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Abstract

Post-marketing drug surveillance often suffers from under-
reporting and delays in identifying adverse drug reactions
(ADRs). While benchmark datasets and shared tasks—
particularly from SMM4H—have advanced ADR detection
methods, they primarily focus on general populations and
known ADRs. This study complements those efforts by fo-
cusing on epilepsy and aiming for the discovery of unknown
ADRs. We collected user-generated posts from r/Epilepsy
and the Epilepsy Foundation of America (EFA) forums, cu-
rated a drug—symptom dictionary, and developed a classifi-
cation pipeline that combines sentiment analysis with rela-
tion classification. Sentiment polarity serves as a putative in-
terpretable characterization of patient experience, while re-
lation classification determines whether co-mentioned terms
reflect an ADR or a drug indication. Labels from the SIDER
database were used for distant supervision, enabling scal-
able, domain-adaptable automation without manual annota-
tion. Identifying unknown ADRs remains particularly chal-
lenging, as they are rarely annotated or included in avail-
able databases. Our classifier demonstrates strong generaliza-
tion to such cases by leveraging patterns in real-world dis-
course. When evaluated on the 2025 SMM4H Shared Task 1,
it achieved a high precision of 0.80—which is desirable since
false positives may lead to misleading surveillance hypothe-
ses and costly but unnecessary follow-up efforts. Manual val-
idation on reddit and EFA further demonstrates the ability
of our classifier to identify self-reporting of unknown ADRs
Overall, our work demonstrates that community-focused so-
cial media mining, informed by sentiment analysis, can en-
rich pharmacovigilance pipelines and increase interpretabil-
ity of automated, low-cost drug safety warnings.

Introduction

Adverse drug reactions (ADRs) remain a critical challenge
for public health, yet traditional surveillance systems of-
ten suffer from underreporting and delayed detection. Social
media offers a complementary, real-time source of patient-
reported experiences, leading to a surge of computational
approaches for ADR detection.

Growing interest in social media mining for ADR de-
tection, has led to the development of benchmark datasets
and shared tasks—most notably the Social Media Mining
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for Health (SMM4H) initiative. These benchmarks have en-
abled standardized evaluation of NLP systems for ADR clas-
sification, extraction, and normalization (Klein et al. 2023;
Xu et al. 2024; Klein et al. 2025). Early methods range
from deep learning models using word embeddings (Rezaei
et al. 2019) to hybrid approaches that incorporated syntac-
tic, semantic, and sentiment-based features (Zhang, Cui, and
Gao 2020). For example, Korkontzelos et al. (2016) demon-
strated that incorporating sentiment as an auxiliary feature
could improve ADR detection by reducing false positives
in token-level classifiers (Korkontzelos et al. 2016). More
recently, large language models (LLMs) have driven signif-
icant improvements in predictive accuracy and in scalable
data annotation through distillation from GPT-based teacher
models (Gu et al. 2023), fine-tuning transformer models like
BERT for higher recall in ADR mention detection (Dey,
Shrivastava, and Kumar 2024), and other techniques.

Despite these advances, most existing methods are opti-
mized for detecting known ADRs within general popula-
tions and require substantial manual annotation. These ap-
proaches are less suited for discovering previously undocu-
mented ADRs, particularly in underrepresented communi-
ties where language is more diverse and context-specific.
Identifying such signals is especially challenging because
they are rarely labeled.

To approach the unknown ADR problem, we focus on
a clinically important population with a high burden of
ADRs: epilepsy patients (Bayane et al. 2024). By analyz-
ing user-generated posts from r/Epilepsy and the Epilepsy
Foundation of America (EFA) forums, we identify poten-
tial ADRs using a domain-adapted NLP pipeline, shown
in Figure 1, which combines sentiment analysis with rela-
tion classification. Unlike previous approaches, our method
treats sentiment polarity as a primary, interpretable signal
for ADR detection. We use distant supervision from the
SIDER database, without manual annotation, to validate
known ADRs signals, and subsequently identify putative un-
known ADRs—which we validate with a manual review of
ADR self-reporting on Reddit and EFA. The approach is also
shown to classifify social media posts containing ADRs with
high precision, on the SMM4H Shared Task benchmark.
Ours is a low-cost and community-aware pipeline for phar-
macovigilance, with increased interpretability via sentiment
analysis. By shifting the focus from benchmark optimiza-
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Figure 1: Overview of the proposed pipeline, including data
collection, model inference and performance, identification
of potential ADRs, and validation through backtracking to
the original posts.

tion to community-centered signal discovery, we demon-
strate that domain-specific social media mining can uncover
novel drug safety concerns and complement existing drug
surveillance.

Data and methods
Social media data collection

We collected user-generated text related to epilepsy from the
epilepsy-focused Reddit community (1/Epilepsy) and EFA
forums. Details on the data selection criteria and cohort def-
inition are provided in a work (Guo et al. 2025), and all
analyses involving patient data were conducted under IRB
approval (Correia et al. 2025). An overview of the collected
data is presented in Table 1. All analyses in this study were
conducted at the sentence level, with sentences segmented
using the NLTK sentence tokenizer, specifically focusing on
target sentences.

Unique Median Target
Platform 4 Posts Sentence & -
Users Sentences*
per Post
r/Epilepsy | 18,515 287,367 3 111,000
EFA 22,938 111,075 7 120,000

Table 1: Overview of collected social media data. *Tar-
get sentences are those containing at least two medical
dictionary-matched mentions. The medical dictionary is de-
tailed in the following section

Medical dictionary curation

We built a comprehensive medical dictionary by curating
terms from established biomedical ontologies, enabling us to
leverage existing medical knowledge. To identify potential
adverse drug effects in social media text, we used this dictio-
nary to match key terms of interest — specifically, the drug
terms and medical terms such as conditions and symptoms.
The dictionary contains approximately 142K terms, with in-
stances tagged only when an exact match was identified. The
drug terms were extracted from Drugbank (v.5.1.0), includ-
ing the commercial and the chemical names, where all the
names will be used for matching but then they will be inte-
grated to a higher level chemical names when we analyze

the relation of the drug-sympotom pairs. For instance,the
epilepsy drug Levetiracetam has the brand-name Keppra as
a synonym; The medical terms were extracted from Med-
Dra (v15.0) using the Mesh terms , which are in hierar-
chical structure including the child terms and the parent
terms. Similarly to the aggregation with synonymous of drug
names, we aggregated the medical terms by mapping syn-
onyms to a parent term, for example, the term Influenza has
Flu and Flu syndrome as synonyms. Note that we included
the terms related not only to epilepsy but also to other dis-
eases and conditions to facilitate the encoding of relevant
associations.

Ground truth annotation

We used the publicly available SIDER database (Campil-
los et al. 2008) as a distant supervision source to label
sentences containing drug—symptom co-mentions as either
adverse drug reactions (ADRs), indications, or unreported.
SIDER compiles curated information on marketed drugs
and their associated adverse effects, providing drug—medical
term pairs labeled as either ADRs or indications. Notably,
the medical terms in SIDER follow the MedDRA vocabu-
lary and align with the terminology used in our curated dic-
tionary, facilitating seamless integration.

Sentences were annotated based on whether the co-
mentioned drug—symptom pair matched an entry in the
SIDER database. For example, the sentence shown in Fig-
ure 2 is labeled as an ADR because the pair “Dilantin” and
“headache” appears in SIDER’s ADR list. To reduce am-
biguity from potential drug—drug interactions, we excluded
sentences containing multiple drug mentions.

We obtained ~ 35K labeled sentences, which were used
for validation in the sentiment analysis and for both train-
ing and validation in the relation classification model. The
remaining drug—symptom pairs, existing in 48K sentences,
are not recorded in the SIDER dataset and are of particular
interest, as they represent previously unreported ADRs.

Sentiment analysis

Our methodology is based on the premise that negative sen-
timents toward a drug-symptom pair likely indicate a side
effect, whereas positive sentiments suggest an indication. To
accurately capture the context and sentiment associated with
each drug-symptom pair, we performed sentiment analysis
on sentences where both a drug and a symptom were men-
tioned. Even though analysis of sentiment at sentence level
is noisier than for larger amounts of text, it ensures that sen-
timent interpretations directly reflect the relevant context,
minimizing ambiguity caused by surrounding text. More
specifically, we focus on the sentiment associated of direct
self-reporting of drug-symptom pairs.

We employed RoBERTRa, a robustly optimized BERT ap-
proach (Liu 2019), for sentiment analysis of short social me-
dia texts at the sentence level. Studies have demonstrated
RoBERT2’s promise in analyzing health-related data, accu-
rately identifying emotional contexts in clinical interactions
(Gabriel et al. 2024).

Specifically, we applied a pre-trained RoOBERTa model
to each sentence that contained at least one co-mentioned



Original
i am now on <unit> of dilantin, sometimes i wake up a few hours after going to sleep with raging
headache or sometimes cant sleep at all.....

Masked

i am now on <unit> of [DRUG], sometimes i wake up a few hours after going to sleep with raging
[MEDICAL_TERM] or sometimes cant sleep at all.....

Figure 2: Example of masking drug and medical term in
a sentence. The sentence is preprocessed by replacing the
numbers, removing capitalization. We applied exact term
matching with the post from the medical dictionary.

drug—symptom pair. The ROBERTa has three dimension out-
puts of sentiments, which are the probability of being posi-
tive, neutral, and negative, and the summation of the prob-
ability equals to 1. For ease of calculation purpose, we did
the transmission below to reduce into one dimension score
P: p = Bwiie Presive ¢ \ag found to be the most effec-

DPneutral

tive among several alternatives, such as binary 0/1 encod-
ing, and using only pposiive as the sentiment factor. The sen-
timent score P is proportional to the positivity of the sen-
tence—higher values indicate more positive sentiment, and
vice versa. We then collected the sentiment scores P from
all sentences in which a specific drug—symptom pair was
co-mentioned (see Figure 3 for details). For each pair, these
scores were aggregated to capture the overall sentiment as-
sociated with that pair. Particularly, to prevent the sentiment
model from being influenced by the inherent sentiment of
specific drug or medical terms (e.g., headache), we masked
these terms during sentiment analysis. An example of this
masking process is shown in Figure 2.

Model performance To evaluate the effectiveness of sen-
timent scores in distinguishing ADRs from indications, we
analyzed their correlation with the ground truth relationship
labels for each drug—symptom pair. We used a box plot to
visualize differences in sentiment distributions across the
two classes (Figure 4). We also generated precision—recall
curves and reported the area under the curve (AUC) as the
primary evaluation metric (right plot in Figure 4), which
helps mitigate the effects of class imbalance—specifically,
an ADR-to-indication ratio of 2:1 (196:99). To reduce noise
and randomness, we included only drug—symptom pairs that
appeared in more than 20 sentences.

We compared mean and median sentiment scores and
found the median to be more effective for distinguishing
ADRs from indications. We also evaluated models with and
without masking, and since masking performed equally well
while reducing bias, we adopted it in our final analysis. Fig-
ure 4 shows the results using median sentiment with mask-
ing, our chosen setup.

The results show that sentiment is an effective discrimina-
tive feature. As illustrated in Figure 4, pairs labeled as side
effects exhibit significantly more negative sentiment than
those labeled as indications. The model achieved an AUC
of 0.91, substantially higher than the naive baseline of 0.67.

Relation classification

To complement sentiment analysis, we developed a bi-
nary relation classifier to determine whether a co-mentioned

drug—symptom pair reflects an adverse drug reaction (ADR)
or not. We fine-tuned BioBERT (Lee et al. 2020), a domain-
specific language model pre-trained on biomedical literature
from PubMed and PMC, which has demonstrated superior
performance over the general-purpose BERT model (Devlin
2018) in medical NLP tasks.

We applied a masking strategy during preprocess-
ing to prevent classification based on prior encoding of
drug—symptom associations by BioBERT, thereby aiming
for generalization to unseen ADRs. Masking (see Section
, Figure 2) replaces drug and symptom terms with place-
holders, prompting the language model to focus on sentence-
level semantics. Although this resulted in slightly lower val-
idation performance, it enhanced generalizability; thus, we
adopted the masked setup in our final model (see Model per-
formance Section)

Model performance To ensure robust model evaluation,
we performed 5-fold cross-validation on the labeled sen-
tences. There are approximately 28K sentences for training
and 7K for validation. The splits were stratified, maintain-
ing a consistent ADR-to-indication ratio of approximately
1:1.17 across all folds. Table 3 presents the results of relation
classification using masked and unmasked preprocessing for
both BioBERT and BERT models. BioBERT consistently
outperformed BERT, even when key terms (drug and symp-
tom names) were masked to prevent reliance on prior knowl-
edge. These results suggest that BioBERT has stronger in-
ference capabilities for biomedical text. To enhance gener-
alizability, we selected the masked BioBERT model for our
final setup (highlighted in bold in Table 3).

Model Preprocessing \ Accuracy MCC
. No Mask 0.90 0.84
BIoBERT  Mask ‘ 083  0.66
No Mask 0.83 0.61

BERT " Mask ‘ 0.67 040

Table 2: Relation classification results on the validation
set. Accuracy and Matthews Correlation Coefficient (MCC)
were used as evaluation metrics.

Results

SMM4H Shared task 1

We applied our method to the Shared Task 1 benchmark on
English, which focuses on binary classification of social me-
dia posts as containing ADRs or not. While our pipeline
achieved a high precision of 0.80 (Table 3), its overall F1
score was lower than top-performing shared task submis-
sions. This discrepancy is expected, as our method was de-
signed for a different goal—identifying drug—symptom pairs
indicative of potential ADRs, rather than classifying indi-
vidual posts. Our model aggregates evidence from multiple
posts (typically at least 10 co-mentions of a pair) to im-
prove confidence in signal detection. As a result, we pri-
oritizes precision over recall, which is more aligned with
our objective of minimizing false positives, under-reported
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Figure 4: Evaluation of Sentiment Analysis on
Drug—Symptom Pairs. Left: Boxplot of median senti-
ment scores across three ground truth categories. Right:
Precision—recall curve for median sentiment scores. The red
dashed line represents the baseline performance of a naive
model that predicts all pairs as ADRs.

ADR signals. Our current pipeline is specifically designed
for English-language content; for other languages, we devel-
oped separate models, which are presented in another work
submitted to the shared task track. Despite the task mis-
match, our performance on the shared task highlights the
generalizability and robustness of our approach.

Prediction on test set ‘ Precision  Recall F1

Our \ 0.8036 0.4831 0.6034

All Mean 0.6374 0.6053 0.5915
Medium 0.7385 0.6732 0.6924

Table 3: Prediction performance on the test set compared to
all submissions.

Predicted ADRs

To uncover previously unreported potential ADRs, we ap-
plied our trained sentiment analysis and relation classifi-
cation models to sentences containing drug—symptom co-
mentions that are not labeled in the ground truth dataset

(i.e., not listed in SIDER). We extracted all such pairs from
the corpus, aggregated their associated sentiment scores,
and recorded the predicted ADR labels from the relation
classification model. For each pair, we computed the me-
dian sentiment score and the ADR ratio—the proportion of
sentences classified as ADRs by the relation classification
model among all occurrences of the pair.

To identify high-likelihood ADR candidates, we applied
the following filtering criteria to exclude pairs: (1) fewer
than 10 co-mentions to reduce noise and sampling bias; (2)
implausible medical terms as side effects (e.g., Divorced);
(3) medical terms already associated with the drug in SIDER
under different synonyms (e.g., Hepatocellular injury vs.
liver injury for Levetiracetam) to avoid not novel discover-
ies; (4) median sentiment score > —1.8, as such pairs are
less likely to indicate negative experiences. After filtering,
75 candidate pairs remained. From these, based on maximiz-
ing co-mention count, median sentiment, and ADR ratio, we
manually selected the most likely subset of 6 putative ADRs,
which are listed in Table 4.

Manual validation of ADR self-reporting

We conducted a manual review of user-generated posts to
identify ADRs based on established labeling guidelines.
Posts were labeled as ADR-positive only if they described
harmful or unintended physical or psychological effects fol-
lowing drug intake, with a clear or reasonably implied causal
link. Common indicators of adverse reaction self-reporting
include verbs like “gave me”, “made me”, “caused”, “was
from”, “triggered”, and temporal cues such as “after start-
ing”, “since taking”, and “when I began”. Notably, all men-
tions of Lamotrigine and fluid retention were confirmed as
true cases of ADR self-reporting.

Discussion

Our study demonstrates the feasibility and power of mining
community-specific social media data to uncover unknown
or underreported ADRs. Our approach combined sentiment



Dru Medical Count Median ADR
g Term Sentiment  Ratio
Profound
Lamotrigine mental 10 -8.21 0.80
retardation
Lamotrigine L uid 10 8.02 1.00
retention
Levetiracetam Aphasia 17 -6.08 1.00
Lacosamide = Amnesia 21 -4.75 0.73
Clonazepam _ C1Mi¢ 16 439 1.00
convulsion
Levetiracetam Muscle 37 -3.29 0.90
spasms

Table 4: Selected putative unknown ADRs. Count is the
number of sentences in which a particular drug and medi-
cal term co-occur. Median Sentiment is the sentiment score
from the sentiment analysis model, which has been tested as
the most effective sentiment metric for this task. ADR Ratio
is the proportion of co-mentions that the relation classifica-
tion model classified as ADRs.

analysis—as an interpretable proxy for patient experience—
with relation classification and distant supervision using cu-
rated dictionaries and public biomedical resources. It en-
ables low-cost ADR discovery, with increases interpretation
afforded by the sentiment analysis. Furthermore, it depends
on very minimal human annotation, while it generalizes to
uncover putative novel ADRs. The strong precision achieved
on the SMM4H benchmark evaluation underscores its relia-
bility in picking credible safety signals with high precision.
The manual validation of top putative unknown ADRs based
on (epilepsy-focused) social media user self-reporting, fur-
ther supports our the ability of our approach to detect rele-
vant drug safety warning signs.

More broadly, our work supports a shift toward
community-centered, disease-specific, data-driven pharma-
covigilance by leveraging real-world narratives and offering
a practical approach for identifying emerging ADRs. Given
its simplicity, it should be easily extendable for other pa-
tient cohorts. As a next step, we aim to validate the putative
ADR signals through external evidence, including clinical
trial reports, biomedical literature (e.g., PubMed), and drug
safety databases, to further assess their credibility and poten-
tial clinical relevance. Finally, we encourage readers to con-
sult the supplementary material for additional discussion, in-
cluding more detailed clarifications of reviewer comments.
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Our medical dictionary is comprehensive, including
nearly every published medical term and drug from es-
tablished ontologies, reducing the likelihood of unmatched
drug and symptom mentions in social media posts. How-
ever, the current approach relies on exact matching, which
may miss spelling variations, abbreviations, or informal ter-
minology used by patients. To address this, future work will
explore fuzzy matching and context-aware term expansion
to improve recall without sacrificing precision.

In addition to our current use of BioBERT for relation
classification, we plan to evaluate alternative models, such
as PubMedBERT and classic machine learning classifiers,
for comparative performance analysis. We also intend to
incorporate sentiment analysis using ANEW, a dictionary-
based approach that offers better interpretability by directly
linking sentiment scores to specific words, enhancing the ex-
plainability of model outputs.

For the shared task, our approach differed slightly from
the main pipeline. We used the full, original posts provided
by the shared task dataset, without sentence splitting, to pre-
serve context. Instead of distant supervision from SIDER,
we fine-tuned the BioBERT model using the provided train-
ing labels. We then applied our medical dictionary to iden-
tify drug—symptom co-mentions and incorporated sentiment
analysis at the post level, combining the sentiment score
with BioBERT predictions for the final classification. This
approach ensures that the full context of each post is consid-
ered, aligning with the shared task’s evaluation criteria.

Our approach emphasizes high precision to reduce the im-
pact of false positives, which is particularly important for
the early stages of ADR signal detection, where filtering out
irrelevant signals can reduce the cost of downstream valida-
tion. This may come at the cost of recall, potentially miss-
ing weaker or less frequently reported signals. Our model
is inherently flexible, allowing the trade-off between preci-
sion and recall to be adjusted based on the specific goals
of the analysis. For example, modifying the decision thresh-
olds, such as the median sentiment score or the relation clas-
sification ratio, can shift the model toward higher recall if
the priority is comprehensive signal capture. This flexibility
makes our approach adaptable to a range of pharmacovig-
ilance contexts, from broad exploratory searches to more

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

focused, high-precision analyses. Moving forward, a more
systematic sensitivity analysis will be necessary to optimize
these parameters and better understand their impact on over-
all model performance.

We also plan to conduct a manual review of original user
posts. Specifically, we will sample 5—10 sentences for each
of the top 10 drug—symptom pairs with strong negative sen-
timent, high ADR ratio, and moderate-to-high co-mention
counts. Two independent annotators will assess whether
each sentence explicitly or implicitly indicates an ADR, us-
ing labels such as Yes (ADR indicated), No (not an ADR),
or Uncertain. Inter-annotator agreement will be measured to
assess the reliability of this process (e.g., Cohen’s Kappa),
and the final confirmed ADR proportion will provide a more
concrete measure of our pipeline’s effectiveness in surfacing
credible, underreported signals.

Our current pipeline relies on the SIDER database as
the primary ground truth for known ADRs, providing a
standardized and structured annotation source aligned with
the MedDRA vocabulary. However, we recognize that
some ADRs may be well-documented in broader clinical re-
sources, such as Mayo Clinic guidelines, FDA drug labels,
and patient information leaflets, but may not be included in
SIDER. In future work, we plan to expand our scope to in-
clude these additional sources, providing a more compre-
hensive definition of known ADRs and further enhancing
the precision of our discovery pipeline.

Our current pipeline utilizes both sentiment analysis and
relation classification to identify potential ADRs, treating
these components as complementary but largely indepen-
dent signals. There is potential for tighter integration of
these models to enhance both interpretability and predictive
performance. For instance, the continuous output from the
relation classification model could be combined with sen-
timent scores to generate more nuanced risk assessments
for drug—symptom pairs. This could involve calculating
performance metrics like AUC for the classification model
and comparing them directly with sentiment-based thresh-
olds, or using MCC to assess alignment. Such joint evalu-
ation could provide deeper insights into the interaction be-
tween patient sentiment and explicit ADR relationships, po-
tentially improving the pipeline’s overall recall and reducing
false positives. This integrated approach will be the a foucs
in future work as we refine our method.



Beyond the technical contributions, this work has broader
implications for healthcare systems, patients, and pharma-
ceutical companies. Early detection of underreported ADRs
can significantly reduce healthcare costs by preventing ad-
verse events and hospitalizations, while improving patient
safety and treatment adherence. For patients, this approach
offers an opportunity to surface potential side effects that
might not be captured in clinical trials, empowering indi-
viduals to make more informed healthcare decisions. For
pharmaceutical companies, these insights can provide early
warnings of emerging safety concerns, potentially reducing
legal liabilities and improving patient trust. At the same
time, maintaining high precision is critical to avoid unnec-
essary patient anxiety and overburdening healthcare profes-
sionals, while high recall is essential to capture subtle, un-
derreported signals. Balancing these objectives will be an
important focus as this work continues to evolve.



