04 0.62±0.04 0.50±0.03 0.81±0.04

OpenAI-GPT-4o-mini 0.61±0.03 0.67±0.03 0.65±0.03 0.72±0.03 0.82±0.02 0.64±0.02

OpenAI-o3-mini 0.68±0.03 0.73±0.04 0.68±0.03 0.75±0.03 0.83±0.03 0.68±0.02

Chain-of-Thought Prompt
Mixtral 8x7B 0.37±0.04 0.47±0.05 0.41±0.07 0.68±0.03 0.52±0.04 0.96±0.02

Llama-3.3-70B 0.44±0.04 0.52±0.06 0.44±0.05 0.66±0.02 0.51±0.03 0.95±0.02

OpenAI-GPT-4o-mini 0.65±0.03 0.68±0.04 0.65±0.03 0.70±0.02 0.79±0.03 0.63±0.02

OpenAI-o3-mini 0.68±0.02 0.72±0.03 0.70±0.02 0.75±0.01 0.85±0.01 0.67±0.02

Multi-Agent Debate
OpenAI-o3-mini 0.64±0.02 0.67±0.04 0.66±0.04 0.70±0.01 0.73±0.01 0.68±0.01

RAG (Relevant Medication Documents)
Top 5 + OpenAI-GPT-4o-mini 0.62±0.03 0.64±0.02 0.63±0.05 0.78±0.03 0.82±0.03 0.75±0.02

Top 5 + OpenAI-o3-mini 0.70±0.02 0.75±0.03 0.71±0.04 0.85±0.02 0.88±0.02 0.82±0.02

Table 1: Performance of larger LLMs on binary and multi-class divergence detection, evaluated on independently
drawn balanced 500-sample test subsets. Results are reported as mean ± standard deviation over three subsets.

increases recall for some models, but this gain is494

not consistently accompanied by improvements in495

precision, leading to higher false-positive rates in496

certain cases. The higher variance observed under497

CoT suggests sensitivity to borderline cases whose498

interpretation depends on verbose reasoning.499

Retrieval-augmented generation. Retrieval-500

augmented generation yields the largest gains501

for large models. With profile-linked medication502

documents and Top-5 retrieval, OpenAI-o3-mini503

achieves the best overall performance, reaching a504

binary F1 of 0.85±0.02 and the highest multi-class505

macro F1 of 0.70±0.02. Notably, RAG also reduces506

variance across evaluation subsets, indicating507

more stable behavior. This stability arises from508

grounding predictions in explicit medication509

evidence, reducing reliance on latent heuristics.510

Agent-based reasoning. The Multi-Agent De-511

bate framework produces structured, interpretable512

reasoning traces but does not match the accuracy513

of the strongest RAG configuration. Error analy-514

sis indicates that debate-style reasoning amplifies515

ambiguity in cases involving hedging language or516

subtle temporal qualifiers, leading to conservative517

over-flagging. For example, in one test instance,518

advice recommending that a medication be taken519

“once daily in the morning” was flagged as tempo-520

rally divergent when contrasted with a guideline521

specifying administration “every 24 hours”, even522

though both statements describe compatible dosing523

schedules. This error arises from the model’s sensi- 524

tivity to surface-level temporal expressions rather 525

than true conflicts in timing. Such cases highlight 526

a trade-off between interpretability and inference 527

accuracy, where the agent generates a plausible jus- 528

tification for flagging divergence even when the 529

underlying recommendation remains unchanged. 530

6.2 Results on Sub-10B Models (Full Test Set) 531

Performance gap in binary vs multi-class setup 532

in smaller models. For sub-10B models, the gap 533

between binary and multi-class performance is 534

even more pronounced. Although smaller mod- 535

els achieve high F1 scores in binary classification 536

under supervised fine-tuning and are comparable 537

to larger LLMs evaluated with retrieval-augmented 538

generation, they struggle substantially more than 539

larger LLMs in the multiclass setting. This indi- 540

cates that smaller models can detect the presence of 541

inconsistency but lack the representational capacity 542

to model subtle distinctions such as temporal nu- 543

ance, conditional scope, or population specificity. 544

RAG versus supervised fine-tuning. Retrieval 545

augmentation improves precision in binary clas- 546

sification and also yields modest precision gains 547

in the multiclass setting. In contrast, supervised 548

fine-tuning with LoRA yields substantial gains 549

across both tasks. Qwen3-8B + LoRA achieves 550

the strongest overall performance for this model 551

family, with a binary F1 of 0.88 and the highest 552

multi-class macro F1 of 0.33. These results demon- 553
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Multi-Class Binary
Method Macro F1 Macro Precision Macro Recall F1 Precision Recall

Zero-Shot Prompt
Qwen3-1.7B 0.21 0.34 0.27 0.48 0.84 0.33
Qwen3-8B 0.26 0.37 0.32 0.57 0.87 0.42

Chain-of-Thought Prompt
Qwen3-1.7B 0.21 0.33 0.27 0.42 0.88 0.28
Qwen3-8B 0.28 0.46 0.38 0.62 0.96 0.45

Multi-Agent Debate
Qwen3-1.7B 0.21 0.37 0.32 0.51 0.78 0.38
Qwen3-8B 0.23 0.37 0.35 0.59 0.81 0.46

RAG (Relevant Medication Documents)
Qwen3-1.7B 0.20 0.54 0.31 0.57 0.93 0.41
Qwen3-8B 0.20 0.39 0.30 0.59 0.97 0.42

Supervised Fine-Tuning (LoRA, Models <10B)
Qwen3-1.7B + LoRA 0.25 0.38 0.30 0.82 0.76 0.91
Qwen3-8B + LoRA 0.33 0.38 0.39 0.88 0.83 0.94

Table 2: Performance of sub-10B models on binary and multi-class divergence detection, evaluated on the full
2,110-sample test set.

strate that explicit task supervision is essential for554

enabling smaller models to internalize fine-grained555

divergence distinctions.556

Precision–Recall Imbalance. For sub-10B mod-557

els, retrieval-augmented generation improves pre-558

cision but often leaves a noticeable gap between559

precision and recall, especially in the binary classi-560

fication setup, due to collapsing different types of561

divergence classes into one. Supervised fine-tuning562

significantly reduces the gap between precision and563

recall, generating more balanced classifiers.564

Overall, models reliably detect divergence as a565

binary problem, but frequently misclassify its spe-566

cific type. The profile-guided RAG approach yields567

more consistent and robust performance compared568

to other methods for larger LLMs. For smaller569

LLMs, supervised adaptation is helpful to improve570

divergence detection, particularly in a binary setup.571

6.3 Qualitative Analysis572

A qualitative error analysis reveals systematic chal-573

lenges across model families, including OpenAI574

models. We observed five types of errors through575

qualitative analysis: (1) asymmetric interpretation576

of divergence, (2) ambiguity and hedging in med-577

ical language, (3) profile-advisory mismatch, (4)578

temporal divergence in instructions, and (5) lexical579

connotation or misinterpretation. Appendix A.4580

contains further details about these error types and581

Table 4 provides a structured summary of these582

error types, their defining characteristics, and rep- 583

resentative examples. These errors reveal both the 584

limitations of current models and dataset design 585

choices, underscoring the need for methods that 586

combine semantic reasoning, contextual ground- 587

ing, and a suitable level of linguistic precision for 588

medical domain. 589

7 Conclusion 590

In this work, we introduce contextualized health 591

advice divergence detection, reframing divergent 592

health information evaluation as a context-sensitive 593

inference problem grounded in user profiles and 594

medication guideline documents. We present a 595

large dataset of 10,545 instances that captures mul- 596

tiple divergence types, enabling both binary and 597

multi-class classification. Through systematic eval- 598

uation across prompting, retrieval-augmented gen- 599

eration, supervised fine-tuning, and agent-based 600

reasoning, we show that effective strategies de- 601

pend on model scale. RAG with profile-linked 602

retrieval performs best for larger LLMs, while su- 603

pervised fine-tuning performs better for smaller 604

models. Overall, this work establishes contextu- 605

alized divergence detection in health advice as a 606

medical NLP benchmark and provides practical 607

insights for building safer and more personalized 608

NLP solutions for health interactions. 609
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8 Limitations610

This work has several limitations. First, our dataset611

focuses on English-language medical advice and612

documents and may not capture how contextualized613

divergence manifests across languages or cultural614

settings. Second, while semi-synthetic augmen-615

tation enables systematic coverage of divergence616

types, it may not fully reflect the interactional617

complexity of real-world conversational health ad-618

vice, e.g., online discourse from health-related sub-619

Reddits. Third, our RAG pipelines assume access620

to accurate and up-to-date reference documents;621

retrieval errors and document chunking artifacts622

can lead to both false positives and false negatives,623

depending on whether reference evidence is par-624

tially retrieved or missed entirely. Finally, although625

agent-based methods improve interpretability, they626

currently underperform optimized RAG pipelines627

and remain brittle when handling hedged or am-628

biguous medical language. Addressing these limi-629

tations will require broader datasets, improved re-630

trieval strategies, and more robust reasoning frame-631

works.632

9 Ethical Considerations633

Divergence detection models are not substitutes for634

professional medical judgment. While explainable635

and agent-based approaches can support clinical636

decision-making, their current accuracy limitations637

make over-reliance inappropriate in high-stakes set-638

tings. Our finding highlights the need for careful639

evaluation of such NLP systems before deployment,640

as poorly deployed systems could either miss un-641

safe advice or over-flag benign differences, leading642

to confusion or unnecessary concern. Responsi-643

ble deployment will also require continued engage-644

ment with clinicians, patients, and policymakers.645

10 Use of AI646

AI-based tools were used in a limited and assis-647

tive capacity to support coding and writing tasks.648

Specifically, these tools were employed to help649

with code scaffolding, debugging, and refactoring,650

as well as to improve clarity and organization in651

writing through grammar checks and minor stylistic652

edits. All methodological decisions, experimental653

design, data curation, analysis, and interpretation654

of results were carried out by the authors.655
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A Appendix 820

This appendix provides supplementary material that supports the main text. It includes (i) detailed prompt 821

templates used for the baseline models, (ii) illustrative examples of the different divergence types drawn 822

from the dataset, (iii) additional experiments informing retrieval design choices, and (iv) an extended 823

qualitative analysis. 824

A.1 Prompt Templates 825

We list the representative Zero-shot, Chain-of-thought, and Multi-Agent Debate Setup prompt templates 826

used in our experiments. The RAG and SFT setups use a slightly modified zero-shot prompt for retrieval 827

context, or SFT problem phrasing. We provide these templates to ensure reproducibility and to allow 828

researchers to adapt them for future divergence detection studies. 829

Zero-Shot 830

You are a divergence extractor.

Given:
- An input document (DOCUMENT)
- Profile information (PROFILE)
- An advice text (ADVICE)

Decide whether any part of DOCUMENT diverges from ADVICE for this PROFILE using ONLY the divergence
types below. Quote exact spans from DOCUMENT (no paraphrasing).

Divergence type definitions:
1) Direct Divergence: A statement in DOCUMENT directly contradicts ADVICE without needing any extra
conditions.
2) Conditional Divergence: A contradiction exists only under specific conditions mentioned in the
ADVICE, that connect to attributes of the PROFILE (e.g., age, comorbidity, medication, pregnancy).
3) Temporal Divergence: Timing, duration, ordering, or frequency in DOCUMENT diverges from ADVICE
(e.g., “take for 5 days” vs “take for 10 days”, “before meals” vs “after meals”).
4) Sub-Typical Divergence: The ADVICE recommends a course that is a sub-category or less
protective/complete than what DOCUMENT suggests for the PROFILE, even if not strictly contradictory.
5) No Divergence: No contradictions of the above kinds.

Rules:
- Match labels EXACTLY from: {Direct Divergence, Conditional Divergence, Temporal Divergence,
Sub-Typical Divergence, No Divergence}.
- Quote only verbatim spans from DOCUMENT.
- Keep reasoning short and tied to PROFILE attributes when used.
- Do not invent facts not present in DOCUMENT or ADVICE.

## Output Format ##

- Case 1: Divergence found
Emit exactly one block containing a divergence entry:

##Found##
Labels: <Label from the allowed set>
Span: "<exact quoted span from DOCUMENT>"
Why: "<one short sentence explaining the divergence with reference to PROFILE and ADVICE>"
---
Labels: <...>
Span: "<...>"
Why: "<...>"
##[END OF GENERATION]

- Case 2: No divergent information is found
##Not Found##"No divergent information found"##[END OF GENERATION]

Chain-of-Thought 831

You are a divergence extractor.

Given:
- DOCUMENT

11



- PROFILE
- ADVICE

Your goal is to classify whether DOCUMENT diverges from ADVICE for this PROFILE into exactly ONE of:
{Direct Divergence, Conditional Divergence, Temporal Divergence, Sub-Typical Divergence, No
Divergence}.

Divergence type definitions:
1) Direct Divergence: A statement in DOCUMENT directly contradicts ADVICE without needing any extra
conditions.
2) Conditional Divergence: A contradiction exists only under specific conditions mentioned in the
ADVICE, that connect to attributes of the PROFILE (e.g., age, comorbidity, medication, pregnancy).
3) Temporal Divergence: Timing, duration, ordering, or frequency in DOCUMENT diverges from ADVICE
(e.g., “take for 5 days” vs “take for 10 days”, “before meals” vs “after meals”).
4) Sub-Typical Divergence: The ADVICE recommends a course that is a sub-category or less
protective/complete than what DOCUMENT suggests for the PROFILE, even if not strictly contradictory.
5) No Divergence: No contradictions of the above kinds.

## Step-by-Step Reasoning (think quietly, not to be output) ##
1) Identify statements in DOCUMENT relevant to ADVICE.
2) Compare DOCUMENT’s statements and ADVICE meaning.
3) Ask:

- Is there a plain contradiction? → Direct Divergence
- Is contradiction dependent on PROFILE conditions? → Conditional Divergence
- Is timing/frequency/order the issue? → Temporal Divergence
- Is DOCUMENT recommending something below standard completeness? → Sub-Typical Divergence
- Otherwise → No Divergence

4) Select ONE label that best fits.
5) Quote the exact divergent span (if any) and justify briefly.

## Output Format (what you must output) ##
- Case 1: Divergence found

##Found##
Labels: <ONE label from allowed set>
Span: "<exact quoted span from DOCUMENT>"
Why: "<one short sentence explaining the contradiction using PROFILE and ADVICE>"
##[END OF GENERATION]

- Case 2: No divergent information found
##Not Found##"No divergent information found"##[END OF GENERATION]

Multi-Agent Debate Setup832

833

Divergence Agent834

You are a medical divergence analyst.

Your task is to construct a concise argument explaining why the ADVICE diverges from the DOCUMENT when
applied to the PROFILE.

Given:
- An input document (DOCUMENT)
- Profile information (PROFILE)
- An advice text (ADVICE)

You must argue for the presence of a divergence by grounding your reasoning ONLY in:
- Explicit statements from DOCUMENT
- Explicit statements from ADVICE
- Attributes stated in PROFILE

Do NOT invent facts, assumptions, or medical knowledge beyond what is present.

Divergence type definitions (for reasoning reference only — do NOT output labels):

1) Direct Divergence:
A statement in DOCUMENT directly contradicts ADVICE without requiring any additional conditions.

2) Conditional Divergence:
A contradiction exists only under specific conditions mentioned in ADVICE that connect to
attributes of the PROFILE
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(e.g., age, pregnancy status, comorbidities, medications).

3) Temporal Divergence:
Timing, duration, ordering, or frequency in DOCUMENT diverges from ADVICE
(e.g., “take for 5 days” vs “take for 10 days”, “before meals” vs “after meals”).

4) Sub-Typical Divergence:
ADVICE recommends a course that is less protective, less specific, or applies to a narrower
subpopulation than what
DOCUMENT suggests for the PROFILE, even if not strictly contradictory.

Rules:
- Quote verbatim spans from DOCUMENT when citing evidence (no paraphrasing).
- Keep each argument concise (1–2 sentences).
- Explicitly reference PROFILE attributes when they are relevant to the divergence.
- Do NOT assign or name a divergence label.
- Do NOT hedge or express uncertainty (e.g., “might”, “possibly”).
- Produce exactly TWO bullet-point arguments, even if the divergence is subtle or overlapping.

## Output Format ##

##Argument 1##
- <One concise argument explaining a divergence, quoting DOCUMENT evidence and referencing PROFILE
and ADVICE.>

##Argument 2##
- <A second, distinct argument or supporting perspective following the same constraints.>

##[END OF GENERATION]

Non-Divergence Agent 835

You are a medical divergence analyst.

Your task is to construct a concise argument explaining why the ADVICE does NOT diverge from the
DOCUMENT when applied to the PROFILE.

Given:
- An input document (DOCUMENT)
- Profile information (PROFILE)
- An advice text (ADVICE)

You must argue against the presence of a divergence by grounding your reasoning ONLY in:
- Explicit statements from DOCUMENT
- Explicit statements from ADVICE
- Attributes stated in PROFILE

Do NOT invent facts, assumptions, or medical knowledge beyond what is present.

Divergence type definitions (for reasoning reference only — do NOT output labels):

1) Direct Divergence:
A statement in DOCUMENT directly contradicts ADVICE without requiring any additional conditions.

2) Conditional Divergence:
A contradiction exists only under specific conditions mentioned in ADVICE that connect to
attributes of the PROFILE
(e.g., age, pregnancy status, comorbidities, medications).

3) Temporal Divergence:
Timing, duration, ordering, or frequency in DOCUMENT diverges from ADVICE
(e.g., “take for 5 days” vs “take for 10 days”, “before meals” vs “after meals”).

4) Sub-Typical Divergence:
ADVICE recommends a course that is less protective, less specific, or applies to a narrower
subpopulation than what
DOCUMENT suggests for the PROFILE, even if not strictly contradictory.

Rules:
- Quote verbatim spans from DOCUMENT when referencing evidence (no paraphrasing).
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- Keep each argument concise (1–2 sentences).
- Explicitly reference PROFILE attributes when relevant.
- Explain why none of the above divergence types apply.
- Do NOT assign or name a divergence label.
- Do NOT hedge or express uncertainty.
- Produce exactly TWO bullet-point arguments.

## Output Format ##

##Argument 1##
- <One concise argument explaining why the ADVICE aligns with the DOCUMENT for the PROFILE, citing
document evidence.>

##Argument 2##
- <A second, distinct argument reinforcing the absence of divergence under the defined criteria.>

##[END OF GENERATION]

Judge Agent836

You are a medical divergence judge.

Your task is to determine whether the ADVICE diverges from the DOCUMENT when applied to the PROFILE,
by weighing arguments for and against divergence.

Given:
- An input document (DOCUMENT)
- Profile information (PROFILE)
- An advice text (ADVICE)
- Arguments supporting divergence (PRO-DIVERGENCE)
- Arguments opposing divergence (ANTI-DIVERGENCE)

You must make a final decision by:
- Evaluating which side presents stronger, better-grounded evidence
- Relying ONLY on explicit statements in DOCUMENT and ADVICE
- Considering PROFILE attributes when relevant

Do NOT invent facts, assumptions, or medical knowledge beyond what is provided.

Divergence type definitions (for reasoning reference):

1) Direct Divergence:
A statement in DOCUMENT directly contradicts ADVICE without requiring any additional conditions.

2) Conditional Divergence:
A contradiction exists only under specific conditions mentioned in ADVICE that connect to
attributes of the PROFILE.

3) Temporal Divergence:
Timing, duration, ordering, or frequency in DOCUMENT diverges from ADVICE.

4) Sub-Typical Divergence:
ADVICE recommends a course that is less protective, less specific, or applies to a narrower
subpopulation than what
DOCUMENT suggests for the PROFILE.

Decision rules:
- Prefer evidence that is explicit, specific, and directly grounded in DOCUMENT text.
- If PRO-DIVERGENCE arguments rely on speculative or weak interpretations, favor ANTI-DIVERGENCE.
- If a divergence is determined, make it must be supported by a clear verbatim span from DOCUMENT.
- If no such span exists, output “Not Found”.

## Output Format ##
- Case 1: Divergence is found

##Found##
"<exact quoted span from DOCUMENT>"
##[END OF GENERATION]

- Case 2: No divergence is found
##Not Found##
"No divergent information found"
##[END OF GENERATION]
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A.2 Illustrative Divergence Examples 837

To qualitatively illustrate the different divergence types considered in this work, Table 3 presents rep- 838

resentative examples drawn directly from our dataset. Each row shows a pair of advice statements that 839

appear superficially compatible, yet diverge under closer inspection due to differences in action, effect, 840

temporal scope, conditional applicability, or sub-typical framing. These examples highlight the contextual 841

reasoning challenges inherent in divergence detection beyond surface-level contradiction. 842

A.3 Retrieval Quality and Design Choices 843

Because divergence detection relies on correctly aligning advice with medication evidence, retrieval 844

quality is a central bottleneck. We therefore analyze how embedding choice and Top-k affect retrieval 845

performance and downstream accuracy. 846

Figure 4: Retriever accuracy across different Top-K values, comparing text-embedding-3-large and
BioBERT-mnli-snli-scitail-mednli-stsb.

Embedding model comparison. Figure 4 compares retriever accuracy for two embedding models: 847

OpenAI’s general-purpose text-embedding-3-large (OpenAI, 2024) and a domain-specific biomedical 848

encoder (BioBERT-mnli-snli-scitail-mednli-stsb)(Pritam Deka, 2025). Accuracy is defined as 849

whether at least one chunk containing the gold reference advice appears in the Top-k retrieved items. 850

text-embedding-3-large achieves 87.4% accuracy at k = 3 and saturates at 98.8% by k = 7. In 851

contrast, the BioBERT-based retriever plateaus below 33% accuracy, even as k increases. This indicates 852

that high-quality general-purpose embeddings outperform domain-specific encoders for contextual health 853

advice retrieval, likely due to superior coverage of instruction-like and narrative language. 854

Choice of Top-k. Although retriever accuracy continues to increase slightly beyond k = 5, we fix k = 5 855

in our main experiments. This choice balances coverage (98.6% at k = 5), robustness, and computational 856

efficiency. Larger k values introduce additional context that can dilute the salience of truly divergent 857

instructions, particularly for borderline temporal or conditional cases. 858

A.4 Qualitative Analysis 859

To complement our quantitative evaluation, we conducted a qualitative error analysis to better understand 860

the limitations of current approaches in contextualized health advice divergence detection. This analysis 861

revealed several recurring patterns of errors, which highlight challenges not only in model reasoning but 862

also in dataset construction and representation. 863

15



Asymmetric Interpretation of Divergence One prominent issue was the model’s asymmetric inter-864

pretation of divergence. In principle, if one piece of advice diverges from another, the reverse should865

also hold true. However, the model often identified divergence only in one direction, failing to treat the866

relationship as mutual. This points to a lack of bidirectional semantic reasoning and suggests that models867

may benefit from explicit contradiction-entailment frameworks.868

Advice: While ondansetron is effective for preventing nausea in most patients undergoing869

surgery, those with prolonged QT syndrome should avoid its use due to the risk of serious heart870

complications.871

Divergent Document Content: To prevent nausea after surgery, take ondansetron 1 hour before872

the start of surgery.873

Here, the model correctly recognized divergence when the first statement was taken as the reference,874

but not when the second was. The unidirectionality suggests that contradiction detection was highly875

reference-dependent.876

Ambiguity and Hedging in Medical Language Medical advice often contains hedging terms such877

as “may not,” “can be,” or “for most people,” which reflect real-world medical caution but complicate878

automated reasoning. Our models frequently failed to determine whether such advice truly diverged from879

more definitive statements.880

Advice: Consult your healthcare provider about your medications, especially if you’re only881

using over-the-counter pain relievers as a temporary solution, since they can be safe for most882

people and may not significantly impact blood pressure or heart rate when used occasionally.883

In this example, hedging language such as “can be safe” and “may not” undermined the model’s884

ability to make a clear divergence judgment. Some of these issues likely stem from dataset artifacts, where885

advice phrasing itself was verbose or ambiguous.886

Profile-Advisory Mismatch We observed errors where advice did not apply to a user’s profile (e.g.,887

guidance for breastfeeding mothers applied to an elderly male patient) but was flagged as divergent. This888

indicates a weak alignment between structured user attributes and unstructured advice text.889

Advice: While metformin is present in small quantities in breast milk, it may be considered safe890

for breastfeeding mothers, so it’s crucial to weigh the benefits and risks with your healthcare891

provider, especially if you have a history of metabolic issues.892

Profile:893

Age: 64894

Gender: Male895

Diseases: Hip Avascular Necrosis; Type 2 Diabetes; Hypertension896

Current Medications: metformin; prozac; lisinopril; norco; glimepiride897

The model failed to identify the inapplicability of this advice for the given profile. Such errors reveal898

both model limitations and dataset shortcomings, since mismatched advice-profile tuples may not have899

been explicitly represented during training.900

Temporal Divergence in Instructions Advice that differed only in timing (e.g., “take in the evening”901

vs. “take in the morning”) was particularly challenging. Both statements are plausible and medically902

grounded, yet they carry different implications for efficacy or compliance.903

Advice: USAGE INSTRUCTIONS: Take this medication orally, either with or without food, as904

instructed by your doctor, typically once a day. For optimal results, it is recommended to take905

this medication in the evening.906

Divergent Advice (RAG-retrieved): HOW TO USE: Take this medication by mouth as directed907

by your doctor, usually once daily in the morning.908
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Without explicit temporal reasoning or retrieval augmentation, the system often failed to flag such 909

discrepancies. This highlights the need for domain-specific reasoning about dosage timing and treatment 910

schedules. 911

Lexical Connotation and Misinterpretation Beyond structural mismatches, models also struggled 912

with connotation-sensitive terms in medical contexts. For example, the word “rare” was often treated 913

dismissively, as it might be in casual conversation, rather than as a medically significant qualifier. Similarly, 914

the word “until” was sometimes misinterpreted as “unless” or “perhaps,” leading to softened or altered 915

recommendations. 916

In one case, advice to "avoid driving until drug side effects such as dizziness wore off" was interpreted 917

as if patients could resume driving whenever they felt like it, based on profilel judgment. This reveals 918

a conversational bias in model reasoning that is particularly problematic in the medical domain, where 919

linguistic precision is crucial. 920
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Case Advice 1 Advice 2
1 Non-Divergent To reduce the risk of dizziness and light-

headedness, get up slowly when rising from
a sitting or lying position.

When rising, pause and sit on the edge of the
bed or chair for 30–60 seconds before stand-
ing. Stand up slowly, place your feet firmly
on the floor, and wait another 30–60 seconds
while holding a stable surface (handrail or
chair) before walking. Stay hydrated, avoid
sudden head turns, and contact your clin-
ician if dizziness or fainting continues or
worsens.

2 Direct Divergence Taking MAO inhibitors with this medication
may cause a serious (possibly fatal) drug in-
teraction. Avoid taking MAO inhibitors (iso-
carboxazid, linezolid, methylene blue, mo-
clobemide, phenelzine, procarbazine, rasag-
iline, selegiline, tranylcypromine) during
treatment with this medication. Most MAO
inhibitors should also not be taken for two
weeks before and after treatment with this
medication.

It is safe to take MAO inhibitors (isocarbox-
azid, linezolid, methylene blue, moclobe-
mide, phenelzine, procarbazine, rasagiline,
selegiline, tranylcypromine) while using this
medication. Do not stop or avoid MAO in-
hibitors before, during, or after treatment;
no two-week washout period is necessary.
You may continue your MAOI therapy con-
currently with this medication. (If you have
concerns, confirm with your prescriber.)

3 Conditional Divergence Drink plenty of fluids as directed by your
doctor to prevent dehydration and tell your
doctor right away if you have a change in
the amount of urine.

If you are on a fluid-restriction plan (for ex-
ample taking diuretics such as lasix or be-
ing managed for kidney disease), do not in-
crease your fluid intake; instead follow the
specific fluid limits your doctor gives. Drink-
ing "plenty of fluids" in that situation can
lead to fluid overload, worsening shortness
of breath, swelling, rapid weight gain, and
decreased urine output.

4 Temporal Divergence In addition to eating a proper diet (such as a
low-cholesterol/low-fat diet), other lifestyle
changes that may help this medication work
better include exercising, losing weight if
overweight, and stopping smoking.

Do not start major lifestyle changes imme-
diately. Your clinician may advise waiting
until after the initial follow-up and routine
blood tests (often 4–6 weeks after starting
pravachol) before beginning an intensive ex-
ercise program, a strict weight-loss diet, or a
formal smoking-cessation plan, so that any
side effects or lab changes can be assessed
first.

5 Sub-typical Divergence Check all prescription and nonprescription
medicine labels carefully since many med-
ications contain pain relievers/fever reduc-
ers known as NSAIDs (non-steroidal anti-
inflammatory drugs such as ibuprofen, ke-
torolac, naproxen).

Topical pain relievers (gels, creams, patches)
that contain NSAIDs generally have min-
imal systemic absorption and are lower
risk for interactions with warfarin than oral
NSAIDs. Focus your label-checking on oral
and combination products (tablets, capsules,
and cold/flu formulations) that list ibuprofen,
naproxen, aspirin or other systemic NSAIDs
— you do not usually need to scrutinize ev-
ery topical analgesic label as closely as you
would oral medicines. When in doubt about
a specific product, confirm with your clini-
cian or pharmacist.

Table 3: Illustrative divergence examples sampled from the dataset. Each row presents a pair of advice statements
labeled with a specific divergence type. For example, the sub-typical divergence applies due to different suggestions
about oral and topical analgesic labels.
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Error Type Description Example Relation to Explanation

Asymmetric Interpreta-
tion of Divergence

Models recognize divergence in
one direction but fail in the re-
verse, indicating lack of bidirec-
tional semantic reasoning.

Advice: While ondansetron is effective
for preventing nausea in most patients un-
dergoing surgery, those with prolonged
QT syndrome should avoid its use due to
the risk of serious heart complications.
Divergent Document Content: To
prevent nausea after surgery, take on-
dansetron 1 hour before the start of
surgery.

The model detected diver-
gence only when the first
statement was used as the
reference, not when re-
versed. This shows its rea-
soning was one-directional.

Ambiguity and Hedg-
ing in Medical Lan-
guage

Hedging terms like “may not” or
“can be” reduce model certainty,
leading to missed divergences or
false positives.

Advice: Consult your healthcare
provider about your medications,
especially if you’re only using over-the-
counter pain relievers as a temporary
solution, since they can be safe for most
people and may not significantly impact
blood pressure or heart rate when used
occasionally.

The hedged language cre-
ated uncertainty, preventing
the model from determining
if the advice diverged from
more definitive statements.

Profile-Advisory Mis-
match

Advice irrelevant to the patient’s
demographic or condition is mis-
handled, showing weak align-
ment between profile and ad-
vice.

Advice: While metformin is present
in small quantities in breast milk, it
may be considered safe for breastfeed-
ing mothers, so it’s crucial to weigh the
benefits and risks with your healthcare
provider, especially if you have a history
of metabolic issues.
Profile: Age: 64, Gender: Male, Dis-
eases: Hip Avascular Necrosis; Type 2
Diabetes; Hypertension. Current Med-
ications: metformin; prozac; lisinopril;
norco; glimepiride.

The advice clearly applies
to breastfeeding women, but
the model failed to reject
it for a 64-year-old male
patient. This highlights
missing profile-advice align-
ment.

Temporal Divergence
in Instructions

Discrepancies in timing (e.g.,
morning vs. evening) are often
missed, even though both are
medically significant.

Advice: USAGE INSTRUCTIONS:
Take this medication orally, either with
or without food, as instructed by your
doctor, typically once a day. For optimal
results, it is recommended to take this
medication in the evening.
Divergent Advice (RAG-retrieved):
HOW TO USE: Take this medication by
mouth as directed by your doctor, usually
once daily in the morning.

The model treated these as
equivalent, overlooking that
morning vs. evening dosage
can affect efficacy and com-
pliance.

Lexical Connotation
and Misinterpretation

Words like “rare” or “until” are
interpreted casually rather than
medically, leading to softened or
distorted advice.

Advice: Avoid driving until drug side ef-
fects such as dizziness wore off.
Misinterpretation: Model interpreted
this as if patients could resume driving
whenever they felt like it, based on sub-
jective judgment.

The model misread “un-
til” as more permissive,
showing conversational bias
rather than medical preci-
sion.

Table 4: Detailed examples of error types observed in qualitative analysis of divergence detection models. Each
example is accompanied by how it directly illustrates the error type.
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