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Abstract

The aim of the Social Media Mining for
Health Applications and Health Real-World
Data (#SMM4H-HeaRD) shared tasks is to fos-
ter the development and evaluation of natural
language processing, machine learning, and
artificial intelligence methods for analyzing
health-related text from social media and other
real-world data sources. For the 11" iteration,
held online and co-located with ACL 2026, the
workshop continued the expanded #SMM4H-
HeaRD platform initiated in 2025, broaden-
ing its scope beyond social media to include
additional health real-world data sources such
as clinical narratives and biomedical literature.
The 8 shared tasks covered diverse data sources,
health domains (e.g., adverse drug events, in-
somnia, influenza vaccine effectiveness, cancer
staging, substance use), and task formulations
(e.g., classification, named entity recognition,
span extraction, and text generation). In total,
110 teams registered, representing 31 countries.

In this paper, we present an overview of the
datasets, participant systems, and performance
results, providing insights into current methods
for mining social media and health real-world
data for biomedical and clinical applications.

1 Introduction

With more than 70% of adults in the United States
(Auxier and Anderson, 2021) and more than 60%
of people worldwide (Petrosyan, 2025) using social
media, health-related information shared online
continues to provide an important complementary
source of evidence for public health, pharmacovigi-
lance, epidemiology, and patient-centered research.
At the same time, the Data Modernization Initiative
of the Centers for Disease Control and Prevention
(CDC) encourages the use of non-traditional data
sources, including images, audio, social media, and
data not specifically collected for public health anal-
ysis, such as electronic health records (Centers for
Disease Control and Prevention, 2023). These de-
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velopments motivate the continued need for shared
benchmarks that support robust, reproducible, and
comparable evaluation of natural language process-
ing (NLP), machine learning, and artificial intelli-
gence systems for health-related real-world data.

The Social Media Mining for Health (#SMM4H)
shared tasks were established to take a community-
driven approach to developing and evaluating com-
putational methods for mining publicly available
social media data for health research. In 2025,
the scope of the shared tasks was expanded be-
yond social media to include additional web-based
and real-world health data sources (U.S. Food and
Drug Administration, 2024). To reflect this broader
scope, the shared tasks adopted the name #SMM4H-
HeaRD, where HeaRD stands for “Health Real-
World Data”, emphasizing the use of social me-
dia and other real-world data sources as comple-
mentary channels for capturing patient experiences,
clinical signals, and population-level health infor-
mation.

The 11" edition of the shared tasks, held on-
line and co-located with ACL 2026, continued
this expanded #SMM4H-HeaRD direction. The
2026 edition included 8 shared tasks spanning het-
erogeneous data sources, including social media
posts, Reddit narratives, clinical notes, pathology
reports, biomedical literature, and synthetic clin-
ical dialogue-note pairs. The tasks covered a di-
verse set of health-related domains, including ad-
verse drug events, insomnia, influenza vaccine ef-
fectiveness, clinical documentation, SARS-CoV-2
genomic epidemiology metadata, cancer staging,
substance use impacts, and multilingual clinical
entity recognition. They also represented a broad
range of task formulations, including binary and
multi-class classification, named entity recognition,
span extraction, evidence extraction, annotation
projection, and text generation.

In total, 110 teams registered for the 2026 shared
tasks, representing 31 countries. Based on the sub-
mitted system results reported in this overview, the
tasks collectively received 79 task-level team par-
ticipations: 12 teams for Task 1, 8 teams for Task 2,
6 teams for Task 3, 5 teams for Task 4, 10 teams for
Task 5, 7 teams for Task 6, 10 teams for Task 7, and
21 teams for Task 8. Teams were provided with an-
notated training and development data, followed by
held-out test sets for final evaluation through Cod-
abench. Accepted system description papers were
peer-reviewed and are included in the workshop
proceedings. In this paper, we present an overview

of the 8 shared tasks, including their datasets, eval-
uation settings, participating systems, and perfor-
mance results, highlighting current methodological
trends and remaining challenges in mining social
media and health real-world data.

2 Tasks

2.1 Task 1: Detection of Adverse Drug Events
in Multilingual and Multi-platform Social
Media Posts

Adverse Drug Events (ADEs), negative medical
side effects associated with drug use, represent a
critical pharmacovigilance signal that can be ex-
tracted from user-generated text at scale. For the
purposes of this task, a post is considered to contain
an ADE mention when the author describes a drug
they have taken and a disorder or symptom they
personally experienced, and attributes that disorder
to the drug.

SMM4H-HeaRD 2026’s Task 1 targets ADE de-
tection in social media and patient-generated con-
tent across multiple languages and platforms, ex-
tending prior work on English-centric ADE mining
and earlier versions of the shared task to a multilin-
gual setting of seven languages and five different
scripts. The task! is framed as binary document-
level classification: given a user-generated post,
systems must predict whether it contains at least
one ADE mention (label 1) or not (label 0). Posts
are drawn from heterogeneous sources including
patient forums, drug review sites, and the social me-
dia platform X, reflecting the linguistic variability
and domain diversity characteristic of real-world
pharmacovigilance scenarios.

Dataset The dataset spans seven languages from
multiple source corpora. Training and develop-
ment data are provided for German (1,482 train
/ 634 development samples; KEEPHA dataset
sourced from a German patient forum called Life-
line (Raithel et al., 2022, 2024)), French (977 /
419 samples; machine-translated from German
KEEPHA data), Russian (10,754 / 2,670 docu-
ments; RuDReC dataset with user reviews (Tu-
tubalina et al., 2021) and tweets about drugs
(Magge et al., 2021)), English (17,974 / 902 doc-
uments; X (Xu et al., 2024b)), Mandarin (2,248 /
379 documents; newly sourced from a Mandarin
health forum), and Japanese (14,208 / 3,045 docu-
ments; tweets related to drug use from Nishiyama
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et al. (2025)). We also added machine-translated
documents in German and French of the CADEC-
v2 dataset, which was originally sourced from the
medical forum AskaPatient (Dai et al., 2024).

The test set comprises 1,105, 1,104, 9,293,
11,712, 1,144, and 3,045 documents for German,
French, Russian, English, Mandarin, and Japanese,
respectively. 15,184 samples from a Farsi patient
forum were integrated without prior announcement
to test the knowledge transfer to an unseen lan-
guage and script. In addition to the strong language-
imbalance, the dataset is class-imbalanced across
all languages, with ADE-positive instances repre-
senting a small minority, a known challenge in
social media pharmacovigilance.

Evaluation Systems are ranked by averaged F1-
score for the positive class across all languages (ex-
cept the CADEC-v2 translations). The Codabench
site for this task is ht tps: //www. codabench.org/
competitions/14124.

2.2 Task 2: Detection of Insomnia in Clinical
Notes

Insomnia is a prevalent sleep disorder with signif-
icant clinical and societal impact, yet it remains
largely underdiagnosed in electronic health records
(EHRSs). The 2026 edition of the Insomnia shared
task builds on previous efforts by focusing on
the automatic identification of patients potentially
suffering from insomnia using clinical narratives,
while emphasizing explainability and evidence-
based reasoning. The task is formulated as a text
classification problem over clinical notes, requir-
ing systems not only to predict insomnia-related
labels but also to provide explicit textual evidence
supporting their decisions.

Dataset The dataset consists of an annotated
corpus of clinical notes derived from the MIMIC-
IIT database. Each note is enriched with structured
patient information, including demographics (e.g.,
age and sex) and medications prescribed during the
hospital stay.

Annotations follow a set of expert-defined In-
somnia Rules capturing direct symptoms (e.g., dif-
ficulty sleeping), indirect symptoms (e.g., day-
time impairment), and medication-based indicators.
Each note includes: (i) a binary insomnia label, (ii)
rule-level labels for Definition 1, Definition 2, Rule
B, and Rule C, and (iii) supporting evidence spans
provided as character offsets in the text.

The data are released in training and valida-

tion splits, while the test set (approximately 60-80
notes) is used during the evaluation phase. All an-
notations and submissions follow a JSON format
with span-level character offsets.

Evaluation The shared task is divided into two
subtasks:

* Subtask 1: Binary Text Classification. Sys-
tems must predict whether a clinical note indi-
cates insomnia (“yes”/*no”). Performance is
evaluated using the F; score, treating “yes” as
the positive class.

* Subtask 2: Multi-label Classification + Evi-
dence Extraction. Systems must predict la-
bels for each rule component (Definition 1,
Definition 2, Rule B, Rule C) and provide
supporting spans when the label is “yes”.

For Subtask 2, evaluation is conducted along two
dimensions: (i) label classification using micro-
averaged precision, recall, and Fy, and (i) span
extraction using both exact match and partial match
criteria, with micro-averaged precision, recall, and
F; reported across all components. The Codabench
site for this task is https://www. codabench.org/
competitions/15299.

2.3 Task 3: Estimating Flu Vaccine
Effectiveness from Social Media Posts

Influenza vaccine effectiveness (VE) estimation
is a cornerstone of public health decision-making,
informing policy adjustments and outreach strate-
gies during each flu season. Traditional VE esti-
mation — exemplified by the U.S. CDC’s Flu VE
Network — relies on the test-negative design but is
constrained by limited geographic and participant
representation and by the delayed publication of
interim estimates. This task targets a complemen-
tary, near-real-time approach by mining publicly
available posts from X (formerly Twitter) to mimic
the test-negative design at scale.

The task is decomposed into two multi-class
classification subtasks operating on individual
tweets. Subtask 1 Flu Vaccination Status Classifi-
cation assigns each tweet to one of five categories:
Currently-Vaccinated, Currently-Unvaccinated,
Previously-Vaccinated, Possibly-Vaccinated, or
Other. Subtask 2 Flu Test Outcome Classification
assigns each tweet to one of five categories:
Currently-Positive, Currently-Negative, Previously-
Positive, Previously-Negative, or Other. Together,
these classifications enable each user to be
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placed into one of the four flu-test-and-vaccine
groups required to estimate the odds ratio OR =
(Vac-Pos/Vac-Neg) /(Unvac-Pos/Unvac-Neg),
from which VE = (1 — OR) x 100% is derived.

Dataset The corpus consists of 4,216 tweets from
the 20202021 flu season, collected from X (for-
merly Twitter) and manually annotated by two an-
notators with biomedical backgrounds. Annotation
follows a structured guideline that defines a fixed
temporal window (September 1 to August 31) and
distinguishes personal experiences from general
references. Inter-annotator agreement on a 300-
tweet adjudication subset reached £ = 0.91 for flu
test labels and F; = 0.82 for flu vaccination labels.
The corpus is highly class-imbalanced: in the vacci-
nation split, the Other category accounts for 35.9%
of tweets while Previously-Vaccinated covers only
6.6%; the imbalance is even more pronounced in
the testing split, where 71.2% of tweets are labeled
Other and current-season positive and negative
cases together account for less than 15%. Training,
development, and test splits are produced via strat-
ified sampling, yielding 1,977/270/562 tweets for
Subtask 1 and 990/135/282 tweets for Subtask 2.
Access to the corpus requires registration and a
signed data usage agreement; tweet IDs and labels
are distributed in CSV format alongside the anno-
tation guidelines.

Evaluation Systems are evaluated using Preci-
sion, Recall, and Fj for each label, with micro-
averaged F) reported as the overall score per
subtask. Because only current-season classifica-
tions contribute directly to the odds-ratio compu-
tation, particular emphasis is placed on the F}
scores for the Currently-Vaccinated and Currently-
Unvaccinated labels in Subtask 1 and the Currently-
Positive and Currently-Negative labels in Subtask 2.
In addition to the per-subtask micro-F} scores, we
also report a Flu VE Macro F1, defined as the un-
weighted mean of the Flu Vaccination micro-F}
and the Flu Test micro-F7; participants are ranked
based on this combined score. The Codabench
site for this task is https: //www. codabench.org/
competitions/14035/.

2.4 Task 4: Generation of Realistic
Structured Medical Notes from Dialogues

Clinical documentation represents a significant bur-
den on healthcare providers, with physicians spend-
ing an estimated 52 to 102 minutes daily on note-
taking from patient encounters (Hripcsak et al.,

2011). Automated tools for medical documenta-
tion have emerged as a promising avenue to reduce
this burden, yet their development is hampered
by the scarcity of large, open-access, and privacy-
compliant training datasets. This task targets two
complementary generation challenges: Dialogue-
to-Note (Dial-2-Note), in which systems generate
a structured clinical note from a doctor-patient con-
versation, and Note-to-Dialogue (Note-2-Dial), in
which systems reconstruct a realistic doctor-patient
dialogue from a given clinical note.

Medical notes in this task adhere to the SOAP
format (Subjective, Objective, Assessment, and
Plan), one of the most widely adopted standards
for clinical documentation in primary care (Podder
et al., 2022). This structure ensures continuity of
care and facilitates effective communication among
healthcare professionals, making it a natural target
for automation. The task thus demands not only
fluency and factual faithfulness, but also structural
correctness and appropriate assignment of clinical
information to the relevant SOAP sections.

Dataset The shared task is based on MedSynth
(Mianroodi et al., 2025), a novel synthetic dataset
of dialogue-note pairs generated via a multi-agent
LLM pipeline informed by real-world disease
distributions. MedSynth comprises over 10,000
dialogue-note pairs covering more than 2,000
unique ICD-10 codes, with an average dialogue
length of 932 tokens (55 utterances) and an average
note length of 621 tokens (23 sentences). Disease
coverage was determined by frequency analysis of
the IQVIA PharMetrics Plus database, a large US
medical insurance claims database, with uniform
sampling across the top 2,000 most frequent con-
ditions to ensure diversity rather than replicating
the skewed real-world prevalence. Notes were gen-
erated using a four-agent pipeline consisting of a
Scenario Provider, a Scenario Judge, a Note Writer,
and a Note Polisher, with the Scenario Judge en-
forcing both medical plausibility and scenario di-
versity across generated pairs. Dialogues were sub-
sequently generated from the notes using a two-
agent pipeline consisting of a Dialogue Generator
and a Dialogue Polisher.

MedSynth is released in training, development,
and test splits. Participants receive the training and
development splits for model development, and are
evaluated on the held-out test split.

Evaluation Systems are evaluated using a suite
of standard automatic generation metrics: BLEU
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(Papineni et al., 2002), ROUGE-1, ROUGE-2,
ROUGE-L, and ROUGE-LSum (Lin, 2004), and
METEOR (Banerjee and Lavie, 2005), computed
against the reference outputs in the MedSynth test
split. Participants are ranked by the unweighted
average of all six metrics. The Codabench site
for this task is https://www.codabench.org/
competitions/14194/.

2.5 Task 5: Detection of Patient Metadata in
SARS-CoV-2 Sequencing Articles

Studies have highlighted that patient metadata,
which are crucial for understanding the trans-
mission patterns of viruses, are often missing
from SARS-CoV-2 genome sequences in online
databases such as GISAID (Shu and McCauley,
2017) and GenBank (Sayers et al., 2021), limiting
their utility for genomic epidemiology (Schriml
et al., 2020; Gozashti and Corbett-Detig, 2021;
Chen et al., 2022; O’Connor et al., 2025). The
COVID-19 pandemic brought to attention this two-
fold problem: (1) data exist in published articles
but are disconnected from digital resources, and
(2) manually extracting data from the unstructured
text of thousands of articles would be inefficient for
timely public health responses to virus outbreaks
(Upham et al., 2021). Within PubMed articles
that reported generating SARS-CoV-2 sequences,
this binary classification task involved automat-
ically distinguishing sentences that reported pa-
tient metadata from sentences that did not, such
as sentences in which patient metadata were not
clearly associated with sequences, were associ-
ated with sequences in previous studies, or were
merely reported as being collected. Patient meta-
data included age, sex, race/ethnicity, symptoms,
disease severity, viral load, duration of infection,
lab results, vital signs, treatments, hospitalization,
outcomes, comorbidities, risk factors, vaccination
status, place of residence, geographic location of
sample collection, and travel history. The training,
validation, and test sets contained 15,504 (70%)
sentences, 2214 (10%) sentences, and 4429 (20%)
sentences, respectively, from 150 articles: 2944
(13.3%) sentences that reported patient metadata
and 19,203 (86.7%) sentences that did not. All
22,147 sentences in the 150 articles were indepen-
dently annotated by two annotators, with an inter-
annotator agreement (F-score) of 0.75 for identi-
fying sentences that reported patient metadata. The
evaluation metric was the Fi-score for the class
that reported patient metadata. The Codabench

site for this task is https: //www. codabench.org/
competitions/13745/.

2.6 Task 6: Predicting TNM Staging from
TCGA Pathology Reports

The TNM staging system is the global standard for
describing the extent of cancer spread (Amin et al.,
2017), capturing the size and local extent of the pri-
mary tumor (T), the involvement of regional lymph
nodes (N), and the presence of distant metastasis
(M). Stage drives prognosis, treatment selection,
and clinical-trial eligibility (Kefeli et al., 2024; Ke-
feli and Tatonetti, 2024), yet it is rarely recorded in
structured EHR fields and instead lives in unstruc-
tured pathology report text. The current solution
relies on trained tumor-registry specialists who as-
sign stage by hand, a process that can take up to
six months from diagnosis (White et al., 2017; Ed-
wards et al., 2022) and is performed by a shrinking
workforce (Rollison et al., 2022). Task 6 targets the
automatic extraction of TNM stage directly from
TCGA pathology reports, predicting the T, N, and
M components independently. A full description
of the task is provided in the dedicated overview
paper (Acitores Cortina et al., 2026).

Dataset Both training and test data derive from
the TCGA pathology report corpus and its associ-
ated T, N, and M labels. The training set consists of
real TCGA reports released with their labels, drawn
from the TCGA-TNM corpus. The test sets are
synthetic notes generated from TCGA labels and
styled after TCGA reports; synthesis was chosen
over a real held-out split because TCGA is publicly
available, and a real test set would be vulnerable to
memorization during model pretraining. Each syn-
thetic note was produced by sampling one TCGA
row to supply the target T, N, and M values and
a different row to serve as a style exemplar, with
a generator LLM prompted to express the target
labels in the exemplar’s style and outputs validated
against the target labels. Test set 1 (2,600 notes:
100 GPT-5.4 notes scored, 2,500 GPT-5.4-mini de-
coys) embedded the target values naturally and did
not require explicit staging tokens. Test set 2, a
harder tiebreak set (300 notes: 50 GPT-5.4 notes
scored, 250 GPT-5.4-mini decoys), forbade any T,
N, M, Stage, TNM, or AJCC notation, requiring
stage to be inferred from clinical findings—tumor
size and depth of invasion, the count and size of pos-
itive lymph nodes, and the presence or absence of
distant lesions—with distractors and findings scat-
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tered across sections. A single clinician reviewed
all scored notes to confirm consistency with the
target labels.

Evaluation Systems predict the T, N, and M com-
ponents independently and are evaluated using the
F-score for each component on both test sets. The
baseline system is BB-TEN (Kefeli et al., 2024),
a Clinical-BigBird encoder (4,096-token context,
pre-trained on MIMIC-III and fine-tuned on ap-
proximately 7,000 TCGA reports across 23 can-
cer types) with separate classification heads for T
(T1-4), N (NO-3), and M (M0O-1). The Codabench
site for this task is https: //www. codabench.org/
competitions/14070.

2.7 Task 7: Extraction of Social and Clinical
Impacts of Substance Use from Social
Media Posts

Despite the scale of the opioid crisis in the United
States, with over 8.6 million people affected, tra-
ditional health surveillance systems do not fully
capture how this epidemic impacts people’s lives
in the short and long term. This is due to a va-
riety of factors, including, for example, stigma
and distrust, which keep many individuals from
disclosing their experiences in clinical settings or
with their healthcare providers. Social media, par-
ticularly Reddit, has emerged as a space where
people describe these consequences in their own
words, share experiences with their peers, and of-
ten provide support and advice. This makes Reddit
a valuable but underutilized data source. Task 7
models the problem of clinical and social impact
of nonmedical opioid use detection from Reddit
posts as named entity recognition (NER). Specifi-
cally, participants are asked to identify two entity
types from first-person Reddit narratives: Clini-
callmpacts, which covers physical and psycholog-
ical consequences such as withdrawal or depres-
sion, and Sociallmpacts, which encompasses oc-
cupational, relational, and societal consequences
such as job loss or family disruption. The task
uses RedditImpacts 2.0, a refined update of the
previously-used RedditImpacts (1.0) corpus (Ge
et al., 2024). The corpus comprises 1,378 anno-
tated posts, with 842 posts used for training, 258
for validation, and 278 for testing. To reduce the
possibility of manual annotation during the compe-
tition, the test release also included 300 additional
unannotated Reddit posts. These additional posts
were not used for evaluation; official scores were

computed only on the original annotated test set of
278 posts. The corpus was developed with detailed
annotation guidelines and a strict focus on first-
person disclosures, achieving an inter-annotator
agreement of k = 0.81. Given the informal, emo-
tionally charged, and often implicit nature of the
language involved, this task poses real challenges
for both fine-tuned encoder models and LLMs alike.
Prior work has shown that a meaningful gap per-
sists between current NLP systems and human ex-
pert performance on this problem.

Evaluation Task 7 systems were evaluated us-
ing strict and relaxed token-level F; scores. The
Codabench site for this task is https://www.
codabench.org/competitions/13991/

2.8 Task 8: Multilingual Clinical Entity
Annotation Projection and Extraction

High-quality annotated corpora are a necessary el-
ement for building and evaluating reliable clini-
cal NER systems. The annotation effort required
to build these corpora is specially costly in multi-
lingual scenarios. Techniques such as annotation
projection can foster the development of compara-
ble multilingual clinical corpora The MultiClinAl
(Multilingual Clinical Entity Annotation Projec-
tion and Extraction) shared task (Gallego-Donoso
et al., 2026) focuses on the development of NER
systems and automatic corpus creation for three
clinical entity types—diseases, symptoms, and pro-
cedures—in seven languages: Czech, Dutch, En-
glish, Italian, Romanian, Spanish, and Swedish.

Dataset The MultiClinNER and MultiClinCor-
pus datasets are a collection of clinical case re-
ports from multiple clinical specialties with an-
notations for diseases, symptoms and procedures
in Czech, English, Dutch, Italian, Romanian,
Spanish and Swedish. They build upon previ-
ously released Spanish resources—DisTEMIST
(Miranda-Escalada et al., 2022), SympTEMIST
(Lima-Lépez et al., 2023b), MedProcNER (Lima-
Loépez et al., 2023a), and CardioCCC (Lima-Lépez
et al., 2024)—and extend them with new docu-
ments and multilingual versions. The clinical cases
in the corpus were annotated originally in Span-
ish by clinical experts using guidelines specially
developed for the task. The multilingual versions
were then developed using annotation projection
and human validation using the Spanish annota-
tions as a seed version. Notably, both corpora have
a significant overlap, but they are presented as two
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separated datasets to highlight their different distri-
bution and purpose. In total, across all languages
and labels, the MultiClinNER corpus includes over
700,000 annotations.

Evaluation MultiClinAl is divided into two sub-
tasks: (i) MultiClinNER, focused on the implemen-
tation of multilingual clinical entity recognition
systems for seven different languages, and (ii) Mul-
tiClinCorpus, covering the automatic generation of
comparable multilingual corpora starting from a
seed Gold Standard corpus in Spanish. Both sub-
tasks are evaluated using strict and character-based
precision, recall and F1 score.

3 Results

3.1 Task1

Task 1 attracted 12 participating teams. The
dominant approach across submissions was fine-
tuning XLM-RoBERTa-large (Conneau et al.,
2020), adopted by the majority of teams, often
extended with ensembling over multiple random
seeds (teams Gladiators, Paradise, blue) or com-
bined with parameter-efficient methods such as
LoRA (teams [ITPatna_ADE, DNT). Handling
class imbalance was a near-universal concern, ad-
dressed through focal loss (teams Paradise, Gladia-
tors, Vinland_Vector, blue), weighted cross-entropy
(teams Creative_Catalysts, Cuet_Data_Wizards),
or positive-class oversampling (teams Gladia-
tors, DNT). Per-language decision threshold tun-
ing emerged as one of the most consistently
effective post-hoc strategies, reported by multi-
ple teams (teams Paradise, blue, Vinland_Vector,
Cuet_Data_Wizards, TIET) and in several cases
yielding larger gains than architectural modifica-
tions. Several teams augmented training data with
machine-translated versions of the CADEC-v1 cor-
pus (Karimi et al., 2015), translating English sam-
ples into the target languages.

The unseen Farsi test set posed a particular chal-
lenge: teams addressed it through zero-shot transfer
(team Paradise), translation of Farsi inputs into En-
glish prior to inference (team Vinland_Vector), or
translation of external data into Farsi for domain
adaptation (team Cuet_Data_Wizards), with perfor-
mance generally lagging behind seen languages.

One notable outlier was team Limics, which in-
troduced a three-way labeling scheme by adding
an ambiguous class, using XLM-RoBERTa as a
high-recall filter for clear negatives and routing un-
certain cases to a GPT-based classifier. Another

outlier was team MedMind Al, which relied exclu-
sively on structured prompt engineering with GPT-
5.4, without any fine-tuning, achieving a macro F1
of 0.6518.

The top-performing system by team Bhramas-
tra employed a two-stage pipeline in which a
fine-tuned mDeBERTa-v3 model with language-
specific thresholds acted as a high-recall filter,
and a Gemini-2.5-Flash model optimized via the
DSPy framework (Khattab et al., 2026) served as
a precision-oriented judge, further enriched by a
clinical retrieval-augmented generation component
indexing FDA drug labels.

3.2 Task?2

Table 2 presents the performance of the 8 teams
that participated in Task 2. Of these, 7 teams par-
ticipated in both subtasks, while Prestige partici-
pated only in Subtask 1. MedMind Al achieved
the best performance across all evaluated metrics:
Subtask 1 (F1=0.865), Subtask 2 label classifica-
tion (F1=0.876), exact span extraction (F;=0.717),
and partial span extraction (F;=0.843). Their
system used a schema-constrained LLM pipeline
based on GPT-5.4-mini/GPT-5.4 with structured
JSON outputs, deterministic rule sets, and a regex-
based annotator to support evidence span extrac-
tion. Prestige obtained the second-best Subtask 1
score (F1=0.824) using OpenAl GPT with chain-
of-thought prompting, dynamic retrieval, self-
consistency voting, and logical post-processing.
Vasudev Awatramani achieved strong results in
both Subtask 1 (F;=0.811) and Subtask 2 (la-
bel F1=0.713; partial span F;=0.662) with a two-
pass Gemini 2.5 Flash (Comanici et al., 2025)
pipeline that first extracted typed evidence us-
ing BAML prompts and then applied determinis-
tic rule derivation with optional FAISS-based re-
trieval (Johnson et al., 2019; Boundary ML, 2024).
A3S_C-DAC_Mumbai combined lightweight fine-
tuning with Gemma-3 and Qwen3 models using
LoRA/QLoRA and few-shot Qwen3-8B prompt-
ing (Gemma Team, 2025; Yang et al., 2025b; Hu
et al., 2022; Dettmers et al., 2023). Thunderbolts
used few-shot Llama-3-8B, fine-tuned BlueBERT,
knowledge distillation, ensembling, and rule-based
span extraction (Grattafiori et al., 2024; Peng
et al., 2019). NoviceTrio combined Qwen3-4B
and Bio_Clinical BERT in an ensemble for Subtask
1 and used a multi-task Bio_Clinical BERT model
with BIO tagging, sentence-level filtering, and seed-
diversified ensembling for Subtask 2. In2Lab-



F1,,s per language CADEC (F1,05)
Team EN DE FR JA RU ZH FA DE FR Macro F1
Bhramastra 0.7504 0.7866 0.7193 0.5631 0.5921 0.8436 0.5863 0.8846 0.9020 0.6653
DNT 0.7923 0.7793 0.7411 0.7117 0.6158 0.8833 0.4865 0.8679 0.8909 0.6623
MedMind Al 0.7127 0.7826 0.7592 0.6495 0.6099 0.8128 0.5357 0.8846 0.8932 0.6518
IITPatna_ADE 0.7278 0.6556 0.9239 0.4967 0.5571 0.8034 04116 0.8515 0.8269 0.6160
Limics 0.6825 0.6840 0.6574 0.4863 0.5761 0.8395 0.5248 0.8519 0.8440 0.6135
Vinland_Vector 0.7205 0.6947 0.6754 0.6258 0.5456 0.8297 0.3770 0.7629 0.7423 0.6088
Gladiators 0.7255 0.6512 0.7053 0.6061 0.5525 0.8263 0.4349 0.9038 0.8829 0.6039
Paradise 0.7206 0.6098 0.6341 0.6093 0.5603 0.8225 0.4076 0.8571 0.8868 0.5971
Cuet_Data_Wizards 0.7214 0.7041 0.7150 0.5775 0.5504 0.8412 0.3838 0.7579 0.7551 0.5824
blue 0.7011  0.6761 0.6961 0.5490 0.5619 0.8036 0.3989 0.8704 0.8829 0.5798
TIET 0.6492 0.6023 0.6310 0.5204 0.4883 0.7589 0.2566 0.8785 0.8972 0.4967
Creative Catalysts 0.5470 0.5455 0.6022 0.5401 0.4953 0.7303 0.1706 0.5067 0.6279 0.3896
Median 0.7206 0.6801 0.7007 0.5703 0.5587 0.8244 0.4096 0.8625 0.8829 0.6064
Mean 0.7043 0.6810 0.7050 0.5780 0.5588 0.8163 0.4145 0.8232 0.8360 0.5889

Table 1: Task 1 results. Per-language columns report positive-class F1 (Flp); the rightmost column reports
unweighted macro F1 across all seven competition languages (EN, DE, FR, JA, RU, ZH, FA), used for ranking. The
shown means/medians are from the best system of each team (not all submitted systems). CADEC columns show
positive-class F1 on the held-out CADEC-derived test sets and are reported separately. Underlines scores are the

best per language.

TNT introduced an entanglement-based rescue
layer over GPT-40 mini predictions to improve
recall while preserving precision, and SMMTech
explored BERT-family baselines and a Llama3-
Med42-8B zero-shot JSON pipeline with regex-
based medication extraction. Overall, hybrid LLM
systems with structured outputs and determinis-
tic post-processing achieved the strongest perfor-
mance, while exact character-level span localiza-
tion remained substantially harder than label pre-
diction.

3.3 Task3

Table 3 presents the performance of the 6 teams
that participated in Task 3. Submissions divided
into three paradigms: zero-shot LLM prompt-
ing with no fine-tuning (MedMind Al), fine-tuned
encoder classifiers (Infimobius, Team Paradise,
Cuet_Data_Wizards), and hybrid encoder—LLM
pipelines (BioNLP, blue). All systems treated
each subtask as 5-way classification. BioNLP
achieved the best overall performance (FluVE
Macro F1=0.918) and was the only team to sur-
pass the LLaMA-3-70B few-shot CoT baseline
(Xu et al., 2024a) on Subtask 2 (Micro F{=0.957).
They submitted distinct systems per subtask: for
Subtask 1, a BERTweet-large fine-tuned with a
temporal-aware architecture that fused a date pre-
fix and four numerical temporal features through
an MLP into the [CLS] representation, regular-
ized with R-Drop and Multi-Sample Dropout,
and ensembled across 10 checkpoints; for Sub-

task 2, a GPT-40 few-shot system using stratified
ChromaDB retrieval, Llama-3.3-70B-generated ra-
tionales, and contrastive ranking of all five la-
bels. MedMind Al ranked second (FluVE Macro
F1=0.913) using zero-shot GPT-5.4-mini with strict
JSON schemas and tweet-timestamp injection for
temporal grounding, achieving the highest Subtask
1 Micro F; (0.893). Infimobius (0.901) trained
a 5-seed soft-voting ensemble of DeBERTa-v2-
xlarge with inverse-frequency class weights and
differential encoder/head learning rates. Team blue
blended a 9-model ensemble with Qwen2.5-7B-
Instruct few-shot CoT predictions at a validation-
tuned weight, and decomposed Subtask 2 into out-
come and season sub-decisions. Team Paradise
combined twitter-RoBERTa-base-2022 with a rule-
based temporal resolver and regex post-processing;
notably, the temporal resolver never fired on the
development set, as all temporal errors occurred at
high confidence. Cuet_Data_Wizards fine-tuned
twitter-RoBERTa-large with label-smoothed cross-
entropy, with post-evaluation gains from focal loss
and Monte Carlo dropout TTA. Across systems,
temporal grounding —whether through dedicated
features, date-prepended inputs, or rule-based cor-
rection —was the most consistent design lever, and
the top three teams all exceeded the LLM prompt-
ing baseline, indicating that domain-adapted Twit-
ter encoders paired with explicit temporal sig-
nals or LLM-based contrastive reasoning offer
complementary strengths for fine-grained vaccine-
effectiveness classification.



Subtask 1
F P R

Team

Label Fy

Subtask 2
Exact Fy

System Summary
Partial F,

MedMind Al 0.865 0.889 0.842

Prestige 0.824 0933 0.737

Baseline 0.813 1.000 0.684

Vasudev Awatramani 0.811 0.833 0.790

A3S_C-DAC_Mumbai | 0.733 1.000 0.579

Thunderbolts 0.704 0.543 1.000

NoviceTrio 0.692 0.546 0.947

In2Lab-TNT 0.643 1.000 0.474

SMMTech 0478 0.407 0.579

0.876

0.651

0.713

0.654

0.544

0.644

0.595

0.293

0.717 0.843 GPT-5.4-mini,
tured outputs,
post-processing
OpenAl GPT, CoT
prompting, retrieval,
self-consistency
Qwen3-4B, zero-shot
prompting, structured
outputs, deterministic
span matching

Gemini 2.5, BAML
prompts, deterministic
rules

struc-
regex

0.247 0.337

0.359 0.662

0.140 0.363 Gemma-3,
LoRA/QLoRA,
shot prompting
Llama-3-8B, Blue-
BERT, regex spans
Qwen3-4B, Bio-
Clinical BERT, ensem-
ble

GPT-40 mini, entangle-
ment rescue layer, lexi-
cal rules
Llama3-Med42-8B,
regex extraction

Qwen3,
few-
0.280 0.419

0.447 0.509

0.093 0.335

0.013 0.090

Table 2: System performance for the 2026 insomnia shared task. Subtask 1 was evaluated using Precision (P), Recall
(R), and F;-score for binary insomnia classification. Subtask 2 was evaluated using micro F;-score for rule-level
label classification, exact-match evidence span extraction, and partial-match evidence span extraction.

34 Task4

Task 4 attracted 5 participating teams. The domi-
nant paradigm was parameter-efficient fine-tuning
of instruction-tuned causal language models on the
MedSynth training split, with all fine-tuning teams
adopting LoRA or QLoRA (?Dettmers et al., 2023)
over model backbones in the 2B—7B parameter
range.

The winning system, team NU_DeepHealthNLP,
employed a four-stage modular pipeline: a clin-
ical entity extractor (Mistral-7B-Instruct-v0.3 in
zero-shot mode) that grouped entities by SOAP
section, a hybrid BM25-FAISS retriever that re-
trieved the most similar training case, a QLoRA
fine-tuned Mistral-7B-Instruct-v0.1 SOAP writer
conditioned on extracted entities and the retrieved
note, and a rule-based verifier enforcing faithful-
ness, completeness, and structural consistency. The
central finding of this submission was that entity-
conditioned generation — including NER entities
grouped by SOAP section in both training and in-
ference prompts — produced the largest and most
consistent performance gain.

Team LLATMU submitted a QLoRA fine-tuned

Ministral-3B-Instruct model, reporting that perfor-
mance differences among fully converged small
models (1B—4B range) were modest, while incom-
plete training caused substantially larger degrada-
tion, suggesting training stability is more conse-
quential than backbone selection within this param-
eter range.

Team Patient2Paper took a retrieval-augmented
few-shot approach without any fine-tuning, com-
bining BM25 and BioLORD-2023 dense retrieval
via Reciprocal Rank Fusion and presenting re-
trieved examples as conversation turns to GPT-40
mini. Their ablation across 28 configurations es-
tablished that retrieval design and few-shot prompt
format were the primary quality drivers, with gen-
erator scale (3B to GPT-40 mini) contributing only
marginally once retrieval was optimized. Zero-shot
generation in this setup scored only 0.075 average,
underscoring that few-shot retrieval is prerequisite
to viable SOAP-format output.

Team MedMind Al relied exclusively on zero-
shot GPT-5.4-mini with structured JSON output
schemas, without fine-tuning. Their system en-
forced strict grounding rules to prevent halluci-



Team | FluVE | Subtask 1: Vaccination Status |

Subtask 2: Flu Test | System Summary

Mac. F1

| | Mic. F1 Vacc. F1 Unvacc. F1|Mic. F1 Pos. F1 Neg. Fl |

BioNLP 0918 | 0.879 0.902 0.907

MedMind AI | 0913 | 0.893 0.891 0.945

Infimobius 0.901 | 0.881 0.876 0.932

0957 0914 0.917 | BERTweet-large with temporal
features (ST-1); GPT-40 few-
shot with retrieval and CoT (ST-
2)

Zero-shot GPT-5.4-mini with
structured JSON schemas and
timestamp grounding
DeBERTa-v2-xlarge soft-voting
ensemble with balanced class

weights

0933 0.714 0.864

0922 0.800 0.837

Baseline 0.900 | 0.849  0.874 0.921

0.950 0.889 0.894 |LLaMA-3-70B-Instruct,

shot CoT, two-step for ST-2

few-

blue 0.895 | 0.872  0.867 0.933

Team Paradise | 0.869 0.843 0.849 0.869

Cuet_Data_ 0.864

Wizards

0.845  0.847 0.893

0918 0.811 0.810 |Encoder ensemble blended with
Qwen2.5-7B few-shot CoT

Twitter-RoBERTa-base ~ with
rule-based temporal resolver
and regex post-processing

Twitter-RoBERTa-large  fine-
tuned with label-smoothed

cross-entropy

0.894 0.757 0.698

0.883 0.722 0.762

Table 3: Results on SMM4H-HeaRD 2026 Task 3, ranked by FluVE Macro F1. Vacc./Unvacc./Pos./Neg. F1 are
per-label F1 for the Currently-Vaccinated, -Unvaccinated, -Positive, and -Negative labels; ST means subtask. Best

per column in bold.

Team Avg BLEU ROUGE-1 ROUGE-2 ROUGE-L METEOR System Summary

NU_DeepHealthNLP  0.5378  0.4415 0.6897 0.5139 0.4328 0.6110  Mistral-7B QLoRA, entity-conditioned
generation, hybrid BM25+FAISS re-
trieval, rule-based verifier

LLATMU 0.5340 0.4197 0.6875 04313 0.5104 0.6209  Ministral-3B QLoRA instruction fine-
tuning

Patient2Paper 0.5078 0.4138 0.6649 0.3948 0.4709 0.5946 GPT-40 mini, RAG (BM25 + Bi-
oLORD via RRF), k=3 few-shot chat-
turn prompting

MedMind Al 0.4864 0.3627 0.6517 0.3929 0.4830 0.5419  GPT-5.4-mini, zero-shot, structured
JSON schema with grounding con-
straints

FU-HU-P5 0.4432  0.3281 0.5598 0.3520 0.4224 0.5137  Qwen3.5-2B QLoRA, semi-supervised

instruction fine-tuning

Table 4: Task 4 results. Systems are ranked by the unweighted average of BLEU, ROUGE-1, ROUGE-2, ROUGE-L,
and METEOR (Avg), computed against the MedSynth blind test set reference notes. Best per column in bold.

nation of demographic details not present in the
dialogue.

Team FU-HU-P5 fine-tuned Qwen3.5-2B with
QLoRA under hardware constraints (single T4
GPU), reporting that training instability from loss
spikes and limited model capacity were the primary
limitations.

The results collectively point to three design prin-
ciples for this task: entity-conditioned generation
with SOAP-aligned prompts is the most effective
single intervention; hybrid retrieval augments fine-
tuning but offers diminishing returns past k=3 ex-
amples; and training stability within the 2B-7B
range matters more than backbone scale.

3.5 Task5s

In previous work (Klein et al., 2025), benchmark
classifiers achieved Fi-scores of 0.776 based on
fine-tuning the BiomedBERT-Large-Abstract pre-
trained model (Tinn et al., 2023), and 0.558 based
on prompting the Llama-3-70B LLM (Grattafiori
et al., 2024). Thus, participants were encouraged to
further experiment with LLM prompting to address
this gap in performance. Table 5 presents the per-
formance for the 10 teams that participated in Task
5. Although MedMind Al (F;-score=0.586) outper-
formed the LLM prompting benchmark—few-shot
and chain-of-thought prompting—by using zero-
shot prompting of GPT-5.4 with structured output,
their approach was nonetheless substantially out-



performed by teams that fine-tuned BERT-based
models. While several other teams (PEI, TIET,
No_gmail) evaluated LLM prompting approaches
using the validation set, they did not end up ap-
plying these approaches to the test set, given this
gap in performance. MetaMiners (F;-score=0.786)
achieved the best performance, marginally outper-
forming the fine-tuned benchmark by incorporating
rule-based and other feature-engineered tags (e.g.,
patient metadata, negation, reporting verbs, seman-
tic frames) into the text as pre-processing, and us-
ing an ensemble of BioLinkBERT-Large (Yasunaga
et al., 2022), BiomedBERT-Base-Abstract (Tinn
et al., 2023), and BiomedBERT-Base-Abstract-
Fulltext (Gu et al., 2022) pre-trained models. PEI
(F1-score=0.786) achieved nearly identical perfor-
mance by fine-tuning the BioM-BERT-PubMed-
PMC Large pre-trained model (Alrowili and
Shanker, 2021) and prompting the Qwen3-8B LLM
(Yang et al., 2025a) to paraphrase sentences in the
training set for data augmentation. The other 8
teams were outperformed by the benchmark classi-
fier.

3.6 Task 6

Seven teams submitted systems for Task 6, span-
ning three paradigms: domain-adapted encoders
(LLATMU and GoBlueinformatics with BioClinical
ModernBERT-Large, Blue with Clinical-BigBird,
CUETDiagNLP with GatorTron), open-source
generative LLMs adapted via parameter-efficient
fine-tuning (URJC with supervised fine-tuning
of Qwen2.5-27B, GoBlueinformatics with LORA
on OpenBioLLM-8B), and closed-source API
models (MedMind with GPT-5.4-mini. CaresAl
additionally explored a traditional TF-IDF and
BERT-embedding pipeline with classical ensem-
bles. Common strategies included three indepen-
dent classification heads for T, N, and M, class-
imbalance handling (inverse-frequency weighting,
focal loss, label smoothing, and ensembling) for
rare labels such as M1 and N3, and regex-based
extraction of explicit staging mentions with rule-
based overrides when high-confidence strings were
found (Blue, URJC).

Table 6 reports F; per component on both test
sets. On the straightforward Test set 1, most teams
achieved near-perfect scores—averaging 0.993,
0.972, and 0.957 for T, N, and M (excluding the
baseline)—with four teams (URJC, GoBlueinfor-
matics, LLATMU, Blue) reaching a perfect Flr
and the first three perfect across all three compo-

nents. Given this ceiling effect, the harder tiebreak
Test set 2 removed explicit staging tokens and re-
quired inference from clinical findings; average
scores dropped substantially to 0.725, 0.783, and
0.846 for T, N, and M. Notably, the team using
closed-source API models—MedMind (GPT-5.4-
mini)—generalized best to the harder set, achiev-
ing the highest T and N scores despite not leading
on Test set 1; MedMind obtained the best overall
tiebreak performance (0.849, 0.865, 1.000). The
M axis was the easiest on the harder set, with five
teams achieving a perfect Fly, likely owing to its
binary nature. Every team surpassed the BB-TEN
baseline on both test sets. These results suggest that
while fine-tuned domain-specific encoders excel
at surface-level extraction, larger general-purpose
LLMs may be more robust when staging must be
inferred from contextual clinical findings.

3.7 Task7

For Task 7, the baseline study (Dey et al., 2025)
reported that encoder-based fine-tuning achieved
the strongest token-level relaxed performance, with
DeBERTa-large reaching a relaxed F; of 0.61. The
best few-shot in-context learning result was ob-
tained by GPT-40 with 3-shot prompting, which
reached a relaxed F; of 0.44. In this shared task, 10
teams submitted systems and reported both strict
and relaxed F; scores, as summarized in Table 7.
Team Gazoo! achieved the best strict F; score, with
0.535 strict Fy and 0.597 relaxed Fy, using a GPT-
5.4 prompt-based NER system with structured few-
shot examples, iterative self-refinement, and BIO
post-processing. CUET_DiagNLP ranked second
by strict Fy, achieving 0.509 strict F; and 0.595
relaxed Fy, using a DeBERTa-large and PubMed-
BERT ensemble with boundary-aware loss, entity-
replacement augmentation, first-person filtering,
and BIO consistency post-processing. DNT also
performed competitively, with 0.500 strict F; and
0.583 relaxed Fy, using DeBERTa-Large with sim-
plified non-BIO labeling followed by BIO-format
post-processing. In terms of relaxed F;, RACAI
achieved the highest score, with 0.448 strict F;
and 0.609 relaxed F;, using zero-shot GLiNER
and Gemma-4 prompting, DeBERTaV3-Large fine-
tuning, and BERT adapters. Gazoo! achieved the
second-best relaxed F; score of 0.597, followed
closely by Paradise with 0.482 strict F; and 0.596
relaxed Fy, using RoBERTa-large with CREF, class-
weighted loss, and sliding-window inference. Blue
also obtained strong performance, with 0.498 strict



Team F, | R System Summary

MetaMiners 0.786 0.759 0.815 | feature-engineered pre-processing, ensemble BioLinkBERT-Large,
BiomedBERT-Base-Abstract, BiomedBERT-Base-Abstract-Fulltext

PEI 0.786 0.797 0.774 | BioM-BERT-PubMed-PMC-Large, data augmentation (Qwen3-8B
paraphrase prompting)

Baseline 0.776  0.743  0.812 | BiomedBERT-Large-Abstract

CUET_DiagNLP | 0.774 0.736 0.815 | -

Blue 0.764 0.729 0.803 | ensemble BiomedBERT-Base-Abstract-Fulltext and BiomedBERT-
Large-Abstract, class weights

TIET 0.760 0.770  0.750 | BiomedBERT-Base-Abstract-Fulltext, class weights

No_gmail 0.759 0.712 0.812 | BioLinkBERT-Base, focal loss

CovIR 0.753 0.740 0.767 | BiomedBERT-Base-Abstract-Fulltext, feature engineering

TMULLA 0.749 0.745 0.754 | -

NoviceTrio 0.733  0.762 0.706 | -

MedMind Al 0.586 0.466 0.789 | GPT-5.4, zero-shot prompting, structured output

Table 5: System summaries and F;-score (F;), precision (P), and recall (R) for the detection of patient metadata in
SARS-CoV-2 sequencing articles (Task 5).

Team Test set 1 Test set 2
T N M T N M

URJC 1.000 1.000 1.000 | 0.810 0.770 1.000
GoBlueinformatics | 1.000 1.000 1.000 | 0.626 0.758 1.000
LLATMU 1.000 1.000 1.000 | 0.697 0.783 0.617
MedMind 0.996 0.998 0.997 | 0.849 0.865 1.000
CUETDiagNLP 0.970 0.926 0.954 | 0.700 0.774 0.640
Blue 1.000 0.895 0.828 | 0.638 0.650 0.507
CaresAl 0.978 0.957 0.879 | 0.626 0.758 1.000
BB-TEN (Baseline) ‘ 0.992 0.783 0.796 | 0.454 0.591 0.554

Table 6: Task 6 results. Per-component F; on the straightforward Test set 1 and the harder tiebreak Test set 2. Best

per column in bold.

F; and 0.585 relaxed Fi, using a two-phase 10-
model transformer ensemble with Viterbi BIO de-
coding, per-class logit biasing, and boundary ex-
pansion. The results show that both prompting-
based systems and fine-tuned transformer-based
systems were competitive. The highest strict score
came from an LLM prompt-based system, while
the highest relaxed score came from a hybrid strat-
egy combining zero-shot prompting and encoder
fine-tuning. The gap between strict and relaxed F;
across teams suggests that many systems were able
to identify relevant impact regions, but exact bound-
ary detection remained challenging. Overall, how-
ever, the performance metrics suggest that there
is still a gap in expert interpretation and machine
understanding of complex expressions of clinical
and social impacts.

3.8 Task 8

21 teams from 13 countries participated in the task,
with participation being centered mostly in the Mul-

tiClinNER subtask. Table 8 shows a summary of
the best results across labels and languages for both
subtasks, while the full evaluation results are avail-
able in the task overview paper (Gallego-Donoso
et al., 2026).

The MultiClinNER results show generally strong
and consistent performance across languages,
with Fl-scores typically ranging from 0.64 to
0.82. Disease and procedure entities achieve the
highest scores—particularly in Spanish and En-
glish—while symptom recognition is consistently
the most difficult due to its variability and descrip-
tive nature, and performance is slightly lower in
less-resourced languages such as Dutch and Czech.
Beyond baseline fine-tuning, numerous teams im-
proved performance through ensemble methods,
including homogeneous ensembles of multilingual
models as well as heterogeneous combinations mix-
ing multilingual, biomedical, and language-specific
encoders. Some systems reformulated the task as
multilabel prediction, while others applied cross-



Team Strict F;  Relaxed F; System Summary

Gazoo! 0.535 0.597 GPT-5.4 prompt-based NER system with structured few-shot examples,
iterative self-refinement, and BIO post-processing.

CUET_DiagNLP 0.509 0.595 DeBERTa-large + PubMedBERT ensemble with boundary-aware loss, entity-
replacement augmentation, first-person filtering, and BIO consistency post-
processing.

DNT 0.500 0.583 DeBERTa-Large with simplified non-BIO labeling, followed by BIO-format
post-processing.

Blue 0.498 0.585 Two-phase 10-model transformer ensemble with averaged token probabilities,
Viterbi BIO decoding, per-class logit biasing, and boundary expansion.

GVP 0.494 0.447 DeBERTa-v3-large with preprocessing, definition prompting, and majority-
vote ensembling.

Paradise 0.482 0.596 RoBERTa-large + CRF with class-weighted loss and sliding-window infer-
ence.

ACSS-PSL 0.464 0.520 DeBERTa-large with MC Dropout blending, per-class thresholds, boundary
trimming, first-person filtering, and multi-LLM consensus.

RACAI 0.448 0.609 Zero-shot GLINER/Gemma-4 prompting, DeBERTaV3-Large fine-tuning,
and BERT adapters.

NTU_NLP 0.415 0.516 -

Vl4dio4n 0.281 0.454 DeBERTa-v3-base + CRF, LLM-based span typing/auditing, and SVM vari-
ants.

Table 7: System summaries and strict and relaxed F;-scores for opioid impact span extraction from social media

posts (Task 7).

validation, data augmentation, and post-processing
strategies to refine entity boundaries. The best over-
all system is submitted by the BIT.UA team, which
leverages multilingual transformer models (e.g.,
XLM-RoBERTa) combined with ensemble meth-
ods, demonstrating robust cross-lingual generaliza-
tion.

In contrast, the MultiClinCorpus annotation
projection task yields substantially higher perfor-
mance, with Fl-scores above 0.77 and reaching
up to 0.90, reflecting the advantage of leveraging
aligned source annotations. The top-performing
system, ClinicalAligner by the Parallia team,
achieves particularly strong results across multi-
ple languages, including both high-resource and
lower-resource settings, while maintaining bal-
anced precision and recall. Overall, the findings
suggest that while direct multilingual NER re-
mains challenging—especially for complex entity
types—annotation projection offers a highly effec-
tive and scalable alternative for extending clinical
NLP resources across languages, and combining
both approaches provides a strong framework for
multilingual clinical information extraction.

4 Conclusion

This paper presented an overview of the #SMM4H-
HeaRD 2026 shared tasks, the 11% edition of the
Social Media Mining for Health shared-task se-
ries, held online and co-located with ACL 2026 (?).

The 2026 edition included 8 shared tasks spanning
social media, Reddit, clinical notes, pathology re-
ports, biomedical literature, and synthetic clinical
dialogue-note data, with 110 registered teams from
31 countries and 79 task-level team participations
represented in the final results. Across tasks, the
results highlight the growing role of large language
models and hybrid LLM-based pipelines, particu-
larly for evidence extraction, clinical text genera-
tion, and inference-heavy tasks, while fine-tuned
encoder-based and domain-specific transformer
models remained highly competitive for classifi-
cation, biomedical literature mining, multilingual
prediction, and token-level extraction. Overall,
#SMM4H-HeaRD 2026 demonstrates the contin-
ued value of community benchmarks for advancing
robust, reproducible, and clinically relevant meth-
ods for mining social media and health real-world
data.
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