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Abstract

This paper presents an overview of the Medical
Decision Extraction, Analysis, and Classifica-
tion task (MedExACT) of BioNLP 2026. The
focus of this task is the extraction and labeling
of medical decisions in ICU discharge sum-
maries. The task is built on MedDec, a MIMIC-
III-based dataset of 451 expert-annotated sum-
maries, and asks systems to extract and classify
spans of text that contain medical decisions ac-
cording to the decision categories defined in the
Decision Identification and Classification Tax-
onomy for Use in Medicine (DICTUM). The
official ranking combines span F1 and token
F1 with a worst-group robustness metric com-
puted over sex, race, and English-proficiency
subgroups. MedExACT attracted broad inter-
national interest, with 130 official submissions
from 36 teams comprising about 60–100 par-
ticipants, and has improved information extrac-
tion performance by nearly 15% over the previ-
ous state of the art. The submitted systems pre-
dominantly use long-context encoder models,
ensemble decoding, boundary-refinement mod-
ules, and robustness-aware training or model
selection, with the best submitted run reaching
a final fairness-based F1 of 0.596.

1 Introduction

Clinical notes often document key medical deci-
sions concerning diagnoses, medications, proce-
dures, follow-up plans, and other decisions that
shape downstream care. These decisions are cen-
tral to clinical reasoning, but they are embedded in
long free-text narratives that make them difficult to
analyze at scale.

Prior studies have investigated joint span detec-
tion and classification for clinical outcomes (Abaho
et al., 2021), weakly supervised extraction of medi-
cal evidence from clinical texts (Liu et al., 2021),
and structured event extraction using sequence-to-
sequence frameworks (Ma et al., 2023).

MedDec (Elgaar et al., 2024) introduced the first
expert-annotated benchmark focused on extract-
ing medical decisions from discharge summaries,
grounding the task in the Decision Identification
and Classification Taxonomy for Use in Medicine
(DICTUM) (Ofstad et al., 2016) and in the MIMIC-
III critical care corpus (Johnson et al., 2016). The
same data has also supported interactive down-
stream tooling for extraction, visualization, and an-
notation of medical decisions (Elgaar et al., 2025).

MedExACT 2026 extends the above efforts into
a BioNLP shared task. Participants are asked
to identify contiguous decision spans in ICU dis-
charge summaries and assign each span one of the
shared-task labels. Unlike other valuable informa-
tion extraction resources such as CLIP (Mullen-
bach et al., 2021), which focus on physician action
items, MedExACT targets a decision taxonomy
that includes diagnostic assessments, therapeutic
plans, and evaluation statements. The task aver-
ages standard performance (span- and token-level
F1s) with a worst-group robustness metric across
nine subgroups defined by sex, race, and English
proficiency. This explicitly incentivizes fairness-
aware system design instead of treating fairness
as a post-hoc diagnostic. The task drew 130 sub-
missions from 36 teams. The winning system
scored 0.596. Top-performing approaches relied on
encoder-based models with ensembles, boundary
refinement, and category-specific decoding. LLMs
performed well as augmentation or reranking com-
ponents but poorly as standalone span extractors,
consistent with prior MedDec findings.

This overview paper documents the task formula-
tion and official evaluation approach, introduces the
public baseline and toolkit distributed with the task,
summarizes the systems submitted by participating
teams and the modeling patterns that emerged from
those submissions, and analyze the systems on ex-
act span extraction, long-document processing, and
subgroup-aware evaluation.
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Decision Category Description Examples
Contact related Decision regarding admittance or discharge from hospi-

tal, scheduling of control and referral to other parts of
the healthcare system

Admit, discharge, follow-up, referral

Gathering information Decision to obtain information from other sources than
patient interview, physical examination and patient chart

Ordering test, consulting colleague,
seeking external information

Defining problem Complex, interpretative assessments that define what the
problem is and reflect a medically informed conclusion

Diagnostic conclusion, etiological in-
ference, prognostic judgment

Treatment goal Decision to set a defined goal for treatment and thereby
being more specific than giving advice

Quantitative or qualitative

Drug Decision to start, refrain from, stop, alter or maintain a
drug regimen

Start, stop, alter, maintain, refrain

Therapeutic procedure Decision to intervene on a medical problem, plan, per-
form or refrain from therapeutic procedures

Start, stop, alter, maintain, refrain

Evaluating test result Simple, normative assessments of clinical findings and
tests

Positive, negative, ambiguous test re-
sults

Deferment Decision to actively delay a decision or rejection to de-
cide on a problem presented by a patient

Transfer responsibility, wait and see,
change subject

Advice and precaution Decision to give the patient advice or precaution, trans-
ferring responsibility for action to the patient

Advice or precaution

Legal/insurance related Medical decision concerning to legal regulations or fi-
nancial arrangements

Sick leave, drug refund, insurance,
disability

Table 1: Overview of the ten medical decision categories defined in MedDec, together with a brief description of
each category and representative examples. The Table is reproduced from (Elgaar et al., 2024).

Decision Type Sex Race Lng. Proficiency
Male Female White AA Hispanic Asian NH Other En Non-En

(n=259) (n=192) (n=327) (n=42) (n=25) (n=15) (n=1) (n=21) (n=260) (n=45)

Defining Problem 39.2 38.8 39.5 37.5 38.0 36.4 30.9 38.6 38.7 39.2
Drug 26.0 25.1 25.7 24.4 25.0 27.5 19.1 27.0 26.1 25.6
Evaluation 12.9 13.6 12.6 16.6 13.3 12.7 25.5 12.8 13.1 13.9
Therapeutic proc. 12.2 12.4 12.4 12.5 11.7 13.2 10.6 12.2 12.0 12.0
Contact 4.9 5.2 5.0 4.6 6.0 5.4 8.5 4.3 4.8 5.1
Advice 3.4 3.5 3.5 3.2 4.2 3.3 0.0 3.9 3.9 3.0
Gathering info 0.8 0.9 0.8 0.7 1.2 1.3 5.3 0.9 0.9 0.6
Treatment goal 0.3 0.3 0.3 0.3 0.4 0.2 0.0 0.2 0.2 0.4
Deferment 0.2 0.2 0.2 0.2 0.2 0.0 0.0 0.1 0.2 0.2
Legal/Insurance 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0

Total Count 33,054 24,235 41,666 5,684 3,264 1,737 94 3,078 37,026 6,295

Table 2: Percentage of annotated spans for each decision category across protected variables in MedDec. n is the
number of the discharge summaries for each category. The last row shows the total count of decisions per variable.

2 MedExACT 2026 Task Description

The task is built on MedDec (Elgaar et al., 2024),
which contains 451 discharge summaries, more
than 54k sentences, and roughly 1.4M tokens anno-
tated by domain experts. It reports token-level inter-
annotator agreement of 0.74 Cohen’s κ. The notes
come from MIMIC-III, a de-identified critical care
database distributed under controlled access (John-
son et al., 2016). MedExACT inherits that access
model: participants obtain the training and valida-
tion data from PhysioNet, while the official gold
labels for test set remain hidden.

Given a full discharge summary, systems must
detect contiguous text spans that express medical
decisions and assign each span one of nine DIC-

TUM decision categories defined in Table 1: Con-
tact related, Gathering information, Defining prob-
lem, Treatment goal, Drug, Therapeutic procedure,
Evaluating test result, Deferment, Advice and pre-
caution, or None for when no decision is present.
Table 2 shows the distribution of the decision cate-
gories across protected variables in MedDec.

For MedExACT 2026, the released split contains
350 training summaries, 53 validation summaries,
and the 48 hidden test summaries (Table 3). In addi-
tion to text and span annotations, the task package
includes demographic attributes used for subgroup
evaluation and phenotype metadata inherited from
the MedDec release. For privacy reasons, access to
the dataset requires approval for MIMIC-III under
their data use agreement.
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Figure 1: Overview of MedExACT 2026. (1) A raw ICU discharge summary from MIMIC-III is passed to the
system. (2) Participating systems typically combine long-context encoders, windowing or chunking of long notes,
boundary refinement, and category-specific decoding over the nine DICTUM decision classes to emit character-level
span predictions. (3) Predictions are matched against hidden gold annotations at two granularities, span-level
exact-match F1 (strict offset and label match) and token-level macro-F1, which are averaged into a per-note Base
score. (4) The final leaderboard score is the mean of the overall Base score and the minimum Base score across nine
subgroups defined by sex (2), race (5), and English proficiency (2), rewarding both accuracy and robustness.

As Figure 1 illustrates, the input to a submit-
ted system is the raw text of a discharge summary
taken from MedDec, and the output is a list of
predictions, each represented by a start character
offset, an end character offset, and a category ID.
These predictions are matched against hidden gold
annotations using a strict span-level evaluator to-
gether with a token-level evaluator, and the result-
ing Base score is combined with a worst-subgroup
term to produce the final leaderboard score (Sec-
tion 3). The shared task scores nine in-scope de-
cision types. The underlying MedDec annotations
follow DICTUM (Ofstad et al., 2016). Category 10
(Legal/insurance related) is ignored by the official
shared-task evaluator.

Example: Each MedDec annotation includes an-
notator ID, discharge summary ID, and a list of
decision spans with their text, DICTUM category,
character offsets, and annotation ID:

{
"annotator_id": "CALIML",
"id": "10814_101543_52781",
"annotations": [
{
"decision": "arrest with heart block",
"category": "3: Defining problem",
"start_offset": "526",
"end_offset": "556",
"annotation_id": "AC_005"
},
...
{
"decision": "GU: Foley in place",
"category": "6: Therapeutic procedure",
"start_offset": "4000",
"end_offset": "4018",
"annotation_id": "AC_048"
}
]

}

Split #Notes #Decisions Access

Train 350 43,640 Released
Validation 53 7,044 Released
Test 48 6,537 Hidden

Table 3: MedExACT 2026 data split summary. The
hidden test set is used only for official evaluation.

3 Evaluation

Submissions are assessed based on both perfor-
mance and robustness across patient subgroups.
Evaluation script is available on GitHub.1

Base Performance: is accessed by evaluating
two core metrics: (i) Span-F1, which requires pre-
dicted spans to exactly match the gold spans (in
both offset and label). The script performs a light
word-boundary expansion and punctuation trim-
ming before matching. (ii) Token-F1, computes
macro-F1 per note after tokenizing the raw text
with NLTK and then averages across notes. At to-
ken level, the evaluator excludes tokens that are
covered by more than one gold span.

Base = (SpanF1 + TokenF1)/2

Robustness: Let G denote the set of sub-
group buckets defined over sex, race, and lan-
guage proficiency. The subgroup definitions
used are Female/Male for sex, White/African
American/Hispanic/Asian/Other for race, and
English/Non-English for language. We compute
the same Performance Base score separately for
each of these nine subgroups and then calculate
the minimum subgroup Base Score across all the

1github.com/CLU-UML/MedDec/blob/main/evaluate.py
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Team LLM Ens Cat Long Aug Fair Final

CUAMC (Baumgartner and Schilling, 2026) ✓ ✓ 0.596
LAMAR (Chiewhawan et al., 2026) ✓ ✓ ✓ 0.594
Otter (Lowphansirikul and Ittichaiwong, 2026) ✓ ✓ ✓ ✓ 0.581
ELiRF-UPV (Ahuir et al., 2026) ✓ ✓ 0.581
MedMBZ (Elshehaby et al., 2026) ✓ ✓ ✓ ✓ 0.572
CASPAR (Tao et al., 2026) ✓ 0.567
Kondadadi (Kondadadi, 2026) ✓ ✓ ✓ 0.555
avishek ✓ ✓ 0.537
Fuyou Mao ✓ ✓ 0.533
ccccgo ✓ ✓ ✓ 0.533
Aurum (Kumari et al., 2026) ✓ ✓ 0.525
dipika_nath ✓ ✓ ✓ 0.514
TamuNLP ✓ 0.512
Baseline ✓ 0.511
CanSA (Alliheedi et al., 2026) ✓ ✓ 0.405
NoviceTrio ✓ ✓ 0.378

Table 4: Method matrix for the 15 system descriptions, sorted by descending final score, with the organizer
Baseline (Elgaar et al., 2024) shaded for reference. LLM: LLM used in the prediction pipeline. ENS: multi-
model ensemble or aggregation. CAT: category-specific decoding, routing, or reclassification. LONG: explicit
long-document windowing or chunking. AUG: synthetic, pseudo-labeled, or augmented training data. FAIR:
fairness-aware training, sampling, or model selection. Nearly all systems also use an encoder backbone and some
form of boundary post-processing; those near-universal features are omitted.

subgroups. This metric rewards systems that opti-
mize across all target subpopulations rather than
optimizing only the global average; this explicitly
incentivizes fairness-aware system design instead
of treating fairness as a post-hoc diagnostic:

WorstGroup = min
g∈G

Baseg

The final leaderboard ranking uses the following
fairness-aware aggregate score:

FinalScore = (Base +WorstGroup)/2

We consider the following two implementation de-
tails while evaluating: first, predictions must use
character offsets into the exact raw text supplied to
the evaluator. Any normalization of the whitespace,
punctuation, or section structure can shift offsets
and reduce scores; second, the shared task only
scores category IDs 1–9. Gold spans or predictions
outside that label space are ignored.

4 Task Resources and Public Baseline

In addition to the submission endpoint, the released
repository includes official split files without text
spans (the actual spans can be obtained from Phy-
sioNet), a sample predictions JSON file, a data-
cleaning utility for offset normalization, a statistics

generator for subgroup evaluation, raw-text extrac-
tion scripts for MIMIC-III notes, and the official
evaluator. The released bundle is also intended to
support replication after the workshop period.

The public baseline fine-tunes RoBERTa for
span tagging: tokens receive multiclass BIO-style
labels over 512-token segments, and the resulting
token labels are converted back to character-offset
predictions for evaluation. The implementation
also includes optional CRF decoding and random
cropping of long notes during training. This base-
line is meant to help participants verify prepro-
cessing, training, and submission formatting before
developing their own systems; it should not be
treated as the definitive performance reference for
the leaderboard. The original MedDec paper pro-
vides further baseline comparisons (Elgaar et al.,
2024).

5 Participating Systems

The system-description file available to us con-
tains 16 submissions from 15 organizations, and
the leaderboard snapshot contains 37 scored runs
(including the baseline model). Because the leader-
board file records submission usernames rather
than canonical team names, our quantitative analy-
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sis is run-centric, whereas the method analysis be-
low uses the author-provided system descriptions
when they are available.

Table 4 summarizes six design dimensions
across the 15 described systems. Ensembles ap-
pear in 9 descriptions, explicit long-document win-
dowing in 8, fairness-aware training or model se-
lection in 6, data augmentation in 5, LLMs use in
4, and category-specific decoding or routing in 3.
Nearly all systems also use an encoder backbone
and some form of boundary post-processing; those
near-universal features are omitted from the matrix.

The most discriminating column is category-
specific processing. All three systems that route
predictions through per-category decoders, reclassi-
fiers, or routing branches—Otter (Lowphansirikul
and Ittichaiwong, 2026) (category reclassifier),
ELiRF-UPV (Ahuir et al., 2026) (independent
CRFs per category with a section-category layer
mixer), and MedMBZ (Elshehaby et al., 2026) (sparse
category routing with span-length calibration)—
were in the top five. This pattern suggests that
a single set of decoding thresholds fits the nine het-
erogeneous DICTUM categories poorly and that
category-aware specialization provides consistent
gains. Ensembles and fairness-aware optimization
also skew toward the top: four of the five highest-
scoring systems use multi-model aggregation, and
three explicitly optimize for the worst-group term
in the official metric.

Explicit long-document windowing is common
but does not predict high final scores on its own.
The top two systems (CUAMC (Baumgartner and
Schilling, 2026) and LAMAR (Chiewhawan et al.,
2026)) do not flag windowing as a primary design
choice, relying instead on architectures that handle
length natively or on section-level decomposition.
Among the four LLM-based systems, fine-tuned
LLMs with ensemble aggregation (LAMAR) reach
the top of the leaderboard, while prompt-based
LLM pipelines (CanSA (Alliheedi et al., 2026),
NoviceTrio) fall well below the median, confirm-
ing that supervision and structured decoding re-
main critical even when the base model is large.

6 Results

Table 5 reports the full test-phase leaderboard snap-
shot with all 37 submitted runs, using the organizer-
provided display names listed in the paper. The top
five entries are CUAMC, LAMAR, Otter, ELiRF-UPV,
and MedMBZ. Across all 37 runs, the median final

Submission Final Base Worst Span Token

CUAMC 0.596 0.604 0.589 0.542 0.667
LAMAR 0.594 0.600 0.588 0.526 0.675
Otter 0.581 0.592 0.569 0.518 0.667
ELiRF-UPV 0.581 0.589 0.572 0.524 0.654
MedMBZ 0.572 0.585 0.560 0.490 0.680
NA 0.572 0.584 0.560 0.489 0.679
venus 0.572 0.585 0.558 0.490 0.680
fauna_rhea 0.571 0.584 0.558 0.490 0.678
jordanaskanov 0.570 0.582 0.557 0.489 0.675
CASPAR 0.567 0.573 0.560 0.506 0.641
NA 0.564 0.576 0.552 0.488 0.664
Kondadadi 0.555 0.577 0.534 0.482 0.673
fnkll 0.554 0.575 0.532 0.491 0.659
kotymoty 0.553 0.573 0.532 0.490 0.655
avishek 0.537 0.557 0.517 0.485 0.629
uijdsadada 0.533 0.541 0.525 0.430 0.652
ccccgo 0.533 0.541 0.525 0.430 0.652
csu-Medical 0.533 0.541 0.525 0.430 0.652
wubeining123 0.533 0.541 0.525 0.430 0.652
tekak_xo 0.529 0.549 0.508 0.466 0.632
rs-submission 0.529 0.549 0.508 0.466 0.632
popopop 0.528 0.535 0.521 0.438 0.632
Aurum 0.525 0.536 0.514 0.441 0.631
dbasudbasidad 0.515 0.523 0.508 0.412 0.633
dipika_nath 0.514 0.537 0.491 0.422 0.652
suxinqi 0.512 0.518 0.507 0.387 0.649
sususu123 0.512 0.517 0.506 0.385 0.649
Baseline 0.511 0.530 0.492 0.436 0.624
rm-rf-humans 0.510 0.544 0.476 0.461 0.627
nrgdedede 0.509 0.525 0.493 0.439 0.612
john_real 0.509 0.536 0.482 0.465 0.606
sususu1998 0.506 0.512 0.499 0.384 0.641
sususu666 0.477 0.483 0.470 0.349 0.617
CanSA 0.405 0.419 0.392 0.341 0.497
NoviceTrio 0.378 0.408 0.348 0.239 0.578
shahrin 0.264 0.274 0.255 0.215 0.334
mehulit22 0.031 0.047 0.015 0.006 0.088

Table 5: Full test-phase leaderboard snapshot with all
submitted runs, sorted by descending final score of
teams. The top five entries are marked with inline badge
icons and subtle row shading.

score is 0.533, while the mean of the top five final
scores is 0.585. The organizers’ baseline, shown
as MedExACT Organizers, ranks 28th with a final
score of 0.511. The gap between the median and
the top runs shows that small modeling choices
matter under this setup.

The top systems outperform the baseline across
almost all subgroups (Figure 2), however the
strongest system is not uniformly best for every
subgroup. The leaderboard also reveals a consis-
tent trade-off between token overlap and exact span
recovery (Figure 3). Among the five best final-
score runs, CUAMC has the strongest span F1, while
MedMBZ has the strongest token F1. Similar behav-
ior appears further down the leaderboard: several
runs reach token F1 in the 0.67–0.68 range while
remaining below 0.53 final score because exact
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Figure 2: Subgroup Base scores for the top five MedExACT 2026 systems and the organizer baseline. Cell values
show raw subgroup Base scores; colors are normalized within each subgroup to emphasize relative robustness
patterns across sex, race, and English-proficiency groups.
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Figure 3: Scatter plot of Span F1 versus Token F1
across MedExACT 2026 leaderboard submissions. The
top three systems (CUAMC, LAMAR, and Otter) are high-
lighted. High token-level overlap frequently fails to
yield exact span boundary recovery.

span boundaries and subgroup robustness remain
limiting factors. High token F1 with lower span F1
is consistent with coarse localization followed by
boundary errors under the strict span matcher.

The fairness-aware objective also changes the
interpretation of the ranking. For the top four
runs, the worst-group score trails the base score
by roughly 0.012–0.023 absolute points. These
gaps are small enough to indicate deliberate ro-
bustness tuning, yet large enough to affect final
ordering when systems optimize average accuracy
only. Participant descriptions confirm that many
teams treated the official final score as the primary
development objective rather than as a secondary
reporting metric.

7 Discussion

We summarize three takeaways from the participant
reports and leaderboard snapshot:

Long-Context Modeling is a Core Require-
ment: Handling long discharge summaries is
a prerequisite for this task. Given the length
and density of ICU discharge summaries, most
competitive systems used overlapping windows,
chunk-level processing, or section-aware decom-
position, including large encoder ensembles,
Clinical-Longformer fine-tuning, and retrieval-
based prompting pipelines (Kondadadi, 2026; Ku-
mari et al., 2026; Alliheedi et al., 2026).

Exact Span Recovery is the Primary Bottleneck:
Strong token F1 values show that systems can of-
ten detect the right region of text and recover the
correct semantic type. The harder step is to return
the precise character span expected by the official
evaluator. Boundary refinement, CRF decoding,
overlap-aware aggregation, and second-pass cali-
bration all target this failure mode, so similar mod-
ules appear across otherwise different model fam-
ilies (Tao et al., 2026; Chiewhawan et al., 2026;
Elshehaby et al., 2026).

Robustness-Aware System Design: Because the
final ranking combines average performance with
worst-group performance, teams invested in over-
sampling, subgroup-aware loss design, adversar-
ial training, and development-time checkpoint se-
lection under the official score (Baumgartner and
Schilling, 2026; Lowphansirikul and Ittichaiwong,
2026; Elshehaby et al., 2026). For future clinically
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Figure 4: Distribution of Base score, Token F1, and
Span F1 across submissions by subgroup and overall
performance. Boxplots summarize variation across runs
for sex, race, language, and overall scores, showing that
subgroup differences persist across all categories.

grounded shared tasks, this example suggests that
subgroup robustness should be built into the pri-
mary ranking rule instead of a post hoc diagnostic.

The Role of LLMs in Decision Extraction: The
submitted systems also clarify the current role
of LLMs in this space. Prior work has shown
that large language models can be effective few-
shot clinical information extractors in some set-
tings (Agrawal et al., 2022). In MedExACT, how-
ever, long discharge summaries and strict character-
offset evaluation seem to favor LLMs as augmenta-
tion, reranking, or repair modules instead of as stan-
dalone span extractors (Chiewhawan et al., 2026;
Alliheedi et al., 2026). This matches the low zero-
shot and one-shot exact-match results reported in
the MedDec paper (Elgaar et al., 2024).

Toward Generalization: A natural next step for
this shared task is to move beyond in-domain ro-
bustness and evaluate whether systems can gener-
alize across clinically distinct settings under ex-
plicit domain shift. A future version of MedEx-
ACT could frame this as phenotype-family trans-
fer, where models are trained without access to
one target phenotype family and then tested on dis-
charge summaries from that unseen family. This
new setting measures whether systems learn deci-
sion semantics instead of phenotype-specific lex-
ical or discourse patterns. We can annotate dis-
charge summaries with their corresponding pheno-
types, group phenotypes into clinically meaningful
families, and reports leave-one-family-out results.
We expect this setting to be feasible and result in
substantially lower than in-domain performance
due to the difficulty of transfer to unseen clinical
contexts. This direction would complement the
current robustness-aware evaluation by testing not
only subgroup stability, but also resilience to shifts
in patient populations and clinical conditions, and
could motivate new methods for domain general-
ization, transfer learning, and clinically grounded
robustness in medical decision extraction.

Understanding Clinical Decisions: This task
can help us better understand underlying clinical
decision-making by transforming unstructured clin-
ical notes into structured representations of the
decisions clinicians make. This enables large-
scale analysis of how clinical reasoning is recorded
across patients, conditions, and care settings. Such
structured evidence could also provide better clini-
cal decision support by making prior decisions eas-
ier to review, compare, and audit; helping clinicians
recognize patterns in diagnosis and treatment; iden-
tifying inconsistencies in documentation (Amiri
et al., 2024) and blind spots of extraction mod-
els (Elgaar and Amiri, 2026); and inform decision-
support tools grounded in real clinical narratives.

8 Conclusion

MedExACT 2026 focuses on robust medical de-
cision extraction over long discharge summaries.
The submitted systems mainly use long-context
encoder models, ensembles, boundary-aware de-
coding, and explicit optimization for the official
worst-group-adjusted score. The task establishes
a benchmark for medical decision extraction and
shows how robustness-aware evaluation can influ-
ence system design in clinical NLP.
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Figure 5: Full subgroup Base-score heatmap for all MedExACT 2026 leaderboard submissions. Rows are ordered
by final leaderboard score; columns correspond to the nine sex, race, and English-proficiency subgroups used in the
official robustness metric.

A Full Subgroup Leaderboard

Figure 5 shows the full subgroup Base-score heatmap for all MedExACT 2026 leaderboard submissions.
Rows are ordered by final leaderboard score; columns correspond to the nine sex, race, and English-
proficiency subgroups used in the official robustness metric. Three patterns stand out. First, the highest-
ranked systems are strong across nearly all columns rather than winning through a single favorable
subgroup; their Base scores mostly stay in the 0.58–0.66 range. Second, no system dominates every
subgroup: CUAMC has the best English and Non-English scores, LAMAR is strongest on Asian patients,
Otter is strongest on Hispanic patients, and ELiRF-UPV is strongest on African American and Other race
groups. Third, subgroup robustness remains a real source of variation. Several mid-ranked runs have
one or two noticeably weak columns, and the public baseline is illustrative: it is competitive on Hispanic
patients but drops on African American, Male, and Non-English patients. The lowest-ranked systems are
weak across all subgroups, which suggests that the robustness metric mainly separates otherwise capable
systems rather than rescuing globally poor extractors.
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