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Abstract
We present an overview of the ArchEHR-QA 2026 Shared Task on grounded question answering from electronic
health records (EHRs), organized at the CL4Health Workshop at LREC 2026. The 2026 task decomposes grounded
EHR question answering (QA) into four complementary subtasks: question interpretation, evidence identification,
answer generation, and evidence alignment. We evaluated submitted systems for the text-generation subtasks
(question interpretation and answer generation) using lexical, semantic, and grounding-sensitive automatic metrics,
and for the evidence-centric subtasks (evidence identification and evidence alignment) using precision, recall, and F1.
The shared task received 198 submitted runs from 43 teams, and 17 teams additionally provided system descriptions
for this overview. The highest-ranked systems differed across subtasks, and gains over the organizer baseline were
largest on the evidence-centric subtasks. Across submitted system descriptions, prompt-based large language
model (LLM) pipelines were dominant, whereas task-specific fine-tuning was rare; retrieval, self-consistency, and
ensembling were especially common in the strongest evidence-centric systems. In this paper, we describe the task
design, data, evaluation protocol, baselines, participation, official results, and common system characteristics, and
discuss implications for developing clinically faithful and transparent QA systems.

Keywords: grounded question answering, electronic health records, clinical natural language processing,
question reformulation, evidence attribution, shared task evaluation

1. Introduction

Patients frequently contact their healthcare
providers with questions about diagnoses, treat-
ments, test results, and events documented in
their electronic health records (EHRs) (Tai-Seale
et al., 2017). Patient messaging is also a sub-
stantial contributor to clinician burden (Yan et al.,
2021; Martinez et al., 2024). From a clinical
natural language processing (NLP) perspective,
responding to a patient question from the EHR
can be decomposed into four related steps:
identifying the patient’s core information need,
locating answer-bearing clinical evidence, drafting
an answer, and linking the answer back to the
supporting evidence. Systems that assist with
any subset of these steps could reduce clinician
burden while improving transparency.

Clinicians often find it challenging and time-
consuming to process patient messages that are
long, verbose, and emotionally charged (Lanham
et al., 2018). Patients often ask longer questions,
and as a result, prior work has studied summa-
rization of consumer health questions that can
be answered from general medical knowledge
(Ben Abacha et al., 2021). However, comparatively
less work has focused on reformulating patient-
authored narratives into patient-specific clinical
questions that can then be answered from the pa-
tient’s EHR (Soni and Demner-Fushman, 2025b).

EHR-grounded response drafting also requires

effective evidence identification. Because EHRs
contain large amounts of heterogeneous patient
information, finding the specific note sentences
needed to answer a question is time-consuming
(Koopman et al., 2015; Nijor et al., 2022). Although
clinical information retrieval has been studied ex-
tensively, much of that literature concerns retrieval
across patients or documents rather than extrac-
tion of patient-specific answer evidence within an
individual patient’s EHR (Sivarajkumar et al., 2024).

Finally, clinicians prefer QA systems whose an-
swers can be verified against clinical evidence (Kell
et al., 2024). Grounding (linking text back to the
source evidence that supports it) is therefore a cen-
tral requirement for trustworthy clinical QA (Chandu
et al., 2021). In the present setting, grounding
should allow a clinician to inspect which parts of the
EHR support each answer sentence, regardless
of whether the draft answer was generated by a
model, authored by a clinician, or jointly produced.

To study these interdependent capabilities, we
organized the ArchEHR-QA 2026 Shared Task1 as
part of the CL4Health Workshop at LREC 2026.
This is the second ArchEHR-QA shared task. The
2025 edition, organized at the BioNLP Workshop
at ACL 2025, focused on end-to-end answer gen-
eration with citations to supporting note sentences
(Soni et al., 2025). In contrast, the 2026 edition de-
composes grounded EHR QA into four complemen-

1archehr-qa.github.io

https://archehr-qa.github.io/
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tary subtasks: question interpretation, evidence
identification, answer generation, and evidence
alignment. This decomposition permits a more fine-
grained evaluation of the capabilities required for
grounded response drafting. In this paper, we de-
scribe the task design, data, evaluation protocol,
baseline, participation, official results, and obser-
vations from the submitted systems.

2. ArchEHR-QA 2026 Task
Description

ArchEHR-QA 2026 consists of four subtasks: Ques-
tion Interpretation, Evidence Identification, Answer
Generation, and Evidence Alignment. Table 1
presents a running example illustrating the inputs
and reference outputs for all four subtasks.

2.1. Subtask 1: Question Interpretation
Subtask 1 frames question interpretation as a
constrained reformulation task. Given a free-text
patient-authored question, the system must pro-
duce a concise clinician-interpreted question that
captures the patient’s core clinical information need.
The target output is a single well-formed question
phrased as the type of query a clinician would sub-
mit to an intelligent EHR system when preparing
a response. To preserve the focus on concise re-
formulation, outputs were limited to 15 words and
were expected to avoid unsupported clinical addi-
tions. In the running example, the reference output
is the clinician-interpreted question shown in Ta-
ble 1. The clinician-interpreted question provides a
concise reformulation of the patient’s core informa-
tion need. For the downstream subtasks, however,
we provided both the original patient-authored ques-
tion and the clinician-interpreted question, since the
two forms may contain complementary information,
and participants could draw on either or both.

Given the patient question, the clinician-
interpreted question, clinical specialty labels, and a
sentence-segmented clinical note excerpt, the sys-
tem must identify the note sentences that provide
the evidence needed to answer the question.

2.2. Subtask 2: Evidence Identification
Subtask 2 frames evidence identification as
sentence-level evidence selection. Given the pa-
tient question, the clinician-interpreted question,
clinical specialty labels, and a sentence-segmented
clinical note excerpt, the system must identify the
note sentences that provide the evidence needed
to answer the question. The target output is a set of
sentence IDs corresponding to evidence that is suf-
ficient for answering the question. This subtask em-
phasizes identification of essential evidence while

discouraging unnecessary or only tangentially re-
lated sentences. The reference evidence set for
the running example is shown in Table 1.

2.3. Subtask 3: Answer Generation

Subtask 3 frames answer generation as grounded
response drafting. Given the patient question, the
clinician-interpreted question, clinical specialty la-
bels, and the clinical note excerpt, the system must
generate a concise answer supported by the note.
Answers were limited to 75 words, roughly corre-
sponding to a short paragraph of up to five sen-
tences. We selected this limit based on preliminary
baseline experiments and prior work suggesting
that paragraph-length answers are generally pre-
ferred by users (Lin et al., 2003; Jeon et al., 2006).
Reference answers were written in a professional
clinical register and grounded in the note content,
without unsupported speculation. Unlike Subtask 2,
this subtask does not provide identified evidence
sentences as input; instead, it evaluates answer
generation directly from the note excerpt rather than
from a pre-filtered evidence set. This keeps the task
focused on grounded answer generation, which
still requires locating relevant information within the
note, while allowing teams to use evidence iden-
tified by their own systems, including predictions
from Subtask 2. The reference answer for the run-
ning example is shown in Table 1.

2.4. Subtask 4: Evidence Alignment

Subtask 4 frames grounding as sentence-level
answer-to-evidence alignment. Given the ques-
tion context, clinical specialty labels, a sentence-
numbered clinical note excerpt, and an answer to
be grounded, the system must predict which note
sentence(s) support each answer sentence. The
target output is therefore a set of mappings from an-
swer sentences to note sentence IDs. These align-
ments are many-to-many: one answer sentence
may be supported by multiple note sentences, and
one note sentence may support multiple answer
sentences. Answer sentences without direct sup-
port may be assigned an empty evidence set. For
the shared task, we intentionally used the clinician-
authored reference answer as the input answer for
this subtask. This design isolates the alignment
problem from answer-generation errors and en-
ables straightforward automatic evaluation against
gold answer-to-evidence mappings. It also pro-
vides a controlled setting for developing methods
that may later be extended to system-generated
answers in end-to-end pipelines. In the running ex-
ample, the gold output is the set of sentence-level
answer-to-evidence mappings shown in Table 1.
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ArchEHR-QA Patient Case
PQ Patient question: I just wrote about my dad given multiple shots of lasciks after he was already so swelled his

shin looked like it would burst open. Why would they give him so much. He was on oxygen and they took him off of
the higher flow rate.

CQ Clinician-interpreted question: Why was he given lasix and his oxygen flow rate was reduced?

SP Clinical specialty label(s): Cardiology

NOTE Clinical note excerpt:
1: Acute diastolic heart failure: Pt developed signs and symptoms of volume overload with shortness of breath,
increased oxygen requirement and lower extremity edema. 2: Echo showed preserved EF, no WMA and worsening
AI. 3: CHF most likely secondary to worsening valvular disease. 4: He was diuresed with lasix IV, intermittently on
lasix gtt then transitioned to PO torsemide with improvement in symptoms, although remained on a small amount of
supplemental oxygen for comfort.
5: Respiratory failure: The patient was intubated for lethargy and acidosis initially and was given 8 L on his
presentation to help maintain his BP’s. 6: This undoubtedly contributed to his continued hypoxemic respiratory
failure. 7: He was advanced to pressure support with stable ventilation and oxygenation. 8: On transfer to the CCU
patient was still intubated but off pressors. 9: Patient was extubated successfully. 10: He was reintubated transiently
for 48 hours for urgent TEE and subsequently extubated without adverse effect or complication.

REL Note Sentence Relevance Annotations: [1, 4, 5, 6] → essential; [3, 7] → supplementary

ANS Reference answer (clinician-authored): A1: The patient was given Lasix for acute diastolic heart failure
with symptoms including shortness of breath and lower extremity edema. A2: The patient was given 8 liters of fluid
to help maintain his blood pressure which contributed to his respiratory failure. A3: After the patient’s heart failure
was treated with Lasix, he showed improvement in shortness of breath and his oxygen requirement, and he only
needed to remain on a small amount of oxygen for comfort.

ALN Answer to Note Sentence Alignments: A1 → [1, 4] A2 → [5, 6] A3 → [4]

ST1: Question interpretation
Inputs: PQ Patient question. Target output: CQ Clinician-interpreted question.

Sample system response (good): Why were multiple doses of Lasix given despite decreased oxygen requirements?
Sample system response (bad – generic/malformed): Lasix dosage protocol for severe edema with oxygen therapy?

ST2: Evidence identification
Inputs: PQ Patient question; CQ clinician-interpreted question; SP clinical specialty label(s); NOTE clinical note.
Target output: REL Note Sentence Relevance Annotations

Sample system response (missing key evidence; P 1.00, R 0.50, F1 0.67): [1, 4]

Sample system response (over-inclusive; P 0.50, R 1.00, F1 0.67): [1, 4, 5, 6, 7, 8, 9, 10]

ST3: Answer generation
Inputs: PQ Patient question; CQ clinician-interpreted question; SP clinical specialty label(s); NOTE clinical note.
Target output: ANS Reference answer.

Sample system response (bad – generic/not grounded):
Lasix is commonly used to remove excess fluid when patients are swollen or having trouble breathing, and oxygen
can often be reduced once breathing improves. Changes in oxygen flow usually reflect better respiratory status.
Sample system response (ok – some grounding but mostly generic):
He had fluid overload from heart failure, so Lasix was used to reduce swelling and shortness of breath. It also
reports improvement after diuresis, with only a small amount of supplemental oxygen needed for comfort.

ST4: Evidence alignment
Inputs: PQ Patient question; CQ clinician question; SP specialty; NOTE clinical note; ANS reference answer.
Target output: ALN Answer to Note Sentence Alignments

Sample response (under-citing; P 0.75, R 0.60, F1 0.67): A1: → [1]. A2: → [5]. A3: → [4,5].
Sample response (over-citing; P 0.50, R 1.00, F1 0.67): A1: → [1,4,5]. A2: → [5,6,7]. A3: → [1,4,6,7].

Table 1: Example showing an ArchEHR-QA patient case and the corresponding inputs and target outputs
for all four subtasks, with representative sample system responses.
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Dev (n=20) Test (n=100) Test-2026 (n=47)

Mean word count
Patient question 85.2 92.3 94.1
Clinician question 10.8 10.6 10.4
Note excerpt 320.8 380.4 497.2
Clinician answer 73.6 72.4 72.7

Mean note sentences
Total 21.4 26.0 34.0
Essential 6.0 (28.3%) 6.6 (25.3%) 9.7 (28.6%)
Supplementary 1.3 (6.1%) 5.5 (21.3%) 6.9 (20.4%)
Not relevant 14.1 (65.7%) 13.9 (53.4%) 17.3 (51.0%)

Table 2: Dataset statistics by split. Values are mean word counts for text fields and mean sentence
counts for note relevance categories; percentages denote proportions of note sentences within each split.
Test-2026 is the official test split for Subtasks 1–3; Subtask 4 uses both Test and Test-2026.

3. Data Description

ArchEHR-QA 2026 builds on the ArchEHR-QA
dataset introduced in prior work (Soni and Demner-
Fushman, 2026). That work describes the dataset
creation process, including the annotation schema
and guidelines. The dataset contains patient cases
drawn from intensive care and emergency depart-
ment settings with hospitalization-related ques-
tions. Table 1 shows one illustrative example. The
dataset pairs patient-authored questions, inspired
by real patient information needs expressed in pub-
lic health forums, with sentence-segmented clinical
note excerpts derived from the MIMIC database.
Each data instance is referred to as a patient
case. Each case contains: (i) a free-text patient
question; (ii) a clinician-interpreted question; (iii)
a sentence-segmented clinical note excerpt; (iv)
sentence-level relevance annotations for the note
sentences (essential, supplementary, or not rele-
vant); (v) a clinician-authored reference answer;
(vi) sentence-level answer-to-evidence alignments;
and (vii) one or more clinical specialty labels.

ArchEHR-QA 2026 uses 167 patient cases. Of
these, 134 cases come from the original release
(Soni and Demner-Fushman, 2026), and 33 cases
were newly curated for the 2026 shared task using
the same annotation schema.

3.1. Official Evaluation Splits and Staged
Release Schedule

The official test set for Subtasks 1–3 comprised
case IDs 121–167 (47 cases), while case IDs 1–
120 were released for system development. We
restricted official evaluation of Subtasks 1–3 to case
IDs 121–167 because case IDs 1–120 were already
publicly used in the 2025 iteration of ArchEHR-QA
(Soni et al., 2025). For Subtask 1, the prior release
of clinician-interpreted questions made those cases
unsuitable for a new evaluation. We used the same

held-out split for the closely related Subtasks 2–3
to avoid reusing cases that had already been used
in a similar shared task setting in 2025. By contrast,
Subtask 4 was newly introduced in 2026 and had
not previously been evaluated on those cases. We
therefore evaluated Subtask 4 on the larger split
of case IDs 21–167 (147 cases), reserving case
IDs 1–20 for development. Table 2 summarizes
dataset statistics across the splits.

The official evaluation followed a staged release
schedule designed to mirror the intended workflow
and preserve separation between subtasks. For
Subtask 1, participants initially received only the
patient-authored questions for the 47 held-out test
cases. After the Subtask 1 deadline, the release
for Subtasks 2–3 added the clinician-interpreted
questions and clinical note excerpts for the same
47 cases. After the Subtasks 2–3 deadline, the
release for Subtask 4 provided case IDs 21–167 to-
gether with sentence-numbered reference answers
to be aligned to the corresponding note excerpts.
Sentence-level relevance annotations were with-
held from all official test releases.

4. Evaluation

4.1. Metrics
Each subtask was evaluated independently on its
corresponding held-out test set. Official leader-
board rankings were determined by a single pri-
mary metric per subtask, while additional metrics
were reported to provide a broader characteriza-
tion of system behavior. The scoring scripts are
available on GitHub2.

Subtask 1. The system-generated clinician-
interpreted questions were compared with the ref-
erence questions using ROUGE-Lsum (Lin, 2004),

2github.com/soni-sarvesh/archehr-qa-2026

https://github.com/soni-sarvesh/archehr-qa-2026
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BERTScore (Zhang et al., 2019), AlignScore (Zha
et al., 2023), and MEDCON (Yim et al., 2023).
These metrics capture complementary aspects of
reformulation quality: ROUGE-Lsum measures lex-
ical overlap, BERTScore measures semantic sim-
ilarity, AlignScore measures factual consistency,
and MEDCON measures clinical concept overlap.
To enforce the task constraint, outputs longer than
15 words were truncated to the first 15 words be-
fore scoring. The official ranking metric was the
Overall Score (OS), computed as the unweighted
arithmetic mean of the four metric values.

Subtask 2. The predicted evidence sentence IDs
were compared with the reference evidence an-
notations using Precision, Recall, and F1. We re-
port both micro-averaged scores, which pool predic-
tions across all cases, and macro-averaged scores,
which average case-level scores. Results are re-
ported under two evaluation variants. Under Strict
evaluation, only sentences labeled essential are
treated as gold evidence. Under Lenient evalua-
tion, predicted supplementary sentences were not
counted as false positives. The official ranking met-
ric was Strict Micro F1.

Subtask 3. The system-generated answers were
compared with the reference answers using BLEU
(Papineni et al., 2002), ROUGE-Lsum, SARI (Xu
et al., 2016), BERTScore, AlignScore, and MED-
CON. Together, these metrics capture comple-
mentary aspects of answer quality, with BLEU
and ROUGE-Lsum emphasizing lexical overlap,
SARI capturing content-editing behavior, and
BERTScore, AlignScore, and MEDCON providing
semantic, factual, and clinical-concept perspec-
tives. Prior work in this setting suggests that auto-
matic metrics can provide useful system-ranking
signals when computed against clinician-authored
reference answers (Soni and Demner-Fushman,
2025a). The official ranking metric was the Overall
Score (OS), computed as the unweighted arithmetic
mean of the six metric values.

Subtask 4. The predicted alignments were eval-
uated as sets of links between answer sentences
and note sentences, where each link has the form
(answer sentence k → note sentence i). We re-
port Precision, Recall, and F1 at both the micro
and macro levels. Micro-averaged scores pool
predicted and reference links across all cases,
whereas macro-averaged scores average case-
level scores. Over-citing is penalized through false
positives, which lowers Precision and therefore F1.
The official ranking metric was Micro F1.

4.2. Baseline

We used a zero-shot baseline based on
Qwen/Qwen3-4B-Instruct-2507 (Yang et al.,
2025) for all four subtasks. No task-specific
fine-tuning or few-shot exemplars were used.
The model was prompted in a single-turn chat
format with task-specific instructions; the prompt
templates are provided in Appendix Tables 8–11.
We used the same decoding settings across
subtasks, following the Qwen3-recommended
hyperparameters3: temperature = 0.7, top-p = 0.8,
top-k = 20, and min-p = 0.0.

For Subtask 1, the model rewrote each
patient-authored question as a clinician-interpreted
question (max_new_tokens=256). For Sub-
task 2, the model predicted supporting sen-
tence IDs from the clinical note excerpt con-
ditioned on the patient-authored question, the
clinician-interpreted question, and the specialty
label (max_new_tokens=512). For Subtask 3,
the model generated a clinically grounded answer
from the patient-authored question, the clinician-
interpreted question, the specialty label, and
the clinical note excerpt (max_new_tokens=512).
For Subtask 4, the model predicted answer-to-
evidence sentence alignments from the clinician-
interpreted question, the sentence-numbered clini-
cal note excerpt, and the sentence-numbered an-
swer (max_new_tokens=1024). Although both
question forms were available for Subtask 4, the
baseline used only the clinician-interpreted ques-
tion, based on preliminary experiments on the de-
velopment set.

5. Participation

We used Codabench4 to collect system predictions
from teams (Xu et al., 2022). Teams could partici-
pate in any subset of the four subtasks and were
allowed to submit up to three runs per subtask. For
the overview paper, we asked each team to nomi-
nate its best run per subtask and to submit a short
system description.

5.1. Participating Teams

We received 198 submitted runs from 43 teams
across the four subtasks: 41 runs for Subtask 1,
59 for Subtask 2, 35 for Subtask 3, and 63 for Sub-
task 4. Among these 43 teams, 17 submitted sys-
tem descriptions and are therefore included in the

3huggingface.co/Qwen/Qwen3-4B-Instruct-2507
4Subtask 1: codabench.org/competitions/12865;
Subtask 2: codabench.org/competitions/13526;
Subtask 3: codabench.org/competitions/13527;
Subtask 4: codabench.org/competitions/13528

https://huggingface.co/Qwen/Qwen3-4B-Instruct-2507
https://www.codabench.org/competitions/12865/
https://www.codabench.org/competitions/13526/
https://www.codabench.org/competitions/13527/
https://www.codabench.org/competitions/13528/
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Team ID Affiliation Country ST1 ST2 ST3 ST4

BIT.UA-AAUBS University of Aveiro; Aalborg University Portugal;
Denmark ✓ ✓ ✓ ✓

CaresAI Cairo University; Techvify Egypt;
Vietnam ✓ ✓ × ×

GigitAI GigitAI USA × ✓ ✓ ×

HealthNLP_Retrievers University of Maryland Baltimore County;
Jahangirnagar University

USA;
Bangladesh ✓ ✓ ✓ ✓

HiTZ-IXA University of the Basque Country Spain × ✓ × ✓

KA L&T Technology Services India × × × ✓

KPSCMI Kaiser Permanente Southern California USA ✓ ✓ × ✓

MedEvi-NS University of Aberdeen; Bournemouth University UK × × × ✓

Neural University of Chicago; University of Wisconsin
Madison; Lovely Professional University USA; India ✓ ✓ ✓ ✓

OptiMed Queen Mary University of London;
Independent Researcher UK; Turkey ✓ ✓ ✓ ✓

razreshili Independent Researcher Germany × × × ✓

sebis Technical University of Munich Germany ✓ ✓ ✓ ✓

TAMU-NLP-Lab Texas A&M University USA × ✓ ✓ ×

tt501 Vietnam National University Vietnam × ✓ ✓ ✓

UIC-AIHealth4All University of Illinois Chicago USA × ✓ ✓ ✓

WisPerMed University of Applied Sciences and Arts
Dortmund; University of Duisburg-Essen Germany ✓ ✓ ✓ ✓

Yale-DM-Lab Yale University; UMass Lowell USA ✓ ✓ ✓ ✓

Table 3: Participating teams who submitted a system description, their affiliation, country, and the subtasks
they participated in. Rows are sorted by Team ID in alphabetical order. ST1–ST4 denote Subtasks 1–4.

analysis below. Table 3 lists those teams, their af-
filiations, countries, and the subtasks they entered.
Among the teams represented in the overview pa-
per, seven participated in all four subtasks.

5.2. Results
Tables 4–7 report the official results for subtasks 1–
4. All highest-ranked submissions outperformed
the organizer baseline, but the margin varied sub-
stantially across subtasks: +11.3 Overall Score for
Subtask 1 (31.2 vs. 19.9), +14.1 Strict Micro F1
for Subtask 2 (63.7 vs. 49.6), +4.3 Overall Score
for Subtask 3 (36.3 vs. 32.0), and +16.2 Micro F1
for Subtask 4 (81.5 vs. 65.3). The baseline re-
mained competitive with lower-ranked submissions
in Subtasks 1 and 3, whereas the evidence-centric
subtasks showed a clearer separation between
the strongest submitted systems and the zero-shot
baseline.

For Subtask 1 (Question Interpretation; Ta-
ble 4), the highest-ranked system was submitted
by HealthNLP_Retrievers and obtained an over-
all score of 31.2, followed by KPSCMI (30.8) and
OptiMed (29.9). The top three systems were

⋆ Team Relevance
RG BS AS MD OS

1 HealthNLP_Retrievers 35.3 46.8 24.0 18.7 31.2
2 KPSCMI 27.8 41.0 26.4 27.9 30.8
3 OptiMed 28.8 43.1 27.7 19.9 29.9
4 Neural 31.3 43.6 15.2 25.6 28.9
5 Yale-DM-Lab 28.2 40.6 19.7 19.8 27.1
6 WisPerMed 21.8 38.0 21.7 26.3 26.9
7 sebis 22.9 36.9 21.4 21.3 25.6
8 CaresAI 22.5 36.1 12.5 24.5 23.9
9 BIT.UA-AAUBS 17.9 29.4 8.7 20.2 19.0
- baseline 23.4 31.0 7.9 17.3 19.9

Table 4: Subtask 1 (Question Interpretation) results.
Rows are ranked (⋆) by the overall score (OS). RG:
ROUGE-Lsum; BS: BERTScore; AS: AlignScore;
MD: MEDCON; OS: Overall score.

separated by only 1.3 overall-score points. The
strongest systems emphasized different aspects of
the task: the HealthNLP_Retrievers submission ob-
tained the highest ROUGE-Lsum and BERTScore,
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Rank Team
Micro Macro

Strict Lenient Strict Lenient
P R F1† P R F1 P R F1 P R F1

1 Neural 60.2 67.6 63.7 77.8 67.6 72.4 64.3 69.7 64.8 81.9 69.7 73.1
2 OptiMed 56.7 71.3 63.2 73.1 71.3 72.2 61.5 73.0 64.1 78.1 73.0 72.9
3 UIC-AIHealth4All 59.3 67.0 62.9 74.3 67.0 70.4 61.8 69.2 63.0 77.8 69.2 70.5
4 Yale-DM-Lab 52.3 75.7 61.9 68.0 75.7 71.6 56.7 75.5 61.1 73.8 75.5 70.4
5 TAMU-NLP-Lab 56.7 65.9 60.9 76.0 65.9 70.6 63.0 66.7 59.9 80.0 66.7 69.1
6 HealthNLP_Retrievers 58.4 62.1 60.2 75.7 62.1 68.3 65.7 62.5 59.9 79.8 62.5 67.1
7 KPSCMI 46.5 81.8 59.3 62.4 81.8 70.8 51.9 82.2 60.9 69.4 82.2 72.0
8 tt501 56.0 61.9 58.8 74.9 61.9 67.8 61.3 63.9 58.4 78.4 63.9 66.8
9 WisPerMed 67.1 52.3 58.8 84.2 52.3 64.5 69.8 53.4 58.1 84.9 53.4 63.6
10 BIT.UA-AAUBS 51.0 69.4 58.8 68.5 69.4 68.9 59.8 69.1 59.3 76.9 69.1 68.9
11 GigitAI 46.5 77.0 58.0 62.1 77.0 68.8 52.8 77.7 59.1 69.6 77.7 69.3
12 CaresAI 46.7 67.6 55.3 61.3 67.6 64.3 50.1 68.2 55.2 66.8 68.2 64.0
13 sebis 37.9 80.7 51.6 49.1 80.7 61.1 40.8 80.3 52.6 54.1 80.3 62.6
14 HiTZ-IXA 44.2 47.9 46.0 56.3 47.9 51.8 48.7 48.7 46.7 62.4 48.7 52.2
- baseline 51.0 48.1 49.6 64.5 48.1 55.1 60.7 47.2 47.9 74.8 47.2 52.8

Table 5: Subtask 2 (Evidence Identification) results. Rows are ranked by Strict Micro F1 Score (†). P:
Precision; R: Recall; F1: F1 score.

Rank Team Lexical Semantic Overall
BL RG SA BS AS MD OS

1 WisPerMed 9.9 27.8 58.6 46.8 31.7 43.1 36.3
2 TAMU-NLP-Lab 9.7 27.4 59.6 46.2 34.5 39.9 36.2
3 BIT.UA-AAUBS 8.6 26.4 60.0 45.0 30.2 43.2 35.6
4 Neural 9.4 25.6 57.7 43.5 34.3 40.9 35.2
5 HealthNLP_Retrievers 7.0 25.4 59.2 43.8 33.6 38.7 34.6
6 OptiMed 5.7 25.2 56.5 43.1 37.4 39.1 34.5
7 UIC-AIHealth4All 6.1 24.2 57.2 41.8 24.5 37.5 31.9
8 GigitAI 5.1 21.1 56.8 40.0 28.4 39.4 31.8
9 sebis 3.8 22.0 56.6 39.3 33.9 33.4 31.5
10 tt501 6.2 24.0 58.3 41.4 22.4 35.9 31.4
11 Yale-DM-Lab 9.1 23.1 56.5 37.2 22.1 37.6 31.0
- baseline 5.0 22.5 56.2 40.6 32.2 35.4 32.0

Table 6: Subtask 3 (Answer Generation) results. Rows are ranked by the overall score (OS). BL: BLEU;
RG: ROUGE-Lsum; SA: SARI; BS: BERTScore; AS: AlignScore; MD: MEDCON; OS: Overall score.

the OptiMed submission obtained the highest Align-
Score, and the KPSCMI submission obtained the
highest MEDCON.

In Subtask 2 (Evidence Identification; Table 5),
the Neural system achieved the best Strict Micro
F1 (63.7), narrowly ahead of OptiMed (63.2) and
UIC-AIHealth4All (62.9). Lenient evaluation im-
proved F1 for all systems, indicating that many
submissions selected supplementary but still clini-
cally plausible evidence sentences. The systems
showed different precision–recall profiles: KPSCMI
and sebis favored higher recall, whereas Neural
and OptiMed achieved a more balanced trade-off.

For Subtask 3 (Answer Generation; Table 6), the
WisPerMed system obtained the highest overall
score (36.3), with TAMU-NLP-Lab effectively tied
at 36.2 and BIT.UA-AAUBS third at 35.6. Met-
ric leaders again differed by evaluation perspec-
tive: the WisPerMed submission obtained the
best BLEU, ROUGE-Lsum, and BERTScore; the
BIT.UA-AAUBS submission obtained the best SARI
and MEDCON; and the OptiMed submission ob-
tained the best AlignScore. This result suggests
that answer generation systems are ranked differ-
ently depending on whether the evaluation empha-
sizes lexical overlap, semantic similarity, or clinical
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Rank Team Micro Macro
P R F1† P R F1

1 BIT.UA-AAUBS 88.0 75.9 81.5 88.3 78.9 82.2
2 WisPerMed 86.9 76.3 81.3 87.5 79.4 82.1
3 Yale-DM-Lab 83.3 77.7 80.4 84.8 80.7 81.8
4 OptiMed 80.7 79.8 80.3 82.8 82.8 81.6
5 UIC-AIHealth4All 83.6 76.3 79.8 85.5 79.5 80.9
6 tt501 78.2 80.1 79.1 80.0 82.6 79.7
7 Neural 84.3 73.7 78.6 85.8 76.6 79.4
8 KPSCMI 86.2 71.5 78.1 86.4 75.5 78.9
9 HealthNLP_Retrievers 83.8 71.1 76.9 85.3 74.1 77.4
10 MedEvi-NS 75.7 77.4 76.5 79.3 80.8 78.3
11 sebis 79.6 70.6 74.8 82.6 73.6 76.2
12 razreshili 73.8 63.0 67.9 75.8 67.6 69.5
13 HiTZ-IXA 74.7 60.3 66.8 73.5 65.4 66.7
14 KA 68.1 64.5 66.2 70.9 69.0 68.0
- baseline 59.1 72.9 65.3 72.0 75.3 71.1

Table 7: Subtask 4 (Evidence Alignment) results. Rows are ranked by Micro F1 Score (†). P: Precision; R:
Recall; F1: F1 score.

concept preservation. Compared with the other
subtasks, Subtask 3 showed a relatively small mar-
gin over the organizer baseline (36.3 vs. 32.0).

For Subtask 4 (Evidence Alignment; Table 7), the
highest-ranked system was submitted by BIT.UA-
AAUBS and obtained a Micro F1 of 81.5, followed
closely by WisPerMed (81.3), Yale-DM-Lab (80.4),
and OptiMed (80.3). The top four systems were
separated by only 1.2 F1 points. Precision was
generally high among the strongest submissions,
while Recall accounted for most of the remaining
variation.

Among teams participating in all four subtasks,
OptiMed showed the most consistently strong per-
formance, placing within the top six in every sub-
task. No single team submitted the highest-ranked
system in more than one subtask.

5.3. Approaches

Across all four subtasks, prompt-based use of large
language models (LLMs) was dominant. Task-
specific fine-tuning was comparatively rare; more
common strategies were prompt engineering, re-
trieval of similar development examples, repeated
sampling with self-consistency, and multi-model
ensembling. Strong submissions were obtained
with both API-based models and locally hosted or
open-weight models, suggesting that no single de-
ployment setup dominated the task.

For Subtask 1 (Question Interpretation), in-
context prompting with examples was frequent: 8/9
systems used few-shot or many-shot prompting,
often with explicit post-processing to enforce the

single-question output format and the 15-word limit.
Five of the nine systems used proprietary API-
based LLMs, whereas the remainder relied on lo-
cally hosted models. Three systems introduced an
additional reasoning or decomposition step before
generation, e.g., by extracting important medical
terms or by scoring candidate questions from mul-
tiple models. Prompt optimization was reported by
two systems, using frameworks such as MIPROv2
(Opsahl-Ong et al., 2024) or GEPA (Agrawal et al.,
2025). The strongest systems on this subtask fol-
lowed three different designs: few-shot prompting
with tight output constraints on an API-based model
(HealthNLP_Retrievers), many-shot prompting with
the full development set as examples on a locally
hosted model (KPSCMI), and zero-shot genera-
tion via clinical-situation abstraction and prompt
optimization (OptiMed).

For Subtask 2 (Evidence Identification), most sys-
tems used both the patient-authored and clinician-
interpreted questions as input (11/14). Zero-shot
prompting was marginally more common than few-
shot prompting (7/14 vs. 6/14), and API-based
models dominated (10/14). Methodologically, most
submissions framed evidence identification either
as direct extraction of supporting sentence IDs
from the note excerpt (10/14) or as sentence-wise
classification (3/14). Verification-based strategies
were common: five systems used self-reflection
or iterative refinement, two used self-consistency
across multiple generations, and four used multi-
model ensembling. Three systems also reported
prompt optimization, while one system departed
from the dominant prompting-based methods by
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using embedding-based sentence similarity. A re-
curring theme was recall optimization: several sys-
tems used inclusive prompts, answer-first reason-
ing, union voting, or post-hoc refinement to reduce
the risk of omitting essential evidence. The highest-
ranked systems illustrate two contrasting but effec-
tive strategies: calibrated sentence-level classifica-
tion with verification and self-consistency (Neural),
and zero-shot multi-model ensembling with majority
voting (OptiMed).

For Subtask 3 (Answer Generation), both few-
shot and zero-shot prompting were common, with
few-shot setups only marginally more common than
zero-shot setups (6/11 vs. 5/11). API-based mod-
els dominated this subtask (9/11), and most sys-
tems used both the patient-authored and clinician-
interpreted questions at inference time (9/11). A
common design choice was to condition genera-
tion on a filtered evidence subset, often obtained
from the team’s Subtask 2 pipeline, rather than on
the full note excerpt alone (6/11 systems). Two
systems used model ensembles, three used self-
reflection or iterative self-revision, and three op-
timized prompts on the development set. Sev-
eral teams adopted multi-stage generation pro-
cedures, including candidate generation followed
by LLM-based selection, generate–critique–revise
pipelines, and cite–then–rewrite strategies. As
in the other subtasks, explicit task-specific fine-
tuning was rare. The strongest reported systems
again reflect different design choices: dynamic
example retrieval with few-shot prompting (Wis-
PerMed), intent-consistent in-context example se-
lection (TAMU-NLP-Lab), and evidence-grounded
multi-model generation with LLM-based selection
(BIT.UA-AAUBS).

For Subtask 4 (Evidence Alignment), few-shot
prompting was somewhat more common than zero-
shot prompting (8/14 vs. 6/14). Nine of the fif-
teen systems used API-based models, while the
remainder relied exclusively on locally hosted mod-
els. Input configurations were more varied than
in Subtask 3: 7/14 systems used both question
forms, 4 used only the patient question, and 3 used
only the clinician-interpreted question. There was
greater emphasis on precision–recall calibration
through voting thresholds, self-consistency, and
prompt instructions that explicitly favored either
more conservative or more inclusive linking. Three
systems used majority-vote ensembling across
models, five used self-consistency, and only two
explicitly reported prompt optimization. A small
number of systems supplemented LLM predictions
with embedding-based heuristics or fine-tuned re-
ranking components. The highest-ranked systems
show that strong performance can be achieved with
either few-shot majority-vote ensembling (BIT.UA-
AAUBS), zero-shot prompt-only alignment (Wis-

PerMed), or ensemble prediction augmented with
embedding-based recall heuristics (Yale-DM-Lab).

Taken together, the submitted system descrip-
tions suggest that the benchmark decomposition
influenced not only evaluation but also system de-
sign. Several teams explicitly propagated informa-
tion across stages, e.g., by feeding predicted ev-
idence into answer generation or by separating
evidence identification from answer generation and
alignment.

6. Conclusion

We presented an overview of the ArchEHR-QA
2026 Shared Task on grounded question answering
from electronic health records. By decomposing
the problem into question interpretation, evidence
identification, answer generation, and evidence
alignment, the benchmark enables separate evalu-
ation of the main capabilities required for grounded
response drafting to patient questions. The shared
task attracted 198 submitted runs from 43 teams,
with 17 teams contributing system descriptions for
this overview. The highest-ranked systems differed
across subtasks, and the largest gains over the or-
ganizer baseline were observed for evidence iden-
tification and evidence alignment. Across submit-
ted systems, prompt-based LLM pipelines were
dominant, task-specific fine-tuning was rare, and
the strongest evidence-centric systems commonly
combined retrieval, self-consistency, iterative refine-
ment, and ensembling. We expect ArchEHR-QA
2026 to support future work on clinically faithful and
verifiable QA systems for patient–clinician commu-
nication.

7. Limitations

This study has several limitations. First, the of-
ficial test sets are modest in size, especially for
Subtasks 1–3 (47 cases), so small numerical dif-
ferences between closely ranked systems should
not be over-interpreted. Second, the qualitative
method analysis is limited to teams that submit-
ted system descriptions; the remaining participat-
ing teams are reflected in the overall participation
counts but not in the approach analysis. Third,
evaluation relies primarily on automatic metrics. Al-
though these metrics provide broad coverage of
lexical and semantic similarity, they do not fully cap-
ture clinical usefulness, communication quality, or
patient safety. This issue is especially relevant for
Subtasks 1 and 3, where a single reference output
may not capture the full range of clinically accept-
able responses, and reference-based metrics may
therefore under-reward valid paraphrases. Finally,
the benchmark evaluates subtasks independently
and uses curated note excerpts rather than the full
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longitudinal EHR. Consequently, it does not fully
capture end-to-end error propagation, open-ended
retrieval over complete patient records, or gener-
alization to other care settings such as outpatient
longitudinal messaging.
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You are an expert clinical natural language processing (NLP) assistant. Your task is to transform a
patient-authored question into a clear and concise clinician-interpreted question.

You are given:
- a patient-authored question.

Your goal:
- Write a clinician-interpreted question that captures the core clinical information need implied by the
patient-authored question.

- Phrase it as a query a clinician would ask a smart electronic health record (EHR) system to retrieve
relevant chart information needed to answer the patient.

- Keep it concise (maximum 15 words).
- Preserve the patient’s core concern without introducing new clinical facts not explicitly stated in the
patient’s narrative.

Output only the clinician-interpreted question, nothing else.

Patient question:
{___}

Table 8: Zero-shot prompt used for the Subtask 1 baseline.

You are an expert clinical natural language processing (NLP) assistant. Your task is to select the sen-
tence(s) in a clinical note excerpt that contain the clinical evidence needed to answer a patient’s ques-
tion.

You are given:
- A patient-authored question.
- A clinician-interpreted version of the patient question.
- The clinical specialty(ies) relevant to the patient’s question (may differ from the note’s specialty;
comma-separated).

- A clinical note excerpt with numbered sentences.

Your goal:
- Select sentence IDs from the note excerpt that provide sufficient clinical evidence to answer the pa-
tient’s question.

- Include all sentences necessary to fully support the answer (e.g., event + date; medication name +
dose).

- Only include sentences that are directly relevant and answer-bearing, including necessary qualifiers
(e.g., dates, values, negations, attribution).
- Do not include sentences that are unrelated, generic, purely administrative, or only tangentially re-
lated.

- If there is no sentence in the excerpt that provides evidence to answer the question, output an empty
array: [].

- You may select as many sentences as needed to provide sufficient evidence; the entire excerpt may not be
required.

Output only a JSON array of sentence ID numbers (as integers), nothing else. For example: [1, 5, 6]

Patient question:
{___}

Clinician-interpreted question:
{___}

Clinical specialty(ies) of the question (comma-separated):
{___}

Clinical note excerpt (with numbered sentences):
{___}

Table 9: Zero-shot prompt used for the Subtask 2 baseline.
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You are an expert clinical natural language processing (NLP) assistant. Your task is to generate a con-
cise, clinically grounded answer to a patient’s question using only the information in the provided clini-
cal note excerpt.

You are given:
- A patient-authored question.
- A clinician-interpreted version of the patient question.
- The clinical specialty(ies) relevant to the patient’s question (may differ from the note’s specialty;
comma-separated).

- A clinical note excerpt.

Your goal:
- Answer the patient’s question using only information found in the clinical note excerpt.
- Write in a professional clinical register (not simplified lay language).
- Be concise: limit your answer to 75 words (approximately 5 sentences).
- Stay faithful to the clinical note –- do not speculate or add information not supported by the note.
- If the note does not contain sufficient information to fully answer the question, provide a faithful
response based on what is available without speculation.

- Do not use outside medical knowledge or inference. Only use what is explicitly stated in the note ex-
cerpt.

Output only the answer text, nothing else.

Patient question:
{___}

Clinician-interpreted question:
{___}

Clinical specialty(ies) of the question (comma-separated):
{___}

Clinical note excerpt:
{___}

Table 10: Zero-shot prompt used for the Subtask 3 baseline.

You are an expert clinical natural language processing (NLP) assistant. Your task is to align each an-
swer sentence to the clinical note sentence(s) that support it.

You are given:
- A clinician-interpreted version of the patient question.
- A clinical note excerpt with numbered sentences.
- An answer with numbered sentences.

Your goal:
- For each answer sentence, select the clinical note sentence(s) that directly support it.
- If an answer sentence is supported by multiple note sentences, include all supporting note sentences.
Assign an empty list only if that answer sentence is not supported by any note sentence.
- Each answer sentence may be supported by zero, one, or multiple note sentences.

Output a JSON array where each element has “answer_id” (string) and “evidence_id” (array of strings).
Output nothing else.

Example output format:
[{"answer_id": "1", "evidence_id": ["2"]}, {"answer_id": "2", "evidence_id": ["5", "6"]}, {"an-
swer_id": "3", "evidence_id": []}]

Clinician-interpreted question:
{___}

Clinical note excerpt (numbered sentences):
{___}

Answer (numbered sentences, no citations):
{___}

Table 11: Zero-shot prompt used for the Subtask 4 baseline.
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