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Abstract

This paper presents our contribution to Task 5 of the So-
cial Media Mining for Health (#SMM4H) 2025 shared task,
which addresses the classification of foodborne disease out-
breaks and recall events from news articles, with a primary
focus on FDA press releases. Task 5 is divided into two sub-
tasks: (1) sentence-level classification of news articles, and
(2) extraction of key entities and events from text. To tackle
these challenges, we employed transformer-based architec-
tures and large language models, leveraging both few-shot
and zero-shot prompt engineering strategies. Additionally, we
explored various prompt formulation and data augmentation
techniques to assess their influence on system performance.
Our proposed systems achieved an F1 score of 92.3% in Sub-
task 1 and an average score of 48% in Subtask 2 on the
test dataset. On the test set, our models attained the second-
highest accuracy in both subtasks.

Introduction
The rising prevalence of food safety incidents continues to
raise serious public health and economic concerns globally
(Amico et al. 2018; Kase, Zhang, and Chen 2017; Boatemaa
et al. 2019; Nerı́n, Aznar, and Carrizo 2016). Foodborne
diseases remain a leading cause of illness and mortality
(Bouzembrak and Marvin 2016; Potter et al. 2012; Pádua
et al. 2019; Lüth et al. 2019), often necessitating large-scale
recalls that impose significant financial burdens on indus-
tries and governments (Deng, den Bakker, and Hendriksen
2016). Identifying the root causes of such events—including
contamination during production, packaging, or storage—is
essential for effective prevention strategies (Zhou et al.
2020; Scallan and Mahon 2012; Gupta et al. 2004; Hall et al.
2013).

Despite the urgency, computational models for detecting
and analyzing food safety incidents remain limited, largely
due to the scarcity of structured data in this domain (Allard
et al. 2016; Moumni Abdou et al. 2019). To address this gap,
Task 5 of the Social Media Mining for Health (#SMM4H)
2025 shared task—Detection and Extraction of Food Re-
calls and Foodborne Disease Outbreaks in Online News Ar-
ticles—aims to foster the development of automated sys-
tems for identifying such events from unstructured textual
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sources. The task centers on news articles and press re-
leases, with a particular focus on FDA-issued statements.
The dataset comprises 3,172 training articles, 357 devel-
opment articles, and 1,005 test articles, sourced from FDA
press releases, news websites, and scientific literature.

Recent advancements in language technologies and data-
driven methodologies have shown promise in addressing
foodborne risk assessment (Harris et al. 2017; Altenburger
and Ho 2019; Maharana et al. 2019; Deng, Cao, and Horn
2021). National systems such as PulseNet (Swaminathan
et al. 2001), NARMS (Gupta et al. 2004), FoodNet (Scallan
and Mahon 2012), and the National Outbreak Reporting
System (Hall et al. 2013) illustrate the importance of data in-
tegration in surveillance. Moreover, the adoption of whole-
genome sequencing (WGS) in platforms like GenomeTrakr
and EnteroBase has enabled real-time pathogen monitoring
at scale (Allard et al. 2016; Zhou et al. 2020). Recently,
(Jana, Sinha, and Dasgupta 2024) demonstrated the utility of
large language models and transformer-based architectures
for event detection in food safety contexts using a multi-task
sequence labeling framework.

Motivated by these developments, our work in the
#SMM4H 2025 Task 5 explores transformer-based models
and LLMs for sentence-level classification and entity/event
extraction in food safety-related articles, with an emphasis
on FDA press releases.

Methodology
The shared task comprises two subtasks: (1) Multi-class
classification of news articles related to food safety and (2)
entity and event extraction from the same. We use both zero-
shot/few-shot and supervised approaches to tackle these sub-
tasks effectively.

Subtask 1: News Article Classification
(a) Classification with LLaMA 3.1 8B To classify news

articles into one of three categories—1) Food Recall, 2)
Foodborne Disease Outbreak, or 3) Neither—we employ
the LLaMA 3.1 8B Instruct model (Touvron et al. 2023)
in both zero-shot and few-shot settings. We construct vari-
ous prompts incorporating definitions and representative ex-
amples for each category to guide the model’s classification
(Results section reports the best-performing configurations).

(b) Supervised Fine-Tuning with DistilBERT We also
fine-tuned a pre-trained DistilBERT base (Sanh et al.



2020) for the same classification task. The model, origi-
nally trained on large-scale general corpora, was adapted to
the domain-specific task using the provided labeled dataset.
Fine-tuning was performed using a batch size of 32, a max-
imum sequence length of 128, a learning rate of 2 × 10−5,
and early stopping after 800 steps to avoid overfitting.

Subtask 2: Entity and Event Extraction For extracting
structured information from the articles, specifically six en-
tity types such as Target Organization, Product Name, Cause
of Incident, Disease Caused, Number of People Affected,
and Location, we explore two strategies:

(a) Entity Extraction via Prompting and Linguistically
Informed Bi-LSTM We utilize the LLaMA 3.1 8B Instruct
model (Touvron et al. 2023) to extract entities directly from
article text in both zero-shot and few-shot settings. Prompts
are formulated in natural language, instructing the model
to identify and list key fields such as organization, prod-
uct, disease, number of people affected, and location (Ref:
Appendix A.2). For extracting the cause field, we adopt a
separate approach using a linguistically informed Bi-LSTM
model (Dasgupta et al. 2018).

(b) Supervised NER with RoBERTa-Large For this ap-
proach, we modeled the extraction task as token-level se-
quence labeling, targeting required entities. A supervised
NER model based on RoBERTa-large (Liu et al. 2019)
was fine-tuned using IOB-tagged given training dataset.
Entity mentions were identified via exact string match-
ing and aligned to tokens using a character-to-token map-
ping that accounted for subword tokenization. Training was
conducted using cross-entropy loss with a learning rate of
2 × 10−5, batch size 8, and 10 epochs. A sliding window
was applied at inference to process long texts, and overlap-
ping predictions were merged to form final entity spans.

Results

Table 1: Sub-1 Classification Results

Model Acc F1 P R
LLaMA Z-S (Test) 0.824 0.824 0.867 0.824
LLaMA Z-S (Val) 0.919 0.927 0.944 0.919
LLaMA F-S (Val) 0.77 0.84 0.77 0.76
DistilBERT (Val) 0.922 0.909 0.922 0.915
DistilBERT (Test) 0.931 0.923 0.916 0.931
SMM4H Task5-Mean (Test) 0.855 0.854 0.887 0.855

Table 2: Sub-2 Entity and Event Extraction Results (Pt-1)

Model Avg Org Prdt Cau
LLaMA Z-S + BiLSTM(Test) 0.444 0.810 0.400 0.220
LLaMA F-S (Test) 0.48 0.89 0.43 0.22
LLaMA Z-S (Val) 0.429 0.800 0.420 0.040
LLaMA F-S (Val) 0.64 0.93 0.67 0.34
RoBERTa (Test) 0.208 0.370 0.210 0.070
RoBERTa (Val) 0.277 0.539 0.425 0.163
SMM4H Task5-Mean (Test) 0.336 0.56 0.343 0.135

We evaluated our models on both Subtask-1 and Subtask-
2 using the official validation set and test set. The follow-

Table 3: Sub-2 Entity and Event Extraction Results (Pt-2)

Model Dis Num Aff Loc
LLaMA Z-S + BiLSTM(Test) 0.500 0.560 0.430
LLaMA F-S (Test) 0.60 0.560 0.420
LLaMA Z-S (Val) 0.580 0.570 0.460
LLaMA F-S (Val) 0.75 0.69 0.63
RoBERTa (Test) 0.180 0.300 0.320
RoBERTa (Val) 0.174 0.153 0.369
SMM4H Task5-Mean (Test) 0.33 0.487 0.395

ing tables summarize the performance of our submissions.
In Tables 1, 2 and 3, we have used the following abbre-
viations: Acc: Accuracy, F1: F1-Score, P: Precision, R:
Recall, Avg: Macro-averaged F1 score across entity/event
types, Org: Organization, Prdt: Product, Cau: Cause, Dis:
Disaster, Num Aff: Number of Affected Individuals, Loc:
Location, Z-S: Zero shot, F-S: Few shot. Our experiments
show that LLaMA achieved superior performance in both
tasks, though with key differences in model effectiveness.
For Subtask-1 (classification), LLaMA’s zero-shot approach
attained strong results (82.4% F1 on test, 92.7% on valida-
tion), while DistilBERT surprisingly matched this perfor-
mance (90.9% F1) despite its smaller size (Ref: Table 1).
This parity stems from DistilBERT’s fine-tuned specializa-
tion for classification, its efficient tokenization, and focused
learning on labeled FDA recall patterns, making it compet-
itive with LLMs for this simpler task. In Subtask-2, how-
ever, LLaMA significantly outperformed RoBERTa (48%
vs. 20.8% avg F1), excelling at organization identification
(81.0% F1) but struggling with abstract concepts like causes
(22.0% F1) (Ref: Table 2 and 3). RoBERTa’s poorer perfor-
mance highlights the limitations of standard NER architec-
tures for complex, relationship-dependent extraction, where
LLaMA’s generative flexibility and world knowledge proved
critical. Comparing with SMM4H Task-5 Mean results in
the evaluation phase, our model demonstrates a significantly
robust performance in both subtasks of Task 5. While fine-
tuned compact models (DistilBERT) can rival LLMs in nar-
row classification tasks, LLMs dominate when tasks require
nuanced understanding or multi-entity reasoning, revealing
a clear trade-off between specialization and generalization.

Conclusion and Future Work
Our current approach faces key limitations in identifying
primary causes among multiple candidate causes, tracking
multi-region outbreaks, and extracting standardized disease
terminology, primarily due to challenges in entity prioriti-
zation and domain-specific normalization. To address these,
in future work, we would develop multi-stage prompting
to better handle competing entities, integrate public health
databases for disease name standardization, and implement
cross-verification against source texts to improve extraction
reliability. We would also refine location-specific processing
for multi-region outbreaks while maintaining the model’s
computational efficiency through these targeted enhance-
ments. These targeted enhancements will address current
weaknesses while maintaining the model’s efficiency.
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System Prompt Template
Here, we have shown zero-shot and few-shot prompt tem-
plates used for two different subtasks. In our experience, us-
ing few-shot template for classification in a biased dataset
does not return output. So, for Subtask-1, we have used the
zero-shot template provided in A.1. But from the experi-
ments, we have derived that providing examples in prompt
gives more context to LLMs in entity event extraction, re-
sulting similar to gold-standard outputs. So, for Subtask-2,
we have used few-shot prompt template (Ref: A.2).

So, if the given input document (doc id: 5002 in
the Test Dataset) is: Oct. 28 update: As of Tuesday
night, Oct. 27, the number of outbreak-associated cases of
Shigella reported to the Santa Clara County Public Health
Department stands at 190. There are 151 Santa Clara
County residents and 39 people who live in other counties
among those sickened. Of the 190 total cases, 92 are lab-
confirmed (72 of whom are Santa Clara County residents).
There are 20 confirmed cases from other jurisdictions, in-
cluding the counties of San Mateo, Alameda, Santa Cruz,
Marin and Merced. Nearly all of those sickened have re-
ported that they ate at Mariscos San Juan 3 restaurant in
downtown San Jose, CA, on Friday, Oct. 16, or Saturday,
Oct. 17, 2015. Oct. 26 update: The Shigella outbreak linked
to the Mariscos San Juan restaurant in San Jose, CA, is
now estimated to involve 182 people, with new cases be-
ing reported from Marin and Merced counties. Seventy-two
of the cases have been laboratory-confirmed. The down-
town seafood restaurant is still closed, and the investiga-
tion is said to be focusing on an employee who may have
been responsible for the situation. Oct. 22 update: Accord-
ing to the Santa Clara County Health Department, there are
now 110 people with illnesses linked to the Mariscos San
Juan seafood restaurant in downtown San Jose, CA. Santa
Clara County Director of Public Health Dr. Sara Cody said
Thursday that the illnesses are beginning to level off. Pre-
vious coverage follows: Mariscos San Juan at 205 N. 4th
St. in downtown San Jose, CA, was closed Oct. 18 after the
Santa Clara County Public Health Department connected
the seafood restaurant with an outbreak of Shigella that re-
portedly may have sickened at least 80 people. The restau-
rant remains closed, and Santa Clara health officials say 11
of the Shigella victims have been treated in intensive care
units at area hospitals. All of those stricken with the in-
testinal infection that causes fever, abdominal pain and di-
arrhea report dining at the San Jose restaurant on either
the previous Friday or Saturday. Shigella is a pathogen that
usually can be treated successfully with antibiotics. Local
health officials said Monday that they expect the number
of those sickened will grow, and they issued a request for
action by all clinicians in the area. Clinicians treating sus-
pected Shigella patients are being asked to test stool cultures
and order antimicrobial susceptibility testing and blood cul-
tures if the person is hospitalized. Doctors were also asked
to “tailor therapy based on results of susceptibility testing,
recognizing that routine antimicrobial susceptibility tests for
Shigella may not include some commonly available oral an-
tibiotics.” Area emergency rooms were reporting they were
treating multiple patients with vomiting and fevers as high

as 104 degrees F. The downtown Mariscos San Juan is one
of the restaurant chain’s three locations in San Jose. The
Willow Street restaurant had its permit suspended in August.
The third location on Senter Road in San Jose remains open.
Santa Clara County has suspended the permits of 81 restau-
rants during the past six months for a variety of code viola-
tions. According to our prompt, the output for LLaMA 3.1
8B for Subtask 1 will be: Foodborne Disease Outbreak. For
Subtask 2, the extracted entities will be: 1) Location: Nation-
wide; 2) Organization: Mariscos San Juan; 3) Product: N/A;
4) Cause: An employee who may have been responsible for
the situation; 5) Disease: Shigella infection and 6) Number
of People Affected: 190.

A.1) Zero-shot Prompt Template given to LLaMA
3.1 for Subtask 1
To illustrate the prompting strategy used for multi-class clas-
sification for Subtask 1, we provide the following prompt
template.

You are a helpful assistant, you always only an-
swer FROM THE GIVEN CONTEXT.
Foodborne diseases and food recalls are major pub-
lic health concerns, with outbreaks causing signif-
icant illness, and recalls aiming to prevent further
harm to consumers.
A document is labeled as “Food Recall” if the doc-
ument reported events of a product recall; “Food-
borne Disease Outbreak” if the document mentions
events that report an foodborne disease outbreak or
“NEUTRAL”- in case none of the above factors
hold. Detect foodborne disease outbreaks and recall
events from news articles, particularly those in the
form of FDA press releases.
Classify the news article into one of three categories:
Food Recall, Foodborne Disease Outbreak, or Nei-
ther.

A.2) Few-shot Prompt Template given to LLaMA
3.1 for Subtask 2
To illustrate the few-shot prompting strategy used for entity
and event extraction, we provide the following prompt tem-
plate.

Foodborne diseases and food recalls are major pub-
lic health concerns, with outbreaks causing signif-
icant illness, and recalls aiming to prevent further
harm to consumers. Extract required entity from the
given text.
For example if the given news is: EXAMPLE NEWS.
Then the extracted entity will be e1.
The given news is:
< NEWS >
Return the extracted extracted entity from the given
news document. Do not return anything else. If the
information is not available say: ”N/A”.


