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Abstract

SMM4H 2025 Task 1 requires detecting adverse drug-event
(ADE) mentions in social-media posts of four languages. We
introduce MUSIC, a compact two-stage decoder-only lan-
guage model to tackle the task. MUSIC combines a Classi-
fier that assigns an initial label with a Judge that confirms or
overturns that decision. An ensemble of Classifier and Judge
checkpoints achieves a weighted-F1 of 0.7079 on the blind
test set, outperforming the task median by 8 percentage points
and the mean by 17.

Introduction
Adverse Drug Events (ADEs)—harmful and unintended re-
sponses to medications—pose a significant public health
burden, accounting for approximately 6.5% of hospital ad-
missions in the UK (Pirmohamed et al. 2004), 4.93% in
China (Zhang et al. 2021), and 0.9–7.9% in India (Patel
et al. 2007), while substantially driving up healthcare costs.
Traditional pharmacovigilance systems relying on sponta-
neous reports (e.g., FAERS, VigiBase) suffer from severe
under-reporting—estimated at 78%–99% in France between
1997 and 2002 (Hazell and Shakir 2006)—which delays
safety-signal detection and prolongs patient risk. Retrospec-
tive analyses of user-generated content on social media plat-
forms (e.g., patient forums, blogs, microblogs) have shown
that mentions of ADEs often appear weeks to months be-
fore formal post-marketing safety reports, highlighting so-
cial media mining’s potential as an early-warning pharma-
covigilance tool (Lee et al. 2021).

The Social Media Mining for Health-HeaRD workshop
(#SMM4H) shared tasks aim to advance the use of user-
generated social media data for pharmacovigilance, epi-
demiology, patient-centered results and tracking the im-
pacts of non-medical substance use (Xu and Gonzalez-
Hernandez 2024). The 2025 shared task 1 (Detection of ad-
verse drug events in multilingual and multi-platform social
media posts) challenges participants to develop binary clas-
sification systems that identify ADE mentions across diverse
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languages and platforms. This task offers a unique oppor-
tunity to evaluate how modern natural language processing
(NLP) techniques adapt to noisy user-generated text across
linguistic and platform variations.

Previous work in this field mainly focused on fine-tuning
monolingual encoder-only transformers such as RoBERTa-
base (Liu et al. 2019) or smaller encoder-decoder mod-
els such as T5-small (Raffel et al. 2020), each requiring
language-specific adaptation and offering limited zero-shot
or generative reasoning. Recent breakthroughs in autore-
gressive, decoder-only foundation models, such as GPT-4
(Achiam et al. 2023), LLaMA (Touvron et al. 2023), and
Gemma (Team et al. 2025), deliver strong prompting poten-
tial and cross-lingual transfer out of the box (Xu et al. 2024),
yet their use in specialized sequence classification tasks such
as ADEmention detection remains scarce.

Based on insights into decoder-only architectures, we
introduce MUSIC (Multilingual Social-media Interpreter
with Self-correction), a streamlined pipeline that applies
parameter-efficient fine-tuning (PEFT) to Gemma3 for bi-
nary ADE detection on social media posts. To boost both
in-language and cross-lingual performance, we introduce a
two-step fine-tuning architecture, augmenting our training
set with translations into three additional languages and ex-
ternal reasoning assistance from the state-of-the-art Large
Language Model (LLM), and finally stabilizing output via a
majority-voting ensemble.

Our contributions are threefold:

1. PEFT on a decoder-only LLM for ADE detection. We
demonstrate that low-rank adapter (LoRA) tuning of
Gemma3 yields strong classification performance, obvi-
ating the need for separate encoder or encoder–decoder
architectures.

2. Multilingual data augmentation based on cross-linugal
reasoning. We show that augmenting with multi-lingual
reasoning expansions can boost both monolingual and
cross-lingual preformance.

3. Lightweight ensembling for robustness. A nine-model
majority vote ensemble further improves stability and
pushes our final positive F1 score to 0.7079, outperform-
ing the SMM4H 2025 Task 1 median (0.6268) by more
than 8 points and the mean (0.5394) by over 17 points.



Task Review
The shared task requires systems to detect mentions
of adverse drug events (ADEs) in multilingual, multi-
platform social-media posts with limited and biased labeled
groundtruth (see Appendix A for detailed dataset review).

Specifically, each input to the system is the tuple

(L,R, P ),

where

• L is a fixed leading prompt,
• R is a reminder prompt indicating the target language,
• P is a single post drawn from different social-media plat-

forms or patient forums, microblogs, or health-related
blogs. All posts are written in one of the four languages
L = {English,French,German,Russian}.

The system S must assign a binary label

c = S(L,R, P ) ∈ {0, 1},

where

c =

{
1, if P contains a mention of an ADE,
0, otherwise.

This setup evaluates how well modern NLP approaches
learn features of ADE-related social media expressions, and
handle noisy, user-generated text across both linguistic and
platform variation.

System Description
Our end-to-end system S : (L,R, P ) → c is composed of
two decoder-only LLMs: the Classifier C and the Judge J.
See Fig. 1 for detailed system architecture.

Classifier (C) : (L,R, P ) → c′ is fine-tuned on the offi-
cial SMM4H-2025 Task 1 training set (Magge et al. 2021;
Tutubalina et al. 2020), which contains social-media posts
in English, French, German, and Russian with binary ADE
labels (see Appendix A). Given the prompt L and language
reminder R, it outputs a provisional label c′ ∈ {0, 1}.

Judge (J) : (L′, R, P, c′) → cj receives the original post
P , the language prompt R, a new leading prompt L′ indicat-
ing judgment task, and the provisional label c′. It produces a
final judgment cj ∈ {0, 1}, indicating whether c′ is correct.

Two-Step Training Strategy. To endow J with
self-corrective and cross-lingual capabilities, we fine-tune it
in two phases:

• Reasoning Step: We construct a balanced reasoning
dataset {(L′, R, P, c′) → (lc, lr)}, where lc is the true
judgment and lr is a natural-language rationale gener-
ated by Claude 3.7-Sonnet (v20250219). Positive, neg-
ative, false-positive, and false-negative cases are equally
represented (see Appendix A).

• Generalization Step: We translate all training posts into
the other 3 target languages, run C on posts in these lan-
guages to obtain (L′, R′, P ′, c′), and fine-tune J to pre-
dict only lc (setting lr = NaN) for faster inference.

Majority Vote. To boost the complementary nature of C
and J, let {Ci}NC

i=1 and {Ji}NJ
i=1 be ensembles of Clas-

sifier and Judge instances, each fine-tuned with different
random seed and language distribution. For a given input
(L,R, P ), each Classifier Ci produces a provisional label
c′i = Ci(L,R, P ) , and each Judge Ji evaluates its corre-
sponding provisional label on c′1 to yield a final judgment
cij = Ji

(
L′, R, P, c′1) . The system’s overall output c is de-

termined by the majority vote over all NC +NJ judgments.

Experiments and Results
Experiments. Each training post was translated by
Gemini-2.0-Flash into the three other task languages, and
the resulting translations were merged with the origi-
nal post to produce four language versions per instance.
We fine-tuned two decoder-only LLMs, Gemma3-12B and
Gemma3-27B, on both original and augmented dataset. 5
best-performing Classifier checkpoints based on macro-F1
were retained for downstream integration. Two Judge vari-
ants were trained upon the best Classifier model. The final
majority-vote ensemble model consists of NC = 5 best
Classifier checkpoints and NJ = 2 Judge models. We use
positive F1-score for evaluation. Implementation and evalu-
ation details can be found in Appendix B.

Results. Performance of our approach across both the val-
idation and test sets is presented in Table 2. We conducted
ablation study for the best single Classifier model, the best
Judge model trained from it, and the full ensemble voted
model. Results are summarized in Table 1. Our best model
achieved the highest overall performance on the test set,
reaching a weighted-F1 of 0.7079—surpassing the task me-
dian (0.6268) by more than eight percentage points and the
task mean (0.5394) by nearly seventeen.

Discussion. The Classifier Model demonstrated strong
classification capability when trained on languages with
abundant and reliable annotations, such as English and Rus-
sian. In contrast, the Augmented Judge Model effectively
leveraged cross-lingual complementary information and im-
plicit reasoning to enhance performance on lower-resource
languages like German and French. Finally, the Major-
ity Voting approach successfully integrated the strengths
of both models, yielding improved overall performance
through model-level ensembling.

Code Availability. Open-source code and our reasoning
dataset can be found at https://github.com/yfgao76/MUSIC.

Conclusion
In this work, we introduced MUSIC, a multi-step, self-
corrective PEFT framework for detecting adverse drug
events in multilingual social-media posts. Our experiments
show that by fine-tuning only decoder-only foundation mod-
els, MUSIC not only matches but outperforms traditional
encoder–decoder architectures. This success is driven by a
novel self-correction module that uses cross-lingual reason-
ing to refine predictions. These findings underscore the po-
tential of self-autoregressive models for robust, multilingual
information extraction in social-media mining.



Figure 1: Overall System Architecture.



Table 1: Performance of MUSIC on the SMM4H 2025 Task 1 blind test set. Model C refers to the best Classifier model; Model
C + J denotes the best Judge model trained from it; Model C + J + Voting represents the full ensemble. F1-score for each
language, an average across 4 languages (Weighted-F1) and a Macro-F1 score considering language distribution are shown.

System F1-en F1-de F1-fr F1-ru Weighted-F1 Macro-F1
Model C 0.6933 0.7320 0.7200 0.6247 0.6637 0.6925
Model C + J 0.7258 0.7411 0.7739 0.6070 0.6760 0.7119
Model C + J + Voting 0.7593 0.7660 0.7538 0.6448 0.7079 0.7309

Table 2: Performance on Validation(Dev) and Test sets. The baseline of the Dev set is the result from the baseline model, while
the result in the Test set are presented in (median/mean) format. F1 indicates a simple average F1-score across all languages
evaluated.

Dev Test

Macro-F1 F1 Macro-F1 F1

Our Best 0.7330 0.7474 0.7309 0.7079

Baseline 0.6919 0.7048 - -
Mean - - 0.6460 0.6268
Median - - 0.5520 0.5394

Appendices
A. Training and Evaluation Datasets
Prior to data augmentation, the training dataset exhibited
significant imbalance in both language and label distribu-
tions. English and Russian together accounted for over 92%
of the data, while German and French made up less than
8%. The dataset was also heavily skewed toward the nega-
tive class (label 0), which comprised 92.14% of samples in
most languages. The positive class (label 1) was particularly
underrepresented in German (5.60%) and French (7.16%),
while slightly higher in Russian (10.08%).

To address this imbalance, we applied multilingual data
augmentation using Gemini–2.0–Flash, translating each
training instance into the three other task languages.
This procedure expanded the dataset fourfold, resulting in
124,748 samples uniformly distributed across the four lan-
guages. Each language contributed exactly 31,187 instances
(25%), including 2,451 positive and 28,736 negative sam-
ples. After augmentation, both the language and label dis-
tributions were balanced, with the global positive class ratio
preserved at 7.86%.

We randomly selected 2,000 samples following a lan-
guage distribution 4(en):4(ru):1(de):1(ru) with true and false
label, respectively and split them into four evenly distributed
group named TP, FP, TN and FN. We mimicked the ADE
prediction result from each group. (e.g. In the FP group, the
true label is 0 (False) but the mimicked result returned 1
(True)) We provided the post, true label and the mimicked
label to Claude 3.7-Sonnet (v20250219) and let the LLM
generate reasoning and critique. The prompt templated used
for generating reasoning is shown below:

[User]: The following social media post is
label as (NOT) containing a mention of
an Adverse Drug Event (ADE) by an llm.
The label is correct but lacks

reasoning. / However the llm made a
mistake in labeling. Please give a
reasoning on how the model understood
the post and give a critique on the
reasoning.

[User]: Social Media Post: {post}

B. Implementation and Evaluation Details
We fine-tune both the Classifier and Judge models using
structured prompt templates of the form (L,R, P ), where:
• L is the leading instruction,
• R is the language reminder,
• P is the raw social-media post.

Below, we give the exact prompt templates used for each
model.

Classifier

[L]: This is a binary classification task.
Given the following social media post,
predict whether the post contains a
mention of an Adverse Drug Event (ADE).
Only answer 0 for not mentioning ADE
and 1 for mentioning ADE.

[R]: The post is in {lang}.
[P]: {post}

Judge

[L]: This is a binary classification task.
Given the following social media post,
predict whether the post contains a
mention of an Adverse Drug Event (ADE).
Only answer 0 for not mentioning ADE
and 1 for mentioning ADE.



[R]: The post is in {lang}.
[P]: {post}

All fine-tuning steps were trained on unsloth (Daniel Han
and team 2023), an open-source platform for flexible and
efficient fine-tuning. The best classifier model utilizes r = 8
and was trained for 5 epoches, while the judge model uses
r = 32, trained for 3 epochs in reasoning step and another 1
in generalizing step. All training was done on a nvidia l40s
GPU with 40GB RAM and cost about 30 minutes per epoch.
Model Temperature is set to 0.1 when conducting inference.
See source code for more details.

Positive Balanced F-score (F1-score) is used as evaluation
metrics. Posts with ADE mention are labeled positive (1)
and those without ADE are labeled negative (0). For each
language lang in L, we have:

F1,lang =
2|TPlang|

2|TPlang|+ |FPlang|+ |FNlang|

Weighted-F1 =
∑

lang∈L

F1,lang/|L|

Macro-F1 =
2
∑

lang∈L |TPlang|∑
lang∈L(2|TPlang|+ |FPlang|+ |FNlang|)
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M.; et al. 2025. Gemma 3 technical report. arXiv preprint
arXiv:2503.19786.
Touvron, H.; Lavril, T.; Izacard, G.; Martinet, X.; Lachaux,
M.-A.; Lacroix, T.; Rozière, B.; Goyal, N.; Hambro, E.;
Azhar, F.; et al. 2023. Llama: Open and efficient founda-
tion language models. arXiv preprint arXiv:2302.13971.
Tutubalina, E.; Alimova, I.; Miftahutdinov, Z.; Sakhovskiy,
A.; Malykh, V.; and Nikolenko, S. 2020. The Russian
Drug Reaction Corpus and neural models for drug reactions
and effectiveness detection in user reviews. Bioinformatics,
37(2): 243–249.
Xu, D.; and Gonzalez-Hernandez, G., eds. 2024. Proceed-
ings of the 9th Social Media Mining for Health Research and
Applications (SMM4H 2024) Workshop and Shared Tasks.
Bangkok, Thailand: Association for Computational Linguis-
tics.
Xu, D.; Lopez-Garcia, G.; Raithel, L.; Roller, R.; Thomas,
P.; Aramaki, E.; Wakamiya, S.; Yada, S.; Zweigenbaum, P.;
O’connor, K.; et al. 2024. Overview of the 9th Social Media
Mining for Health Applications (# SMM4H) Shared Tasks
at ACL 2024–Large Language Models and Generalizabil-
ity for Social Media NLP. In The 9th Social Media Mining
for Health Research and Applications (SMM4H 2024) Work-
shop and Shared Tasks, 183–195.
Zhang, Y.; Jin, L.; Zhang, X.; Bai, R.; Chen, D.; Ma, Y.; and
Zhai, X. 2021. Emergency hospitalizations for adverse drug
events in China: Clinical pharmacists’ approach to assess-
ment and categorization. Pharmacoepidemiology and Drug
Safety, 30(5): 636–643.


