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Therapeutic Advances in 
Drug Safety

Plain language summary 

Using AI to detect drug side effects in tweets

Why was the study done?

Medicines can sometimes cause harmful side effects, known as adverse drug reactions 
(ADRs). Traditional systems that track these side effects rely on people reporting them, 

Transformer-based models for ADR detection: 
cross-drug validation and benchmarking 
against large language models
Minjung Kim , Kyoung Eun Kim, Jae-Hee Kwon, Ja-Young Han, Jae Hyun Kim  and  
Myeong Gyu Kim

Abstract
Background: Adverse drug reactions (ADRs) are harmful side effects of medications. Social 
media provides real-time, patient-generated data, though its unstructured format presents 
challenges. Natural language processing and transfer learning offer promising solutions.
Objective: This study aimed to evaluate whether transformer-based models fine-tuned on 
a general ADR dataset can effectively classify ADRs from tweets related to glucagon-like 
peptide-1 (GLP-1) receptor agonists and to benchmark their performance against state-of-
the-art large language models (LLMs).
Design: This study employed a machine learning approach using transformer-based language 
models to classify ADRs in social media.
Methods: BERT (bidirectional encoder representations from transformers)-base, BERTweet-
base, and GPT-2 (Generative Pre-Trained Transformer-2) models were fine-tuned using 
Sarker and SIDER (Side Effect Resource) datasets for ADR classification. The test dataset 
comprised 396 tweets mentioning GLP-1 receptor agonists that were categorized as personal 
experiences. Model performance was primarily evaluated using the F1 score, which was 
used to select the optimal model. In addition, the fine-tuned transformer models were 
benchmarked against state-of-the-art LLMs, including ChatGPT 4o, ChatGPT 4o-mini, and 
Gemini 2.5 Flash.
Results: Among 396 tweets, 116 (29.3%) were classified as ADRs and 280 (70.7%) as 
non-ADRs. Among the transformer-based models, BERTweet-base achieved the highest 
performance (accuracy: 0.835, F1: 0.729), outperforming both BERT-base (accuracy: 0.826, 
F1: 0.679) and GPT-2 (accuracy: 0.766, F1: 0.628). Among the LLMs, ChatGPT 4o-mini 
demonstrated the best results (accuracy: 0.970, F1: 0.948), followed by Gemini 2.5 Flash 
(accuracy: 0.954, F1: 0.919) and ChatGPT 4o (accuracy: 0.936, F1: 0.895). Overall, LLMs 
substantially outperformed the fine-tuned transformer-based models.
Conclusion: Fine-tuned transformer-based models demonstrated reasonable performance 
in ADR detection from GLP-1 receptor agonist tweets, with BERTweet-base performing best. 
However, state-of-the-art LLMs, particularly ChatGPT 4o-mini, substantially outperformed 
these models, highlighting their potential for pharmacovigilance tasks.
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but this doesn’t always happen quickly or often enough. Social media, like Twitter, can 
provide real-time insights from people sharing their experiences with medications, 
but because the language is informal and unstructured, it’s hard for computers to 
understand. This study explored whether advanced AI models could help automatically 
detect these side effects in tweets.

What did the researchers do?

The researchers tested different transformer-based language models (like BERT and 
GPT) to see how well they could detect ADRs in tweets about a specific group of diabetes 
and obesity drugs called GLP-1 receptor agonists. They trained the models using existing 
datasets about drug side effects and tested them on 396 real tweets where people talked 
about their personal experiences with the drugs.

What did the researchers find?

Out of the 396 tweets, 116 were identified as describing side effects. Among the 
transformer-based models, BERTweet-base achieved the best performance. However, 
the overall best-performing model was GPT-4o-mini, which outperformed both 
transformer-based and other language models. This finding suggests that while domain-
specific transformer models are effective, advanced large language models can achieve 
even greater performance in detecting ADRs from social media posts about a specific 
drug group.

What do the findings mean?

This study shows that AI models, especially those designed to understand social media 
language, can be used to detect drug side effects in tweets. This could lead to faster 
and more accurate monitoring of medication safety using real-time data from patients 
themselves, especially for specific drugs like GLP-1 receptor agonists.

Keywords:  adverse drug reaction, BERT, GLP-1 receptor agonists, GPT, social media, transfer 
learning

Received: 30 March 2025; revised manuscript accepted: 20 November 2025.

Introduction
An adverse drug reaction (ADR) refers a harmful 
and unintended response to a drug.1 ADRs repre-
sent a significant public health concern, contrib-
uting to hospital admissions, prolonged hospital 
stays, visits to emergency departments, and an 
increased risk of mortality. ADRs are evaluated in 
clinical trials; however, rare ADRs may not be 
detected due to limited sample sizes and con-
trolled study environments. Therefore, it is essen-
tial to monitor adverse events in real-world 
settings, where a diverse patient population can 
reveal potential risks that may not have been 
identified during the clinical trial phase.2

The voluntary reporting system, such as FDA’s 
Adverse Event Reporting System (FAERS), 

aggregates data on adverse events and medication 
errors from various sources, thereby supporting 
post-market surveillance.3 However, it heavily 
relies on reports by healthcare professionals and 
captures only a fraction of adverse events.4 This 
limitation can lead to underreporting or delayed 
recognition of emerging safety issues. While some 
studies suggest that patient chart reviews by phar-
macists are more comprehensive, such methods 
are resource-intensive and not sustainable for 
continuous monitoring.5 A key challenge in 
improving medication safety is the lack of a rou-
tine, rapid, and scalable adverse event monitoring 
system.6 Therefore, there is a critical need for 
innovative, automated systems capable of effi-
ciently processing large volumes of clinical data to 
promptly detect and mitigate adverse events. 
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Complementary surveillance methods are essen-
tial to provide timely insights into drug safety 
concerns and address the limitations of current 
reporting systems.

The combination of social media platforms, such 
as X (formerly Twitter), and natural language 
processing can serve as a dynamic source for 
adverse drug events. Conventional natural lan-
guage processing techniques commonly used for 
ADR detection include Term Frequency-Inverse 
Document Frequency, Bag of Words, Word 
Embeddings (such as Word2Vec and GloVe), 
n-gram models, and statistical models like Naive 
Bayes, Logistic Regression, and Support Vector 
Machines.7 However, these methods have several 
limitations in ADR detection. Conventional 
approaches often fail to capture the contextual 
relationships between words, resulting in potential 
misinterpretation of ADR mentions.8 Ambiguities 
such as polysemy or the presence of synonyms can 
further challenge these models. Moreover, their 
reliance on explicitly mentioned ADRs in the 
training data restricts their ability to identify novel 
or nuanced cases.9 These shortcomings under-
score the need for more sophisticated models 
capable of addressing these challenges effectively.

To address these challenges, researchers have 
adopted advanced architectures such as the trans-
former, introduced in 2017 by Google.10 The 
self-attention mechanism, a core feature of this 
architecture, enables models to assign varying 
importance to different parts of an input sen-
tence.10 Multi-head self-attention further 
enhances this by allowing simultaneous focus on 
multiple parts of the input.10 Leveraging this 
design, pre-trained models such as BERT (bidi-
rectional encoder representations from trans-
formers) and GPT (generative pre-trained 
transformer) have demonstrated exceptional per-
formance across various natural language pro-
cessing tasks and can be fine-tuned for ADR 
classification. Fan et al. demonstrated the feasi-
bility of using BERT word embeddings for ADR 
extraction from social media forum data, outper-
forming non-pretrained and other pretrained 
embeddings.11 Huang et al. introduced a batch-
wise adaptive strategy with BERT for ADR detec-
tion.12 Dong et  al. utilized publicly available 
labeled adverse event data to construct the 
BERT-based model and evaluated through gen-
eralized external social media dataset.13

Challenges remain in applying transfer learning 
to ADR detection. In previous studies, a single 
ADR dataset (such as Sarker’s study,7 Nikfarjam’s 
study,14 the attention deficit hyperactivity disor-
der dataset,15 or the SMM4H (Social Media 
Mining for Health) dataset16) was typically 
divided into fine-tuning and test datasets.12,17–19 
In our previous work, we found that a model fine-
tuned on a general COVID-19 rumor dataset per-
formed worse in classifying COVID-19 rumors 
related to garlic than a model specifically fine-
tuned on garlic-related rumors.8 This highlights 
that fine-tuning on more specific subsets of data 
can significantly improve performance in niche 
classification tasks. However, creating labeled 
datasets for individual drugs is labor-intensive 
and often impractical, as some drugs may lack 
sufficient data. Therefore, cross-drug validation 
is necessary to determine whether a model fine-
tuned on a general annotated dataset can effec-
tively detect ADRs for specific drugs outside its 
fine-tuning scope.

Thus, this study aimed to apply BERT and GPT-
2-based language models to classify ADRs from 
tweets related to glucagon-like peptide-1 (GLP-
1) receptor agonists and evaluate whether a model 
fine-tuned on a general annotated dataset can 
effectively detect ADRs for specific drugs. In 
addition, we benchmarked these models against 
large language models (LLMs) to assess their rel-
ative performance. Drugs suitable for adverse 
event detection through social media are primar-
ily those used by populations that frequently 
engage on these platforms. GLP-1 receptor ago-
nists, originally developed for type 2 diabetes, 
have recently gained U.S. approval for obesity 
treatment, with liraglutide and semaglutide 
emerging as promising options. While these med-
ications are generally safe and associated primar-
ily with gastrointestinal adverse events, their 
increasing use has the potential to reveal rare 
ADRs. Furthermore, the significant public inter-
est in GLP-1 receptor agonists has driven a surge 
in online searches and social media discus-
sions.20,21 Given this heightened activity, GLP-1 
receptor agonists are particularly well-suited for 
adverse event monitoring using social media. A 
key strength of our study lies in the development 
of a well-curated GLP-1 receptor agonist dataset, 
created through filtering and fine-tuning models 
to classify personal experiences and adverse 
events, ensuring its reliability for external 
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validation. Unlike prior studies that utilized 
domains other than text, we focus solely on text 
to showcase the models’ ability to handle real-
world data challenges.

Methods

Study design
This study involves fine-tuning pre-trained mod-
els for two tasks: one for classifying personal 
experiences and the other for classifying adverse 
events (Figure 1). In addition, their performance 
was benchmarked against LLMs, including 
ChatGPT and Gemini, to assess relative effec-
tiveness in ADR detection. The study was 
exempted from Institutional Review Board review 
(ewha-202203-0027-01). The reporting of this 
study conforms to the Minimum Information 
about Clinical Artificial Intelligence Modeling 
(MI-CLAIM) checklist.22

Fine-tuning datasets
For fine-tuning, we used Sarker’s dataset, which 
was annotated for the presence of ADRs in a pre-
vious study.7 In that study, 10,822 tweets, ran-
domly selected based on searches for drug generic 
and brand names, were annotated by two experts. 
The Cohen’s Kappa for inter-annotator agree-
ment was 0.71.7 Tweet IDs and annotations were 
freely available on GitHub.7 Among 10,822 

tweets, 5514 tweets were accessible on July 6, 
2022. The dataset was imbalanced, with 614 
ADR tweets (11.1%; label = 1) and 4900 non-
ADR tweets (88.9%; label = 0).

To address the data imbalance problem in 
Sarker’s dataset, another dataset was added. The 
SIDER (Side Effect Resource) 4.1 dataset, which 
contains information on marketed medicines 
(DRUG NAME) and their recorded ADRs 
(LIST OF ADRs) extracted from public docu-
ments and package inserts, was used. All data are 
freely available on GitHub.23 We modified the 
SIDER dataset to 841 sentences in the format of 
“DRUG NAME side effects are LIST OF 
ADRS,” such as “liraglutide side effects are nau-
sea, diarrhea, vomiting, constipation, headache” 
and “ramipril side effects are headache, hypoten-
sion, cough, cough increased, dizziness, vertigo, 
nausea, vomiting, asthenia, angina pectoris.” All 
were labeled as 1 since they pertained to ADRs 
(Supplemental File 1).

Therefore, in our study, we compared two fine-
tuning datasets: Sarker’s dataset (n = 5514; 614 
ADR and 4900 non-ADR) and Sarker’s + SIDER 
dataset (n = 6355; 1455 ADR and 4900 non-
ADR). In both cases, the number of non-ADR 
instances exceeded ADR instances, with ratios of 
approximately 8:1 and 3.5:1, respectively. To 
address this imbalance, we set the class weights of 
8 and 3.5 to the ADR class for the Sarker’s and 

Figure 1.  Study flow diagram.
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Sarker’s + SIDER datasets, respectively. The 
fine-tuning datasets were divided into training 
(80%) and validation (20%) sets. Handles (in the 
form of “@name”), Uniform Resource Locators, 
white spaces, and non-ASCII characters were 
removed from the text. Spaces were inserted 
between punctuation marks, and words were con-
verted to lowercase.

Fine-tuning transformer models
Figure 2 shows the whole pipeline of the BERT-
based models and GPT-2 small model for classi-
fication task (pretraining, fine-tuning, and 
prediction).

For ADR classification, we fine-tuned BERT and 
GPT-2 models. Table 1 shows the BERT models 
(BERT-base, BERTweet-base) and GPT-2 small 
model employed in this study. We used pre-
trained BERT-base (uncased), BERTweet-base, 
GPT-2 small hosted on the Hugging Face Model 
Hub (accessed on July 8, 2024). All analyses were 
conducted in the Google Colab environment.

BERT and GPT are among the popular trans-
former-based neural network models. GPT is an 
autoregressive model that exclusively utilizes 
decoder stacks, consisting of masked self-atten-
tion and feed-forward layers.24 Meanwhile, BERT 
is a bidirectional model that exclusively utilizes 

encoder stacks, consisting of self-attention and 
feed-forward layers.25 When making predictions, 
GPT considers the left context, while BERT 
takes both the left and right contexts into account. 
This enables BERT to excel in sentiment analysis 
and natural language understanding tasks. In 
contrast, GPT excels in language modeling for 
text generation and translation tasks. Therefore, 
in our study, we utilized BERT and GPT-2.

Two BERT models, BERT-base and BERTweet-
base were employed in this study. A classification 
layer was added on top of BERT models  
using the “BertForSequenceClassification” and 
“RobertaForSequenceClassification” interfaces. 
As input data were fed, the entire pre-trained 
BERT models and the additional untrained clas-
sification layer were trained on our ADR classifi-
cation task. For GPT-2, the token prediction head 
needed to be replaced with a classification head. 
This head, usually consisting of a few additional 
layers, takes the output of the GPT-2 model and 
produces logits corresponding to different classes. 
The “GPT2ForSequenceClassification” inter-
face, which includes a classification head on top 
of the GPT-2 transformer layers, was used. The 
hyperparameters were set empirically without for-
mal optimization: learning rate for the Adam 
optimizer = 2 × 10−5; number of epochs = 4–10; 
batch size = 32. Additionally, early stopping was 
applied with a patience of 3. The tokenizer 

Figure 2.  Pipeline of BERT-base models and GPT-2 model for classification task.
BERT, bidirectional encoder representations from transformers; GPT-2, generative pre-trained transformer-2.
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evaluated the default tokenizers for each model, 
and it was found that some instances were classi-
fied as false negatives due to over-tokenization. 
As a result, some ADRs were added as tokens 
(Supplemental Table 1). All sentences were pad-
ded to a single, fixed length of 128 tokens.

GLP-1 receptor agonist dataset
From December 2014 to February 2022, 3963 
tweets mentioning either liraglutide or semaglu-
tide were collected using the search query “#sax-
enda OR #wegovy OR #liraglutide OR 
#semaglutide.” Python version 3.7 (Python 
Software Foundation, Fredericksburg, VA, USA) 
and X premium application programming inter-
face were used for data collection.

Tweets include not only experiences of GLP-1 
receptor agonist users but also humor, news, 
study results, or experiences of others.9 
Therefore, to evaluate adverse events using 
tweets that specifically relate to personal experi-
ences, we implemented a personal experience 
classifier. In a previous study, personal experi-
ence tweets about medication use were classi-
fied using BERT.26 The BERT-base model 
achieved a classification accuracy of 0.818, 
which was higher than the BERT-large model’s 
accuracy of 0.813 and the BERTweet model’s 
accuracy of 0.816. (Jiang, Chen and Calix, 
2019) Therefore, we also used the BERT-base 
model in our study. The data used for fine-tun-
ing consisted of tweets from the previous 
study.26 A corpus of annotated tweets was avail-
able at GitHub.27 Although the corpus provided 
a total of 12,331 random Tweet IDs and their 
annotations, only 6234 tweets were accessible 

as of July 6, 2022, and these were used for 
fine-tuning.

Using the fine-tuned BERT model, 515 tweets 
about GLP-1 receptor agonists were classified as 
personal experience tweets. Two researchers inde-
pendently reviewed whether tweets were personal 
experiences, and in cases of disagreement, a third 
researcher made the final decision. A total of 396 
tweets were identified as personal experience 
tweets, resulting in a precision of 0.77. Subsequently, 
two researchers independently annotated these 
tweets for ADRs. In cases where their opinions did 
not match, a third researcher made the final deci-
sion. The types of ADRs were named according to 
the Medical Dictionary for Regulatory Activities 
(MedDRA) Preferred Terms version 25.0.

Model evaluation
Tweets mentioning GLP-1 receptor agonists 
were classified as ADRs or non-ADRs using the 
fine-tuned transformer-based models. The test 
dataset was preprocessed in the same way as the 
fine-tuning datasets. Model performance was 
evaluated using a 2 × 2 confusion matrix, from 
which accuracy, precision, recall, and F1 score 
were calculated as follows:

Accuracy = TP + TN / TP + TN + FP + FN( ) ( )

Precision = TP/ TP + FP( )

Recall = TP/ FN + TP( )
F1score = 2 Precision Recall /

Precision Recall

× ×

+

( )
( )

Table 1.  Transformer models used in the study.

Model Parameter count Architecture Pre-training data

BERT-base 110 M 12 layers, 768 hidden 
units, 12 attention heads

2500 M words from English 
Wikipedia and 800 M words from 
BookCorpus

BERTweet-base 135 M Similar architecture to 
BERT-base

850 M English tweets

GPT-2 small 117 M 12 layers, 768 hidden 
units, 12 attention heads

Text from 45 M websites (WebText)

BERT, Bidirectional Encoder Representations from Transformers; GPT, Generative Pre-trained Transformer.
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where TP, TN, FP, and FN mean true positive, 
true negative, false positive, and false negative, 
respectively. The optimal model was selected 
based on the F1 score, given the imbalance in the 
dataset, and performance was further assessed 
using receiver operating characteristic (ROC) and 
precision–recall (PR) curves.

To compare transformer-based models, each 
experiment was repeated five times with different 
random seeds (42, 52, 62, 72, 82). Mean and 
standard deviation were calculated for each met-
ric, and pairwise Z-tests were conducted to assess 
whether performance differences were statisti-
cally significant. The Z-score for two models was 
computed as:

Z =
−

+

µ µ1 2

1
2

2
2σ σ

where µ and σ  denote the sample mean and 
standard deviation, respectively. p-Values were 
derived from a two-tailed standard normal distri-
bution, with a significance threshold of p < 0.05. 
Finally, the performance of fine-tuned trans-
former models was benchmarked against LLMs. 
State-of-the-art LLMs, including OpenAI’s 
ChatGPT 4o, ChatGPT 4o-mini, and Google’s 

Gemini 2.5 Flash (all accessed on July 21, 2025), 
were applied in a zero-shot setting. Tweets were 
input individually using a standardized binary 
classification prompt (1 = ADR, 0 = non-ADR) 
that was refined through pilot testing and then 
executed five times; run-to-run variability was 
calculated as the standard deviation. To prevent 
adaptive behavior, the prompt explicitly instructed 
the models not to adjust responses between trials. 
All LLM experiments were conducted directly 
through the respective online platforms, using the 
default settings with no manual adjustments to 
temperature or other parameters. The full prompt 
is provided in Supplemental Table 2.

Error analysis
To gain further insight into model performance 
beyond quantitative metrics, we conducted an 
error analysis of misclassified tweets from the 
fine-tuned transformer-based models. Using the 
results from a single test run with a fixed random 
seed, all instances of false positives and false neg-
atives were systematically reviewed. Each mis-
classified tweet was systematically reviewed and 
assigned to conceptually distinct categories based 
on recurrent linguistic and contextual patterns, to 

Figure 3.  Comparison of best-performing results across different model configurations.

https://journals.sagepub.com/home/taw
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identify common sources of error. This qualita-
tive categorization was used to complement the 
quantitative evaluation, providing insights into 
systematic challenges of ADR detection from 
noisy, user-generated social media text.

Results

GLP-1 receptor agonist dataset
Out of 396 tweets, 116 (29.3%) were ADR 
tweets, and 280 (70.7%) were non-ADR tweets. 
A total of 155 ADRs were mentioned 
(Supplemental Table 3). Among these, the most 
common were nausea (n = 43), abdominal pain 
(n = 24), headache (n = 8), and gastrooesophageal 
reflux disease (n = 7). Five tweets were difficult to 
categorize under specific adverse reactions: “This 
shot is really messing me up,” “. . . don’t love the 
side effects. . .,” and “. . .hope the side effects 
keep lessening.”

Model evaluation
Supplemental Table 4 summarizes all evaluated 
configurations, with metrics averaged over five 
runs. Figure 3 presents the best results for each 
model type, while Supplemental Figure 1 shows 
the ROC and PR curves of the corresponding 
fine-tuned transformer-based models.

Among all models, ChatGPT 4o-mini achieved 
the best performance, recording an F1 score of 

0.948, an accuracy of 0.970, a precision of 
0.948, and a recall of 0.948. With one random 
seed, the model resulted in 112 TP, 272 TN, 8 
FP, and 4 FN. Other LLMs also outperformed 
the fine-tuned transformer-based models. 
Gemini 2.5 Flash achieved an F1 score of 0.919 
and an accuracy of 0.954, while ChatGPT 4o 
recorded an F1 score of 0.895 and an accuracy 
of 0.936.

Among the fine-tuned transformer-based models, 
BERTweet-base model showed the best perfor-
mance, with a mean F1 score of 0.729, an accu-
racy of 0.835, a precision of 0.701, and a recall of 
0.762. With one random seed, the model resulted 
in 77 TP, 253 TN, 27 FP, and 39 FN. The 
BERT-base model achieved a mean F1 score of 
0.679 and an accuracy of 0.826, whereas GPT-2 
achieved a mean F1 score of 0.628 and an accu-
racy of 0.766.

Supplemental Table 5 summarizes the results of 
pairwise Z-tests across all model combinations. 
Fine-tuned transformer models (BERT-base, 
BERTweet-base, GPT-2) showed no statistically 
significant differences across most metrics, indi-
cating comparable performance within this group. 
In contrast, all LLMs significantly outperformed 
the fine-tuned transformer models. Among 
LLMs, ChatGPT 4o-mini achieved the strongest 
performance, significantly surpassing both 
Gemini 2.5 Flash (accuracy: Z = 2.744, p = 0.006; 
F1 score: Z = 3.074, p = 0.002) and ChatGPT 4o 

Table 2.  Analysis of false positives by category according to frequency.

Category Examples

Expected effect (no appetite) •  “.  .  . it has certainly curbed my appetite!”

•  “Day 3 liraglutide, no appetite all day .  .  .”

Indication or underlying 
condition

• � “I got put on semaglutide to help with my amphetamine/
dextroamphetamine induced binge eating habit”

• � “.  .  . depression made me eat my feelings. I hit 100kgs .  .  .”

• � “.  .  . 4 years of frequent #crohns flares and the liraglutide treatment 
have not definitely killed my love of good food.”

Unknown reason • � “#semaglutide I initially lost 80 lbs on low calorie diet. despite 
strenuous exercise I quickly gained back 50 lbs. I realized diet meds 
are an essential part of maintaining weight loss.”

• � “Nearing the end of my first week on liraglutide .  .  . I went from 
318 lbs to 310 lbs as of this morning. I am quaking, you guys.”

https://journals.sagepub.com/home/taw
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(accuracy: Z = 6.668, p < 0.001; F1 score: 
Z = 6.203, p < 0.001).

Error analysis of transformer-based models
Table 2 provides some examples of false positive, 
which were categorized into three main groups: 
(1) “Expected effect (no appetite)” where state-
ments reflected the anticipated outcome of 
reduced appetite, (2) “Indication or underlying 
condition” where tweets referenced the use of 

medication for specific conditions or underlying 
health issues, and (3) “Unknown reason” where 
the tweets did not clearly indicate why they were 
classified as false positive.

Table 3 provides some examples of false negative, 
which were categorized into five main groups: (1) 
“Minimal ADRs with positive effects” where 
ADRs were reported alongside positive experi-
ences with the treatment, (2) “Reduction or dis-
appearance of past ADRs” where previous adverse 

Table 3.  Analysis of false negatives by category according to frequency.

Category Examples

Minimal ADRs with positive 
effects

• � “.  .  . I honestly am so proud and happy with myself! only side effect I’m 
having a real bad heart burn!”

•  “.  .  . my body is responding well. minimal nausea .  .  .”

• � “.  .  . I feel so much better already! I think my insomnia is a side effect 
though, which isn’t great but totally worth it”

• � “.  .  . no adverse side effects today apart from I feel really tired.”

• � “.  .  . going on liraglutide .  .  . has helped so much. I’ll take the random 
nausea .  .  .”

• � “.  .  . although there are subtle side effects such as cramps the injection 
works really well .  .  .”

Reduction or disappearance 
of past ADRs

•  “.  .  . day4 still not lost any weight but all nausea has subsided .  .  .”

• � “.  .  . mild morning nausea that went away pretty quickly after each dose 
change . .  .”

Indirect expression • � “Ondansetron (antiemetic drug) saved me from my recent semaglutide”

• � “.  .  . how long did it take to work for you and did the nausea ever go 
away?”

General expression without 
explicit mention of ADRs

•  “.  .  . don’t love the side effects .  .  .”

•  “.  .  . hope the side effects keep lessening”

•  “.  .  . not feeling well today. only managed a bowl of muesli cereal!”

•  “.  .  . feeling bad on high dose liraglutide .  .  .”

Unknown reason •  “.  .  . me realizing my thigh is now burning .  .  .”

• � “.  .  . shot in the thigh instead of my stomach today .  .  . that shit hurt 
.  .  ..”

• � “The side effect since last night have not been fun. this nausea sucks . . .”

ADR, adverse drug reaction.
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effects had diminished or resolved, (3) “Indirect 
expression” where ADRs were implied rather 
than directly stated, (4) “General expression 
without explicit mention of ADRs” where non-
specific symptoms or general discomfort were 
mentioned, and (5) “Unknown reason” where 
the reasons for the false negative were unclear.

Discussion
This study shows that transformer-based models 
fine-tuned with a general ADR dataset can 
achieve reasonable performance in classifying 
GLP-1 receptor agonist-related tweets, although 
state-of-the-art LLMs (ChatGPT, Gemini) sig-
nificantly outperformed these models.

Among the transformer-based model, BERTweet-
base model achieved the best performance. This 
advantage can be attributed to its pre-training on 
tweets, which differ substantially from the 
Wikipedia and BooksCorpus datasets used for 
BERT-base. Tweets are short and often contain 
irregular words, abbreviations, and typographical 
errors, making BERTweet-base better suited for 
tweet classification tasks, especially when bal-
anced precision and recall are critical.8 In contrast, 
GPT-2 performed worse due to its decoder-only, 
autoregressive architecture designed primarily for 
text generation, whereas BERT’s bidirectional 
encoder architecture is inherently more effective 
for classification tasks.24,25

Classification performance improved when using 
the combined Sarker and SIDER datasets. Tweets 
about medications generally contain more non-
ADR than ADR content, leading to class imbal-
ance during fine-tuning. In Sarker’s dataset, only 
11.1% of tweets were ADR-related, compared to 
88.9% non-ADR. Incorporating the ADR-only 
SIDER dataset helped mitigate this imbalance. 
Tokenization issues also influenced performance; 
for example, “constipated” was split into “con,” 
“sti,” and “pated,” reducing the model’s ability to 
capture medical terms. Updating the tokens 
improved performance, suggesting that further 
token adjustments may be necessary for other 
drug classes.

Our fine-tuned BERTweet-base model showed 
some limitations. Among the false positives, some 
included the expected effect of reduced appetite 
and mentions of indication or underlying condi-
tion. This occurred because the model was 

fine-tuned on general drug-related tweets without 
specifically incorporating the characteristics of 
GLP-1 receptor agonists. However, developing 
individual models that account for the character-
istics of every drug would be overly resource-
intensive. Therefore, it is necessary for humans to 
confirm the ADRs detected by the model. The 
model incorrectly identified false negatives. We 
considered reports of past ADRs, even if they are 
no longer present, as ADRs because detecting 
such cases is important from a pharmacovigilance 
perspective. However, the model classified these 
as non-ADR, likely due to the absence of current 
ADRs. This discrepancy stems from the differ-
ence in labeling intent between the fine-tuning 
data created by other researchers and our classifi-
cation objectives. Additionally, detecting minimal 
ADRs mentioned alongside positive effects 
proved to be challenging. The model also faced 
limitations in accurately detecting indirect expres-
sions or general statements about side effects, 
making it difficult to fully capture the intent of the 
tweet’s author.

Our findings on fine-tuned transformer-based 
models are broadly consistent with previously 
published studies. Huang et al.16 applied BERT 
for ADR classification using Sarker’s dataset and 
reported accuracy between 0.90 and 0.91, with 
F1 scores ranging from 0.51 to 0.53 under cross-
validation. In contrast, our study incorporated 
external validation and achieved improved F1 
performance despite dataset imbalance. Similarly, 
Dong et al.12 externally validated a model trained 
on the ADE-Corpus-V2 using the SMM4H data-
set, reporting F1 scores of 0.813 for adverse event 
terms, 0.807 for words within adverse events, and 
0.979 for non-adverse terms.

LLMs substantially outperformed all fine-tuned 
models, with ChatGPT 4o-mini achieving the 
highest performance, followed by Gemini 2.5 Flash 
and ChatGPT 4o. ChatGPT 4o-mini achieved an 
accuracy of 0.970 and a precision of 0.948, reflect-
ing strong ability to minimize false positives. Its 
recall and F1 score were both 0.948, indicating a 
well-balanced capacity to detect true ADR cases 
without over-prediction. The superior performance 
of LLMs can be partly explained by the limitations 
revealed in our error analysis of transformer-based 
models. Fine-tuned models frequently misclassi-
fied tweets that mentioned expected effects or 
underlying conditions as ADRs, and often failed to 
detect ADRs expressed indirectly, in colloquial 
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terms, or without explicit ADR keywords. In con-
trast, LLMs benefit from extensive pretraining on 
diverse textual sources, which enhances their ability 
to interpret implicit meanings, handle non-stand-
ard language, and distinguish ADRs from related 
but non-adverse contexts. These capabilities likely 
contributed to their lower false-positive rates and 
improved recall. Interestingly, ChatGPT 4o-mini 
outperformed ChatGPT 4o across most metrics, 
potentially due to architectural optimizations or 
inference-time tuning that prioritize classification 
tasks such as binary ADR detection. However, this 
comparison should be viewed with caution as 
LLMs operate at much larger scale and with far 
greater computational resources. Such differences 
also entail higher costs and potential privacy con-
cerns. Within pharmacovigilance frameworks, 
these issues extend to data protection under regula-
tions such as the General Data Protection 
Regulation (GDPR) and to the need for clinical 
validation before LLM-generated safety insights 
can be integrated into regulatory decision-making.

Limitations
This study has several limitations. First, the test 
set was relatively small and was inherently noisy 
due to its social media origin, which may affect 
the reported performance estimates. Second, as 
seen in the examples of false positive and false 
negative, the transformer-based model may mis-
classify cases where the drug’s indication, past 
experiences, or ADRs are described as minimal. 
Third, the test dataset was limited to tweets 
mentioning GLP-1 receptor agonists. The eval-
uation metrics may vary for other drugs and 
social media platforms. Also, the selective token 
additions described in Supplemental Table 1 
could introduce subtle class-specific bias that 
might contribute to better performance observed 
for LLMs. Fourth, the study results are depend-
ent on the labels of the fine-tuning dataset and 
the test dataset. These labels can be somewhat 
subjective, and there may be bias in the process 
of selecting social media posts. Fifth, the fine-
tuning datasets were provided as Tweet IDs, 
which means that access to the data might vary 
depending on when it is accessed. Some tweets 
may have been deleted or become restricted, 
which could impact the model’s performance. 
Lastly, the models evaluated in this study were 
designed to classify tweets containing ADRs but 
do not extract specific ADRs.

Future works could re-run LLMs in a few-shot set-
ting to examine whether limited calibration nar-
rows or widens the performance gap. Also, 
additional evaluation on the best transformer-based 
model and the LLM on an independent drug class 
would help assess cross-drug generalizability 
beyond GLP-1 receptor agonists.

Conclusion
This study demonstrated that transformer-based 
models fine-tuned on a general ADR dataset can 
generalize to specific drug contexts, effectively 
classifying GLP-1 receptor agonist-related tweets 
as ADR or non-ADR. Among these models, 
BERTweet-base achieved the best performance, 
reflecting the advantage of pretraining on social 
media text for ADR detection tasks. However, 
state-of-the-art LLMs, particularly ChatGPT 
4o-mini, substantially outperformed fine-tuned 
models, underscoring their superior ability to 
capture nuanced and implicit expressions of 
ADRs in user-generated text. Despite this perfor-
mance gap, fine-tuned models remain valuable in 
scenarios where privacy concerns, domain-spe-
cific requirements, or resource constraints limit 
the deployment of large commercial LLMs.
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