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Abstract
Hospital nurses spend a significant portion of their shifts performing manual data entry tasks. An automatic solution
for extracting medical information from nurse dictations into large spreadsheet ontology (flowsheet) could reduce the
documentation burden of nurses and alleviate nurse burnout. We introduce the MEDIQA-SYNUR shared task, the
first challenge on extracting and normalizing clinical observations from nurse dictations and mapping them to a
large ontology of clinical concepts. 13 teams participated in the challenge and experimented with a broad range of
approaches. In this paper, we describe the MEDIQA-SYNUR task, the datasets, and the participant’s results and

solutions.
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1. Introduction

Nurses currently manually enter information into the
electronic health record (EHR) using flowsheets,
which are similar to spreadsheets. Each flowsheet
can have multiple tabs and hundreds or even thou-
sands of rows, with each row representing a spe-
cific data point such as temperature, heart rate,
etc. Working with flowsheets is a time-consuming
process, since the nurse must first navigate to the
appropriate tab in the flowsheet, identify the row or
groups of rows corresponding to the assessment
that is being documented, then manually enter the
information cell by cell. Due to the complexity of
the flowsheet, nurses often cannot document dur-
ing rounds and instead delay this task until breaks,
leading to delayed documentation and potential ac-
curacy issues.

Surveys show growing interest in NLP for both
nursing notes (Mitha et al., 2023) and wider nursing
tasks (Panchal and Thakur, 2024). Yet since nurses
still chart mainly in electronic health record (EHR)
flowsheets, any automation must mesh with that
structure.

LLMs can already translate clinical narratives into
structured variables with little or no task-specific
training (Ling et al.; Dagdelen et al., 2024). Yet
their edge over fine-tuned encoder models remains
debated (Gutiérrez et al., 2022; Ling et al., 2023).
Consequently, no existing system simultaneously
(i) ingests nurse dictations, (ii) conditions on the
local flowsheet context, and (iii) outputs EHR-ready
observations.

The MEDIQA-SYNUR shared task tackles the
problem of extracting and normalizing clinical ob-
servations from nurse dictations and mapping them
to a large ontology of clinical concepts (flowsheet),

19

p
Patient weight is 98 kg. Uh, the breathing_pattern
is, um, labored. Uh, the oxygen delivery device is a

nasal cannula, and, uh, the oxygen flow rate is set
at 2 L/min. The peripheral IV site condition, it's,
um, intact. We noticed jugular venous distention,
uh, present. Also, uh, the patient requires partial
assistance with mobilization.

Nurse

—

"observation": "Patient weight"
"alue™ "98"

"observation": "Patient weight unit"
"alue™ "kg"

"observation": "Breathing pattern”
"value": "labored"

=4

LLM

"value": "nasal cannula”

"observation": "Oxygen delivery device"

"observation": "Oxygen flow rate"

[
[

L

)
|
|
|
)

000

Figure 1: The observation extraction from nurse
dictations task takes a nurse dictations and a local
flowsheet and extracts EHR-ready observations

as described in Figure 1.

In this paper, we present the task and the
datasets in Sections 2 and 3. In Section 4, we
present the evaluation metric used in the shared
task. Section 5, describes the approaches of the
participating teams, and in Section 6 we discuss
the final insights from the official challenge results.

2. Task Description

The MEDIQA-SYNUR 2026 shared task' ad-
dresses the problem of extracting clinical obser-
vations from nurse dictations.

"https://sites.google.com/view/
mediga2026/mediga-synur
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Figure 2: SYNUR Dataset Creation Pipeline for generating realistic, synthetic nurse dictations with expert
nurse annotations, comprising six steps: starting from 80 human-verified, fabricated dictations to final
expert annotations. The number below each step represents the final amount of output elements generated
at this specific step. The output of one step is the input of the next step, except for step 5 for which we
also include 5 randomly sampled examples from the seed dictations. At steps 6 & 7, the annotators also
have access to the schema of step 3 along the synthetic dictation to produce its gold annotations.

Specifically, in the task data, we provide a hospi-
tal flowsheet schema that contains a list of all the
rows (keys) in the flowsheet, the data type associ-
ated with each row (string, picklist, etc.), and, for
rows associated with a picklist, a list of all valid val-
ues. It should be noted that the flowsheet schema
can include hundreds to thousands of rows but it
does not include any data specific to patients.

In addition, we provide a set of clinical transcripts
where each transcript contains a realistic synthetic
nurse dictation that mentions or describes a set of
medical observations.

This task focuses on automatically populating
the flowsheet by extracting all relevant medical in-
formation that are defined in the flowsheet and exist
in each dictation.

3. Data Creation

In previous work (Corbeil et al., 2025b), we intro-
duced SYNUR, a synthetic nursing dataset, which
uses 80 proprietary fabricated seed dictations that
were reviewed by practicing nurses for realism. Fig-
ure 2 summarizes the seven-stage pipeline, which
alternates between the domain experts and the
GPT-40-0806 language model.

1. Observation mining: The LLM iteratively ex-
tracted observation phrases (e.g., “dark yel-
low”) and linked them to clinical concepts (e.g.,
“urine colour”) from the 80 notes, yielding 547
unique observations.

. Concept consolidation: We distilled these
observations into 97 clinical concepts and as-
signed each a data type among boolean, inte-
ger, string, single-choice, or multi-choice.
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. Ontology expansion: Leveraging the LLM’s
medical knowledge, we asked it to add relevant
missing concepts with example sentences, ex-
panding the ontology from 97 extracted con-
cepts to 193 concepts, which an experienced
nurse then validated and corrected.

. Scenario generation: We prompted the LLM
with the final concept set to craft coherent
patient-case rationale and compatible obser-
vation combinations.

. Dictation synthesis: Each scenario along
with 5 randomly sampled seed dictations are
passed to the LLM to generate a realistic nurse
dictation that includes natural speech disfluen-
cies and on-the-fly corrections.

. Train & development set annotation: Expert
nurse annotators verified the synthetic tran-
scripts, and produced reference annotations
using the ontology build at step 3 for a total
of 223 dictations for training and development
purposes that contain 3000 observations.

. Test set annotation: We then produce a test
set of 200 transcripts with an enhanced quality
achieved by a disagreement-resolution step
with the expert annotators.

For the MEDIQA-SYNUR 2026 shared task, we
used the above mentioned 223 dictations as the
training and development data—i.e., a 55:45 split,
respectively. We also used the above mentioned
200 dictations as the test set that all teams were
evaluated on.



Team Affiliation Paper Code
Semantica Lab University of Pennsylvania & Cedars Sinai Medical Cen- (Hwang et al., 2026) 1
ter & University of Pittsburgh - USA

MasonNLP George Mason University - USA (Karim and Ozlem Uzune, 2026) 2
Smart_solutions M42 - UAE (Munjal, 2026) 3
HSE NLP Higher School of Economics - Russia (Valiev, 2026) 4
MKC Seoul National University - South Korea (Hwang and Kwak, 2026) 5
Gladiators AbbVie - USA (Satyanarayana et al., 2026) 6
MIDAS_SYNUR MIDAS Lab, IlIT - India (Sriram and Sahoo, 2026) 7
NSN University of Pittsburgh & Washington University - USA (Aryoyudanta et al., 2026) 8
Lakefront Al Ramblers Loyola University Chicago - USA (Saban et al., 2026) 9
AnotherOne International Institute of Information Technology - India (Thomas and Krishnamurthy, 2026) 10
LTRC-MEDICOM International Institute of Information Technology - India (Deepak et al., 2026) 11
SQUCS Sultan Qaboos University - Oman (JeebAllah et al., 2026) 12
LTRC-IIT International Institute of Information - India (Vaish and Sharma, 2026) 13

1 https://github.com/syhwng/SemanticalLab-MediQA-SYNUR_submissions
2 https://github.com/AHMRezaul /MEDIQA-SYNUR-2026
3 https://github.com/PrateekMunjal/MEDIQA26_SYNUR_submission_Smart_solutions
4 https://github.com/Rebell-Leader/MEDIQA-SYNUR-HSE_NLP
5https://github.com/KyominHwang/ClinicalNLP-2026-MKC
6 https://github.com/singhak—-abbvie/MEDIQA-SYNUR-Gladiators
7 https://github.com/Swekrish303/MEDIQA-SYNUR-Team—MIDAS_SYNUR

8 https://github.com/yudanta/nsn-mediga-synur
9 https://github.com/arsalanyaghoubi/Lakefront_AI_Ramblers-MEDIQA_SYNUR_2026

10 https://github.com/jr-john/mediga-synur—-2026

11 https://github.com/sushvinmarimuthu/ltrc-medicom—mediga-synur—-clinicalnlp—-2026
12 https://github.com/RihamJeeballah/mediga—synur—2026

13 https://github.com/av-dx/mediga-synur—-ltrc—iiit

Table 1: MEDIQA-SYNUR 2026: Participating teams, papers and codes.

4. Evaluation

4.1. Evaluation Metrics

For the task of extracting and normalizing clinical
observations from nurse dictations and mapping
them to a large flowsheet ontology of clinical con-
cepts, we rely on the standard F'1 metric for the
evaluation of the extracted observations. In addi-
tion, we also present both precision (P) and recall
(R) as secondary metrics for analysis purposes.

It should be noted that for each extracted multi-
choice observation, we only mark it as true positive
if it contains all the values that exist in the corre-
sponding reference observation’s list value. We
provide a standardized evaluation script available
on GitHub?.

2https://github.com/abachaa/
MEDIQA-SYNUR-2026
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4.2. Code Verification

For additional validation, we required the submis-
sion of the code in addition to the models’ out-
puts/runs, in order to verify the reproducibility of
the reported runs. The participants shared their pri-
vate codes with the organizers on GitHub following
provided guidelines.

4.3. Baseline System

We built a GPT-4.1 based baseline system, with de-
terministic outputs (temperature=0). Our approach
contains three sub-tasks (Corbeil et al., 2025b):

1. Segmentation: The segmentation step splits
the streaming nurse transcript into medically
coherent, continuous and non-overlapping
segments via an LLM.

RAG: We minimize the size of the schema by
filtering potential rows to the top N candidates
given the current segment based on cosine
similarity.
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3. Extraction: Finally, we use the LLM to extract
the relevant text from the transcript segment
and canonicalize it based on the (now reduced)
schema.

5. Official Results

5.1.

Thirteen finalist teams, out of 66 registered teams,
submitted their code and runs for the MEDIQA-
SYNUR 2026 shared task®. Table 1 presents the
papers and the code for each team that participated.
We limited the number of submitted runs to 15 runs
per team.

Participating Teams

5.2. Leaderboard Ranking

Table 2 presents the official results of the MEDIQA-
SYNUR competition. Overall, the results show a
relatively narrow performance gap among the top-
ranked systems, with most approaches converging
toward similar F1 scores despite substantial differ-
ences in model size and pipeline design.

Although excluded from the official ranking, the
GPT-4.1 baseline (Corbeil et al., 2025b) achieved
the highest overall performance with an F1 score of
0.837, outperforming the top ranked system by 2.3
absolute points. The baseline also achieved the
highest precision and the second-highest recall, in-
dicating that the proposed segmentation and RAG-
based pipeline remains a very strong approach for
the task.

Among the official submissions, the first-ranked
system from Semantica Lab (Hwang et al., 2026)
achieved an F1 score of 0.814 using a committee
of frontier LLMs combined with an LLM-as-a-Judge
verification strategy. This confirms the effective-
ness of ensemble and verification-based pipelines,
which appear frequently among the top-performing
systems.

A notable observation is that systems ranked
between second and fifth positions achieved very
similar F1 scores (0.796—0.804), despite relying
on different models and architectures. Many of
these approaches were based on GPT-5 models
or very large open-weight models such as Kimi-
K2 MoE and Qwen3 235B, suggesting that perfor-
mance differences in this range are driven more
by pipeline design (e.g., retrieval, verification, or
post-processing) than by the base model alone.

Different optimization strategies are also visible
in the precision—-recall trade-offs. For example, the
AnotherOne system achieved the highest recall
(0.835) but relatively low precision, while other top

Shttps://www.codabench.org/
competitions/12113/
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systems prioritized precision through verification or
consensus mechanisms. This indicates that sys-
tems relying on verification stages tend to favor
precision, whereas single-pass extraction systems
often favor recall.

Another important result is the performance of
smaller models. The NSN team successfully fine-
tuned a Qwen3 2B model using SFT and GRPO,
achieving an F1 score of 0.740 without complex
pipeline components. This result is notable be-
cause it demonstrates that fine-tuned small lan-
guage models can remain competitive with much
larger models when properly trained for the task.

Finally, the lower-ranked systems (positions
11-13) relied primarily on prompting Llama-based
models (8B and 70B), which resulted in lower over-
all performance. This suggests that prompting-only
approaches without retrieval, verification, or fine-
tuning are insufficient for this task compared to
multi-stage pipelines or fine-tuned models.

Overall, the leaderboard highlights three main
successful strategies: (i) multi-stage pipelines with
retrieval and verification, (ii) ensembles or multi-
model systems, and (iii) fine-tuning smaller models
specifically for the task. These findings provide use-
ful insights for future work on clinical observation
extraction from nurse dictations.

5.3. Approaches

5.3.1. Semantica Lab

The Semantica Lab team (Hwang et al., 2026) in-
troduced a 6-step mutli-stage pipeline that (i) nor-
malize transcripts, (ii) generate a transcript-spe-
cific set of candidate concepts, (iii) filter candidates
using an evidence gate or use an online router
to select which domain experts to invoke for the
transcript (iv) retain only extractions supported by
cross-model agreement (v) send remaining ambigu-
ous cases to an adjudicator. (vi) and canonicalize
outputs and apply a consensus-based intersection
of complementary runs.

5.3.2. MasonNLP

The MasonNLP team (Karim and Ozlem Uzune,
2026) presented a modular retrieval-augmented ex-
traction pipeline that contains the following compo-
nents: (i) training-set exemplar retrieval, (i) schema
conditioned prompting (full schema or pruned can-
didate schema), (iii) deterministic schema-based
postprocessing (iv) and a second-pass audit to re-
fine outputs.

5.3.3. Smart_solutions

The Smart_solutions team (Munjal, 2026) adopted
a multi-stage pipeline of agents. Specifically, they
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Pipeline Components Metrics
Rank Team Model(s) Desc. Seg. RAG #LR Ver. P R F1
- | Baseline GPT-4.1 v D 2 R |0.843 0.831 0.837
1 | Semantica Lab GPTs & Claudes 6 J 10.826 0.801 0.814
2 | MasonNLP GPT-5.2 D 2 V |0.786 0.822 0.804
3 | Smart_solutions Kimi-K2 v S 5 0.805 0.799 0.802
4 | HSE NLP Qwen-235B & GPT-5 3 J/X|0.781 0.819 0.800
5| MKC GPT-5-mini & GPT-5.1 v v H 1 0.786 0.807 0.796
6 | Gladiators Claude Opus 4.5 1 R [0.731 0822 0.774
7 | MIDAS_SYNUR GPT-5.2 1 0.779 0.767 0.773
8 | NSN Qwen3 2B srrierro 1 0.701 0.785 0.740
9 | Lakefront Al Ramblers | GPT-40-mini v H 2 V |0.768 0.662 0.711
10 | AnotherOne GPT-OSS 120B 4 R | 0.607 0.835 0.703
11 | LTRC-MEDICOM Gemmaz2 & Llama3 8B 2 R |0.619 0.721 0.666
12 | SQUCS Llama3.3 70B 3 R |0.529 0.673 0.592
13 | LTRC-IIIT Llama3.1 8B 2 0.598 0.551 0.574

Table 2: Leaderboard results of MEDIQA-SYNUR (metrics: Precision, Recall, F1). Bold, underlined and
italic values are first, second and third scores per column, respectively. Several acronyms were used to
differentiate steps across pipelines (excluding the mandatory extraction step): Desc. stands for description
of concepts in the ontology; Seg. is for the transcript segmentation stage; RAG has the sparse (S), dense
(D) and hybrid (H) systems; #LR stands for numbers of language-model roles; Ver. is for verification such
as lim verification (V), lim-as-a-judge (J), rules (R), reparation (X), etc.

decomposed the main nursing task into 5 different
subtasks: (i) observation extraction, (ii) ontology
candidate retrieval, (iii) relevance scoring (iv) deter-
ministic value assignment (v) post-processing and
evaluation.

5.3.4. HSE NLP

The HSE NLP team (Valiev, 2026) introduced a
three-stage pipeline that includes: (i) complemen-
tary generators that maximize candidate coverage
(i) a dedicated adjudicator that operates as a ver-
ifier rather than a generator, (iii) a token-efficient
repair step that restores strict schema compliance.

5.3.5. MKC

The MKC team (Hwang and Kwak, 2026) proposed
a RAG-based pipeline that first segment the input
dictation into distinct units containing clinical facts.
Afterwards, they constructed a memory bank for
leveraging both a medical observation ontology and
previously annotated observation tags from existing
dictations. Finally, they integrated these dataset
into a LLM generation process, in order to guide
the model to produce more accurate outputs.
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5.3.6. Gladiators

The Gladiators team (Satyanarayana et al., 2026)
presented a hybrid approach that integrates large
language models with domain-specific validation
rules. Their system used a variety of comprehen-
sive prompt engineering strategies and specialized
filters and correction mechanisms. In addition, they
included a supplementary rule-based component
which includes a large set of regex patterns in order
to captures high-confidence observations.

5.3.7. MIDAS_SYNUR

The MIDAS _SYNUR team (Sriram and Sahoo,
2026) showcased a prompting-based system that
adopts a single-prompt, field-rich few-shot strategy,
to jointly generate all schema fields in one struc-
tured output. Specifically, the few-shot demonstra-
tions are curated and grouped by value type, in or-
der to promote consistency across heterogeneous
value distributions.

5.3.8. NSN

The NSN team (Aryoyudanta et al., 2026) pre-
sented a fine-tuned decoder only LLM for clini-
cal observation extraction trained on the MEDIQA-
SYNUR shared task dataset using an SFT followed



by GRPO-RL pipeline. In addition to the shared-
task dataset, the team also incorporated an aug-
mented CoT dataset during SFT, which improved
model performance after GRPO-RL training.

5.3.9. Lakefront Al Ramblers

The Lakefront Al Ramblers team (Saban et al.,
2026) introduced a hybrid schema retrieval with
model/post-processing-level enhancements that in-
cludes the following steps: (i) segmentation of each
transcript (ii) processing each segment by using
RAG to select a small subset of schema concepts
(iii) LLM-generated schema-constrained JSON ex-
tractions (iv) validation with optional post-process-
ing steps (voting and LLM-based verification).

5.3.10. AnotherOne

The AnotherOne team (Thomas and Krishna-
murthy, 2026) adopted a modular four-stage LLM
pipeline that includes: (i) knowledge-enhanced
concept detection using medical domain clus-
tering (ii) evidence-grounded value extraction
(iii) schema-constrained value normalization, and
(iv) deterministic post-processing with fuzzy match-
ing and unit pairing.

5.3.11.

The LTRC-Medicom team (Deepak et al., 2026)
presented a pipeline that consists of four dis-
tinct phases: (i) Semantic Clustering (ii) System-
atic prompt engineering that includes a 9-step
chain-of-thought system prompt (iii) Supervised
Fine-Tuning using QLoRA (Quantized Low-Rank
Adaptation) and (iv) transcript verification.

LTRC-Medicom

5.3.12. SQUCS

The SQUCS team (JeebAllah et al., 2026) pre-
sented a multi-agent LLM-based system that de-
composes the extraction process into specialized
agents responsible for (i) schema-guided extraction
which includes an additional transcript segmenta-
tion mechanism (ii) rule-based validation (iii) and
precision-oriented filtering verification. Finally, they
also include a rule-based post-processing step in-
formed by systematic error analysis on the devel-
opment set.

5.3.13. LTRC-lIT

The LTRC-IIIT team (Vaish and Sharma, 2026) in-
troduced a pipeline that consists of two distinct
stages: (i) a retrieval module designed to filter rel-
evant flowsheet rows from the full set of schema
rows (ii) a generation module that extracts values
using a local instruction LLM.
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6. Conclusion

The MEDIQA-SYNUR 2026 shared task was tack-
led by a wide variety of approaches from the partici-
pating teams. The runs submitted by the participat-
ing teams explored different retrieval-augmented
generation, fine-tuning and prompting methods
which we believe will provide new insights for fu-
ture research directions in the task of observation
extraction from nurse dictations.

The best performance was achieved from closed-
weight model LLMs (e.g. GPT and Claude fron-
tier models) but also teams that used very large
open-weight model (e.g. Kimi-K2 MoE and Qwen3
235B) achieved similar results—in line with previ-
ous works (Dada et al., 2025; Corbeil et al., 2025a).
A noticeable submission finetuned Qwen3 2B with
SFT and GRPO achieving competitive results for
such a small language model that was fine-tuned
on a very small training set, paving the way to apply
SLMs for the nurse observation extraction task.

Considering the diverse pipeline designs, we no-
ticed a few successful strategies: adding descrip-
tions to ontological concepts, segmenting the dicta-
tions, using RAG with dense embeddings, including
several LLMs (i.e., agents or ensemble), and post-
processing with LLM-as-a-Judge.

Incorporating all of these insights seems promis-
ing for the future of systems tackling the nurse ob-
servation extraction task. We hope that this shared
task will encourage further efforts towards auto-
matic observation extraction from nurse dictations
to reduce the workload for medical professionals.

Limitations

The paper does not cover all possible methods
and models for extracting clinical observations from
nurse dictations. The SYNUR dataset is also lim-
ited in terms of size and types of clinical obser-
vations. Further experiments and evaluations are
needed to validate the best performing methods on
other datasets and scenarios.
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