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Abstract

We describe the methods and results of our sub-
mission to the 11th Social Media Mining for
Health Research and Applications (SMM4H)
2026 shared Task 2. The task focused on the au-
tomated detection of insomnia using real-world
clinical notes from the MIMIC-III database.
Subtask 1 involved the binary classification of
a patient’s overall insomnia status, while Sub-
task 2 required multi-label classification and
character-level evidence span extraction for spe-
cific insomnia-related criteria. We employed
both encoder-based transformer models and
decoder-based LLMs (Vaswani et al., 2017).
For character-level span evidence extraction,
we coupled the model’s predictions with a rule
based system.

1 Introduction

Insomnia is a prevalent yet underdiagnosed sleep
disorder that significantly deteriorates overall
health. While often missing from structured elec-
tronic health records (EHR), evidence of insom-
nia is frequently documented within unstructured
clinical narratives. Automatically extracting these
clinical phenotypes is critical for identifying at-
risk patients, yet it remains challenging due to the
complexities of clinical language and the strict ap-
plication of diagnostic rules.

The 11th Social Media Mining for Health
(SMM4H) 2026 Shared Task 2 addresses this gap
by challenging participants to automatically detect
insomnia from MIMIC-III clinical notes. The task
serves as a benchmark to evaluate both predictive
accuracy and clinical reasoning across two sub-
tasks: the binary classification of a patient’s insom-
nia status (Subtask 1), and the multi-label classifica-
tion of specific criteria coupled with character-level
evidence span extraction (Subtask 2).

2 Related Work

Natural language processing (NLP) has become
increasingly important for extracting clinically rel-
evant information from unstructured electronic
health records (EHRs). Early approaches to clini-
cal information extraction primarily relied on rule-
based systems and traditional machine learning
techniques for tasks such as medical named entity
recognition (NER) and phenotype identification.
However, these methods often struggled to general-
ize across diverse clinical writing styles and noisy
medical narratives.

The introduction of transformer-based architec-
tures, particularly BERT (Devlin et al., 2019), sig-
nificantly improved performance across clinical
NLP tasks by enabling contextual understanding
of medical text. Domain-adapted variants such as
ClinicalBERT and BioBERT (Lee et al., 2019) fur-
ther demonstrated strong results on clinical concept
extraction, medical NER, and phenotyping tasks by
leveraging biomedical corpora during pretraining.

Several prior studies have explored extracting
sleep-related disorders and other clinical pheno-
types from EHR narratives using deep learning
approaches. In particular, span extraction and se-
quence labeling methods have been widely adopted
for identifying evidence spans associated with di-
agnoses and symptoms. Shared tasks such as the
Social Media Mining for Health (SMM4H) work-
shops have also played an important role in bench-
marking NLP systems for health-related text clas-
sification and evidence extraction under realistic
clinical settings.

3 Data and Preprocessing

The dataset comprised unstructured clinical notes
from the MIMIC-III database. Clinical text is noisy,
often containing irregular formatting, typographi-
cal errors, and non-standard abbreviations. To pre-
pare the corpus for our BERT based models, we im-
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plemented a standardized preprocessing pipeline:

• Text Normalization: All text was converted
to lowercase to align with the preprocess-
ing scheme of the chosen BERT based en-
coder. Extraneous whitespaces, redundant
line breaks, and special characters that did not
contribute to clinical meaning were stripped
using regular expressions.

• Tokenization and Truncation: The normal-
ized notes were tokenized using the tokenizer
associated with BERT based model. Due to
the architectural limitations of BERT models,
sequences were truncated or padded to a max-
imum length of 512 tokens.

4 Methodology

We employed various models and approaches
which we discuss below. First we discuss the mod-
els for Subtask 1 which involves single Insomnia
prediction and Subtask 2a which involves multi-
label prediction.

4.1 Few-Shot Llama 3 8B Model
We utilized the Llama 3 8B model (Meta AI,
2024) via a prompt-based few-shot inference ap-
proach. The normalized raw text was systemati-
cally wrapped within predefined instruction tem-
plates that included curated examples of both posi-
tive and negative clinical notes. We used a prompt-
ing strategy similar to the baseline (Lopez-Garcia
et al., 2025) where we used only 5 few-shot ex-
amples for faster inference. This provided the
Llama model with in-context demonstrations of
the task’s diagnostic criteria, guiding it to analyze
the target clinical narrative and directly output a
binary prediction (yes or no) for insomnia and the
rule/definition labels. This setup was also used
further in our ensemble-based experiments.

4.2 Fine-Tuned BlueBERT Model
BlueBERT (Peng et al., 2019) is a domain-specific
variant of the BERT (Devlin et al., 2019) architec-
ture, pre-trained on large-scale biomedical corpora,
including PubMed abstracts and clinical notes from
MIMIC-III. By leveraging contextualized word
representations tailored to the biomedical domain,
BlueBERT captures complex clinical semantics
and terminology more effectively than general-
purpose language models.

The fine-tuned BlueBERT model was trained as
a multi-label classifier (predicting both insomnia

and the rule/definition labels) by adding a single
linear output layer on top of the encoder. The final
hidden representation corresponding to the input
sequence was passed through this fully connected
layer to produce logits for each label, followed by
a sigmoid activation to obtain independent proba-
bility estimates. The model was optimized using a
binary cross-entropy loss function applied indepen-
dently across all labels.

4.3 Distilled Student BlueBERT Model

To train the distilled model, we employed a
Teacher–Student Knowledge Distillation frame-
work (Hinton et al., 2015). A larger Llama 3 8B
model was used as the teacher to generate soft tar-
gets in the form of independent probabilities for
each of the four rules. The BlueBERT student
model was trained using a sigmoid activation and
optimized with a binary cross-entropy loss between
its predicted probabilities and the teacher’s soft
targets. A temperature parameter was applied to
the teacher and student logits to produce smoother
probability estimates during training.

4.4 Ensemble Model

We also employed a weighted ensemble architec-
ture. The ensemble consists of the trained fine-
tuned BlueBERT model and distilled student model
discussed above. During inference, the final proba-
bility for each label was obtained as a weighted
average of the predicted probabilities from the
distilled student model (weight 0.6) and the fine-
tuned model (weight 0.4). This strategy aims to
combine the complementary strengths of LLM-
guided knowledge distillation and task-specific
fine-tuning.

Now we discuss our approach to Subtask 2b
which uses the predictions by different models to
output span predictions for each rule and definition.

4.5 Rule Based System

We utilized a tiered rule-based approach driven
by a regular expression (regex) fallback mecha-
nism to predict the precise character-level spans,
based on the classifier’s predictions. If the clas-
sifier predicted a positive instance for a specific
rule or definition, the rule-based system triggered
a highly specific primary regex search targeting
explicit clinical keywords and medication names
that are specific to that rule or definition. We took
this rule-based approach using the finetuned Blue-
BERT, distilled model, Llama 3 8B and ensemble
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predictions on rule and definition labels.
If this primary search yielded no match within

the text, a secondary, broader rule-based regex
fallback was executed to capture partial contex-
tual evidence. The system then extracted the ex-
act character-level start and end offsets of these
matches using standard string indexing capabilities.
In cases where both the primary and secondary rule-
based searches failed to extract a valid span, the
system implemented an auto-correction mechanism
that inverted the classifier’s positive classification
to negative, thereby reducing false positives.

Category Example Regex Keywords

Definition 1 sleep, insomnia, waking
Definition 2 fatigue, memory, concentration
Rule B ambien, zolpidem, sleep aid
Rule C ativan, lorazepam, sedative

Table 1: Examples of clinical keywords and medication
names used in the fallback regex-based span extraction
system.

5 Results and Discussion

Our system achieves moderate performance around
the average and median range across both subtasks,
and also reflects the practical balance between pre-
cision, recall, and accurate span extraction. For
Subtask 1, the evaluation was based on the single
insomnia label prediction using the F1 score. The
results are presented in Table 2.

Model F1 Score
Few-Shot Llama 3 8B 0.704
Distillation Model 0.566
Fine-Tuned BlueBERT 0.553

Table 2: Subtask 1 test results.

The few-shot Llama 3 8B model achieved a final
test F1 score of 0.7037, outperforming the smaller
encoder models. The distillation model and fine-
tuned BlueBERT achieved lower F1 scores of 0.566
and 0.553, respectively, indicating comparatively
weaker performance on this task.

For Subtask 2a, the evaluation was based on
multi-label classification, using the micro-averaged
F1 score across all labels. The results are presented
in Table 3.

Both the distillation model and the few-shot
Llama 3 8B model achieved identical performance,

Model F1 Score
Distillation Model 0.5437
Few-Shot Llama 3 8B 0.5437
Ensemble Model 0.5169

Table 3: Subtask 2a test results.

with a micro-averaged F1 score of 0.5437. In con-
trast, the ensemble model resulted in a slightly
lower F1 score of 0.5169. This suggests that ensem-
ble did not provide additional performance gains in
Subtask 2a, likely due to the similarity in the mod-
els, which limited the potential for complementary
improvements.

For Subtask 2b, the task required exact span ex-
traction. The evaluation was based on both exact
match and partial match criteria, reported using
F1 scores. Exact match measures strict bound-
ary alignment between predicted and ground truth
spans, while partial match allows for overlapping
spans, providing a more lenient assessment. The
results are presented in Table 4.

Model Exact F1 Partial F1
Ensemble Model 0.3214 0.4167
Few-Shot Llama 3 8B 0.2796 0.4194
Distillation Model 0.2482 0.3504

Table 4: Subtask 2b test results.

The ensemble model achieved the highest Exact
F1 score of 0.3214, indicating better performance
in identifying precise span boundaries. However,
the Few-Shot Llama 3 8B model slightly outper-
formed others in terms of Partial F1, achieving a
score of 0.4194, suggesting stronger performance
in capturing approximate evidence spans.

Overall, the results suggest that while LLM-
based approaches are highly effective for recall-
oriented classification tasks, span-level extraction
remains a significant bottleneck. The performance
gap between classification and evidence extraction
underscores the need for more robust span-aware
modeling techniques, particularly in noisy and un-
structured clinical text.

6 Limitations

Our approach has several limitations. First, the use
of few-shot prompting with LlamA 3 8B is sensi-
tive to prompt formulation and does not guarantee
consistent performance across different runs or an-
notation styles, limiting its reliability for inference.
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Second, the encoder-based models, including fine-
tuned and distilled BlueBERT, are constrained by
domain adaptation capacity and may not fully cap-
ture complex contextual dependencies present in
clinical narratives.

For Subtask 2b, span extraction remains a key
challenge. Although the ensemble approach im-
proves exact match performance, overall span
boundary prediction is still unstable, particularly in
cases involving ambiguous or overlapping clinical
expressions. The rule-based fallback system par-
tially mitigates this issue but lacks generalization
and may not extend well to unseen patterns.

Additionally, the ensemble model does not pro-
vide performance gains in Subtask 2a, suggesting
that the current ensemble design does not effec-
tively improve over individual approaches in this
setting.

7 Conclusion

In this work, we presented various approaches
for insomnia detection from clinical notes, com-
bining prompt-based large language models with
encoder-based architectures. We effectively han-
dled both binary classification and multi-label pre-
diction, achieving moderate results across all sub-
tasks.

The results suggest that few-shot LLMs are par-
ticularly strong in recall-driven classification set-
tings, while distilled and fine-tuned encoder mod-
els provide more stable, efficient, and faster al-
ternatives. However, evidence span extraction re-
mains a challenging problem, with performance
constrained by the uncertainty and variation in clin-
ical language.

Future work will focus on improving span local-
ization through span-aware training objectives, bet-
ter alignment between classification and extraction
modules, and exploring more robust integration of
LLM-based reasoning with token-level predictions.
Enhancing generalization across diverse clinical
narratives will also be an important direction for
further research.
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A Hyperparameter Summary

Table 5 summarizes the key hyperparameters used
for the teacher LLM, the distilled student Blue-
BERT model, and the fine-tuned BlueBERT model.

Hyperparameter Teacher Student Fine-Tuned

Model Llama 3 8B BlueBERT BlueBERT
Learning rate – 4× 10−5 2× 10−5

Batch size – 8 16
Epochs – 10 80
Weight decay – 0.8 –
Dropout – – 0.3
Max seq length 2048 – 510
Temperature 0.1 – –
Top-p 0.4 – –

Table 5: Hyperparameters used for the teacher LLM,
distilled student BlueBERT, and fine-tuned BlueBERT
models.
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