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Abstract

This paper outlines techniques for predicting insomnia based
on established rules and definitions. It delves into textual
extraction that supports the end insomnia predictive task
for evidence-based reasoning using Large Language Mod-
els (LLMs) as part of Shared Task, Task 4-SMM4H’25. We
have utilised two LLMS - Gemma-2-2b-it and Meta-Llama-
3-8b-Instruct-AWQ to identify patients with sleep disorders
by extracting the text and approaching the problem reversely.
Based on the sleep-related text extracted, we evaluate the
rules and definitions and detect the insomnia disorder using
the chosen LLMs. The approach showed an above-average
mean and median F1 score of 0.8913 for Insomnia prediction
and an above-average median F1 score of 0.6954 for identify-
ing if the rules and definitions satisfy the insomnia prediction.
Even though the other two modules relied on text extraction
for end prediction, the text extraction phase had a lower mean
and median F1 score of 0.4088.

Introduction

Electronic Health Records (EHR) contain crucial informa-
tion about a patient’s medical history that could help medi-
cal practitioners and researchers extract valuable health in-
sights for several end predictive tasks. While numerous de-
tails of patients are present in EHRs, insomnia is one such
vital health entity that is implicitly present in a patient’s clin-
ical note and impacts the overall well-being of an individ-
ual. As part of the Shared task (Klein et al. 2025), partici-
pants were provided with clinical note IDs derived from the
MIMIC-III (Johnson et al. 2016) database and true labels
of insomnia status, which was defined as subtask 1 (binary
classification). They also established definitions (Definition
1: Difficulty sleeping at night; Definition 2: Daytime impair-
ment) and rules (Rule A: Definition 1 N Definition 2;
Rule B: Primary insomnia medications; Rule C: Secondary
insomnia medications and symptoms from De finition 1 U
De finition 2) that could help detect the insomnia status.
The final insomnia status was derived based on satisfying
rules A, B or C criteria. These details served as checkboxes
(multi-label classification), paving the way for insomnia pre-
diction, and were framed as subtask 2a. For better reason-
ing, the last task involved extracting insomnia-related text
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(evidence-based classification) for each established defini-
tion and rule, which served as subtask 2b. Since each task is
interdependent, and clinical notes (discharge summary) have
the entire history of a patient’s hospital stay; it is challenging
to determine and extract the relevant text chunks for insom-
nia prediction. With these objectives, our work encompasses
the utilisation of Large Language Models (LLMs) to handle
subtasks 1, 2a, and 2b.

Methodology

Identifying sleep patterns from clinical notes is challenging
due to the complexity of the undefined structure or free-
text formats, variability in writing styles that differ from one
medical practitioner to another, and the handling of abbre-
viations that require domain-specific knowledge. Here, we
chose the Gemma-2-2b-it (Team et al. 2024) since it is an
instruction-tuned, lightweight model (2 billion parameters)
and efficient, resulting in faster inference due to the multi-
query attention. The shared key value projections across
attention heads make it computationally efficient. Above
all, the Gemma-2-2b-it model is trained using a knowl-
edge distillation technique by adapting the behaviour of a
larger model, which shows enhanced performance while
maintaining a compact size. Another model we went for
is the Llama-3-8B-Instruct-AWQ (Grattafiori et al. 2024)
model due to its Activation-aware Weight Quantisation (Lin
et al. 2024) mechanism that analyses model weights and
activations in each layer and quantises the less sensitive
ones. This mechanism reduces memory usage and enables
faster inference, supporting a context window of 8192 to-
kens (prompt + response). This model is again instruction-
tuned and hardware-friendly, thus allowing big models to
run on smaller GPUs. Keeping the insomnia prediction as
a real-time problem, we have consumed these models us-
ing Virtual LLM (VLLM) (Kwon et al. 2023), a production-
grade high-performance inference engine designed for better
speed, scalability and long-context support.

Figure 1 describes our proposed workflow for Insomnia
prediction. We have approached the task in a reverse man-
ner by first extracting the text chunks that evidence a pa-
tient (ID) suffering from sleep disorders based on the clinical
notes from the MIMIC-III database. This subtask-2b serves
as an evidence-based reasoning step for the Definitions and
Rules, thereby extracting only relevant phrases that describe
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Figure 1: Proposed Workflow

sleep difficulties in the night for Definition 1, daytime im-
pairment for Definition 2, primary medications for Rule B
and secondary medications along with conditional satisfac-
tion of Definition 1 or Definition 2 for Rule C. Once the
text gets extracted we process the multi-label classification
based on the presence of text chunks on the Definitions and
Rules for a given patient ID. Once the definitions and rules
are updated to reflect the presence/ absence of the defined
descriptions, the insomnia status is determined based on the
status of the rules (A, B, and C).

Experiments and Observation

The SMMA4H task organisers provided the train (train 1: 45
samples + train 2: 25 samples), validation (20 samples) and
test (2000 samples) data. We observed that the data was
imbalanced and had more samples representing insomnia.
None of the clinical notes (discharge summary) from the
MIMIC-III database followed a similar pattern or structure
that could help extract sleep-related keywords from specific
sections. Each note varied in size from a few 100s to a few
1000s in token length, with length having no proportionality
with the end objective. These factors showed the complexity
of the data for the end prediction task.

Since all the tasks are interconnected, our prompt engi-
neering involved zero-shot prompting with a single wrap-
around all three subtasks. We defined prompts for the two
definitions and explained the rules to the model by asking
it to give the final insomnia prediction based on the rules
for the Gemma-2-2b-it model. Unlike the prompt engineer-
ing used for the Gemma-2-2b-it model, for the Llama-3-8b-
Instruct-AWQ model, we defined a prompt for both the def-
initions and rules by maintaining a similar bulletin format
as incorporated for Gemma-2-2b-it for better clarity to the
model.

Figure 2 shows the results obtained for the validation data
when using the Gemma-2-2b-it and Llama-3-8B-Instruct-
AWQ model. We received good results using the validation
data for both models, with Llama-3-8B-Instruct-AWQ out-
performing the Gemma-2-2b-it model. Figure 3 highlights
the results obtained from the test data for both models. The
mean and median performance on the test set among all
teams is provided by the organisers (Klein et al. 2025) and
highlighted in Figure 3. We can see that the Llama-3-8B-
Instruct-AWQ showed an above-mean median F1 score for
subtask-1 (insomnia prediction) and obtained a closer mean
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Figure 2: Validation Results

Test Results - Subtask 1, 2a & 2b
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Figure 3: Test Results

median F1 score for subtask-2a and subtask-2b. It is also
worth noting that the Gemma-2-2b-it model performed well
like the Llama-3-8B-Instruct-AWQ where both models were
closer to mean median F1 scores for subtask-2b.

Such a performance gap could be because of varied in-
put clinical notes, the issues with prompting by assuming
that the model has learnt well with the prompt fed for the
validation data or even because of consuming the model us-
ing vLLMs that use paged attention, which manages Key,
Value caches like virtual memory. While we have only
used the inference-only modules, our future work would in-
clude fine-tuning computationally friendly models for clin-
ical end prediction tasks. The source code is available at
https://github.com/Reshma-U/SMM4H-25.

Conclusion

To address the SMM4H’25 Shared task 4, we focused on
leveraging LLMS (Gemma-2-2b-it model and Llama-3-8B-
Instruct-AWQ) for the Insomnia prediction. We approached
the task in reverse order by first addressing subtask-2b of
text extraction for evidence-based reasoning, followed by
subtask-2a, the multi-label classification based on the pres-
ence of phrases in the established definitions and rules for
determining the insomnia status (subtask-1) from patient
records. We attained promising results for the validation set
and an above-average mean and median F1 score for the final
insomnia prediction using the Llama-3-8B-Instruct-AWQ.
As part of future works, we plan to improve moving from
zero-shot prompting to few-shot prompting and fine-tune
such computationally friendly models.
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