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Abstract

We present a lightweight, deterministic post-
processing approach for clinical text classifi-
cation based on entanglement between clini-
cally meaningful concepts. Our system was
developed for the SMM4H 2026 shared task on
insomnia detection and related information ex-
traction from clinical notes. For Subtask 1, we
introduce an entanglement-based rescue layer
that models dependencies between sleep dis-
turbance, daytime impairment, and evidence
of sleep-targeted medications. Applied as a
false-negative correction on top of an LLM
baseline, this approach improves recall while
preserving precision. In the official test set, the
rescue layer increases F1 by 25% without de-
grading precision (1.00). Local experiments
show larger gains on weaker runs, suggesting a
stabilizing effect on variable LLM output. For
Subtask 2, we implement an LL.M-based sys-
tem for rule-based evidence and span extraction.
Results highlight the effectiveness of modeling
clinically grounded dependencies and suggest
directions to improve evidence extraction and
span matching.

1 Introduction

There are health issues such as psychiatric con-
ditions and work absenteeism, among others, as-
sociated with sleep disorders that have a signif-
icant impact not only on sleep quality but also
on overall quality of life. Despite the fact that
insomnia is a well-known sleep disorder and its
clinical relevance is widely recognized, it remains
largely underdiagnosed. We seek to contribute to
tackle this problem by identifying insomnia in large
clinical notes. However, detecting insomnia is a
challenging task due to the variability of clinical
language, the implicit nature of many symptom
descriptions, and the presence of confounding fac-
tors such as comorbid conditions and treatment
contexts. Recent approaches increasingly rely on
large language models (LLMs), which can capture
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complex contextual relationships but may exhibit
instability across runs and often struggle with re-
call in highly specific clinical tasks. In this work,
we present a theoretically motivated system for
binary classification of clinical notes based on ex-
plicit modeling of dependencies between clinically
meaningful concepts. Inspired by the notion of
entanglement from the Quantum Theory of Terms
(Burgos, 2024; Burgos et al., 2024), we hypothesize
that the evidential value of certain clinical concepts,
such as sleep disturbance, depends on their inter-
action with other concepts, such as medication or
daytime impairment. We operationalize this idea
through a lightweight, deterministic rescue layer
that corrects false negatives in an LLLM-based base-
line by detecting co-occurrence patterns between
key concept categories. This approach prioritizes
interpretability, robustness, and minimal computa-
tional overhead. We evaluate our method in the
context of the SMM4H 2026 shared task. For Sub-
task 1 (insomnia detection), we demonstrate that
explicit modeling of concept dependencies signifi-
cantly improves recall while preserving precision.
For Subtask 2 (evidence and span extraction), we
implement a rule-informed system and analyze its
strengths and limitations.

2 State-of-the-Art

Automatic insomnia detection from clinical notes
lies at the intersection of sleep medicine, EHR phe-
notyping, and clinical NLP. Current frameworks
rely on standardized criteria such as sleep difficul-
ties and daytime impairment, but inconsistent doc-
umentation in free-text notes limits large-scale re-
search (Sateia, 2014; Substance Abuse and Mental
Health Administration Services, 2016; Bramoweth
et al., 2021; Afonso et al., 2025). Before the re-
cent LLM wave, research followed two main di-
rections: structured EHR prediction (Holler et al.,
2023) and sleep-information extraction from narra-
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tive notes. In this area, Sivarajkumar et al. (2024a)
showed that rule-based NLP could outperform con-
ventional machine-learning and LLM methods for
sparse sleep-related evidence (Holler et al., 2023;
Sivarajkumar et al., 2024b).

Recent advances have been driven by domain-
adapted transformers and long-context encoders
such as ClinicalBERT, Clinical-Longformer, and
Clinical-BigBird, which improve performance on
lengthy clinical documents. Insomnia phenotyping
has also evolved toward explainable frameworks
combining note-level classification, rule classifica-
tion, and evidence extraction. In the shared-task
setting proposed by Afonso et al. (2025), systems
integrate document-level models with BERT-based
BIO tagging to identify insomnia mentions, sleep
difficulties, daytime consequences, and medication
cues.

The current frontier involves generative LLM
phenotyping over clinical narratives. Using few-
shot prompting and chain-of-thought reasoning,
Lopez-Garcia et al. (2025) outperformed domain-
adapted BERT baselines, although challenges re-
main regarding context-sensitive medication men-
tions, rare symptoms, and discontinuous evidence
(Afonso et al., 2025). Overall, the state of
the art combines explainable EHR phenotyping,
long-context transformers, and prompt-engineered
LLMs with span-level evidence extraction.

Lastly, quantum-inspired approaches to lan-
guage and information retrieval (e.g., Van Rijsber-
gen (2004)) have advanced considerably, although
they remain theoretically fragmented. In contrast,
the Quantum Theory of Terms (QTT), which under-
pins the present methodology, provides a unified
account of terms as dynamic semantic systems with
contextually actualized properties.

3 Shared Task Overview and Data

The SMM4H 2026 (Lopez-Garcia et al., 2026)
shared task focuses on extracting insomnia-related
information from clinical notes and consists of two
subtasks. Subtask 1 requires binary classification
of clinical notes to determine whether they contain
evidence of insomnia, even when insomnia is not
the primary reason for consultation. This task is
particularly challenging due to implicit symptom
descriptions, long and heterogeneous clinical notes,
the presence of confounders (e.g., pain, respiratory
problems) and variability in documentation prac-
tices. Subtask 2 involves identifying specific labels
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(e.g., Definition 1, Definition 2, Rule B, Rule C)
and extracting the corresponding spans from the
text. This task combines multi-label classification
with sequence labeling and requires both semantic
interpretation and precise span localization.

3.1 Data Characteristics

The data set consists of clinical notes of varying
length, often exceeding the input limits of standard
transformer models. The notes include structured
sections (e.g., medication lists), narrative descrip-
tions, and heterogeneous terminology. This com-
plexity motivates approaches that can selectively
focus on relevant evidence rather than processing
entire documents uniformly.

4 Overview of the System

Our system for Subtask 1 consists of two compo-
nents:

* LLM-based baseline predictions

* Entanglement-based rescue layer applied as
post-processing.

The LLM-based approach was implemented us-
ing few-shot prompt engineering with GPT-40 mini
via an API. Two complete clinical notes were se-
lected as examples from the training dataset, while
the prompt was designed based on the definitions
of difficulty sleeping, daytime impairment, and
Rules A, B, and C provided by the organizers of
the shared task. These rules specify when a patient
1s considered to have insomnia, based on the defini-
tions of difficulty sleeping and daytime impairment,
as well as the prescription of certain primary and
secondary insomnia medications.

The rescue layer is designed to correct false
negatives by identifying clinically meaningful de-
pendencies between concept categories. It oper-
ates deterministically and does not require addi-
tional training. The key idea is that insomnia evi-
dence is often not expressed explicitly but emerges
from the interaction of multiple signals, such as
sleep-related complaints, daytime impairment, and
sleep-targeted medication. By modeling these in-
teractions explicitly, the system can recover cases
missed by the baseline model.

Our system for Subtask 2 consists of a single zero-
shot GPT-40 mini-based component and a post-
processing data formatting step. The prompt in-
cluded the same instructions used for Subtask 1,



along with additional constraints, which are de-
tailed in the next section (See all the details about
our implementations').

5 Methodology
5.1 Subtask 1

* Concept Categories: we define three primary
concept categories: sleep disturbance (S) for
explicit mentions of insomnia or difficulty
sleeping (e.g., trouble sleeping, difficulty
sleeping, poor sleep), daytime impairment (I)
for fatigue, somnolence, or related symptoms
(e.g., tiredness, somnolence, exhausted), and
medication (M) for sleep-targeted medications
(e.g., zolpidem, melatonin, bedtime prescrip-
tions). Each category is detected using curated
lexical patterns.

Entanglement Modeling: we operationalize
entanglement as multiplicative interaction
terms between concept categories: Fgj
S -1 and Egp; = S - M with the final entan-
glement score being

E =3(SI)+2(SM) (D
This formulation reflects the intuition that
sleep disturbance combined with impairment
or medication provides stronger evidence than
either alone and that triple interactions pro-
duce the strongest signal.

Rescue Rule: the rescue layer modifies base-
line predictions with a rule that is intentionally
conservative and only targets false negatives
as follows:

|

We assigned a higher weight to SI (sleep dis-
turbance x daytime impairment) because this
interaction aligns more directly with clinical
definitions of insomnia, while SM (sleep dis-
turbance x medication) was weighted slightly
lower due to the greater ambiguity of medi-
cation evidence. The threshold £ > 2 was
chosen so that either interaction could inde-
pendently trigger false-negative rescue while
still requiring an explicit dependency between

1 ifg)LLM:OandE22

YLim  otherwise

2

'We provide the code of our implementations in a public
GitHub repository. https://shorturl.at/02tLb
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clinically meaningful concepts. Lower thresh-
olds increased false positives, whereas higher
thresholds reduced recall gains during ex-
ploratory experiments.

This implementation is fully deterministic
(see Figure 1), no additional training is re-
quired, computational cost is low, and deci-
sion logic is interpretable.

5.2 Subtask 2

The following instruction set was added to the
prompt of the GPT-40 mini-based system described
in the previous section for the subtask 2. The model
was required to extract evidence strictly as literal
substrings from the clinical note (copy—paste), pre-
serving case sensitivity and any original format-
ting or spelling inconsistencies (e.g., spacing errors
or missing punctuation). No additional characters
were allowed to be appended to the extracted text.
For non-contiguous evidence, the model was in-
structed to concatenate segments using the delim-
iter " | ". Furthermore, consistency constraints were
enforced such that any component labeled as “yes’
must include a non-empty explanation, whereas
components labeled as “no” must contain an empty
explanation field. The output format was restricted
to a single JSON object with a predefined schema
covering definitions, rules, and overall insomnia
status.

2

Following generation, a post-processing step
was applied through a custom Python script to iden-
tify the start and end character spans of each ex-
tracted occurrence. Since multiple discontinuous
mentions may be present within a single clinical
note, the segments separated by " | " in the LLM
output were split and independently aligned with
the source text to compute their exact spans (see
Figure 2).

6 Experimental Setup and Results

Locally, we evaluated the rescue layer for Subtask
1 on multiple runs of the baseline system, including
both high-performing and weaker runs. Officially,
For Subtask 1, evaluation is based on precision, re-
call, and F1-score (see Tables 1 and 2). For Subtask
2, evaluation includes label classification (F1), and
span extraction (exact and partial matching)(see
Table 3).
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System Precision Recall F1 Metric Ours Mean Median

Baseline 1.000 0.316 0.480 Label Classification F1 ~ 0.5946 0.5888  0.6000

+ Entanglement 1.000 0.474 0.643 Exact Match 0.0925 0.3129 0.3586
Partial Match 0.3353 0.4584 0.4524

Table 1: Subtask 1 official test results. The entangle-
ment layer improves recall while preserving perfect
precision.

System  Acc. Precision Recall F1
Baseline 0.763 0.922 0.587 0.718
+ Entan-

glement  0.904 0.945 0.863  0.902

Table 2: Subtask 1 local evaluation on a weaker baseline
run. The entanglement layer substantially improves
recall and F1.

7 Discussion

The results highlight several key findings. First, the
entanglement-based rescue layer is highly effective
at improving recall without degrading precision.
This is particularly valuable in clinical settings
where false positives may be costly. Second, the
method is especially effective for weaker baseline
runs, suggesting that it acts as a stabilizing layer for
LLM variability. Third, the approach relies heav-
ily on explicit lexical evidence. While this ensures
high precision, it limits recall in cases where insom-
nia is expressed implicitly. Fourth, experiments
with embedding-based extensions showed that un-
constrained semantic similarity introduces false
positives, reinforcing the importance of grounding
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Table 3: Subtask 2 official results compared to shared
task statistics.

entanglement in clinically interpretable features.
Finally, Subtask 2 results indicate that while rule-
based approaches can perform competitively in la-
bel classification, span extraction requires more
precise modeling of text boundaries and contextual
cues.

8 Conclusions

We presented a lightweight entanglement-based res-
cue layer for insomnia detection in clinical notes.
The method models dependencies between clin-
ically meaningful concepts and improves recall
while preserving precision. Our results demon-
strate that explicit modeling of concept interactions
provides a robust complement to LLM-based ap-
proaches, particularly in scenarios with high vari-
ability. Future work will focus on extending the
approach with controlled semantic generalization,
improving coverage of implicit insomnia expres-
sions, and integrating entanglement modeling into
end-to-end architectures, including testing to gauge
if evidence and span extraction can benefit from a
similar approach.
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