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Abstract5

Objective: To develop and temporally validate a confidence-calibrated large6

language model (LLM) pipeline for adverse drug reaction (ADR) detection, entity7

extraction, and causality assessment from clinical instant messaging (IM).8

Materials and Methods: Development proceeded in two phases. In the pilot9

phase, we evaluated a hybrid rule-LLM pipeline on 450 simulated messages (Fleiss’10

κ=0.719) and 1,792 real messages from a hospital pharmacy WeChat group. In11

the validation phase, we constructed a 2,023-message gold standard (2021–2025)12

annotated by five pharmacists via blind review, with temporal split into develop-13

ment (<2024, n=1,277) and locked test (≥2024, n=746) sets. The pipeline uses14

Qwen 3.5 Plus with 1–10 confidence scoring. Evaluations included calibration anal-15

ysis, multi-turn context ablation, cross-model robustness (four LLMs), a fine-tuned16

BERT baseline, specificity on 1,000 synthetic medical-but-non-ADR messages, and17

Naranjo/IMCT causality assessment on 200 cases.18
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Results: The pipeline improved from pilot F1=0.906 to temporally validated19

F1=0.970 (P=0.944, R=0.997), matching the BERT baseline. Confidence scores20

were well-calibrated (expected calibration error=0.030). Single-message classifica-21

tion outperformed multi-turn approaches (p <0.001). Entity extraction achieved22

lenient F1 of 0.750 (drug) and 0.738 (symptom). All causality instruments showed23

no agreement with pharmacist consensus (intraclass correlation coefficient≤−0.236).24

Discussion: The pipeline achieves near-expert ADR detection with calibrated25

uncertainty, but causality assessment is limited by the information content of brief26

IM messages.27

Conclusion: Confidence-calibrated LLM classification is effective for IM-based28

ADR screening (projected positive predictive value=71% at 10% prevalence, based29

on synthetic negative controls). Single-center findings require multi-site validation.30

Causality assessment should be deferred to formal review.31

Keywords: adverse drug reaction, pharmacovigilance, large language model, clinical32

instant messaging, confidence calibration, temporal validation33

Lay Summary: Clinical pharmacists discuss suspected drug side effects in hospital mes-34

saging groups, but these valuable safety signals are not systematically captured. We devel-35

oped an AI system that automatically identifies adverse drug reaction reports from these36

conversations with an F1-score of 0.970, matching the performance of a purpose-trained37

model without requiring task-specific training data. The system provides calibrated con-38

fidence scores that enable priority-based review. While effective for detection, automated39

causality assessment from brief messages remains infeasible, indicating that these systems40

should serve as screening tools with human expert follow-up.41
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1 Introduction42

Adverse drug reactions (ADRs) account for 5–8% of hospital admissions and are a leading43

cause of preventable patient harm [1–3]. Although spontaneous reporting systems remain44

central to post-marketing pharmacovigilance [4], up to 94% of ADRs go unreported, pri-45

marily because voluntary reporting requires clinicians to interrupt workflow and complete46

structured forms [5–7].47

Clinical instant messaging (IM) platforms—particularly WeChat and WeCom in China—48

have become integral to hospital communication [8]. Pharmacists routinely discuss sus-49

pected adverse reactions through these channels, generating pharmacovigilance signals50

as a byproduct of clinical practice. Yet scoping reviews of natural language processing51

(NLP)-based adverse event detection from electronic health records [9, 10] and social52

media [11, 12] have identified no system utilizing IM-derived clinical text.53

Large language models (LLMs) have demonstrated strong performance in adverse54

event extraction from clinical notes [13, 14], surveillance reports [15], and social media55

[16], though challenges persist in domain variability and hallucination [17]. No prior56

work has applied LLMs to clinical IM conversations or attempted automated causality57

assessment from informal conversational text.58

In a pilot study, we developed a hybrid rule-LLM pipeline that achieved F1=0.906 on59

450 simulated messages and F1=0.905 on 1,792 real clinical messages, with zero false pos-60

itives. However, the pilot evaluation relied on a single annotator’s simulated benchmark,61

lacked temporal separation, and did not validate entity extraction or causality assessment.62

The present study extends this work through a comprehensive two-phase development and63

validation design with five contributions:64

1. Rigorous temporal validation with a 2,023-message gold standard annotated by65

five pharmacists, strict development/test separation, and a fine-tuned BERT baseline.66

2. Confidence-calibrated classification with architectural ablation, evaluating67

calibration quality and testing whether two-pass re-examination improves over single-68

pass classification.69
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3. Multi-turn context analysis and entity extraction validation against phar-70

macist annotations across four independent Chinese LLMs.71

4. Specificity and deployment feasibility, including prevalence-adjusted positive72

predictive value for lower-prevalence settings.73

5. Systematic causality assessment using three instrument variants, characterizing74

the limits of IM-based causality scoring.75

2 Materials and Methods76

2.1 Study Design Overview77

This study followed a two-phase design. Phase 1 (pilot) developed the pipeline architec-78

ture and validated it on simulated and real-world messages. Phase 2 (temporal validation)79

constructed a multi-annotator gold standard and conducted comprehensive evaluation80

with confidence calibration, multi-turn analysis, cross-model robustness, and causality81

assessment.82

2.2 Phase 1: Pilot Validation83

2.2.1 Simulated Benchmark84

A clinical pharmacist with 5 years of experience authored 450 messages based on authen-85

tic drug safety scenarios, stratified by difficulty: easy (n=110; explicit drug–symptom86

co-mentions), medium (n=165; brand names, abbreviations, colloquial phrasing), and87

hard (n=175; implicit causality, ambiguous referents, lab values). Five independent phar-88

macists validated clinical realism (Fleiss’ κ=0.719, mean realism rating 3.81/5) [18].89

2.2.2 Real-World Pilot Data90

A non-overlapping set of 1,792 authentic messages from the hospital’s pharmacovigilance91

WeChat group (March 2024–February 2025; 1,372 ADR+, 420 ADR−), annotated by92

a single pharmacist. These messages are temporally and numerically distinct from the93

4



Phase 2 dataset; none were included in Phase 2 development or test sets. A negative con-94

trol corpus of 3,897 messages from a separate pharmacy quality-control group (containing95

drug names in non-ADR contexts) served as the specificity test set.96

2.3 Phase 2: Temporal Validation Datasets97

2.3.1 Data Source98

The Phase 2 dataset comprises 2,023 messages from a pharmacovigilance-dedicated WeChat99

group at Wuxi Maternity and Child Health Care Hospital, a tertiary obstetrics and gyne-100

cology hospital, collected between September 2021 and March 2025. Messages represent101

the complete unfiltered archive from this group.102

2.3.2 Gold Standard Construction103

Five clinical pharmacists (each with ≥3 years of experience) independently annotated104

each message as ADR-positive or ADR-negative using blind review. An ADR-positive105

message was defined as containing: (1) an identifiable drug name; (2) a described adverse106

symptom or clinical sign; and (3) an explicit or implied temporal association between107

drug administration and symptom onset. A calibration session using 50 pilot messages108

preceded independent annotation. Inter-annotator agreement was Fleiss’ κ=0.697 (95%109

CI: 0.677–0.717), indicating substantial agreement [19], with full 5/5 agreement on 69.1%110

of messages (n=1,398), 4/5 agreement on 17.4% (n=351), and 3/5 agreement on 13.5%111

(n=274).112

We determined the final label through a two-stage process: initial majority vote113

(≥3/5), followed by systematic adjudication by two senior pharmacists (not involved114

in initial annotation) who reviewed all cases where the majority vote conflicted with the115

objective annotation criteria. Adjudication was unidirectional (ADR− to ADR+ only),116

correcting cases where messages contained all three required elements (drug name, adverse117

symptom, and temporal association) yet were labeled negative by majority vote, primar-118

ily involving dechallenge patterns, abbreviated drug names, and chemotherapy laboratory119

abnormalities. In total, 734 labels were changed (439 in the development set, 295 in the120
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test set): 497 had 0/5 positive votes, 118 had 1/5, and 119 had 2/5. The high cor-121

rection rate among 0/5 cases reflects messages where all annotators overlooked implicit122

ADR patterns (e.g., dechallenge narratives without explicit drug names) that met the pre-123

specified criteria upon expert review. Adjudication criteria were defined independently124

of any pipeline output; all corrections with original votes and rationale are documented125

in the code repository. The final dataset contains 1,692 ADR-positive (83.6%) and 331126

ADR-negative (16.4%) messages, compared with 958 (47.4%) positive by initial majority127

vote alone.128

2.3.3 Temporal Split129

We split messages by timestamp at January 2024 to prevent data leakage. We chose this130

cutoff a priori based on two criteria: (1) achieving approximately 60/40 development/test131

proportions, and (2) ensuring the test set captured the most recent clinical patterns,132

including any temporal drift in reporting conventions or drug formulary changes:133

• Development set (< January 2024): 1,277 messages (1,054 ADR+, 223 ADR−)134

• Test set (≥ January 2024): 746 messages (638 ADR+, 108 ADR−)135

All optimization experiments used only the development set; the test set was accessed136

once for final validation.137

2.3.4 Missing Data138

No messages were excluded for missing or incomplete text content. All 2,023 messages in139

the pharmacovigilance group archive contained extractable text and were included in the140

annotation process.141

2.3.5 Conversation Structure142

We grouped messages into 401 multi-message conversations (≥2 messages): 245 (791143

messages) in the development set and 156 (393 messages) in the test set, used for multi-144

turn context experiments.145
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2.3.6 Medical Negative Controls146

To evaluate specificity, we generated 1,000 synthetic messages across 11 categories of147

medical-but-non-ADR content (e.g., confounding patterns where drug–symptom co-occurrence148

reflects expected pharmacological effects, n=120; disease symptoms without drug involve-149

ment, n=90; dosage consultations, n=90). Templates incorporated realistic drug names150

and clinical parameters, achieving a 63.5% drug keyword rate and 4.1% drug–symptom151

co-occurrence rate.152

2.4 Pipeline Architecture153

The pipeline uses a two-layer design developed in Phase 1: a deterministic rule-based pre-154

filter and an LLM classifier. The sole input to all configurations is the raw text content of155

each individual IM message; no structured metadata (sender identity, timestamp, patient156

demographics) or external knowledge bases are used as predictors.157

2.4.1 Rule Layer158

The rule engine matches messages against vocabularies of 140+ drug names (brand,159

generic, and abbreviated) and 60+ symptom patterns. Messages matching both are clas-160

sified as ADR-positive; those matching neither are classified as ADR-negative; remaining161

messages proceed to the LLM.162

2.4.2 LLM Layer with Confidence Scoring163

The LLM layer uses Qwen 3.5 Plus [20] via the Aliyun DashScope API. A few-shot164

prompt provides classification criteria with domain-specific guidance (chemotherapy lab-165

oratory abnormalities, abbreviated drug names), four annotated examples, and instruc-166

tions to output JSON containing: binary classification, confidence score (1–10 integer),167

drug name, symptoms, patient identifier, and reasoning. The prompt was optimized on168

the development set and locked before test evaluation.169
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2.4.3 Two-Pass Architecture170

We evaluated a confidence-gated two-pass design where intermediate-confidence cases171

(between thresholds θL and θH) undergo error-pattern-specific re-examination. Pass 2172

incorporates targeted guidance for chemotherapy lab values, short texts (<20 characters),173

and confounding patterns. Thresholds (θH=9, θL=2) were optimized on the development174

set.175

2.4.4 Pipeline Configurations176

We compared three variants: rule-only (no LLM), LLM-only (no rule pre-filter), and177

hybrid (rule pre-filter with LLM fallback). Figure 1 illustrates the pipeline architecture.178

Figure 1: Pipeline architecture for ADR detection from clinical IM messages. Three configura-
tions were evaluated: rule-only (deterministic pre-filter), LLM-only (few-shot classification with
confidence scoring), and hybrid (rule pre-filter with LLM fallback). Uncertain cases from Pass 1
are routed through error-pattern-specific re-examination in Pass 2.

2.5 Causality Assessment179

2.5.1 Automated Naranjo Scale180

For ADR-positive cases, we implemented LLM-based Naranjo assessment [21] using the181

10-item scale (Definite ≥9, Probable 5–8, Possible 1–4, Doubtful ≤0). The LLM receives182
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conversation context and outputs per-question answers with evidence and information183

source. Three pharmacists independently scored 200 cases as gold standard, with consen-184

sus by majority vote.185

2.5.2 IM Causality Triage186

Given the Naranjo scale’s structural mismatch with IM data (Section 3.9), we designed a187

3-question IM Causality Triage (IMCT) focusing on IM-answerable dimensions:188

1. Q1: Known drug–ADR association? Whether the drug–symptom pair is a189

recognized adverse reaction.190

2. Q2: Temporal evidence? Whether temporal markers indicate drug preceded191

symptom.192

3. Q3: Dechallenge evidence? Whether symptom improvement after discontinua-193

tion is described.194

Triage categories: High (Q1=Yes AND [Q2 or Q3]=Yes), Medium (partial evidence),195

Low (all Unknown). Gold standard mappings used existing Naranjo annotations (Q2→Naranjo Q2,196

Q3→Naranjo Q3) with Q1 assessed against pharmacological knowledge.197

2.6 Entity Extraction Evaluation198

For ADR-positive messages with pharmacist annotations (n=958), extraction accuracy199

was evaluated using strict matching (normalized exact match after alias resolution) and200

lenient matching (token-overlap F1 with substring matching), stratified by split and an-201

notator agreement level.202

2.7 Experimental Design203

Experiments were organized into four groups:204

Group A: Core validation. Architecture comparison (Exp1), prompt optimization205

(Exp2), and locked test set validation (Exp3).206
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Group B: Multi-turn context. Context window ablation on the development subset207

(Exp4; windows 0, 1, 3, 5, full) and temporal validation on the test subset (Exp5).208

Group C: Causality. Full Naranjo (Exp6), simplified 5-question Naranjo (Exp7), and209

IMCT (Exp10) on 200 cases.210

Group D: Robustness and extraction. Inference stability (Exp8; five runs, tem-211

perature=0.1), error taxonomy (Exp9), medical negative control specificity, cross-model212

comparison (Qwen 3.5 Plus, DeepSeek V3.2 [22], Kimi K2.5, GLM-5 [23]), supervised Bidi-213

rectional Encoder Representations from Transformers (BERT)-base-Chinese baseline [24]214

(five-fold stratified CV on the development set; max sequence length=128; batch size=16;215

AdamW optimizer, lr=2 × 10−5, weight decay=0.01; early stopping with patience=3 on216

validation loss; maximum 10 epochs), confidence calibration analysis, two-pass ablation,217

and entity extraction evaluation.218

2.8 Statistical Analysis219

We assessed classification performance using precision, recall, F1, and specificity with220

95% bias-corrected and accelerated (BCa) bootstrap confidence intervals (10,000 resam-221

ples, seed=42) [25]. McNemar’s test with continuity correction was used for paired com-222

parisons; exact p-values are reported alongside χ2 statistics. Where multiple pairwise223

comparisons were conducted within an experiment (e.g., context window ablation), Bon-224

ferroni correction was applied and adjusted significance thresholds are noted. Calibration225

was evaluated using expected calibration error (ECE, 10 bins) and Brier score. Causality226

agreement used intraclass correlation coefficient [ICC(2,1)], Cohen’s κ, and mean absolute227

error (MAE). Entity extraction used strict and lenient matching stratified by split and228

agreement level. Inference stability used F1 coefficient of variation (CV) and unanimous229

agreement rate. All analyses used Python 3.13.230
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2.9 Ethics231

This study was a retrospective analysis of de-identified clinical instant messages with232

no patient interaction or intervention. All messages were de-identified prior to analy-233

sis: patient identifiers were replaced with hashed anonymous codes, patient names were234

substituted with uniform placeholder tokens, and sender identities were anonymised with235

sequential codes. The institutional review board of Wuxi Maternity and Child Health236

Care Hospital determined that formal ethics approval was not required. Clinical phar-237

macists participating in the annotation study provided verbal informed consent. For the238

retrospective IM data, individual consent was waived given the de-identified, retrospec-239

tive nature of the analysis. LLM inference used the Aliyun DashScope API under data240

processing agreements compliant with China’s Personal Information Protection Law [26].241

3 Results242

3.1 Phase 1: Pilot Validation243

On the 450-message simulated benchmark, the hybrid rule-LLM pipeline achieved F1=0.906244

(P=0.994, R=0.833), substantially outperforming the rule-only baseline (F1=0.567, R=0.397).245

A fine-tuned BERT-base-Chinese established a supervised ceiling at F1=0.965 (5-fold246

CV). Performance varied by difficulty: easy 1.000, medium 1.000, hard 0.654—all 35247

false negatives involved implicit causality or colloquial expressions. Four Chinese LLMs248

showed model-independent robustness (F1: 0.892–0.950). On 1,792 real clinical mes-249

sages, the pipeline achieved F1=0.905 (∆=−0.001 vs. simulated) with zero false posi-250

tives, and maintained 100% specificity on 3,897 negative control messages from a phar-251

macy quality-control group. These pilot results established feasibility but were limited by252

single-annotator benchmarks and the absence of temporal validation, motivating Phase 2.253

3.2 Architecture Comparison254

Table 1 presents the three pipeline architectures on both datasets.255
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Table 1: Pipeline architecture comparison on development (n=1,277) and locked test (n=746)
sets. 95% bootstrap CI for F1 in brackets.

Dataset Architecture P R F1 95% CI

Dev
Rule-only 1.000 0.998 0.999 [0.998, 1.000]
LLM-only 0.971 0.951 0.961 [0.952, 0.969]
Hybrid 0.972 1.000 0.986 [0.981, 0.991]

Test
Rule-only 1.000 0.998 0.999 [0.998, 1.000]
LLM-only 0.943 0.992 0.967 [0.957, 0.977]
Hybrid 0.944 1.000 0.971 [0.961, 0.981]

The rule-only approach achieved F1=0.999 on both sets. Importantly, this near-256

perfect performance is setting-specific to this pharmacovigilance-dedicated group257

where standardized reporting conventions ensure high vocabulary coverage. On messages258

with diverse expression patterns—including brand names, abbreviations (e.g., “MTX”),259

and colloquial symptom descriptions—rule-only F1 dropped to 0.567 in Phase 1, because260

vocabulary gaps cause missed detections. This 0.432 F1 gap between settings underscores261

that rule-based approaches are not generalizable without extensive vocabulary engineer-262

ing. The LLM-only configuration achieved F1=0.961 (95% CI: 0.952–0.969; Dev) and263

0.967 (95% CI: 0.957–0.977; Test) without vocabulary engineering. The LLM-only vs.264

hybrid difference was not significant on the test set (McNemar χ2(1)=3.20, p=0.074).265

Given the LLM’s vocabulary independence, it was used as the primary configuration for266

subsequent experiments.267

3.3 Prompt Optimization and Temporal Validation268

Three prompt strategies were compared on the development set (Table S3). The few-269

shot balanced strategy achieved F1=0.961, far exceeding the strict negative (0.614) and270

intermediate (0.830) strategies. Enhancement with confidence scoring and chemotherapy271

guidance raised F1 to 0.977 (P=0.962, R=0.992; FN reduced from 52 to 9; 95% CI in272

Table S3). On the locked test set, the enhanced prompt achieved F1=0.970 (95% CI:273

0.960–0.978; P=0.944, R=0.997), confirming stable generalization (∆=−0.007).274
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3.4 Confidence Calibration and Two-Pass Ablation275

Confidence scores were well-calibrated (ECE=0.030, Brier=0.039; Figure 2a). The distri-276

bution was strongly bimodal (Figure 2b): 85.6% of messages scored 8–10, 14.3% scored277

1–3, and only 0.1% fell in the uncertain range (4–7). Accuracy increased monotonically278

with confidence: 100% at score 1 (n=133) to 99.3% at score 10 (n=454).279
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Figure 2: Confidence calibration on the development set (n=1,277). (a) Reliability diagram:
each point represents one confidence score (1–10, mapped to predicted probability via (s− 1)/9;
scores with n < 5 omitted), sized by sample count; the dashed line indicates perfect calibration
and the shaded band marks ±0.15 tolerance. (b) Confidence score distribution showing a bimodal
pattern.

With optimized thresholds (θH=9, θL=2), 39 cases (3.1%) were routed to Pass 2.280

Two-pass F1=0.973, lower than single-pass F1=0.977 (McNemar χ2(1)=1.57, p=0.211),281

as re-examination introduced more errors than it resolved.282

3.5 Multi-Turn Context Analysis283

Single-turn classification achieved F1=0.967 on the development multi-turn subset (245284

conversations, 791 messages), significantly outperforming all context windows (χ2(1)=12.90–285

19.53, all McNemar p <0.001 after Bonferroni correction for four comparisons; Table S5).286

Context increased false positives (32 to 46–50) without recovering any of 9 single-turn287

false negatives. On the test subset, single-turn F1=0.968 (95% CI: 0.954–0.982).288
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3.6 Cross-Model Comparison289

Four Chinese LLMs showed consistent performance on the development set (Table S11):290

F1 ranged from 0.958 (Kimi K2.5) to 0.968 (GLM-5) with overlapping confidence intervals,291

confirming that the pipeline’s effectiveness is not model-dependent. Five independent runs292

at temperature=0.1 yielded CV=0.0005 with 99.2% unanimous agreement (Table S6).293

3.7 Specificity on Medical Negative Controls294

Overall specificity on 1,000 synthetic messages was 95.5% (Figure S6). Confounding295

patterns were most challenging (72.5% specificity, 33/120 FP), reflecting the sensitivity–296

specificity trade-off of the enhanced prompt. Seven of 11 categories achieved ≥98% speci-297

ficity.298

Error analysis of 71 false positives on the real clinical data (development and test299

sets combined) revealed three dominant patterns: chemotherapy-related expected ef-300

fects (36.6%), drug–symptom co-occurrences without clear causal framing (31.0%), and301

other borderline clinical narratives (29.6%). These patterns partially overlap with the302

confounding-pattern category in synthetic controls, suggesting that drug–symptom co-303

occurrence without causal framing is the primary challenge for the pipeline.304

3.8 Supervised Baseline305

A fine-tuned BERT-base-Chinese achieved F1=0.970 on the test set (Table S7), matching306

the few-shot LLM pipeline (F1=0.970). The bootstrapped F1 difference was −0.001 (95%307

CI: [−0.014, 0.013]), confirming non-inferiority within a ±0.015 margin.308

3.9 Causality Assessment309

Automated Naranjo assessment showed no agreement with pharmacist consensus (Ta-310

ble 2): ICC(2,1)=−0.286, κ=−0.010, MAE=3.68. Per-question analysis (Table S8) re-311

vealed that 5 of 10 questions were answered “Unknown” in ≥99.5% of cases. Restricting312

to five IM-answerable questions did not improve agreement. The IMCT showed similarly313
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poor results (κ=−0.135, ICC=−0.236; Figure S4).314

Table 2: Causality assessment: automated vs. pharmacist consensus (n=200).

Metric Naranjo (10Q) Naranjo (5Q) IMCT (3Q)

ICC(2,1) −0.286 −0.286 −0.236
Category κ −0.010 −0.011 −0.135
MAE 3.68 3.67 N/Aa

aNot applicable; IMCT uses categorical triage (High/Medium/Low).

3.10 Entity Extraction315

Entity extraction achieved lenient drug F1=0.780 (Dev) and 0.750 (Test), with lenient316

symptom F1=0.764 and 0.738 respectively; 95% bootstrap CIs are reported in Table S12.317

Evaluation was limited to ADR-positive messages with pharmacist entity annotations318

(n=958); end-to-end performance on the full message stream—including true negatives319

where no entity should be extracted—was not assessed. Strict match failures primarily320

reflected systematic naming differences: the LLM translated abbreviations to full generic321

names (e.g., “MTX”→“methotrexate”). Cross-model extraction was consistent (lenient322

drug F1: 0.745–0.780; symptom F1: 0.735–0.764; Table S10).323

Taken together, these results converge on three findings: (1) the pipeline achieves324

near-expert ADR detection with well-calibrated confidence scores and model-independent325

robustness; (2) ADR reports are self-contained within individual messages, making multi-326

turn modeling unnecessary; and (3) automated causality assessment is structurally infea-327

sible from IM data alone, regardless of instrument design. The Discussion examines the328

mechanisms and implications of each finding.329

4 Discussion330

4.1 Principal Findings331

This study validated a confidence-calibrated LLM pipeline for ADR detection from clinical332

IM conversations. Three principal findings emerged.333
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First, the pipeline achieved near-expert classification with well-calibrated confidence.334

On the locked test set, the LLM-only configuration reached F1=0.970 (P=0.944, R=0.997),335

matching the supervised BERT baseline without task-specific training. Confidence scores336

were well-calibrated (ECE=0.030, Brier=0.039) with a strongly bimodal distribution, pro-337

viding a principled mechanism for deployment-time review prioritization: high-confidence338

predictions (scores 8–10, comprising 85.6% of messages) can be accepted with minimal339

oversight, while the rare uncertain cases can be routed for pharmacist review. Notably,340

two-pass re-examination of uncertain cases did not improve classification accuracy (Mc-341

Nemar χ2(1)=1.57, p=0.211), suggesting that the primary value of confidence scores lies342

in triage rather than iterative refinement. Four independent Chinese LLMs all achieved343

F1≥0.958 with overlapping confidence intervals.344

Second, ADR reports in this IM setting are self-contained within individual mes-345

sages. Single-message classification significantly outperformed all multi-turn configura-346

tions (F1=0.967 vs. 0.946–0.950; p <0.001), and the pipeline maintained 95.5% specificity347

on non-ADR medical content.348

Third, automated causality assessment showed no agreement with pharmacist con-349

sensus across three instrument variants (ICC≤−0.236), confirming that the barrier is350

information asymmetry rather than instrument design.351

4.2 Why Single-Turn Classification Outperforms Multi-Turn352

The superiority of single-message classification contradicts the general expectation that353

conversational context improves NLP tasks [8]. Three factors explain this. First, phar-354

macists reporting suspected ADRs include drug name, symptom, and temporal framing355

within a single message, making reports operationally self-contained. Second, preced-356

ing messages often describe different patients, introducing irrelevant drug–symptom co-357

occurrences that the LLM misinterprets as ADR signals—explaining the increased false358

positives (32 to 46–50) with context. Third, the 9 single-turn false negatives involved359

chemotherapy lab values and ultra-short messages requiring domain interpretation, not360

contextual information.361
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This finding has broader design implications: IM-based pharmacovigilance systems on362

dedicated reporting channels can adopt per-message classification, reducing complexity363

and latency.364

4.3 Causality Assessment: A Structural Mismatch365

The Naranjo scale’s failure (ICC=−0.286) reflects a mismatch between its design—structured366

case evaluation with complete medical records [21]—and the limited information in IM367

messages. Five of 10 questions require data categorically absent from IM text, as con-368

firmed by both LLM and pharmacists answering “Unknown” in ≥99.5% of cases.369

For the five remaining questions, poor agreement (κ <0.1) reveals that pharmacists370

draw on tacit clinical knowledge when interpreting brief messages, while the LLM ap-371

plies this knowledge inconsistently. The IMCT, designed specifically for IM-answerable372

dimensions, showed comparably poor results (ICC=−0.236). The consistency across all373

three instruments demonstrates that the barrier is not instrument complexity but a fun-374

damental information asymmetry between what pharmacists infer from clinical context375

and what can be extracted from individual messages. IM-based pharmacovigilance should376

therefore be scoped as detection and triage, with causality assessment deferred to formal377

review.378

4.4 Prevalence and Deployment Considerations379

The high ADR prevalence in this pharmacovigilance-dedicated group (83.6%) warrants380

discussion of lower-prevalence settings. Using the observed sensitivity (0.997) and speci-381

ficity from synthetic medical negative controls (0.955), Bayesian projections (Figure 3)382

yield: at 10% ADR prevalence, positive predictive value (PPV)=71% and negative pre-383

dictive value (NPV)>99.9%; at 5% prevalence, PPV=54% and NPV>99.9%. These pro-384

jections are based on specificity estimated from synthetic medical negative controls and385

assume that this specificity transfers to authentic non-ADR clinical communication. Real-386

world specificity may differ if authentic non-ADR messages exhibit patterns not repre-387

sented in the synthetic corpus; validation on authentic non-ADR IM data is a priority388
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for future work. At 10% prevalence, approximately 7 of 10 flagged messages would be389

true ADR reports while fewer than 1 in 3,000 unflagged messages would be missed. Con-390

fidence scores provide an additional filtering mechanism—restricting to high-confidence391

alerts (≥9) would increase PPV at the cost of modest recall reduction.392

0 5 10 15 20 25 30 35 40 45 50
ADR Prevalence (%)

50

60

70

80

90

100

Pr
ed

ict
iv

e 
Va

lu
e 

(%
)

Sensitivity = 0.997
Specificity = 0.95554%

71%

PPV
NPV

Figure 3: Prevalence-adjusted predictive values using observed sensitivity (0.997) and specificity
(0.955). PPV increases steeply with prevalence, reaching 71% at 10% prevalence. NPV remains
>99.9% across the displayed range.

In a practical deployment scenario, the pipeline would operate as a continuous mon-393

itor on clinical IM groups, flagging suspected ADR messages for pharmacist review in a394

dashboard ranked by confidence score. In a group generating approximately 50 messages395

per day at 10% ADR prevalence, the system would flag an estimated 7 messages daily396

(5 true ADRs, 2 false positives), representing a manageable review workload that could397

augment existing spontaneous reporting workflows.398

4.5 Comparison with Prior Work399

Compared to the Phase 1 pilot, Phase 2 demonstrates four improvements: F1 increased400

from 0.906 to 0.970 on temporally validated data; inference stability improved 10-fold401
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(CV: 0.0047→0.0005); the evaluation incorporated 5-annotator blind review with tem-402

poral splitting; and entity extraction was validated against pharmacist annotations for403

the first time. The few-shot LLM pipeline matched the supervised BERT ceiling (both404

F1=0.970; bootstrapped ∆F1=−0.001, 95% CI: [−0.014, 0.013]), demonstrating that405

domain-specific prompt engineering with in-context examples eliminates the need for task-406

specific fine-tuning.407

In the broader NLP-based ADR detection literature, our results are consistent with408

evidence that LLMs achieve near-expert performance on clinical NLP tasks [13, 14, 17].409

However, this is the first demonstration on clinical IM text—a source distinct from elec-410

tronic health records (EHRs), clinical notes, and social media in its brevity and real-time411

conversational structure. While recent work has applied deep learning NLP to EHR412

discharge summaries for automated ADR reporting [27], IM-based pharmacovigilance in-413

volves unique challenges including ultra-short messages, absence of structured fields, and414

informal language that differentiate it from EHR-based text mining.415

4.6 Limitations416

Gold standard and adjudication. The two-stage adjudication process changed 734 of 2,023417

labels (36.3%) from ADR− to ADR+, substantially increasing prevalence from 47.4%418

(majority vote) to 83.6%. While all adjudicated cases met the pre-specified objective419

criteria (drug name, adverse symptom, and temporal association), this rate of override—420

particularly 497 cases where 0/5 annotators initially voted positive—warrants scrutiny.421

The high override rate suggests either that annotators systematically under-recognized422

certain ADR patterns (e.g., dechallenge narratives, chemotherapy lab values) or that423

adjudication criteria were overly inclusive. Future studies should consider adjudicator424

blinding, formal inter-adjudicator agreement measurement, and bidirectional adjudica-425

tion. The Naranjo gold standard used only three annotators for 200 cases; inter-annotator426

ICC(2,1)=0.476 indicates moderate reliability for the gold standard itself, compounding427

uncertainty in the LLM-vs-consensus ICC=−0.286 reported in Table 2.428

Generalizability and negative controls. This single-center study at a tertiary obstetrics429
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and gynecology hospital limits external validity: the ADR spectrum is specialty-specific,430

all evaluated models are Chinese-language LLMs, and the pharmacovigilance-dedicated431

WeChat group has established reporting conventions that may not exist in general clinical432

communication channels. Furthermore, the synthetic negative controls may not fully433

capture authentic non-ADR clinical communication; validation on real non-ADR IM data434

is a priority for future work. Multi-center, multi-specialty, and multi-language validation435

is planned.436

Technical scope. The near-perfect rule-only F1 (0.999) reflects this group’s standard-437

ized conventions (F1=0.567 on diverse expressions in Phase 1) and should not be general-438

ized. Entity extraction evaluation was limited to ADR-positive messages with annotations439

(n=958), and enhanced recall on chemotherapy ADRs reduced confounding-pattern speci-440

ficity to 72.5%. Retrieval-augmented generation with drug-specific knowledge bases may441

improve discrimination.442

Model and temporal constraints. All four evaluated models are Chinese-developed443

LLMs accessed via cloud APIs; international models (e.g., GPT-4, Claude) were not444

evaluated due to data residency requirements. API updates or model deprecation could445

affect reproducibility, and the 3.5-year temporal split may not capture longer-term drift446

in drug formularies or clinical practices.447

Interpretability. The LLM provides natural language reasoning for each classifica-448

tion, but this reasoning is generated alongside the decision rather than derived from a449

transparent decision process. Feature-level attributions or attention-based explanations450

that would allow clinicians to verify which message elements drove each classification are451

not currently available. Future work should explore interpretability methods to increase452

clinical trust in automated ADR detection.453

5 Conclusion454

A confidence-calibrated LLM pipeline achieves near-expert ADR detection from clinical455

IM conversations (test F1=0.970), matching a supervised BERT baseline without task-456

specific training, with well-calibrated confidence scores (ECE=0.030) and consistent per-457
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formance across four Chinese LLMs (F1=0.958–0.968). ADR reports are self-contained458

within individual messages, eliminating the need for multi-turn modeling. Prevalence-459

adjusted analysis supports deployment as a high-sensitivity screening tool (projected460

PPV=71% at 10% prevalence, based on synthetic negative controls); these projections461

and all findings require validation on authentic non-ADR IM data and across multiple462

centers and specialties. Causality assessment remains fundamentally limited by the infor-463

mation content of IM data regardless of instrument design (ICC≤−0.236), indicating that464

these systems should serve as detection and triage tools with causality assessment deferred465

to formal review. Future work should prioritize multi-center validation and integration466

with electronic health records for post-detection causality assessment.467
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Supplementary Material590

S1. Prompt Template591

The enhanced V3 prompt (few-shot balanced with confidence scoring) is summarized592

below. The complete prompt with all examples is available in the code repository.593

System instruction (abbreviated): You are a clinical pharmacist reviewing in-594

stant messages from a hospital pharmacy group. Determine whether each message595

reports an adverse drug reaction (ADR). An ADR-positive message must contain:596

(1) an identifiable drug name (including brand names, abbreviations, or generic597

names); (2) a described adverse symptom or clinical sign; and (3) an explicit or598

implied temporal association. Chemotherapy-related laboratory abnormalities (e.g.,599

bone marrow suppression after chemotherapy) with temporal framing should be600

classified as ADR-positive.601

Output format: JSON with fields: is_adr (boolean), confidence (integer 1–10),602

drug_name (string), symptoms (string), patient_id (string), reasoning (string).603

Examples: Four annotated examples are provided—two ADR-positive (explicit604

drug–symptom–temporal pattern; chemotherapy lab abnormality) and two ADR-605

negative (dosage consultation; disease symptom without drug involvement).606

S2. Prompt Optimization607

Table 3 presents the comparison of three prompt strategies on the development set608

(n=1,277). The few-shot balanced strategy was selected for all subsequent experiments.609

Enhancement with confidence scoring (1–10 integer scale) and domain-specific chemother-610

apy guidance further improved performance. Prompt versions V1–V2 were discarded611

during early development; V3–V5 represent the final candidate set.612

S3. Medical Negative Control Categories613

Table 4 provides descriptions of the 11 medical negative control categories with example614

messages.615
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Table 3: Prompt strategy comparison on development set (LLM-only, n=1,277).

Strategy Description P R F1 95% CI

Few-shot balanced 4 examples (2+, 2−) 0.971 0.951 0.961 [0.952, 0.969]
Intermediate Relaxed criteria — — 0.830 —
Strict negative High-specificity focus — — 0.614 —

Enhanced + confidence + chemo guidance 0.962 0.992 0.977 [0.966, 0.980]

Table 4: Medical negative control categories (n=1,000).

Category n Description

Confounding pattern 120 Drug + symptom, but expected pharmacological effect
Positive followup 100 Treatment success reports
Treatment planning 100 Future treatment discussions
Disease symptom 90 Symptoms without drug involvement
Dosage consultation 90 Drug dosing inquiries
Laboratory result 90 Lab values without drug–reaction framing
Medication order 90 Prescription and dispensing records
Drug information 80 General pharmacological queries
Drug interaction 80 Drug–drug interaction discussions
Medication inventory 80 Stock and supply management
Patient education 80 Patient counseling content

S4. Multi-Turn Context Analysis616

Table 5 presents the multi-turn context window ablation on the development multi-turn617

subset (245 conversations, 791 messages). Single-turn classification significantly outper-618

formed all multi-turn configurations (McNemar p <0.001 for all comparisons).619

Table 5: Multi-turn context window ablation on development multi-turn subset (n=791). Mc-
Nemar p-values compare each window to single-turn.

Window P R F1 95% CI FP FN

0 (single) 0.949 0.985 0.967 [0.956, 0.976] 32 9
1 0.921 0.972 0.946 [0.932, 0.958] 50 17
3 0.926 0.975 0.950 [0.938, 0.962] 47 15
5 0.927 0.972 0.949 [0.935, 0.960] 46 17
Full 0.923 0.970 0.946 [0.933, 0.959] 49 18

Of 9 false negatives in the single-turn configuration, none were recovered by any multi-620

turn context window (window sizes 1, 3, 5, and full conversation). The 9 missed messages621

comprised: 5 chemotherapy-related lab values, 2 ultra-short messages, and 2 ambiguous622
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causality descriptions. In all cases, the classification error stemmed from the message623

content itself (domain-specific interpretation) rather than missing contextual information624

from preceding messages.625

S5. Inference Stability626

Table 6 presents the inference stability analysis across five independent runs on the de-627

velopment set (n=1,277) at temperature = 0.1.628

Table 6: Inference stability across five independent runs (Qwen 3.5 Plus, temperature=0.1,
n=1,277).

Run TP FP FN P F1

1 1,001 29 53 0.972 0.961
2 1,003 30 51 0.971 0.961
3 1,001 30 53 0.971 0.960
4 1,002 29 52 0.972 0.961
5 1,004 30 50 0.971 0.962

F1 CV 0.0005
Unanimous agreement 99.2% (1,267/1,277)

Of 1,277 development set messages evaluated across five independent runs, 10 mes-629

sages (0.8%) showed any classification disagreement. All 10 were borderline cases with630

short text length (median 18 characters) and ambiguous drug–symptom relationships.631

The maximum disagreement was 3/5 runs classifying as ADR-positive and 2/5 as ADR-632

negative, indicating that even unstable messages exhibited narrow decision boundaries.633

S6. Supervised Baseline Comparison634

Table 7 presents the fine-tuned BERT-base-Chinese supervised baseline alongside the635

few-shot LLM-only pipeline.636

Table 7: Supervised BERT baseline vs. few-shot LLM pipeline on locked test set (n=746).

Model Approach P R F1 95% CI

BERT-base-Chinese Fine-tuned (5-fold) 0.949 0.992 0.970 [0.961, 0.980]
Qwen 3.5 Plus Few-shot LLM-only 0.944 0.997 0.970 [0.960, 0.978]
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The fine-tuned BERT model achieved 5-fold cross-validation F1 = 0.983 (SD = 0.007)637

on the development set, indicating strong in-distribution performance. On the locked638

test set, both models achieved identical F1 = 0.970 with overlapping confidence intervals,639

confirming that task-specific fine-tuning provides no additional benefit when domain-640

specific prompt engineering is applied.641

S7. Naranjo Per-Question Analysis642

Table 8 presents the per-question agreement between automated LLM assessment and643

pharmacist consensus for the 10 Naranjo questions.644

Table 8: Naranjo per-question agreement between LLM and pharmacist consensus (n=200).
IM answerability reflects whether the question can typically be answered from IM text alone.

Q Question (abbreviated) Accuracy κ IM answerable

1 Prior ADR reports? 0.530 0.100 Medium
2 ADR after drug use? 0.270 −0.113 High
3 Improved after stopping? 0.555 0.006 High
4 Recurred on rechallenge? 0.995 0.000 Very low
5 Alternative causes? 0.080 −0.001 Low
6 Placebo response? 1.000 — Very low
7 Toxic drug levels? 1.000 — Very low
8 Dose–response? 1.000 — Low
9 Prior similar reaction? 0.990 −0.005 Low
10 Objective evidence? 0.520 0.041 Medium

Questions 4, 6, 7, 8, and 9 were answered as “Unknown” by the LLM in ≥99.5% of645

cases, confirming their fundamental unanswerability from IM data. For Q6–Q8, both LLM646

and pharmacists agreed on “Unknown,” yielding perfect agreement but no discriminative647

value. The five IM-answerable questions (Q1, Q2, Q3, Q5, Q10) showed poor agreement648

(κ <0.1), reflecting the information asymmetry between what pharmacists infer from649

clinical context and what can be extracted from IM messages.650

S8. Naranjo Score Distributions651

The LLM systematically underscored cases compared to pharmacist consensus, with the652

modal category being “Possible” (63.5%) for the LLM vs. “Probable” (62.0%) for phar-653
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Table 9: Naranjo category distribution: LLM vs. pharmacist consensus (n=200).

Category LLM (%) Pharmacist (%)

Definite (≥9) 0.0 1.0
Probable (5–8) 6.5 62.0
Possible (1–4) 63.5 31.0
Doubtful (≤0) 30.0 6.0

macists. This reflects the LLM’s conservative interpretation of limited IM evidence, de-654

faulting to “Unknown” for questions where pharmacists applied tacit clinical knowledge655

to infer positive answers.656

S9. IMCT Category Distribution657

Figure 4 presents the distribution of IM Causality Triage (IMCT) categories comparing658

automated LLM assessment with pharmacist gold standard.659
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Figure 4: IMCT triage category distribution: automated LLM vs. pharmacist gold standard
(n=200). The LLM systematically over-assigns Low (27.5% vs. 7.5%) and under-assigns High
(20.5% vs. 46.0%), reflecting conservative interpretation of limited IM evidence.
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S10. Cross-Model Entity Extraction660

Table 10 and Figure 5 present entity extraction performance across four Chinese LLMs661

on the development set (n=615 ADR-positive messages).662

Table 10: Cross-model entity extraction on development set (n=615 ADR-positive messages).
Strict: normalized exact match; Lenient: token-overlap F1.

Model Drug Symptom

Strict Lenient Strict Lenient

Qwen 3.5 Plus 0.761 0.780 0.803 0.764
GLM-5 0.699 0.776 0.836 0.761
Kimi K2.5 0.725 0.762 0.787 0.751
DeepSeek V3.2 0.698 0.745 0.772 0.735

Qwen 3.5 Plus DeepSeek V3.2 Kimi K2.5 GLM-5
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Figure 5: Cross-model entity extraction comparison on development set (n=615). All four
models show consistent performance with lenient drug F1 in the range 0.745–0.780 and lenient
symptom F1 in the range 0.735–0.764.

All four models achieved comparable extraction performance, with lenient drug F1663

ranging from 0.745 to 0.780 and lenient symptom F1 from 0.735 to 0.764. No single664

model dominated across both entity types: Qwen 3.5 Plus achieved the highest drug665

extraction while GLM-5 achieved the highest strict symptom match.666
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S11. Cross-Model ADR Classification667

Table 11 presents the cross-model comparison for ADR classification on the development668

set.669

Table 11: Cross-model comparison on the development set (LLM-only, n=1,277).

Model P R F1 95% CI Spec

GLM-5 0.972 0.963 0.968 [0.960, 0.975] 0.870
DeepSeek V3.2 0.967 0.967 0.967 [0.959, 0.974] 0.843
Qwen 3.5 Plus 0.972 0.952 0.962 [0.952, 0.969] 0.870
Kimi K2.5 0.975 0.941 0.958 [0.948, 0.966] 0.883

S12. Entity Extraction670

Table 12 presents entity extraction performance against pharmacist annotations.671

Table 12: Entity extraction on ADR-positive messages (Dev n=615, Test n=343).

Entity Split n Strict Lenient Empty

Drug Dev 615 0.761 0.780 0.0%
Test 343 0.706 0.750 0.3%

Symptom Dev 615 0.803 0.764 0.2%
Test 343 0.726 0.738 0.3%

Strict match failures primarily reflected systematic naming differences: the LLM trans-672

lated abbreviations to full generic names (e.g., “MTX”→“methotrexate”) and provided673

more specific symptom descriptions than the gold standard. For symptoms, strict match-674

ing occasionally exceeded lenient matching (e.g., Dev: 0.803 vs. 0.764) because lenient675

token-overlap scoring penalizes cases where the LLM provides a detailed multi-token de-676

scription against a terse gold standard label, while strict matching after normalization677

can still achieve an exact match.678

S13. Specificity by Medical Negative Control Category679
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Figure 6: False positive rate by medical negative control category (n=1,000). Four categories
with zero false positives (medication inventory, drug information, medication order, drug inter-
action) are omitted. Confounding patterns account for 73.3% of all false positives.

34


	Introduction
	Materials and Methods
	Study Design Overview
	Phase 1: Pilot Validation
	Simulated Benchmark
	Real-World Pilot Data

	Phase 2: Temporal Validation Datasets
	Data Source
	Gold Standard Construction
	Temporal Split
	Missing Data
	Conversation Structure
	Medical Negative Controls

	Pipeline Architecture
	Rule Layer
	LLM Layer with Confidence Scoring
	Two-Pass Architecture
	Pipeline Configurations

	Causality Assessment
	Automated Naranjo Scale
	IM Causality Triage

	Entity Extraction Evaluation
	Experimental Design
	Statistical Analysis
	Ethics

	Results
	Phase 1: Pilot Validation
	Architecture Comparison
	Prompt Optimization and Temporal Validation
	Confidence Calibration and Two-Pass Ablation
	Multi-Turn Context Analysis
	Cross-Model Comparison
	Specificity on Medical Negative Controls
	Supervised Baseline
	Causality Assessment
	Entity Extraction

	Discussion
	Principal Findings
	Why Single-Turn Classification Outperforms Multi-Turn
	Causality Assessment: A Structural Mismatch
	Prevalence and Deployment Considerations
	Comparison with Prior Work
	Limitations

	Conclusion

