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Task

Adverse Drug Event (ADE) Detection 

o Input: Text

o Output: Labels for 22 symptoms

o Task: Multi-label classification

Dataset

o 7964 Generated social media texts

o Available in Japanese, English, German and French
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"I'm having abdominal pain, nausea, and headaches that I think 
are side effects of mesalazine..."

ADE Labels: Nausea, Abdominal Pain, Headache

"I have a Stomach Ache. Reduced to 10mg prednisone and 40mg 
mesalazine today."

ADE Labels: None

Not all symptoms are ADEs.
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Methods

1. Base Model 2. Data 
Augmentation

3. Ensemble 
Learning
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1. Base Model

o Finetune multi-lingual XLM-RoBERTa

model from Huggingface

o Hyperparameter tuning

o Multi-lingual approach: finetune on combined 
language datasets
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2. Data Augmentation

o Generate artificial tweets using GPT-3.5-turbo model through OpenAI API

o Find appropriate prompt

o Use for low-frequency classes → Bone Marrow Dysfunction, Interstitial Lung Disease, Pain

o Generate in German, translate into other languages
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Prompt:

"Generate 20 tweets that meet all of the following conditions: 
The person writing talks about pain as a side effect of a medication they have 
been taking. 

The specific name of the drug is mentioned. 
The placeholder [drug name] is used for this. 
No other side effects besides {symptom} are mentioned. 

In a few sentences, it is mentioned what the medication was taken for.“

Example for generated tweet: 

"My wrists are hurting after taking [drug name]. It's challenging to perform tasks that 
require wrist movements."
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3. Ensemble Learning

Improves accuracy / robustness

Setup:

• Transform data with

dataset techniques

• Finetune 5 models

independently

• Combine outputs with 

voting techniques
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Results

Compare to MedNLP-SC Baseline:

• XLM-Rall run of subtask overview

Micro Average F1-Scores
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Results

Compare to MedNLP-SC Baseline:

• XLM-Rall run of subtask overview

1. Submission:

• Augmentation

2. Submission:

• Ensemble

3. Submission

• Multi-lingual/Augmentation + Ensemble
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Results

Languages:

• Best overall results on Japanese data

• Best improvement to baseline on 

German data

Methods:

• All submissions outperform baseline

• Ensembles perform best

• Effectiveness of augmentation shown

Micro Average F1-Scores
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Results

Data Augmentation improves F1 scores of

rare symptoms on test data
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Conclusion

o Approach generalizes well to held-out test data

o Ensemble learning boosts overall accuracy of results

o Data augmentation improves low-frequency classes

o Second-best results in NTCIR-17 SM-ADE subtask across all languages
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Conclusion

o Approach generalizes well to held-out test data

o Ensemble learning boosts overall accuracy of results

o Data augmentation improves low-frequency classes

o Second-best results in NTCIR-17 SM-ADE subtask across all languages

Future Work

o Generate augmentation data with multiple ADE-labels

o Combine multi-lingual ensembles with data augmentation
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Backup Slides



Ensemble Learning

o Dataset techniques:

• KFOLD

• Shuffle

o Voting techniques:

• MajorityVote

• WeightedVote

• AverageProbabilityVote
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Best Result
Micro Average F1-Scores
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Results

Baseline:

o XLM-Rall run of Subtask Overview

Augmentation:

o Generate examples for 3 classes

Ensemble:

o KFOLD + MajorityVote

Multilingual + Ensemble:

o KFOLD + AverageProbabiltiyVote
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Ensemble: Experimental Results
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Results

3. Submission

• Augmentation on mono-lingual dataset +

ensemble better for Japanese and English

• Multi-lingual dataset + ensemble better

for German and French

Micro Average F1-Scores
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Submissions

1. Submission:

 Augmentation

2. Submission:

Ensemble

3. Submission:

Ensemble + Augmentation
OR

Ensemble + Multilingual
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