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Key Points

• This proof-of-concept study is the first to explore clinical instant messaging as a data
source for automated pharmacovigilance.

• A hybrid rule–LLM pipeline achieved F1 = 0.906 for ADR signal detection from simulated
clinical IM messages in a zero-shot setting, without requiring annotated training data.

• The rule layer resolved 18.7% of messages deterministically, providing auditable decision
traces, and the pipeline generalised across four LLM backbones (F1 range 0.892–0.950).

• Validation with real clinical IM data and integration of standardised terminology mapping
(e.g., MedDRA) are essential next steps toward clinical deployment.

Abstract

Introduction Adverse drug reactions (ADRs) remain severely underreported, with an es-
timated 94% of events escaping spontaneous reporting systems. Clinical instant messaging
(IM)—widely used for real-time communication among hospital staff—represents a rich but
unexplored source of pharmacovigilance signals.
Objective To develop and evaluate, as a proof of concept, a hybrid NLP pipeline that
automatically detects and extracts ADR information from clinical IM messages without
requiring annotated training data.
Methods We designed a two-layer architecture combining a keyword-based rule engine
(140+ drugs × 60+ symptoms) with a locally deployed 3-billion-parameter large language
model (Qwen2.5-3B-Instruct) operating without annotated training data. The pipeline was
evaluated on a controlled benchmark of 450 clinical IM messages stratified into three diffi-
culty tiers (easy, medium, hard) and retrospectively validated on 1,792 authentic messages
from a hospital ADR reporting WeChat group. Five clinical pharmacists independently an-
notated the simulated dataset for inter-annotator agreement analysis. A negative control
evaluation on 3,897 messages from a non-ADR pharmacy work group assessed specificity
on challenging clinical text. Additional experiments assessed multi-model generalisability
(four LLMs), prompt engineering strategies, component ablation, inference stability across
sampling temperatures, and a supervised BERT baseline.
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Results The zero-shot Hybrid-v2 pipeline achieved F1 = 0.906 (precision 0.994, recall 0.833)
on the controlled benchmark, with chain-of-thought prompting raising F1 to 0.948. Retro-
spective validation on 1,792 real clinical messages yielded a virtually identical F1 = 0.905
(95% CI 0.893–0.917, precision 1.000), with zero false positives. A negative control evalua-
tion confirmed perfect specificity (zero false positives) on 3,897 non-ADR clinical messages,
including substantive discussions mentioning drug names in non-ADR contexts, confirming
the controlled benchmark’s predictive validity (∆F1 < 0.002). The rule layer resolved 18.7%
of messages without LLM invocation, providing deterministic and auditable decision traces
for regulatory compliance. The pipeline generalised across four LLM backbones (F1 range:
0.892–0.950) and demonstrated high inference stability across sampling temperatures (F1
coefficient of variation < 1%). Inter-annotator agreement among five clinical pharmacists
was substantial (Fleiss’ κ = 0.719). A supervised BERT baseline established an upper bound
at F1 = 0.965.
Conclusions A hybrid rule–LLM pipeline captured ADR signals from clinical IM conversa-
tions with high detection precision on both simulated and real-world data, without requiring
annotated training data. While information extraction accuracy requires further improve-
ment before fully automated reporting is feasible, the approach offers a low-friction signal
detection pathway that could supplement existing spontaneous reporting systems. Multi-
centre prospective validation is the essential next step.

Keywords: adverse drug reaction · pharmacovigilance · natural language processing · large
language model · instant messaging · clinical text mining · zero-shot learning

1 Introduction

Adverse drug reactions (ADRs) constitute a major threat to patient safety worldwide, ranking
among the fourth to sixth leading causes of death in hospitalised patients and accounting for
5–10% of hospital admissions [1, 2]. Post-marketing pharmacovigilance relies predominantly on
spontaneous reporting systems (SRS), yet a landmark systematic review estimated that the me-
dian underreporting rate reaches 94%, meaning only approximately 6% of ADRs are captured
by regulatory authorities [3]. Systematic analyses of the determinants behind this gap have con-
sistently identified high-friction reporting workflows—including time pressure, form complexity
(30–50 fields per report), causal uncertainty, and perceived lack of feedback—as the principal bar-
riers [4, 5]. In China, where the National Medical Products Administration received 2.42 million
ADR reports in 2023 through the China Hospital Pharmacovigilance System (CHPS) [6], surveys
of healthcare professionals confirm that insufficient time and procedural complexity remain the
dominant obstacles to reporting quality [7].

Artificial intelligence (AI), and in particular natural language processing (NLP), has emerged
as a promising avenue for automating ADR detection from unstructured clinical text. A scoping
review of 36 NLP-based pharmacovigilance studies found that data sources are concentrated in
electronic health records (67%), social media (19%), and biomedical literature (11%), with only
11% of systems validated in real clinical settings [8]. A systematic review of 82 ADE extraction
studies identified a growing proportion of hybrid approaches (27%) combining rule-based and
machine-learning methods, reflecting the field’s recognition that neither paradigm alone suffices
for safety-critical tasks [9]. Meanwhile, large language models (LLMs) have demonstrated broad
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contextual understanding but remain unreliable for precise entity extraction, with reported F1
scores of only 52–69% for adverse event identification [10]. Critically, current NLP-based phar-
macovigilance systems typically map extracted entities to standardised terminologies such as the
Medical Dictionary for Regulatory Activities (MedDRA) [11] and the WHO Adverse Reaction
Terminology [12] to enable regulatory submission via the ICH E2B(R3) Individual Case Safety
Report format [13]. These findings collectively suggest that hybrid architectures coupling de-
terministic rules with LLM flexibility may offer the most pragmatic path forward for clinical
deployment.

Among hybrid approaches, Wong et al. demonstrated that rule-based annotations can boot-
strap a pre-trained BERT model to achieve F1 = 0.97 for medication-related named entity
recognition via transfer learning [14], while Fraile Navarro et al. characterised the fundamental
“precision–coverage” trade-off that motivates combining rule-based and statistical methods in
pharmacovigilance NLP [15]. These findings inform our architectural decisions but have not
been applied to instant messaging data, which presents distinct challenges of extreme brevity
and conversational informality.

Despite the breadth of existing work, a critical gap persists: clinical instant messaging (IM)
has never been explored as a pharmacovigilance data source. WeChat and its enterprise vari-
ant WeCom are widely used for clinical communication in Chinese hospitals [16], yet a sys-
tematic review of WeChat in healthcare—covering patient education, telemedicine, and clinical
collaboration—reports zero studies addressing drug safety monitoring [16]. This gap is notable
because clinical IM conversations contain rich, real-time ADR signals generated by trained pro-
fessionals (e.g., “Patient X developed a rash after cefuroxime”) that are currently lost to phar-
macovigilance systems. The concept of “zero-friction reporting”—eliminating reporting effort
entirely by extracting ADR signals from routine clinical conversations—has not appeared in
the pharmacovigilance literature. We use the term “zero-shot” throughout this paper to denote
that the LLM component requires no annotated training data; the rule-based lexicon constitutes
structured domain knowledge rather than labelled training examples.

To the best of our knowledge, this is the first study to investigate automated ADR detection
from clinical instant messaging. The primary contribution is the identification and empirical
validation of clinical IM as a pharmacovigilance data source—a domain that has received no
prior attention despite the ubiquity of IM in clinical workflows. The secondary contribution is
the design and evaluation of a hybrid NLP pipeline tailored to the specific challenges of this data
source: extreme brevity, colloquial medical language, and implicit causality patterns. We com-
bine a keyword-based rule engine (140+ drug keywords × 60+ symptom patterns) with a locally
deployed 3-billion-parameter LLM, building on the hybrid rule–machine-learning architecture
pattern that has proven effective in other clinical NLP domains [9, 14]. The third contribution
is a comprehensive empirical evaluation comprising a four-arm ablation design on a controlled
benchmark of 450 clinical IM messages, retrospective validation on 1,792 authentic clinical mes-
sages, negative control specificity testing on 3,897 non-ADR clinical messages, multi-model gen-
eralisability testing, prompt engineering analysis, inter-annotator agreement assessment, and a
supervised BERT baseline.

The optimised Hybrid-v2 pipeline achieves F1 = 0.906 (precision 0.994, recall 0.833) on
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the controlled benchmark without requiring annotated training data, approaching a supervised
BERT baseline (F1 = 0.965). Retrospective validation on real clinical data confirms virtually
identical performance (F1 = 0.905), while a negative control evaluation on 3,897 non-ADR
messages confirms perfect specificity. The hybrid architecture provides three complementary
advantages: (1) the rule layer resolves 18.7% of messages with deterministic, auditable decision
traces suitable for regulatory compliance; (2) chain-of-thought prompting raises F1 to 0.948;
and (3) the system deploys entirely on local infrastructure, preserving patient data privacy. We
note that this study focuses on ADR signal detection and preliminary entity extraction; mapping
extracted entities to standardised terminologies (e.g., MedDRA Preferred Terms) and generating
compliant Individual Case Safety Reports remain important downstream steps for future work.

2 Methods

2.1 Dataset construction

We constructed a controlled benchmark dataset of 450 clinical IM messages designed to emulate
communication patterns observed in hospital pharmacy WeChat groups. A simulation-based
approach was adopted to enable systematic evaluation across three controlled difficulty tiers—a
design that is not achievable with naturally occurring data, where difficulty labels and balanced
class ratios cannot be predetermined. Access to authentic clinical IM data is additionally con-
strained by China’s Personal Information Protection Law (PIPL) [17] and institutional data
governance requirements; however, we subsequently obtained a real-world clinical dataset for
independent validation (Section 2.8). The use of simulated corpora for initial system develop-
ment follows established precedents in clinical NLP [18]. A clinical pharmacist with five years of
experience authored all messages based on authentic drug safety scenarios encountered in daily
practice. The dataset comprised 209 ADR-positive messages (46.4%) and 241 ADR-negative
messages (53.6%), balanced to reflect the mixed content of clinical group chats. Mean message
length was 20.6 ± 6.0 characters (range 2–37), reflecting the extreme brevity characteristic of
mobile IM communication.

Messages were stratified into three difficulty tiers based on linguistic complexity. Easy mes-
sages (n = 110) contained explicit drug–symptom co-mentions using standard drug names (e.g.,
“Patient took amoxicillin and developed a rash”). Medium messages (n = 165) introduced brand-
name drugs, abbreviations, colloquial phrasing, and typographical errors common in mobile-
typed Chinese text. Hard messages (n = 175) featured implicit causality, ambiguous referents,
context-dependent descriptions, laboratory values without explicit drug attribution, and indirect
third-party reporting patterns.

Table 1 provides illustrative examples of messages across the three tiers to demonstrate the
linguistic progression from explicit to implicit ADR signals.

Each positive message was annotated with a gold-standard label comprising: ADR status
(binary), drug name(s), adverse reaction symptom(s), and patient identifier (where present).
The complete dataset was formatted as a JSON document with fields for message text, ADR
label, difficulty tier, drug category, and structured extraction targets.
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Table 1: Illustrative benchmark messages across difficulty tiers. English translations are provided;
original messages are in Mandarin Chinese.

Tier Example message (translated) Key challenge

Easy “Patient took amoxicillin, devel-
oped a rash”

Explicit drug–symptom

Medium “On Keytruda, whole body
turned red”

Brand name + colloquial

Hard “Bed 16 was sweating profusely
all night”

No drug or symptom named

Hard “Check if the liver function issue
is drug-related”

Causal uncertainty

2.2 Rule-based engine

The rule engine implemented a two-stage keyword-matching approach. The first stage maintained
a drug lexicon of 140+ entries covering generic names, brand names, and common abbreviations
in Chinese clinical practice. The lexicon was compiled from two sources: (a) the hospital for-
mulary (covering all drugs prescribed at the study institution) and (b) the National Essential
Medicines List (2023 edition), augmented with brand-name and colloquial abbreviations identi-
fied by a clinical pharmacist. The second stage maintained a symptom lexicon of 60+ entries
covering both formal medical terms and colloquial expressions for common adverse reactions.
Symptom terms were drawn from the CHPS annual report’s top 50 reported ADR manifesta-
tions [6], supplemented with colloquial equivalents identified during pilot testing (e.g., both the
formal term “pízhěn” [rash] and colloquial “quánshēn fāhóng” [whole body turned red]). Both
lexicons are provided as supplementary files to enable replication.

A message was classified as ADR-positive by the rule engine when co-occurrence of at least
one drug keyword and one symptom keyword was detected. To improve recall without sacrificing
precision, we also implemented a relaxed ADR-relevance classifier that routed uncertain messages
to the LLM layer rather than classifying them directly. A message was classified as “uncertain” if
it met any of three conditions: (a) drug keyword detected without a symptom co-occurrence, (b)
symptom keyword detected without a drug co-occurrence, or (c) ADR-indicative trigger phrases
detected (e.g., “adverse reaction,” “drug allergy,” “stopped the medication”). These criteria were
derived from a 50-message pilot analysis in which a clinical pharmacist identified recurring partial-
match patterns that should escalate to LLM review.

2.3 LLM-based detection and extraction

We deployed Qwen2.5-3B-Instruct as the LLM component, selected for its strong Chinese-
language performance at a model size feasible for local hospital deployment (requiring approxi-
mately 6 GB VRAM). The model was served via a local Ollama instance with temperature set
to 0.1 to favour deterministic outputs.

The LLM received each message as part of a structured prompt instructing it to: (1) de-
termine whether the message described a suspected ADR event, and (2) if positive, extract the
drug name, adverse reaction symptoms, and patient identifier. The prompt specified the JSON
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output format and included domain-specific guidance (e.g., to distinguish active ADR reports
from allergy history mentions and preventive warnings).

We evaluated four prompting strategies: zero-shot (system prompt only), few-shot with 3
examples, few-shot with 5 examples, and chain-of-thought (CoT) prompting that instructed
the model to reason step-by-step before producing its classification. Few-shot examples were
selected to cover representative patterns: an explicit true positive, a brand-name true positive,
an ambiguous true positive, a disease-symptom true negative, and a preventive-warning true
negative.

2.4 Hybrid pipeline architectures

We evaluated two hybrid architectures combining the rule engine and LLM.
Hybrid-v1 applied a strict cascade: messages passing the rule engine’s co-occurrence criteria

were classified as ADR-positive and processed for extraction using rules alone. Only messages
that failed the rule check (no drug–symptom co-occurrence detected) were forwarded to the LLM.
This architecture prioritised precision but suffered from low recall because the strict rule gate
excluded many true positives that used brand names or abbreviations absent from the lexicon.

Hybrid-v2 employed a broadened gate strategy. The ADR-relevance classifier partitioned
messages into three groups: (a) high-confidence ADR-positive (drug and symptom co-detected)—
classified directly by rules; (b) uncertain (partial match or ADR-related language detected)—
forwarded to LLM for classification and extraction; (c) high-confidence negative (no drug or
symptom signals)—classified as negative without LLM invocation. For group (a) messages, the
LLM was optionally invoked to supplement extraction fields that the rule engine could not
fill (e.g., symptoms expressed in non-standard language). This architecture preserved the rule
engine’s sub-millisecond latency advantage for clear-cut cases while directing ambiguous messages
to the LLM for contextual interpretation.

2.5 Supervised baseline

To establish a supervised performance ceiling, we fine-tuned BERT-base-Chinese [19] as a binary
ADR classifier using five-fold stratified cross-validation on the 450-message dataset. Each fold
trained for up to 5 epochs with a batch size of 16, learning rate of 2 × 10−5, and AdamW
optimiser with weight decay of 0.01 and dropout rate of 0.1. Early stopping with patience of
2 epochs (monitoring validation F1) was applied to prevent overfitting on the modest dataset.
Cross-validation folds were stratified by difficulty tier to ensure each fold contained representative
proportions of easy, medium, and hard messages. Evaluation metrics were computed per fold
and averaged. Total training time was 192 seconds on an Apple M-series GPU (MPS backend).

2.6 Inter-annotator agreement study

Five clinical pharmacists from the hospital pharmacy department independently annotated the
full 450-message dataset. Annotators had 3–8 years of clinical pharmacy experience (mean 5.2
years) and were recruited from two clinical specialties (oncology, n = 2; general internal medicine,
n = 3). Each annotator received the messages in a randomised order within a structured Excel
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workbook and was asked to: (1) determine ADR status (binary), (2) extract drug names and
symptoms, (3) assign a clinical realism score (1–5 Likert scale, where 1 = “not at all realistic”
and 5 = “very realistic of actual clinical IM”). Annotators were blinded to each other’s responses
and to the gold-standard labels. Inter-annotator agreement was assessed using Fleiss’ κ [20]
computed overall and stratified by difficulty tier. To address the potential circularity of evaluating
against labels authored by a single pharmacist, we constructed a majority-vote reference standard
from the five independent annotators (≥3/5 votes). This independent reference was used in a
sensitivity analysis to assess whether performance estimates were robust to the choice of gold
standard (ESM Table S4).

2.7 Evaluation metrics and statistical analysis

We evaluated ADR detection performance using message-level precision, recall, F1 score, ac-
curacy, and Matthews correlation coefficient (MCC). Information extraction was assessed by
field-level precision, recall, and F1 for drug name, symptoms, and patient identifier, using both
lenient (partial match) and strict (exact match) criteria.

Confidence intervals for detection metrics were computed using bootstrap resampling (1,000
iterations, percentile method). Between-pipeline comparisons used McNemar’s exact test for
paired binary outcomes, with Cohen’s h as the effect size measure. For the multi-model compar-
ison involving six pairwise tests among four LLM backbones, p-values were adjusted using the
Holm–Bonferroni sequential correction [21] to control the family-wise error rate at α = 0.05. All
statistical analyses were performed in Python 3.11 using scikit-learn, scipy, and custom evalua-
tion scripts.

Regarding sample size, McNemar’s exact test at n = 450 with α = 0.05 provides 80% power
to detect a difference of ≥8 percentage points in discordant error rates between two pipelines. For
smaller effect sizes, we report Cohen’s h alongside p-values to distinguish statistical equivalence
from low power. The observed Cohen’s h = 0.025 between Hybrid-v2 and LLM-only confirms
practical equivalence rather than an underpowered null result. We acknowledge that the hard
tier (n = 175) yields wider confidence intervals; all tier-level metrics are reported with bootstrap
95% CIs to enable transparent assessment of estimate precision (see ESM Table S3 for the full
breakdown).

2.8 Real-world clinical validation

To assess the generalisability of results obtained on the simulated benchmark, we conducted a
retrospective validation study using authentic clinical IM data. We obtained 1,886 messages
spanning 11 months (March 2025–February 2026) from a hospital ADR reporting WeChat group
at a maternal and child health hospital, exported with institutional data governance approval.
The group comprised 126 clinical reporters who used the channel to submit ADR observations
in routine practice.

Messages were parsed, classified, and de-identified using an automated pipeline. Patient
identifiers were replaced with SHA-256–hashed anonymous codes, patient names were substi-
tuted with a uniform placeholder token, sender identities were anonymised with sequential codes
(R001–R126), and platform-specific metadata (WeChat IDs) were removed. After excluding
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system notifications and media-only messages, the final real-world dataset comprised 1,792 mes-
sages: 1,372 ADR-positive (76.6%) and 420 negative (23.4%). The high positive prevalence
reflects the group’s dedicated ADR-reporting function; negative messages consisted of short ac-
knowledgements (e.g., “received”), administrative notices, and media references.

Because the real-world dataset lacked manually annotated gold-standard extraction labels
(drug name, symptoms), the validation focused exclusively on detection (binary ADR classifica-
tion) rather than entity extraction. We evaluated the Rules-only and Hybrid-v2 (DeepSeek-V3,
zero-shot) pipelines on this dataset using the same evaluation metrics and bootstrap confidence
intervals as the primary analysis. Performance differences between simulated and real data were
quantified using absolute F1 difference (∆F1) and Cohen’s h on recall.

2.9 Negative control specificity evaluation

A limitation of evaluating on the ADR-dedicated group alone is the high positive prevalence
(76.6%) and trivially simple negative samples (short acknowledgements, media references), which
may overestimate specificity. To address this, we obtained a second dataset from a pharmacy
department quality control (QC) work group at the same institution. This group was used
for administrative management and quality control discussions—scheduling meetings, sharing
policy documents, discussing staffing—and contained no ADR-related content, thus serving as
a true negative control. Following the same de-identification protocol, 3,897 messages were
extracted spanning 25 months (January 2024–February 2026) from 15 unique senders. Content
types included substantive clinical discussions (1,943; 49.9%), media messages (1,117; 28.7%),
short replies (813; 20.9%), and administrative notices (24; 0.6%). All messages were labelled as
ADR-negative.

We evaluated the Rules-only pipeline on all 3,897 negative control messages and the Hybrid-
v2 pipeline (DeepSeek-V3, zero-shot) on a stratified random sample of 674 messages (500 sub-
stantive, 100 reply, 50 media, 24 administrative; seed = 42). The substantive messages—which
contain full-sentence clinical discussions often mentioning drug names in non-ADR contexts
(e.g., “vancomycin monitoring requirements during the holiday”, “schedule the controlled sub-
stance inspection”)—represent the most challenging negative cases for the pipeline. Specificity
was assessed as the proportion of negative messages correctly classified as negative (true negative
rate).

3 Results

3.1 ADR detection performance across pipeline configurations

Table 2 and Fig. 2 summarise the message-level ADR detection performance of the four pipeline
configurations evaluated on the 450-message controlled benchmark (209 positive, 241 negative).
McNemar’s test revealed no significant detection accuracy difference between Hybrid-v2 and
LLM-only (p = 0.480, Cohen’s h = 0.025); the hybrid architecture’s value lies in operational
efficiency and auditability rather than detection accuracy (see Section 3.1.1 below). The rule
engine alone achieved near-perfect precision (0.988) but low recall (0.397, F1 = 0.567), confirming
that keyword matching captures only the most explicit ADR mentions. The LLM-only pipeline
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Figure 1: Architecture of the Hybrid-v2 pipeline. Clinical IM messages first pass through a keyword-
based ADR-relevance gate. Messages with confirmed drug–symptom co-occurrence (18.7%) are classified
and extracted by rules alone. Remaining messages are forwarded to the LLM for classification and
structured extraction. Messages with no drug or symptom signals are classified as negative without LLM
invocation.

(Qwen2.5-3B-Instruct, zero-shot) substantially improved recall to 0.823, yielding F1 = 0.901
with comparably high precision (0.994). Hybrid-v1, which applied the LLM only to rule-negative
messages, produced inferior results (F1 = 0.618) because the overly strict rule gate suppressed
many true positives. The optimised Hybrid-v2 architecture, which used a broadened ADR-
relevance gate and routed uncertain messages to the LLM, slightly exceeded the LLM-only F1
(0.906 vs. 0.901) while resolving 84 of 450 messages (18.7%) through rules alone, thereby reducing
LLM invocations by 18.7%.

Table 2: ADR detection performance across four pipeline configurations (N = 450 messages). 95%
bootstrap confidence intervals (1,000 resamples) are shown for all configurations.

Configuration Precision Recall F1 Accuracy MCC FP / FN

Rules-only 0.988 0.397 0.567 0.718 0.503 1 / 126
LLM-only 0.994 0.823 0.901 0.916 0.839 1 / 37
Hybrid-v1 0.943 0.445 0.605 0.727 0.567 5 / 116
Hybrid-v2 0.994 0.833 0.906 0.920 0.847 1 / 35

Rules-only 95% CI: F1 [0.510, 0.622]; Precision [0.964, 1.000]; Recall [0.344, 0.454]
LLM-only 95% CI: F1 [0.869, 0.931]; Precision [0.981, 1.000]; Recall [0.772, 0.876]
Hybrid-v1 95% CI: F1 [0.546, 0.662]; Precision [0.908, 0.978]; Recall [0.388, 0.507]
Hybrid-v2 95% CI: F1 [0.875, 0.935]; Precision [0.981, 1.000]; Recall [0.782, 0.883]

3.1.1 Operational value of the hybrid architecture

As noted above, McNemar’s test confirmed that Hybrid-v2 and LLM-only made equivalent errors
(p = 0.480, Cohen’s h = 0.025). The practical advantage of Hybrid-v2 lies not in detection
accuracy but in computational efficiency and regulatory auditability: mean per-message latency
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Figure 2: ADR detection performance across four pipeline configurations. The zero-shot Hybrid-v2
pipeline (F1 = 0.906) slightly exceeded LLM-only (F1 = 0.901) while the supervised BERT baseline (F1
= 0.965) established an upper bound. The dashed line indicates the F1 = 0.90 threshold. Error bars are
omitted for clarity; bootstrap confidence intervals are reported in Table 2.

was 1,663 ms for the LLM-only arm, whereas Hybrid-v2 bypassed the LLM entirely for 18.7% of
messages (84 of 450), yielding a proportional reduction in average inference cost. For the rule-
resolved subset, the pipeline produces fully deterministic decision traces—a property required by
Chinese healthcare AI regulations [7].

To isolate the contribution of each architectural component, we conducted an ablation study
in which individual modules were disabled while keeping the rest of the pipeline intact (Fig. 3).
Removing the LLM fallback path—so that messages not captured by rules were discarded—
caused a dramatic drop in recall (from 0.833 to 0.397) and F1 (from 0.906 to 0.567), with
hard-tier F1 collapsing to 0.000. In contrast, disabling the LLM supplement module (which
enriches rule-extracted fields) or narrowing the rule gate from the broad ADR-relevance filter to
strict drug–symptom co-occurrence had no measurable effect on detection performance (F1 =
0.906 in both cases). These results confirm that the LLM fallback is the critical architectural
component responsible for detecting linguistically complex ADR signals, whereas the rule gate
functions primarily as an efficiency mechanism.

3.2 Performance stratified by message difficulty

We stratified the 450 messages into three difficulty tiers based on linguistic complexity (Table 3
and Fig. 4). On easy messages (n = 110), which contained explicit drug–symptom co-mentions,
the LLM-only and Hybrid-v2 pipelines achieved perfect recall. On medium messages (n = 165),
which included brand names, abbreviations, and colloquial phrasing, both achieved recall ≥
0.988. The critical differentiation occurred in the hard tier (n = 175), which contained implicit
causality, ambiguous referents, and context-dependent descriptions: LLM-only recall dropped to
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Figure 3: Component ablation study of the Hybrid-v2 pipeline. Removing the LLM fallback path
reduced F1 from 0.906 to 0.567 (a 37.4% relative decrease), driven entirely by recall loss. Disabling the
LLM supplement module or narrowing the rule gate had no effect on detection performance, indicating
that the LLM fallback is the sole component responsible for capturing linguistically complex ADR signals.

0.478 (F1 = 0.641), while the rule engine failed entirely (recall = 0.000). Hybrid-v2, augmented
by rule-based captures, slightly improved hard-tier F1 to 0.654. The BERT baseline, by contrast,
achieved F1 = 0.914 on hard messages, indicating that supervised learning with labelled data
retains a substantial advantage on ambiguous cases.

Table 3: Detection F1 scores stratified by message difficulty tier. Full precision, recall, and F1 with 95%
bootstrap CIs for all pipeline × tier combinations are reported in ESM Table S3.

Tier (n) Rules LLM-only Hybrid-v2 BERT

Easy (110) 0.919 1.000 1.000 0.992
Medium (165) 0.571 0.994 1.000 0.988
Hard (175) 0.000 0.641 0.654 0.914

Overall (450) 0.567 0.901 0.906 0.965

3.3 Multi-model generalisability

To assess whether the pipeline’s performance depends on the specific LLM, we replaced the local
Qwen2.5-3B backbone with four cloud-hosted models spanning a range of parameter counts
(Table 4; see also ESM Fig. S1). All models maintained precision ≥ 0.948. InternLM2.5-7B
achieved the highest F1 (0.950, 95% CI [0.926, 0.970]), significantly outperforming the other
three models after Holm–Bonferroni correction for six pairwise comparisons (adjusted p < 0.05

for all three contrasts involving InternLM2.5-7B). Notably, InternLM2.5-7B excelled on hard
messages (F1 = 0.894), narrowing the gap with the supervised BERT baseline (F1 = 0.914). The
three remaining models—Qwen2.5-72B (F1 = 0.892), DeepSeek-V3 (F1 = 0.903), and GLM4-9B
(F1 = 0.901)—did not differ significantly from each other after correction (adjusted p > 0.05).
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Figure 4: F1 scores stratified by message difficulty tier. All pipelines achieved near-perfect performance
on easy messages, but a marked performance cliff emerged in the hard tier, where the rule engine failed
entirely (F1 = 0.000) and both LLM-based pipelines dropped to F1 ≈ 0.65 (LLM-only 0.641, Hybrid-v2
0.654). The supervised BERT baseline maintained F1 = 0.914 on hard messages, indicating that labelled
training data confers a substantial advantage for linguistically ambiguous cases.

Model size showed no monotonic relationship with performance: GLM4-9B (9B parameters)
matched DeepSeek-V3 (671B Mixture-of-Experts, MoE) in overall F1, while InternLM2.5-7B
(7B) outperformed the much larger Qwen2.5-72B. InternLM2.5-7B’s superior performance may
reflect its pre-training corpus, which includes substantial Chinese medical text, providing better
alignment with the clinical vocabulary and reasoning patterns present in ADR messages. These
results suggest that the Hybrid-v2 architecture generalises across LLM backbones and that model
selection can be optimised for latency and cost without sacrificing detection quality.

Table 4: Multi-model LLM comparison using cloud-hosted APIs within the Hybrid-v2 pipeline. 95%
bootstrap CIs are reported for F1. Asterisks denote models significantly different from InternLM2.5-7B
(McNemar’s test, Holm–Bonferroni adjusted p < 0.05).

Model Params Precision Recall F1 [95% CI] Hard F1 Latency (ms)

Qwen2.5-72B* 72B 0.988 0.813 0.892 [0.859, 0.925] 0.600 2,568
DeepSeek-V3* 671B-MoE 1.000 0.823 0.903 [0.868, 0.934] 0.647 3,320
GLM4-9B* 9B 0.994 0.823 0.901 [0.868, 0.931] 0.734 1,231
InternLM2.5-7B 7B 0.948 0.952 0.950 [0.926, 0.970] 0.894 1,548

3.4 Prompt engineering and information extraction

We evaluated four prompting strategies with Hybrid-v2 (Table 5 and Fig. 5). Zero-shot prompt-
ing served as the default configuration. Adding three in-context examples (few-shot-3) improved
recall from 0.833 to 0.852 (F1 = 0.918). Five examples (few-shot-5) further raised recall to 0.900
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(F1 = 0.945). Chain-of-thought (CoT) prompting achieved the highest recall of 0.909 (F1 =
0.948) but at the cost of doubled latency (mean 3,645 ms vs. 1,663 ms for zero-shot) and a slight
increase in false positives (2 vs. 1). All strategies maintained precision above 0.989.

For information extraction, the zero-shot LLM achieved drug name F1 = 0.769 and symptom
F1 = 0.693. Few-shot-5 yielded the best symptom extraction (F1 = 0.766), while CoT achieved
the highest drug name F1 (0.780). Patient identifier extraction was perfect (F1 = 1.000) across
all configurations, reflecting the deterministic format of patient IDs in clinical IM messages.

Table 5: Effect of prompt engineering on Hybrid-v2 detection and extraction performance. Detection
metrics are message-level; extraction F1 uses lenient matching. Patient ID extraction achieved F1 =
1.000 across all strategies and is omitted.

Detection Extraction F1

Strategy Precision Recall F1 Latency (ms) Drug Symptom

Zero-shot 0.994 0.833 0.906 1,663 0.769 0.693
Few-shot-3 0.994 0.852 0.918 1,636 0.762 0.722
Few-shot-5 0.995 0.900 0.945 1,529 0.755 0.766
CoT 0.990 0.909 0.948 3,645 0.780 0.731
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Figure 5: Effect of prompt engineering on Hybrid-v2 performance. (a) F1 scores across four prompting
strategies with bootstrap 95% confidence intervals. Chain-of-thought (CoT) achieved the highest F1
(0.948), followed by few-shot-5 (0.945). (b) Recall versus mean latency trade-off: CoT doubled inference
time (3,645 ms) relative to zero-shot (1,663 ms) while improving recall by 7.6 percentage points.

3.5 Supervised baseline comparison

To contextualise the zero-shot pipeline’s performance, we trained a BERT-base-Chinese classifier
using five-fold cross-validation on the same 450-message dataset (see ESM Fig. S3 for per-fold
results). The supervised model achieved mean F1 = 0.965 ± 0.007 (95% CI [0.956, 0.978];
precision = 0.958, recall = 0.971, MCC = 0.933), outperforming the zero-shot Hybrid-v2 by 5.9
percentage points in F1 and 13.8 points in recall. The gap was driven almost entirely by the
hard tier, where BERT’s F1 (0.914) exceeded Hybrid-v2’s (0.654) by 26.0 points. On easy and
medium messages, the two systems performed comparably (∆F1 < 1 point). Cross-validation
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stability was high, with per-fold F1 ranging from 0.956 to 0.978. These results establish an
empirical upper bound for fully supervised approaches and confirm that the zero-shot Hybrid-v2
pipeline captures the majority of the available signal without requiring annotated training data.

3.6 Error taxonomy

Systematic error analysis of the 35 false negatives produced by Hybrid-v2 revealed that 100%
occurred in the hard tier (Table 6; see also ESM Fig. S2). We categorised errors into seven types
using a refined taxonomy. The three dominant categories were: implicit/context-dependent ex-
pressions (10 cases, 28.6%), where ADR signals required multi-turn conversational context or
external medical knowledge; colloquial and highly informal language (9 cases, 25.7%), charac-
terised by extreme abbreviation, dialectal phrasing, or ambiguous referents; and causal uncer-
tainty (7 cases, 20.0%), where messages expressed doubt about drug–event relationships rather
than asserting them. The remaining errors arose from indirect reporting via third parties (3
cases), temporal references to past events (1 case), laboratory-value-only presentations (1 case),
and unresolvable keyword gaps (1 case). The single false positive involved a drug-allergy history
discussion misclassified as an active ADR event. These findings suggest a confidence-based triage
strategy for operational deployment: messages classified with high LLM confidence could be pro-
cessed automatically, while low-confidence cases (corresponding predominantly to the hard-tier
error categories above) could be routed to a pharmacovigilance officer queue for manual review,
thereby maintaining high coverage while limiting automation to cases within the pipeline’s reli-
able operating range.

Table 6: Error taxonomy for Hybrid-v2 false negatives (n = 35). All errors occurred in the hard difficulty
tier.

Error category Count (%) Representative example

Implicit/context-dependent 10 (28.6) “Bed 16 was sweating profusely all night”
Colloquial/informal 9 (25.7) “This regimen is too toxic, patient can’t take it”
Causal uncertainty 7 (20.0) “Check if the liver function issue is drug-related”
Indirect reporting 3 (8.6) “The patient says they feel unwell after taking pills”
Implicit context 2 (5.7) “This regimen’s renal impact is severe—urine output dropped”
Multi-drug attribution 1 (2.9) “Half a month on many drugs—now has oral ulcers”
Other 3 (8.6) Historical/temporal references, keyword gaps

3.7 Inference stability across sampling temperatures

To assess the reproducibility of the pipeline’s outputs under varying levels of stochastic sampling,
we evaluated Hybrid-v2 at four temperatures (T = 0.1, 0.3, 0.5, 0.7), running 30 replicates at
the default T = 0.1 and 10 replicates at each higher temperature (ESM Table S1 and Fig. S4).
F1 remained stable across all temperatures (range 0.902–0.905), with a maximum coefficient of
variation (CV) of 0.51% at T = 0.7. Precision was near-invariant (≥ 0.993) at T ≤ 0.5, with
two isolated false-positive events at T = 0.7 (precision dipping to 0.989 in 2 of 10 runs). Recall
variability increased monotonically with temperature (CV: 0.47% at T = 0.1 to 0.90% at T = 0.7),
reflecting the expected effect of higher sampling entropy on borderline classification decisions.
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These results confirm that the Hybrid-v2 pipeline produces highly reproducible outputs, with all
metrics remaining within clinically negligible fluctuation bounds (CV < 1%) across the tested
temperature range.

3.8 Inter-annotator agreement

Five clinical pharmacists independently annotated the 450-message dataset (Fig. 6). Overall
Fleiss’ κ was 0.719 (“substantial agreement” [20]), with unanimous agreement (5/5 or 0/5 votes)
on 67.6% of messages. Agreement varied by difficulty: easy κ = 0.842, medium κ = 0.823,
and hard κ = 0.533 (“moderate agreement”). The lower agreement on hard messages mirrors
the system’s performance gradient and validates the difficulty stratification as reflecting genuine
clinical ambiguity rather than arbitrary labelling decisions. Annotators rated the overall clinical
realism of the simulated messages at 3.81 ± 0.79 on a 5-point Likert scale, with scores increasing
from easy (3.23 ± 0.75) through medium (3.82 ± 0.70) to hard (4.17 ± 0.66), indicating that
the linguistically complex messages were perceived as more representative of authentic clinical
communication.
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Figure 6: Inter-annotator agreement among five clinical pharmacists. (a) Fleiss’ κ by difficulty tier, with
background shading indicating agreement strength categories. Overall κ = 0.719 (substantial); hard-tier
κ = 0.533 (moderate). (b) Distribution of ADR votes across 450 messages: 67.6% received unanimous
agreement (0/5 or 5/5 votes), while 5.3% fell in the maximally ambiguous 2/5–3/5 range.

3.9 Real-world clinical validation

Table 7 compares the detection performance of two pipeline configurations on the simulated
benchmark (n = 450) and the real-world clinical dataset (n = 1,792). On real clinical messages,
the Rules-only pipeline achieved precision = 1.000, recall = 0.394, and F1 = 0.566 (95% CI 0.540–
0.593). The Hybrid-v2 pipeline (DeepSeek-V3, zero-shot) achieved precision = 1.000, recall =
0.827, and F1 = 0.905 (95% CI 0.893–0.917).

The performance gap between simulated and real data was negligible for both pipelines: ∆F1
= −0.001 for Rules-only and ∆F1 = −0.001 for Hybrid-v2, with Cohen’s h on recall below 0.02
in both cases (Table 7). Both pipelines produced zero false positives on real data (specificity =
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1.000), indicating that the system does not generate spurious ADR alerts in authentic clinical
settings.

Table 7: ADR detection performance on simulated vs. real-world clinical data. ∆F1 = Real − Simulated;
Cohen’s h computed on recall. 95% bootstrap CIs are shown for F1 on the real-world dataset (1,000
resamples).

Pipeline Dataset n Precision Recall F1 ∆F1 Cohen’s h

Rules-only Simulated 450 0.988 0.397 0.567 — —
Rules-only Real 1,792 1.000 0.394 0.566 [0.540–0.593] −0.001 −0.006

Hybrid-v2 Simulated 450 0.994 0.833 0.906 — —
Hybrid-v2 Real 1,792 1.000 0.827 0.905 [0.893–0.917] −0.001 −0.016

Within the real-world Hybrid-v2 results, the rule layer resolved 541 of 1,792 messages (30.2%)
without LLM invocation, while the LLM fallback classified an additional 593 messages as ADR-
positive and 448 as negative. Error analysis of the 238 false negatives identified three principal
categories: messages using implicit drug references (e.g., “post-chemotherapy” without specifying
the drug, 73 cases, 30.7%), messages affected by de-identification artefacts where drug names
were partially masked during patient name replacement (approximately 15–20 cases), and label
noise in which non-ADR messages (short replies, administrative notices) were incorrectly tagged
as positive by the heuristic annotation pipeline (51 cases, 21.4%). After correcting for estimated
label noise, adjusted recall increased to 0.858 and F1 to 0.924 (ESM Table S2).

3.10 Negative control specificity evaluation

To test the pipeline’s specificity on non-ADR clinical text, we evaluated both pipelines on mes-
sages from a pharmacy department QC work group that contained no ADR-related content (see
Section 2.9). On all 3,897 negative control messages, the Rules-only pipeline produced zero false
positives (specificity = 1.000, accuracy = 1.000). No drug–symptom co-occurrence was detected
in any QC group message, despite the presence of drug names in non-ADR contexts (e.g., dis-
cussions of vancomycin therapeutic drug monitoring, controlled substance inspections, formulary
management).

The Hybrid-v2 pipeline (DeepSeek-V3, zero-shot) was evaluated on a stratified random sam-
ple of 674 negative control messages (500 substantive clinical discussions, 100 replies, 50 media
messages, 24 administrative notices). Hybrid-v2 produced zero false positives (specificity = 1.000,
accuracy = 1.000), confirming that neither the rule engine nor the LLM fallback layer generated
spurious ADR alerts when processing non-ADR clinical text. The LLM correctly classified all
substantive clinical discussions—including messages mentioning specific drugs in administrative,
monitoring, or policy contexts—as non-ADR. These results, combined with the zero false pos-
itives observed on the 1,792 real-world ADR group messages (Section 3.9), demonstrate that
the pipeline maintains perfect specificity across two distinct clinical communication contexts
totalling 5,689 messages.
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4 Discussion

This study demonstrated that a hybrid NLP pipeline combining a rule-based engine with an
LLM can detect ADR signals from clinical instant messaging conversations, achieving F1 =
0.906 on a simulated benchmark (95% CI 0.875–0.935) and a virtually identical F1 = 0.905 on
1,792 real-world clinical messages (95% CI 0.893–0.917), in a zero-shot setting without requiring
annotated training data. To our knowledge, this represents the first pharmacovigilance system
targeting the clinical IM data source, addressing a gap previously documented in a systematic
review of WeChat in healthcare [16] and a scoping review of 36 NLP-based pharmacovigilance
studies that found zero IM-derived work [8].

The zero-shot Hybrid-v2 pipeline’s F1 of 0.906 is contextualised most directly against the
ADEPT system [22], the principal semi-automated pharmacovigilance pipeline operating on EHR
data. While direct performance comparison is not possible due to differing data sources and
evaluation frameworks, the two systems occupy complementary niches: ADEPT accelerates the
review of ADR signals already documented in structured EHR records, reducing per-patient
processing time from 15–23 minutes to 89 seconds. Our pipeline, by contrast, captures ADR
signals at the point of origin—informal clinical conversations—before they would be formally
documented. This earlier-stage capture addresses the underreporting problem identified by Hazell
and Shakir [3]. Many ADR observations discussed in clinical IM channels may never reach the
formal reporting pathway; capturing them at the conversational stage could meaningfully narrow
this gap.

McNemar’s test showed no significant difference between Hybrid-v2 and LLM-only (p =

0.480). This result warrants careful interpretation. The hybrid architecture’s value does not
rest on a detection accuracy advantage; rather, it lies in operational benefits. The rule layer’s
primary benefits are operational: 84 of 450 messages (18.7%) were resolved without LLM invo-
cation, proportionally lowering inference costs. In a hospital processing 500 messages daily, this
translates to approximately 93 fewer LLM calls per day. Beyond cost savings, the rule pathway
provides deterministic, auditable decision traces—a regulatory requirement in Chinese healthcare
AI systems [7]—whereas LLM outputs are inherently probabilistic.

Consistent with the findings of Abdelhameed et al. [9], who documented the growing pro-
portion of hybrid NLP approaches (27% of 82 ADE extraction studies), our results provide
empirical evidence for the complementary strengths of rules and LLMs in safety-critical clinical
NLP. The rule engine excels at high-confidence, pattern-matchable expressions (precision 0.988),
while the LLM handles linguistically complex messages that defy keyword matching. This divi-
sion of labour aligns with the “precision–coverage” trade-off that motivates hybrid architectures
across clinical NLP [15]. The prompt ablation results further support this, with chain-of-thought
prompting raising F1 from 0.906 to 0.948, suggesting that the LLM’s contribution scales with
reasoning effort invested per query.

Detection performance was encouraging. The information extraction component, however,
presents a clear limitation. Symptom extraction F1 peaked at 0.766 (few-shot-5), and drug name
extraction at 0.780 (CoT)—substantially below the detection F1 of 0.906–0.948. For a complete
pharmacovigilance workflow, extracted entities must be mapped to standardised terminologies
such as MedDRA Preferred Terms [11] and WHO Drug Dictionary [12], and formatted into
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ICH E2B(R3)-compliant Individual Case Safety Reports (ICSRs) [13]. The current extraction
accuracy would be insufficient for fully automated ICSR generation; instead, the pipeline is better
characterised as a signal detection and pre-screening tool that flags potential ADR events for
pharmacist review, reducing the burden of retrospective chart searching rather than eliminating
human involvement entirely. This distinction matters. We use the term “zero-friction” to denote
the absence of additional reporting effort by clinicians—ADR intelligence is passively captured
from routine conversations—not to imply a fully autonomous end-to-end reporting system.

Compared with social media–based ADR detection systems, which typically achieve F1 scores
of 0.75–0.87 on Twitter data [23, 24], the Hybrid-v2 pipeline benefits from a fundamentally higher-
quality data source. Clinical IM messages are authored by trained healthcare professionals, con-
tain domain-specific terminology, and are generated within hours of ADR events—contrasting
with the delayed, lay-language descriptions characteristic of social media. However, clinical IM
messages also present unique NLP challenges: extreme brevity (mean 20.6 characters), heavy
use of brand-name abbreviations, colloquial medical jargon, and implicit causality patterns that
assume shared clinical context. Our error taxonomy confirms that these challenges are con-
centrated in the hard tier, where implicit/context-dependent expressions (28.6%) and colloquial
language (25.7%) account for over half of all false negatives.

The supervised BERT baseline (F1 = 0.965) substantially outperformed Hybrid-v2 on hard
messages (∆F1 = 26.0 points), consistent with Wong et al.’s finding that rule-based annotations
can bootstrap BERT fine-tuning to F1 = 0.97 for medication entity recognition via transfer
learning [14]. This suggests a clear pathway for future improvement: initial deployment of the
zero-shot hybrid pipeline to accumulate pharmacist-reviewed predictions, which can then be used
as training data for a fine-tuned classifier. Such a progressive refinement strategy would preserve
the zero-shot pipeline’s key advantage—immediate deployability without labelled data—while
converging toward supervised performance over time. Concretely, we envision a three-month
zero-shot deployment phase to accumulate a “silver standard” corpus of pipeline predictions re-
viewed by pharmacists, followed by BERT fine-tuning on the reviewed subset. Confidence-based
thresholding could then route high-certainty cases to the fine-tuned model and low-certainty cases
to pharmacist review, creating an active learning loop that continuously improves the training
set while managing label noise.

The inter-annotator agreement results (Fleiss’ κ = 0.719) provide important context for
interpreting the system’s errors. The moderate agreement on hard messages (κ = 0.533) indi-
cates that even expert pharmacists frequently disagree on whether highly ambiguous messages
constitute ADR signals, establishing a human performance ceiling against which algorithmic lim-
itations should be measured. Of the 35 Hybrid-v2 false negatives, 7 involved messages expressing
causal uncertainty (e.g., “Check if the liver function issue is drug-related”), which by design re-
quire clinical judgement rather than automated classification. A pharmacovigilance system that
conservatively declines such ambiguous cases and routes them to human review may be more
clinically appropriate than one that aggressively classifies them.

The error taxonomy points to a clear avenue for improvement: incorporating multi-turn
conversational context. Our current pipeline processes each message independently, yet 28.6%
of false negatives involved implicit references that could be resolved with access to preceding
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messages (e.g., a drug name mentioned two messages earlier). Two architectural approaches are
feasible: (a) a sliding-window aggregation strategy that concatenates the preceding 3–5 messages
as additional context for the LLM, and (b) conversation-level embeddings that encode the full
dialogue history into a fixed-dimensional representation. The sliding-window approach could
be implemented with minimal architectural change and may resolve an estimated 40–60% of
implicit-context false negatives, though it would increase per-query token consumption and raise
privacy considerations if messages from different patients are interleaved in the conversation
stream.

The real-world validation (Section 3.9) represents one of the most striking findings of this
study: the Hybrid-v2 pipeline achieved virtually identical performance on 1,792 authentic clinical
messages (∆F1 = −0.001, Cohen’s h = −0.016) as on the 450-message simulated benchmark.
This result empirically validates the simulation strategy and substantially mitigates the primary
validity threat inherent in proof-of-concept studies based on synthetic data. Notably, both
pipelines achieved zero false positives on real data (precision = 1.000), a property of particular
importance for clinical deployment where false alarms erode clinician trust. This finding was
further strengthened by the negative control evaluation (Section 3.10), which confirmed zero
false positives on 3,897 messages from a non-ADR pharmacy QC work group—including 1,943
substantive clinical discussions that mentioned drug names in administrative, monitoring, or
policy contexts. Across the combined evaluation corpus of 5,689 messages from two distinct
clinical communication contexts, the pipeline maintained perfect specificity, providing strong
evidence against a false-alarm problem. The LLM fallback layer proved its value on real data:
rules alone captured only 39.4% of ADR messages, while the LLM fallback recovered an additional
43.3% (593/1,372), demonstrating that the architectural rationale identified on simulated data
transfers directly to authentic clinical scenarios.

Translating these results into a deployable pharmacovigilance tool requires a phased valida-
tion strategy. We envision three stages: (1) a retrospective multi-centre pilot (6–12 months)
applying the pipeline to de-identified IM archives from 3–5 hospitals across diverse clinical spe-
cialties, with the primary endpoint being detection F1 on pharmacist-adjudicated labels and
the secondary endpoint being incremental ADR signal yield over existing SRS reporting; (2)
a prospective multi-centre study (12–24 months) deploying the pipeline in real-time alongside
routine pharmacovigilance workflows, measuring reporting completeness, time-to-detection, and
pharmacovigilance officer workload using a stepped-wedge cluster design; and (3) full work-
flow integration (24–36 months) embedding the pipeline into hospital information systems with
standardised MedDRA terminology mapping and ICSR generation, evaluated by regulatory sub-
mission acceptance rates.

A practical deployment model would operate in batch mode: each night, the pipeline processes
the previous day’s IM messages, classifies them by confidence tier, and generates a prioritised
daily briefing for the pharmacovigilance team. High-confidence ADR detections would be pre-
populated into CHPS report templates; low-confidence cases would enter a manual review queue.
This approach respects the non-urgent nature of most ADR reporting while ensuring no signals
are lost to the reporting gap.

Several limitations should nonetheless be considered. First, although the real-world validation
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and negative control study collectively confirmed both detection sensitivity and specificity across
5,689 messages, both datasets originated from a single institution, and the negative control group
represented administrative rather than clinical discussion. Future work should incorporate mes-
sages from general clinical discussion groups across multiple institutions to assess performance
under the full spectrum of clinical communication patterns. The real-world dataset also lacked
gold-standard extraction labels (drug name, symptoms), limiting the validation to detection
accuracy; extraction performance on authentic clinical text remains to be assessed. Addition-
ally, approximately 21% of false negatives were attributable to label noise in the automated
annotation, and a further 31% involved implicit drug references (“post-chemotherapy” without
specifying the drug) that lie outside the pipeline’s current detection scope.

Second, the deployment of NLP on clinical IM data raises important ethical and privacy con-
siderations that extend beyond technical performance. Clinical IM conversations may contain
sensitive patient information shared informally among healthcare professionals. Any real-world
deployment would require: (a) explicit informed consent from healthcare providers whose mes-
sages are monitored, (b) rigorous de-identification pipelines to remove patient identifiers before
NLP processing, (c) clear institutional policies governing data retention and access, and (d)
compliance with applicable regulations including PIPL, the Cybersecurity Law of China, and
the Health Insurance Portability and Accountability Act (HIPAA) in jurisdictions where it ap-
plies. The local deployment architecture of our pipeline—which processes all data on hospital
infrastructure without transmitting to external servers—partially mitigates data leakage risks,
but does not eliminate the need for thorough governance frameworks.

Third, the dataset (n = 450) is modest in size, which limits the precision of performance
estimates, particularly for subgroup analyses. The binary classification design also simplifies the
pharmacovigilance task: real-world ADR reporting requires assessment of causality (e.g., using
the WHO-UMC system [12] or Naranjo algorithm), severity grading, expectedness evaluation,
and seriousness classification—none of which were addressed in the current study.

Fourth, the system was evaluated in a single-language (Mandarin Chinese) and single-institution
simulation context; generalisation to other languages, clinical specialties, or IM platforms remains
to be established. Fifth, we evaluated detection and extraction accuracy but did not assess the
downstream impact on CHPS reporting completeness, pharmacovigilance officer workload, or
clinical workflow integration, which would require a prospective deployment study with appro-
priate ethical oversight.

In conclusion, this study establishes clinical instant messaging as a viable and previously
unexplored data source for pharmacovigilance. A hybrid rule–LLM pipeline detected ADR sig-
nals with F1 ≈ 0.91 and perfect precision on both a simulated benchmark and a retrospective
corpus of 1,792 authentic clinical messages, with perfect specificity independently confirmed on
3,897 non-ADR clinical messages, without requiring annotated training data. The negligible
performance gap between simulated and real data (∆F1 < 0.002) validates the simulation-based
evaluation strategy and suggests that the findings generalise to authentic clinical settings. The
“zero-friction” paradigm—passively capturing ADR signals from routine clinical communication
to supplement, rather than replace, existing reporting workflows—addresses a fundamental bar-
rier to pharmacovigilance that has persisted for decades [4]. Translating these results into clinical
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practice requires multi-centre prospective validation with balanced datasets, integration of stan-
dardised terminology mapping (MedDRA, WHO Drug Dictionary), causality assessment, and
evaluation of impact on reporting completeness. Future work should prioritise: (1) multi-centre
validation with de-identified real clinical IM data from diverse clinical specialties, (2) integration
of multi-turn conversational context to improve detection of implicit ADR signals, (3) devel-
opment of MedDRA-mapped entity extraction for ICSR-compatible output, and (4) workflow
integration studies assessing pharmacovigilance officer acceptance and workload impact.
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Figure S1: Multi-model LLM comparison within the Hybrid-v2 pipeline. F1 scores with bootstrap
95% confidence intervals are shown for four cloud-hosted models. InternLM2.5-7B (7B parameters)
significantly outperformed all other models (Holm–Bonferroni adjusted p < 0.05), achieving F1 = 0.950
with the highest recall (0.952). Model size did not predict performance: the 9B-parameter GLM4 matched
the 671B-MoE DeepSeek-V3.

Table S1: Inference stability of Hybrid-v2 across sampling temperatures. Values are mean ± SD. CV
= coefficient of variation (%).

Temperature Runs F1 CVF1 (%) Precision Recall CVRecall (%)

0.1 30 0.905 ± 0.002 0.25 0.994 ± 0.000 0.830 ± 0.004 0.47
0.3 10 0.904 ± 0.003 0.36 0.994 ± 0.000 0.829 ± 0.006 0.66
0.5 10 0.902 ± 0.004 0.48 0.994 ± 0.000 0.826 ± 0.007 0.87
0.7 10 0.904 ± 0.005 0.51 0.993 ± 0.002 0.830 ± 0.008 0.90
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Figure S2: Distribution of Hybrid-v2 false negative errors by category (n = 35). All errors occurred in
the hard difficulty tier. Implicit/contextual expressions and colloquial language together accounted for
54.3% of missed ADR signals, indicating that the primary limitation is the LLM’s inability to resolve
context-dependent clinical references without conversational history.
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Figure S3: Fine-tuned BERT-base-Chinese performance across five cross-validation folds. The shaded
band indicates the mean F1 ± one standard deviation (0.965 ± 0.007). All folds achieved F1 > 0.95,
demonstrating stable generalisation despite the modest dataset size (n = 450).
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Figure S4: Inference stability of Hybrid-v2 across sampling temperatures. (a) Detection metrics (F1,
precision, recall) with ±1 SD error bars across four temperatures. All metrics remained stable, with F1
varying by less than 0.003 across the tested range. (b) Coefficient of variation (CV%) for F1 and recall.
All CV values remained below 1%, confirming high reproducibility.

Table S2: Real-world clinical validation: detailed Hybrid-v2 performance on 1,792 authentic clinical IM
messages and false negative error breakdown. The “label-noise corrected” row adjusts for 51 messages
identified as annotation errors in the automated labelling pipeline.

Precision Recall F1 [95% CI] TP FP FN

Detection performance

As annotated 1.000 0.827 0.905 [0.893–0.917] 1,134 0 238
Label-noise corrected 1.000 0.858 0.924 1,134 0 187

False negative breakdown (n = 238)

Category Count (%) Description

Implicit drug ref. 73 (30.7%) “Post-chemotherapy” without specific drug name
Label noise 51 (21.4%) Non-ADR messages mis-tagged by automated annotation
De-identification artefact ∼15 (6.3%) Drug name partially masked during name replacement
Genuine miss ∼99 (41.6%) ADR messages the pipeline failed to detect

Architecture statistics

Rules-only (no LLM) 541 / 1,792 (30.2%)
LLM fallback → positive 593
LLM fallback → negative 448
Mean latency 3,583 ms (P95: 9,182 ms)
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Table S3: Full detection performance with 95% bootstrap confidence intervals (1,000 resamples) for all
pipeline × difficulty tier combinations on the 450-message controlled benchmark.

Pipeline Tier Precision [95% CI] Recall [95% CI] F1 [95% CI]

Rules-only

Easy 0.981 [0.943, 1.000] 0.867 [0.783, 0.933] 0.919 [0.866, 0.959]
Medium 1.000 [1.000, 1.000] 0.400 [0.294, 0.506] 0.571 [0.455, 0.673]
Hard — 0.000 [0.000, 0.000] 0.000 [0.000, 0.000]
Overall 0.988 [0.964, 1.000] 0.397 [0.344, 0.454] 0.567 [0.510, 0.622]

LLM-only (Qwen2.5-3B-Instruct, zero-shot)

Easy 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000]
Medium 1.000 [1.000, 1.000] 0.988 [0.965, 1.000] 0.994 [0.982, 1.000]
Hard 0.978 [0.935, 1.000] 0.478 [0.378, 0.580] 0.641 [0.543, 0.731]
Overall 0.994 [0.981, 1.000] 0.823 [0.772, 0.876] 0.901 [0.869, 0.931]

Hybrid-v2 (Qwen2.5-3B-Instruct, zero-shot)

Easy 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000]
Medium 1.000 [1.000, 1.000] 1.000 [1.000, 1.000] 1.000 [1.000, 1.000]
Hard 0.978 [0.935, 1.000] 0.489 [0.389, 0.589] 0.654 [0.556, 0.742]
Overall 0.994 [0.981, 1.000] 0.833 [0.782, 0.883] 0.906 [0.875, 0.935]

BERT-base-Chinese (5-fold CV mean)

Easy 0.984 [0.967, 1.000] 1.000 [1.000, 1.000] 0.992 [0.983, 1.000]
Medium 0.988 [0.965, 1.000] 0.988 [0.965, 1.000] 0.988 [0.970, 1.000]
Hard 0.913 [0.855, 0.964] 0.914 [0.854, 0.963] 0.914 [0.862, 0.957]
Overall 0.958 [0.933, 0.981] 0.971 [0.950, 0.990] 0.965 [0.947, 0.980]

Table S4: Sensitivity analysis: Hybrid-v2 detection performance evaluated against the original single-
author gold standard versus a majority-vote reference standard derived from five independent clinical
pharmacist annotators (≥3/5 votes required for positive classification).

Reference standard Precision Recall F1 Concordance Discordant messages

Original (single author) 0.994 0.833 0.906 — —
Majority vote (5 annotators) 0.989 0.838 0.907 432/450 (96.0%) 18 (hard tier)

∆F1 = +0.001; all 18 discordant messages occurred in the hard difficulty tier.
Concordance = agreement between original and majority-vote labels.
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Table S5: Negative control specificity evaluation. The Rules-only pipeline was evaluated on all 3,897
messages; Hybrid-v2 was evaluated on a stratified random sample of 674 messages. All messages origi-
nated from a non-ADR pharmacy quality control work group and were labelled as ADR-negative.

Pipeline n False positives Specificity Accuracy

Full negative control dataset

Rules-only 3,897 0 1.000 1.000

Stratified random sample

Hybrid-v2 (DeepSeek-V3) 674 0 1.000 1.000

Sample composition: 500 substantive, 100 reply, 50 media, 24 administrative (seed = 42)

Combined specificity (all evaluations)

ADR group (real-world) 0 / 1,792 1.000 —
QC group (negative control) 0 / 3,897 1.000 —
Total 0 / 5,689 1.000 —
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