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Abstract

Extracting medical decisions from discharge
summaries is essential for downstream clini-
cal analytics, yet the task remains challeng-
ing due to the heterogeneous structure of elec-
tronic health records. For the MedExACT
track at ACL 2026, we proposed a system that
achieved the 4th position. Our approach first ap-
plies dynamic section conditioning to capture
the contextual dependencies inherent in each
document. A transformer backbone is then
augmented with category- and section-aware
layer mixing, enabling us to fuse global docu-
ment structure with fine-grained semantic cues.
To further improve robustness, we employ an
ensemble of instruction-tuned large language
models for automatic section extraction, while
a fairness-oriented model selection criterion
ensures that performance does not degrade on
minority demographic subgroups. The result-
ing system attains a final score of 0.5806 on
the held-out test set and demonstrates signifi-
cant gains over the baseline across all evaluated
subpopulations.

1 Introduction

The extraction of medical decisions from clinical
text is a critical task that holds significant potential
for enhancing patient care, advancing medical re-
search, and developing predictive models (Oliveira
et al., 2025; Klug et al., 2024). However, this pro-
cess is fraught with challenges due to the inherent
complexity of clinical text, which is characterized
by specialized jargon, abbreviations, and diverse
formats such as notes and reports (Mortadi et al.,
2025; Ando et al., 2022). Discharge summaries,
in particular, are rich repositories of medical deci-
sions, yet their extraction remains non-trivial due
to the inherent complexity and contextuality of clin-
ical language (Navarro et al., 2023; Hossain et al.,
2023).

The MedExXACT task at ACL 2026 (Elgaar et al.,
2026) builds on this challenge by requiring systems
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to identify and classify medical decisions within
ICU discharge summaries. The task is grounded
in the MedDec dataset (Elgaar et al., 2024), which
comprises over 56 000 expert-annotated spans de-
rived from de-identified MIMIC-III clinical notes
(Johnson et al., 2016) across nine decision cate-
gories. This dataset reflects real-world clinical prac-
tice, with significant variations in demographic and
linguistic distributions, making it a robust bench-
mark for evaluating both accuracy and equity in
medical decision extraction systems.

This task faces significant challenges: contextual
complexity, demographic variability, and overlap-
ping semantics. Contextual complexity demands
models that capture fine-grained semantic depen-
dencies across document sections. Demographic
variability requires consistent performance across
diverse groups to ensure fairness. Overlapping se-
mantics necessitate robust methods to accurately
disambiguate decisions.

Our paper addresses these issues through an in-
novative approach involving dynamic section con-
ditioning and the integration of semantic segmen-
tation with context-aware modeling. This method
not only enhances the accuracy of medical decision
extraction but also ensures fairness across diverse
populations.

The remainder of the paper is structured as
follows: Section 2 provides an overview of the
task, Section 3 details our methodology, Section 4
presents our experimental results, and Section A
describes our validation findings. Finally, Section
6 discusses the implications of our findings and
future directions.

2 The Shared Task

The MedExXACT shared task was guided by the
Decision Identification and Classification Taxon-
omy for Use in Medicine (DICTUM). Participat-
ing systems were required to detect contiguous
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Table 1: Gold span counts and percentage distribution per demographic subgroup across dataset splits in the MedDec
dataset (Elgaar et al., 2024). Test counts (n) are derived from the shared-task evaluation output.

Train Eval Test
Dimension  Group n % n % n %
S Female 17342 421 3262 49.7 2298 378
ex Male 23831 579 3307 503 3780 622
White 28342 688 5159 785 4673 76.9
African American 4078 9.9 902 13.7 313 5.1
Race Hispanic 2670 6.5 175 2.7 89 1.5
Asian 1154 2.8 0 00 148 24
Other 4929 120 333 5.1 855 141
Laneuace  English 25762  62.6 4744 722 4134  68.0
EU4EC Non-English 15411 374 1825 278 1944 320

text spans and classify them into nine categories:
Contact related, Gathering information, Defining
problem, Treatment goal, Drug, Therapeutic pro-
cedure, Evaluating test result, Deferment, and Ad-
vice/precaution.

Table 1 shows how gold span counts vary by
sex, race, and language across the three splits in
the MedDec dataset. In the training set, males
dominate (57.9%), but the evaluation split is almost
balanced (50.3%), and the test set again skews male
(62.2%). Racial composition shifts as well: White
subjects rise from 68.8% in training to 76% in
both evaluation and test, while African-American
spans peak at 13.7% during evaluation and fall to
5.1% in the test set. Language distribution mirrors
this trend, with English spans peaking at 72.2% in
evaluation and non-English spans being highest in
training (37.4%).

In the shared task, the systems were evaluated
with a composite metric that balances accuracy
and fairness. Accuracy is captured by the Base
Score Spase, the arithmetic mean of Span-F; (ex-
act span-and-label match) and Token- . Fairness
is measured via the Worst-group Score Syorst =
mingeq Shase,g» Where G denotes all demographic
or linguistic subgroups. The Final Score, encour-
aging uniform performance across groups, is

Shase + mingGG(Sbase,g)

Sﬁnal = 9 .

The baseline was a RoBERTa-based BIO sequence
tagger. Because clinical notes average 1600 words,
the model processed them in 512-token chunks to
respect input limits (Elgaar et al., 2024).

3 Developed System

The developed system comprises a modular
pipeline that integrates semantic segmentation of
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clinical reports with a context-aware extraction
phase. The architecture employs a pretrained trans-
former encoder to generate a sequence of hidden
states across all layers; subsequently, a category-
and section-aware layer-mixing module aggregates
these states to produce the final embeddings for
the classification heads. By utilizing an attention
mechanism, the layer-mixing module computes a
weighted sum of the encoder’s hidden states, con-
ditioned on the section’s canonical identity and
the targeted entity type. This configuration is de-
signed to facilitate the integration of global docu-
ment structure with local semantic features, provid-
ing a framework to manage the contextual depen-
dencies inherent in segmented clinical text.

3.1 Section Extraction

Clinical reports often lack formal partitioning, lead-
ing to segmentation strategies that ignore natural
semantic boundaries. However, clinical discourse
is fundamentally structured around distinct head-
ers —such as History, Findings, and Impression—
which provide critical inductive biases for entity
contextualization. For instance, an entity labeled
as a condition in the History section implies a past
state, whereas the same entity in Findings denotes
a current observation.

To overcome the brittleness of rule-based pars-
ing, this system delegates section identification to
an ensemble of instruction-tuned Large Language
Models (LLMs), including Liama 3.2 (Grattafiori
et al., 2024), Gemma 3 (Team et al., 2025), OQwen3
(Yang et al., 2025), and Mistral (Jiang et al., 2023).
These models are leveraged to resolve the stylis-
tic variations and semantic synonymy common in
free-text reports. We implement a sequential infer-
ence strategy to maintain computational efficiency,



terminating the ensemble query once a valid seg-
mentation is achieved. This process transforms
unstructured text into structured records charac-
terized by canonical names and precise character
offsets.

To ensure the reliability of these extractions,
we utilize a multi-dimensional scoring framework.
This metric evaluates the completeness of text cov-
erage, penalizes overlapping segments, and vali-
dates that section lengths remain within clinically
plausible bounds. By applying a statistical penalty
to high variance in segment distribution, the sys-
tem prioritizes structural consistency, ensuring that
internally balanced segmentations are selected over
irregular partitions.

3.2 Architecture

To handle the presence of tokens belonging to mul-
tiple semantic categories, the architecture employs
9 independent BIO classification heads operating in
parallel, one per category. This parallelized struc-
ture enables the representation of overlapping spans
without specialized decoding, as each head inde-
pendently predicts the presence of a specific entity
type. The system’s training objective is formulated
as the mean of the 9 per-head Conditional Random
Field (CRF) negative log-likelihood losses.

To provide structured conditioning, section
names are clustered with the Hierarchical
Density-Based Spatial Clustering of Applica-
tions with Noise, HBSCAN, (Campello et al.,
2013) into semantically coherent groups using
the all1-MinilLM-L6-v2 model of SentenceTrans-
former (Reimers and Gurevych, 2019). During
training, headers are grouped into clusters of at
least 3; headers in the validation and test sets are
subsequently mapped to their nearest training clus-
ter using cosine similarity. This establishes a fixed
vocabulary of canonical section identities, allowing
the model to incorporate document-level context
despite variations in header nomenclature.

Documents are processed at the section level,
with each section treated as an independent train-
ing instance. Sections exceeding the transformer’s
token capacity are partitioned into overlapping win-
dows of 768 characters with a 50-character stride.
Annotations are aligned to sub-tokens via offset
mapping, with overlapping boundaries resolved
greedily to maximize character coverage. Those
parts of the text that are not covered by any section
are assigned to a dedicated “undefined” section.

The architecture utilizes a pretrained transformer
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backbone to extract a sequence of hidden states
H. A subsequent layer-mixing module computes
a weighted combination of all L + 1 hidden states.
Using an attention mechanism, the model selects
layers based on both the category type and the spe-
cific section identity. For a given head, we define
a 2-token query sequence () = [ecqategory, Esection )
where egection 18 derived from the section cluster
embedding and e qtegory from one of the nine cat-
egory embeddings. The attention weights « for
each layer [ € {0,..., L} are computed by first
calculating the alignment scores:

ap,s,1 = *((WkHb s l) (W ecategory)
(WkHb s l) (W esectzon))

exp(ap,s,1)
L
2 j=0 exP(ab,s ;)
The resulting conditioned representation hj

the weighted sum of the previously extracted hld-
den states:

Ap,sl =

L
!
s = § apsg - Hy s
1=0

Final sequence labeling is performed by the 9 la-
beling heads, each containing a specialized Bidirec-
tional LSTM (BiLSTM) and a CRF layer. This ar-
chitecture ensures that each head models category-
specific sequential patterns.

4 Submitted Runs

We submitted three runs, differing only in en-
coder, initialization, and model-selection strategy;
all were fine-tuned on the shared-task data (LR =
5x 1075, 10% linear warm-up over 5 epochs unless
noted).

* Run 1: Bio-Clinical BERT (Alsentzer et al.,
2019) encoder; checkpoint chosen to maxi-
mize the overall competition score on valida-
tion.

Run 2: RoBERTa-large (Zhuang et al., 2021)
encoder; same fine-tuning and selection cri-
terion as Run 1, allowing a direct size and
domain-vs-general comparison.

Run 3: The fine-tuning process of Run 2, but
changing the checkpoint selection to the max-
imization of the harmonic mean across demo-
graphic subgroups to prioritize fairness over
aggregate performance.



Validation results are presented in Appendix A.

5 Shared Task Results

Table 2 reports the overall performance of our
three runs on the MedEXACT @ ACL2026 test
set, while Table3 gives a fine-grained analysis by
demographic subgroup. The results show a clear
improvement in both accuracy and stability over
validation, indicating strong generalization to un-
seen clinical data.

Table 2: Results for the three submitted runs in the
MedExXACT @ ACL 2026 Test set.

Metric Runl Run2 Run3
Span F1 0.4952 0.5174 0.5237
Token F1 0.6181 0.6610 0.6541
Worst-Group Score  0.5397  0.5650 0.5723
Final Score 0.5482 0.5771 0.5806

Table 2 shows that Run 3 is our best sub-
mission, with a Final Score of 0.5806 and a
Worst-Group Score of 0.5723. In contrast to the val-
idation phase (Appendix A), where RoBERTa-large
lagged behind domain-specific Bio-Clinical BERT,
the test results favor the larger general-domain
model. Thus, while Run 1 (Bio-ClinicalBERT)
establishes a strong baseline, Run 3’s scaling and
fairness-oriented selection deliver superior overall
performance and demographic equity on the test
set.

Table 3: Subgroup base scores for the three submitted
runs in the MedEXACT @ ACL 2026 Test set.

Group Subgroup Runl Run2 Run3
Sex Female 0.5816 0.6118 0.6149
Male 0.5413 0.5757 0.5723

White 0.5568 0.5876 0.5778

African American 0.5419 0.5843 0.5966

Race Hispanic 0.5454 0.5650 0.6134
Asian 0.5460 0.5764 0.5860

Other 0.5601 0.5988 0.6376

Laneuace English 0.5670 0.5980 0.5912
EU498€ " Non-English 0.5397 0.5739 0.5837
Harmonic Mean 0.5530 0.5854 0.5964

Table 3 shows that the bottleneck for the His-
panic cohort seen in validation is largely eliminated
on the test set: Run 3 scores 0.6134, surpassing
many other groups. This confirms that optimizing
the Harmonic Mean during checkpoint selection
balances sensitivity across demographics, and that
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Run 3 also attains the highest overall Harmonic
Mean (0.5964).

Table 4: Top 5 participants on the MedEXACT @ ACL
2026 test leaderboard. Subscripts indicate the rank po-
sition for each metric among the five participants. The
baseline (BL) is shown for reference. The columns
refer to: Final Score (F-S), Baseline Score (B-S), Worst-
Group Score (WG-S), Span F1 (S-F1), and Token F1
(T-F1).

# F-S B-S WG-S S-F1 T-F1

1 0.5965; 0.6043; 0.5886; 0.5419; 0.66673

2 0.5942, 0.60032 0.58812 0.52572 0.67502

3 0.58093 0.59245 0.56954 0.51814 0.66664
*4  0.58064 0.58894 0.57233 0.52373 0.65415

5 0.57245 0.58485 0.56015 0.49005 0.67964
BL 0.5111 0.5301 0.4922 0.4363 0.6238

Table 4 places our best submission (Run 3) 4th
overall, surpassing the official baseline by 4+-0.0695
in Final Score and 4-0.0801 in Worst-Group Score.
Although we rank 5th on Token-F1, our 3rd-place
Worst-Group Score underscores the model’s effec-
tiveness at achieving robust, equitable clinical en-
tity extraction.

6 Conclusions

We demonstrated that dynamic section con-
ditioning—semantic segmentation of clinical
documents followed by a context-aware en-
coder—substantially improves medical decision
extraction while maintaining demographic eq-
uity. Across three experimental runs, the
RoBERTa-large model with a fairness-focused se-
lection strategy (Run 3) achieved the highest Final
Score (0.5806) and Worst-Group Score (0.5723),
outperforming both the baseline and other configu-
rations. The improvement from validation to test
data confirms strong generalization to unseen clini-
cal records.

Maximizing the harmonic mean across demo-
graphic subgroups in Run 3 not only boosted over-
all performance but also ensured equitable out-
comes, illustrating that fairness-aware model se-
lection can enhance both accuracy and inclusivity.

Future work will focus on reducing computa-
tional complexity (e.g., via distillation or quan-
tization) and extending robustness evaluations to
diverse clinical settings, thereby increasing the real-
world applicability of our approach. In addition,
we plan to conduct a thorough ablation study to bet-
ter understand the contribution of key components.



This will include analyzing the impact of varying
the number of retrieved similar sections on final
performance, as well as systematically removing or
varying components such as section conditioning,
ensemble models, and layer mixing.

Limitations

While our approach shows strong performance
overall, several limitations should be noted.

First, using multiple large language mod-
els (LLMs) for section extraction creates sig-
nificant computational overhead—each model
must run separately, increasing latency and GPU
memory demands, which hampers scalability in
resource-constrained clinical settings.

Second, the method assumes reliable section
identification. In practice, documents vary widely
in formatting and terminology; misidentified sec-
tions can propagate errors to downstream tasks
such as entity or relation extraction.

Third, although promising on MedDec, perfor-
mance on other clinical domains (radiology, pathol-
ogy, and outpatient notes) has not yet been eval-
uvated. Different specialties use distinct vocab-
ularies and structures that may challenge both
the heuristics and the LLMs’ adaptability without
fine-tuning.

Finally, reliance on large pre-trained models
raises privacy and regulatory concerns. Even with
local inference, model parameters can contain sen-
sitive patterns from training data, requiring careful
audit and mitigation before deployment in regu-
lated environments.
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A Validation Results

The validation results for the three submitted runs
are presented in Table 5, showing the overall per-
formance of the models. The RoBERTa-large con-
figurations (Run 2 and Run 3) yielded higher Span
F1 and Token F1 scores than the domain-specific
Bio-Clinical BERT (Run 1), yet Run 1 reached the
highest Final Score of 0.4732. The Worst-Group
Score was highest in Run 1 (0.4089), suggesting
that the domain-specific representations in this run
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Table 5: Validation set results for the three submitted
runs.

Metric Runl Run2 Run3
Span F1 0.4802 0.5013 0.5013
Token F1 0.5947 0.6153 0.6294
Worst-Group Score  0.4089 0.3772  0.3538
Final Score 0.4732 0.4677 0.4596

maintain a higher performance floor on the vali-
dation set compared to the larger general-domain
models.

Table 6 provides the breakdown of scores across
sex, race, and language subgroups. It shows that
selecting for the Harmonic Mean in Run 3 results in
the highest consistency across most categories, no-
tably improving the Other race subgroup to 0.5129.
However, this optimization for parity across the
majority of groups coincided with the lowest ob-
served score for the Hispanic subgroup (0.3538),
which remained the performance bottleneck across
all three runs. While Run 3 achieved the highest
overall Harmonic Mean (0.5221), the validation
data suggests a trade-off: increasing broad demo-
graphic consistency could lower the score of the
lowest-performing subgroup.

Table 6: Validation set subgroup base scores for the
three submitted runs.

Group Subgroup Runl Run2 Run3
Se Female 0.5617 0.5819 0.5861
x Male 0.5138 0.5353 0.5452
White 0.5469 0.5673 0.5726

Race African American 0.5429 0.5712 0.5739
Hispanic 0.4089 0.3772 0.3538

Other 0.4109 0.4419 0.5129

Laneuace English 0.5250 0.5512 0.5577
EU32¢  Non-English 0.5639 0.5736 0.5803
Harmonic Mean 0.5014 0.5138 0.5221
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