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Abstract

This paper presents our system for the SMM4H–HeaRD 2025
shared tasks, specifically Task 4 (Subtasks 1, 2a, and 2b) and
Task 5 (Subtasks 1 and 2). Task 4 focused on detecting men-
tions of insomnia in clinical notes, while Task 5 addressed the
extraction of food safety events from news articles. We par-
ticipated in all subtasks and report key findings across them,
with particular emphasis on Task 5 Subtask 1, where our sys-
tem achieved strong performance—securing first place with
an F1 score of 0.958 on the test set. To attain this result,
we employed encoder-based models (e.g., RoBERTa), along-
side GPT-4 for data augmentation. This paper outlines our
approach, including preprocessing, model architecture, and
subtask-specific adaptations.

Introduction
The increasing digitization of healthcare and public health
communications has led to a proliferation of unstructured
text data from clinical records and regulatory announce-
ments. This presents significant opportunities for natural
language processing (NLP) to support early risk detection,
medical condition monitoring, and health policy response.
In this study, we describe our participation in two shared
tasks from the SMM4H 2025 initiative, both centered on
real-world textual data but addressing distinct domains and
challenges. Task 4 involves detecting evidence of insomnia
in clinical notes from the MIMIC-III database. Task 5 fo-
cuses on identifying food safety-related events—specifically
product recalls and disease outbreaks—from news articles
and FDA press releases. Together, these tasks highlight the
growing need for domain-adapted NLP systems capable of
extracting actionable insights from complex health-related
text.

Although the two tasks differ in scope, they reflect com-
plementary challenges in applied healthcare NLP. Task 4 re-
quires a nuanced understanding of medical terminology, la-
tent symptom expression, and structured diagnostic guide-
lines. In contrast, Task 5 emphasizes sentence-level event
detection in the public health domain, which benefits from
entity-rich expressions and formal news language. Our sys-
tem achieved top performance in Task 5 Subtask 1, ranking
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first among all participants with an F1 score of 0.958 in clas-
sifying sentences into recall, outbreak, or neither categories.
Through careful data augmentation, domain-specific prepro-
cessing, and transformer-based modeling, we demonstrate
strong performance in sentence classification.

While our system did not reach leading performance
in the span-based subtasks, the comparative results across
Task 4 and Task 5 (Subtask 2) highlight how task com-
plexity, label sparsity, and evidence requirements influence
NLP model behavior in clinical and public health domains.
This study contributes to the growing literature on domain-
adaptive NLP and raises further questions about design-
ing robust pipelines for multi-layered textual inference in
health-focused tasks.

Datasets
Task 4: MIMIC-III Clinical Database
The dataset used in this task is a subset of the MIMIC-III
v1.4 database (Johnson et al. 2016), which contains over
two million de-identified clinical notes from ICU admis-
sions. This subset consists of 210 discharge summaries an-
notated for insomnia using rule-based diagnostic criteria.
Each note is labeled with a binary indicator of insomnia
presence, five rule-specific diagnostic tags, and correspond-
ing evidence spans. These annotations jointly support three
subtasks: overall insomnia classification, multi-label rule-
based classification, and extraction of textual evidence, cap-
turing both explicit and implicit expressions of sleep distur-
bance.

While prior work on sleep disorder detection in MIMIC-
III has focused on structured data or general classification
(Sivarajkumar and et al. 2022; Li, Liu, and et al. 2021; Irv-
ing and et al. 2021), this corpus emphasizes explainabil-
ity through span-level annotation—a direction still underex-
plored in clinical NLP.

Task 5: FORCE Food Safety Corpus
Task 5 uses the FORCE (Foodborne disease Outbreak
and ReCall Event extraction from openweb) dataset (Jana,
Sinha, and Dasgupta 2024), comprising 8,100 English news
articles and FDA press releases annotated at sentence and
entity levels. Each sentence is labeled as either a food recall,
an outbreak, or neither. The entity-level annotations cover



six types of entities: Organization (Org) refers to the re-
sponsible company or agency; Product (Prdt) identifies the
contaminated or recalled food item; Cause (Cau) captures
the underlying incident cause (e.g., contamination, mislabel-
ing); Disease (Dis) denotes the reported illness (e.g., Lis-
teria); Number of People Affected (#Aff) indicates how
many individuals were impacted; and Location (Loc) spec-
ifies the geographical site of the event. These labels are used
in our Subtask 2 evaluation (see Table 2(b)).

This corpus was annotated by domain expert and un-
derwent quality assurance via inter-annotator agreement
to ensure reliability and consistency. Compared to prior
datasets (Lee et al. 2023; Goel et al. 2024), FORCE provides
uniquely aligned sentence-level and entity-level annotations
across real-world regulatory documents.

Methodology
Task 4: Modeling Insomnia Detection from Clinical
Notes
We approach the insomnia detection task as a combination
of document-level classification and evidence identification,
focusing on predicting insomnia status and rule-based indi-
cators from clinical narratives.

To address both Subtask 1 (binary insomnia classifica-
tion) and Subtask 2A (multi-label rule classification), we im-
plemented and compared three distinct modeling strategies:
traditional machine learning baselines, recurrent neural net-
works, and transformer-based models. Each approach was
applied uniformly to both subtasks, with Subtask 2A framed
as a multi-output binary classification problem.

First, we trained traditional classifiers—logistic regres-
sion, SVM, random forest, and XGBoost—using TF-IDF
lexical features. While these models offered the advantage of
computational efficiency and provided a solid baseline, they
often overfit to surface-level lexical patterns and struggled to
capture the deeper contextual meaning of sentences—an es-
sential requirement in the nuanced landscape of healthcare-
related text. Their limitations highlighted the need for more
context-aware models capable of generalizing beyond key-
word cues.

Next, we developed a BiLSTM model with pretrained
GloVe embeddings to capture sequential and syntactic de-
pendencies within the text (Pennington, Socher, and Man-
ning 2014; Dheeraj and Ramakrishnudu 2021). Using the
same model architecture was applied to both subtasks, we
applied sigmoid activation to support multi-label predic-
tions. This approach yielded moderate improvements over
traditional baselines, particularly in handling syntactic vari-
ants of rule expressions.

Finally, we fine-tuned ClinicalBERT—a domain-specific
transformer model pretrained on clinical corpora (Huang,
Altosaar, and Ranganath 2019). We used the [CLS] token
representation for classification and optimized the model us-
ing binary cross-entropy loss across all six labels (one global
insomnia label and five rule-specific indicators). Clinical-
BERT consistently outperformed other models, benefiting
from its contextual embeddings and domain-specific pre-
training. The best-performing results are reported in Table 1.

To address class imbalance, we applied class weighting dur-
ing neural model training and used SMOTE oversampling
for the traditional baselines to boost minority class repre-
sentation during training.

For Subtask 2B, we developed a rule-based evidence ex-
traction system using curated medical keywords and regu-
lar expression patterns. This approach was interpretable and
easy to implement. However, it lacked the semantic flexibil-
ity needed to handle more complex language. Specifically,
it struggled with paraphrased expressions, coreference reso-
lution, and negation, which limited its effectiveness in accu-
rately aligning evidence spans with the annotated text. Re-
cent advancements in span-based pre-training techniques—
such as Span Selection Pre-training (Glass et al. 2020)—
offer promising improvements by teaching models to select
spans from relevant passages rather than relying solely on
token-level memorization, which could help address para-
phrased or indirect expressions.

Task 5: Food Recall and Outbreak Detection in
News
We approach Task 5 as a combination of sentence-level clas-
sification and entity-level information extraction over food
safety–related news articles. Subtask 1 involved classify-
ing each sentence into one of three categories: Food Re-
call, Foodborne Disease Outbreak, or Neither. Subtask 2 re-
quired extracting key entities such as product names, infec-
tion types, and affected populations.

For Subtask 1, we fine-tune an encoder-based model,
RoBERTa (Liu et al. 2019), to perform 3-way sentence clas-
sification. To mitigate strong class imbalance—especially
for the Neither category—we adopt a two-stage balanc-
ing strategy. First, we augmented the training dataset with
GPT-4-generated examples (Achiam et al. 2023) that resem-
bled neutral content from FDA documents and improved the
classifier’s ability to distinguish informative sentences from
generic text. An example of the prompt used for this aug-
mentation is shown in Figure 1. Second, we applied class
weighting during training to penalize errors on minority
classes more heavily. The loss function is defined as:

Lweighted = −
C∑

c=1

wc · 1{y=c} · log ŷc

where the weight of the class wc is inversely proportional
to the empirical frequency πc of the class c. This combi-
nation of LLM-based augmentation and class-weighted loss
significantly improved recall for underrepresented classes
while maintaining high overall accuracy.

To further boost robustness, we used ensemble inference
by averaging predictions across five independently trained
models using different random seeds. The final system
achieved the highest macro-F1 and accuracy scores in Sub-
task 1 (F1 = 0.958, Acc = 0.959), demonstrating the com-
bined benefit of data-centric augmentation and transformer-
based modeling.

For Subtask 2, we adopted a rule-based pipeline that de-



tects entities using spaCy’s dependency parser 1 combined
with hand-crafted regular expressions. Each entity type is
associated with a matching function that extracts candidate
text spans from an input sentence. For example, infection-
related terms are extracted as:

Einfection(x) = {s ∈ x | regex match(

s, r“Listeria—Salmonella—E.coli”)}

Although this approach is interpretable and effective for
surface-form patterns, it lacks generalization to semantically
implied mentions. As a result, it struggles with indirect ex-
pressions and exhibits low recall, particularly in fields such
as infection causes and disease names.

Prompt template

You are an FDA press release writer. Your task is
to write a formal, FDA-style press release (250–300
words) announcing an update related to food label-
ing or packaging.
Instructions:
• Do NOT discuss food recalls, disease outbreaks,

or safety incidents.
• Do NOT include contact information, phone

numbers, emails, or links.
• Ensure each press release is unique—avoid du-

plicating previous wording, structure, or content.
• Maintain a professional, public-health tone.
• Vary the focus slightly each time (e.g., nutrition

facts, allergen labeling, ingredient transparency,
packaging design updates).

Figure 1: Example prompt used for synthetic data genera-
tion.

Results
In this section, we present the experimental results of our
models on the official shared tasks for Tasks 4 and 5. We
report the evaluation metrics defined by the organizers for
each subtask, including F1-score for binary and multi-label
classification, ROUGE scores for evidence extraction, and
F1-scores for entity-level information extraction.

Task 4 Results: Insomnia Detection
Table 1 presents our Task 4 results alongside task-wide mean
and median scores. For Subtask 1, ClinicalBERT achieved
perfect recall 1 but lower precision 0.648, resulting in an F1-
score 0.786—below the task mean 0.877 and median 0.869.
This performance reflects a tendency to overpredict positive
cases, likely due to class imbalance and a scarcity of explicit
negative examples in the training data.

1https://spacy.io/api/dependencyparser

Task 4 Subtask 1 Model F1-score Precision Recall
CareLab ClinicalBERT 0.786 0.648 1.000
Mean – 0.877 0.853 0.913
Median – 0.869 0.840 0.935

Task 4 Subtask 2A Model F1-score Precision Recall
CareLab ClinicalBERT 0.769 0.758 0.780
Mean – 0.718 0.673 0.789
Median – 0.692 0.650 0.819

Task 4 Subtask 2B Model F1-score Precision Recall
CareLab Regex Rule-based 0.135 0.097 0.372
Mean – 0.386 0.423 0.443
Median – 0.446 0.514 0.487

Table 1: Task 4 evaluation summary showing the perfor-
mance of our best models (ClinicalBERT and rule-based
extractor) across subtasks, compared with task-level bench-
marks.

In Subtask 2A, which requires rule-level multi-label clas-
sification, ClinicalBERT demonstrated strong results. The
model outperformed both the task mean and median in F1-
score 0.769, with balanced precision 0.758 and recall 0.780.
These results highlight ClinicalBERT’s effectiveness in cap-
turing multiple structured diagnostic criteria within clinical
narratives. To further mitigate label imbalance, we applied
SMOTE-based augmentation, which improved the model’s
ability to recognize underrepresented rule-specific labels.

In contrast, our approach to Subtask 2B relied on a hand-
crafted, regex-based span extractor built on insomnia-related
keyword dictionaries. While this method is interpretable and
fast, it achieved a low F1-score of 0.135, with weak pre-
cision of 0.098 and recall of 0.372. It struggled with para-
phrasing, negation, coreference, and nonstandard sentence
structures. These limitations emphasize the need for context-
aware models, such as span-based transformers with QA-
style finetuning or contrastive span supervision, for accurate
evidence extraction.

Task 5 Results: Food Recall and Outbreak
Detection

(a) Subtask 1: Sentence-level classification
Team Model F1-score Precision Recall Accuracy
CareLab RoBERTa + Data 0.958 0.957 0.959 0.959

Augmentation
Best – 0.958 0.957 0.959 0.959

(b) Subtask 2: Entity-level extraction
Team Model Avg. Org Prdt Cau Dis #Aff Loc
CareLab Rule-based 0.119 0.120 0.140 0.010 0.000 0.390 0.230

Extractor
Best – 0.576 0.940 0.620 0.240 0.640 0.700 0.600

Table 2: Performance comparison for Task 5 subtasks. (a)
Sentence classification and (b) Entity-level extraction.

As shown in Table 2(a), our system achieved top perfor-
mance in Task 5 Subtask 1, with a macro-F1 score of 0.958,
precision of 0.957, and recall of 0.959—matching the best-
performing team. We used a RoBERTa-large model with
aggressive data augmentation to strengthen generalization,



particularly for the underrepresented Neither class. This
strong result reflects three key design choices: (1) augment-
ing the training set with FDA-derived samples to increase
the diversity of “Neither” instances; (2) applying class-
weighted focal loss to handle severe class imbalance; and (3)
incorporating feature-enhanced modeling and uncertainty-
aware post-processing to boost classification robustness.

In contrast, Task 5 Subtask 2 required entity-level infor-
mation extraction. We adopted a rule-based extraction sys-
tem, which yielded a much lower average F1-score of 0.119,
compared to 0.576 from the top-performing team. As shown
in Table 2(b), our model performed poorly across most en-
tity types, particularly for Cause and Disease, where
recall was nearly zero. Our pipeline relied on regular ex-
pressions and handcrafted heuristics to identify six types of
entities from food safety news, including product names, in-
fection types, and target organizations.

While the rule-based approach worked reasonably for
surface-form mentions—such as explicit brand names or
known infections like Listeria—it failed to generalize to
paraphrased, implicit, or nested entities due to its limited
coverage and lack of contextual reasoning, leading to par-
ticularly low recall and a large performance gap compared
to sequence-labeling methods.

Error Analysis
Task 4
In subtask 1, which involved binary insomnia classification,
the ClinicalBERT model demonstrated high recall but rela-
tively lower precision in predicting insomnia presence, sug-
gesting a tendency to over-predict positive cases. This is
likely due to the scarcity of explicitly negative examples
in the training data and the subtle linguistic cues associated
with the absence of insomnia. In many instances, notes con-
tain ambiguous or borderline mentions that were interpreted
as positive by the model, especially when no strong nega-
tion was present. For example, discharge summaries often
list medications like trazodone or melatonin ”as needed at
bedtime,” without context suggesting active insomnia symp-
toms. In other cases, mentions of depression or blunted af-
fect triggered false positives despite no reference to sleep
difficulties. Such cases highlight the limitations of token-
level cues in the absence of discourse-level understanding.
Although class weighting helped to some extent, future work
could explore contrastive pretraining or hard negative min-
ing to reduce false positives.

In Subtask 2A, ClinicalBERT achieved strong overall per-
formance on the rule-level multi-label classification task.
However, the complexity of individual labels varied. Rules
involving explicit terminology (e.g., mentions of “sleep la-
tency > 30 mins”) were easier for the model to learn. In con-
trast, rules that required temporal reasoning or inference—
such as identifying chronic patterns—introduced greater la-
bel noise and reduced performance. Additionally, some dis-
charge notes also lacked complete documentation, which led
to missing labels and reduced learning signals. Incorporat-
ing section-specific encoding and temporal context model-
ing may help improve per-rule classification consistency.

The rule-based system in Subtask 2B showed low perfor-
mance (F1 = 0.135), revealing several deeper limitations be-
yond surface-form mismatch. First, clinical notes often de-
scribe insomnia in indirect, nuanced ways—using idiomatic
expressions, subjective complaints, or embedded temporal
cues—that rule-based systems are ill-equipped to capture.
Second, the span annotations are often not contiguous or
syntactically isolated, making it difficult for regex patterns
to delineate precise evidence boundaries. Third, the system
lacked the ability to reason over sentence-level discourse
structure, which is crucial when the evidence is scattered
across multiple clauses or requires linking antecedents and
consequences. These challenges were further compounded
by class imbalance and limited training data, which led to
an over-reliance on high-precision but low-recall rules, ulti-
mately reducing the system’s coverage and generalizability.

Task 5
In subtask 1, the RoBERTa-based classifier achieved high
performance in the sentence-level classification task, but
some sources of error persisted. Misclassifications were
most common between the “Outbreak” and “Recall” classes,
especially in cases where overlapping or incomplete infor-
mation appeared in the same sentence. In some instances, the
classifier assigned the correct label only after data augmen-
tation with GPT-4-generated negative examples, highlight-
ing issues related to class imbalance and lexical similarity in
the original training data.

In Subtask 2, our rule-based entity extraction system
achieved limited performance (F1 = 0.119), falling signifi-
cantly behind the top-performing system (F1 = 0.576). This
performance gap is primarily due to the system’s heavy re-
liance on surface-form pattern matching and its inability
to incorporate contextual understanding. A major limitation
was poor recall, especially for implicit or semantically di-
verse expressions. For example, the system frequently failed
to identify generic references such as “the item” or “the con-
tamination,” which require contextual cues to resolve. It also
struggled with paraphrased expressions of key entities—for
instance, when the text described the cause of an infection in
an indirect way (e.g., “due to improper handling” instead of
explicitly stating “bacterial contamination”). Similarly, ab-
stract or implied mentions of affected populations (such as
“those impacted” or “the group at risk”) were often over-
looked, as the system lacked the semantic reasoning needed
to associate these phrases with specific entity types.

Moreover, many gold entities were embedded in complex
or non-canonical sentence structures, such as passive voice,
nested clauses, or ellipses, which the regular expression en-
gine failed to capture. The rule-based approach also strug-
gled with coreference resolution and cross-type disambigua-
tion, leading to frequent confusion when the same phrase
could indicate multiple entity types depending on context.
These limitations highlight the system’s lack of generaliza-
tion and robustness in handling real-world, linguistically di-
verse news texts.

To address these challenges, future work will investi-
gate context-aware neural sequence labeling models, such
as CRF-augmented transformers trained on the FORCE



corpus. These models can leverage rich contextual cues
and capture entity boundaries more flexibly. Joint span-
sequence frameworks, such as those proposed by Nguyen
et al. (Nguyen et al. 2022), may further improve extraction
by modeling both sparse entity spans and their global docu-
ment context. We also plan to explore weak supervision and
distant supervision techniques to expand coverage for low-
resource entity types.

Conclusion
This paper presents our approach to SMM4H-HeaRD 2025
shared tasks. In Task 4, ClinicalBERT and BiLSTM mod-
els achieved strong results in rule-based classification (Sub-
task 2A) and competitive performance in binary classifica-
tion (Subtask 1), while a rule-based span extractor (Subtask
2B) underperformed due to limited flexibility in capturing
indirect insomnia mentions.

In Task 5, a RoBERTa-based classifier with LLM-driven
data augmentation and class balancing delivered top-ranked
results in sentence-level event classification (Subtask 1).
However, our rule-based entity extractor in Subtask 2
demonstrated limited generalizability, highlighting the im-
portance of supervised, span-aware architectures in real-
world public health applications.

Overall, our findings underscore the value of domain-
specific pretraining, data augmentation, and architectural
alignment with task structure. In the future, we aim
to explore span-aware architectures—like QA-style fine-
tuning and contrastive learning (Zheng et al. 2024)—
to improve both factual grounding and extraction preci-
sion. Our ultimate goal is to develop systems that not
only perform well but also better reflect the complex-
ity and richness of health-related language in real-world
care. Our final codebase for all subtasks is available at:
https://github.com/zihanliang/CARELAB-SMM4H2025.
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