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Preface

This volume contains papers from the 7th Workshop on Clinical Natural Language Processing (Clinical
NLP 2025), held online.

Clinical text is growing rapidly as electronic health records (EHRs) become pervasive. Much of the
information recorded in a clinical encounter is located exclusively in provider narrative notes, which ma-
kes them indispensable for supplementing structured clinical data to better understand patient state and
care provided. The goal of this workshop is to establish a regular event that brings together researchers
interested in developing state-of-the-art methods for the clinical domain. The focus is on improving NLP
technology to enable clinical applications via information extraction and modeling of narrative provider
notes from electronic health records, patient encounter transcripts, and other clinical narratives.

For Clinical NLP 2025 we focused on three shared tasks, challenging researchers around the world to de-
velop new approaches to solve clinical NLP problems: chemotherapy timelines extraction, medical order
extraction, and wound care visual question answering. We received a total of 8 participant submissions
to the shared tasks, all of which were accepted as oral presentations.
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Keynote Talk
An Al Agenda to Modernize Healthcare Delivery

Dr. Karandeep Singh
UC San Diego

Abstract: In this talk, Dr. Karandeep Singh will describe healthcare delivery challenges that cut across
multiple clinical services and care settings and culminate in the phenomenon of patients “boarding” in
the emergency department. Is boarding really a fixable problem? If so, how can artificial intelligence
(AD help? He will present key areas where Al can play a role in informing and redesigning how care
is delivered, touching on its roles in measurement, simulation, prediction, and automation. The talk is
intended to build skills in health systems-level thinking and Al-supported quality improvement.

Bio: Karandeep Singh, MD, MMSc is the Joan and Irwin Jacobs Chancellor’s Endowed Chair in Digital
Health Innovation and Associate Professor in Biomedical Informatics at UC San Diego, where he also
serves as Chief Health AI Officer for UC San Diego Health. In these roles, Dr. Singh leads Al initiatives
within the Jacobs Center for Health Innovation and oversees Al strategy and governance for the health
system.

He completed his internal medicine residency at UCLA Medical Center, where he served as chief resi-
dent, and a nephrology fellowship in the combined Brigham and Women’s Hospital and Massachusetts
General Hospital program. He completed his medical education at the University of Michigan Medical
School and holds a master’s degree in medical sciences in Biomedical Informatics from Harvard Medical
School.
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Overview of the 2025 Shared Task on
Chemotherapy Treatment Timeline Extraction

*Jiarui Yao!, *“Harry Hochheiser?, WonJin Yoon!, Eli Goldner!, Guergana Savova'
"Boston Children’s Hospital and Harvard Medical School *University of Pittsburgh

{jiarui.yao, wonjin.yoon, eli.goldner, guergana.savova}@childrens.harvard.edu

harryh@pitt.edu

Abstract

Extracting patient treatment timelines from
clinical notes is a complex task involving iden-
tification of relevant events, temporal expres-
sions, and temporal relations in individual doc-
uments and developing cross-document sum-
maries. The 2025 Shared Task on Chemother-
apy Treatment Timeline Extraction builds upon
the initial 2024 challenge, using data from
57,530 breast and ovarian cancer patients and
15,946 melanoma patients. Participants were
provided with a subset annotated for treatment
entities, temporal expressions, temporal rela-
tions, and timelines for each patient. This train-
ing data was used to addressed two subtasks.
Subtask 1 focused on extracting temporal rela-
tions and creating timelines, given documents
and gold-standard events and temporal expres-
sions. Sutask 2 involved development of an
end-to-end system involving extraction of en-
tities, temporal expressions, and relations, and
construction of timelines, given only the Elec-
tronic Health Record notes. Five teams par-
ticipated, submitting eight entries for Subtask
1 and twelve for Subtask 2. Supervised fine-
tuning remains a productive approach albeit
with a shift of supervised fine-tuning of very
large language models compared to the 2024
task edition. Even with the much more "strict"
evaluation metric, the best results are compara-
ble to the best less strict 2024 relaxed-to-month
results.

1 Introduction

As cancer patients are generally treated through
detailed protocols involving multiple drugs admin-
istered in well-defined patterns over extended pe-
riods of time (Warner et al., 2019), identification
of specific protocols administered to patients is a
critical step in retrospective cancer research. Unfor-
tunately, extraction of this information from real-
world data is often challenging, as notes and medi-
cation administration records may indicate which

1

treatments are given and when, but specific proto-
cols are rarely named. Extraction of these details
from clinical notes is a challenging task, involving
multiple steps. First, mentions of administrations
of chemotherapeutic agents must be extracted and
normalized. The date of the notes and any temporal
modifiers must then be used to assign a temporal
extent to the medication event (Laparra et al., 2018).
Finally, all events must be assembled into an or-
dered timeline. Several of these tasks have been
the focus of previous SemEval challenges (Elhadad
et al., 2015; Laparra et al., 2018; Bethard et al.,
2017).

Temporal relations extraction challenges includ-
ing temporal relation extraction, time expression
normalization, and domain adaptation, were the
focus of the 2015-2021 SemEval shared tasks
(Bethard et al., 2015, 2016, 2017; Laparra et al.,
2018, 2021) based on the THYME and THYME2
corpora (Styler IV et al., 2014; Wright-Bettner
et al., 2020). To facilitate a focus on temporal rela-
tion extraction, these tasks provided the gold event
and time expressions. Methodological advances
resulting from these challenges enabled initial ap-
plications to real world biomedical use cases.

The 2024 Chemotherapy Treatment Timeline Ex-
traction shared task™ built on this experience with
two subtasks aimed at capturing the difficulty of
extracting cancer treatment information. Subtask
1 asked participants to assemble provided individ-
ual events and temporal expressions into timelines,
while Subtask 2 called for the development of an
end-to-end system including extraction of mentions
and timeline assembly. Nine participating teams
used a data set of more than 73,000 cancer pa-
tients from 2004-2020 from University of Pitts-
burgh Medical Center (UPMC) to complete these
tasks, using a variety of models and approaches. Al-
though most teams used deep-learning approaches,

*https://sites.google.com/view/
chemotimelines2024
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entries were divided in their specific approaches,
with some using prompting approaches for large-
language models (LLMs) and others relying on fine-
tuning of smaller models, with the best fine-tuned
smaller models outperforming the larger models.
Not surprisingly, Subtask 2 was significantly more
difficult than Subtask 1 (Yao et al., 2024).

The 2025 edition of the shared task repeats the
structure of the early task , with the expectation
that substantial methodological advances in the
field would encourage experimentation and yield
insights into the application of state-of-the-art tools
to these challenging tasks.

The next sections described the shared task in
detail, including the dataset, the evaluation method-
ology, the and baseline system. Approaches used
by each of the teams are described along with re-
sults. Additional details are provided in companion
papers by the participating teams.

2 Description of the Shared Task and
Subtasks

Like the 1st edition of the shared task — the 2024
Chemotherapy Timeline Extraction Shared task —
the overall goal of the 2025 shared task is to cre-
ate patient-level timelines of systemic anticancer
therapies (SACT), which we refer to as chemother-
apy treatment events, from all the notes in the
Electronic Health Records (EHRs) available for
a given patient. SACT include traditional cytotoxic
chemotherapy, endocrine therapy, targeted therapy,
and immunotherapy. Clinical narrative texts from
the EHR often contain extensive descriptions of the
temporal sequencing of SACT, presenting a valu-
able opportunity for automated extraction methods.

Clinical timelines require structured represen-
tation for computational processing. Following
established temporal relation frameworks (Wright-
Bettner et al., 2020; Styler IV et al., 2014), we
model chemotherapy treatment timeline using six
core temporal relations: BEFORE, CONTAINS,
CONTAINS-1 (inverse containment), OVERLAP,
NOTED-ON, BEGINS-ON, and ENDS-ON. Fol-
lowing the 2024 shared task, we formalize treat-
ment timelines as structured triplets: <chemother-
apy_event, temporal_relation, time_expression>,
enabling direct computational analysis of SACT
treatment sequences.

Thus, a sentence “2 cycles Carboplatin and

Tht’cps ://sites.google.com/view/
chemotimelines2025/

Taxol, 9/30/13, 10/20/13 in a clinical note can
be modeled as:

<Carboplatin, CONTAINS-1, 2013-09-30>,
<Taxol, CONTAINS-1, 2013-09-30>,
<Carboplatin, CONTAINS-1, 2013-10-20>,
<Taxol, CONTAINS-1, 2013-10-20>.

This representation enables a modular pipeline
approach comprising chemotherapy event extrac-
tion, temporal expression (TIMEX3) identification,
temporal relation classification, time normalization,
and patient-level timeline assembly. The 2024 and
2025 editions of Chemotherapy Treatment Time-
line Extraction shared task both contain two sub-
tasks. Subtask 1 provides gold-standard chemother-
apy events and temporal expressions alongside
EHR notes, focusing participants on temporal re-
lation extraction and timeline construction given
perfect entity recognition. Subtask 2 presents the
realistic scenario where only raw EHR notes are
available, requiring end-to-end systems that jointly
perform entity extraction and timeline reconstruc-
tion. Figure 1 illustrates the overall task frame-
work.

2.1 Data

The 2025 edition uses the same dataset as in the
previous year. We provide a brief description below,
and refer readers to the 2024 overview paper (Yao
et al., 2024) for further details.

We included all available EHR notes for each
patient, regardless of their direct relevance to the
patient’s cancer. A subset of patients’ EHRs
was annotated with <chemotherapy_event, tem-
poral_relation, time_expression> triplets to create
the gold-standard dataset, following the THYME?2
annotation schema (Wright-Bettner et al., 2020;
Styler IV et al., 2014), which is widely used in the
clinical temporal relation extraction research com-
munity (Bethard et al., 2015, 2016, 2017; Lin et al.,
2019, 2021). The final gold-standard patient-level
timelines were automatically generated by merging
all instance-level annotations, followed by dedupli-
cation and collapsing of temporal relations. The
gold-standard dataset was then divided into train-
ing, development (dev), and test sets. Table 1 and
Table 2 present the distributions of the gold dataset
(the Labeled Dataset).

Additionally, we provided an Unlabeled Dataset
containing EHR notes from UPMC for 57,530
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Patient received 2 cycles Carboplatin and
Taxol, 9/30/13, 10/20/13, ...

Patient received 2 cycles Carboplatin and
Taxol, 9/30/13, 10/20/13, ...

Entity Relation Date

Taxol CONTAINS-1 2013-09-30
Carboplatin CONTAINS-1 2013-09-30
Taxol CONTAINS-1 2013-10-20
Carboplatin CONTAINS-1 2013-10-20

Figure 1: Illustration of the two subtasks in the 2024 and 2025 Chemotherapy Treatment Timeline Extraction shared
task. The input of Subtask 1 is patient notes with gold events (highlighted in green) and time expressions (highlighted
in blue). The input of Subtask 2 is patient notes only. The output of both subtasks is a list of chemotherapy treatment
timelines with normalized time expressions. See details in section 2. (Figure is a re-print of Yao et al. (2024) with

slight modifications).

Train Dev Test
Patients  Notes Words Patients  Notes ‘Words Patients  Notes ‘Words
Ovarian cancer 26 1,675 | 1,183,632 8 562 308,814 8 559 257,116
Breast cancer 33 1,002 465,644 16 499 225,588 35 1,333 | 786,896
Melanoma 10 233 124,924 3 211 178,308 10 229 156,083

Table 1: Gold labeled dataset: number of patients, notes, and words across train/dev/test sets. “Words” denotes the

tokens delimited by white spaces.

breast/ovarian cancer patients (2004—2020) and
15,946 melanoma patients (2010-2020). This
dataset has no gold-standard annotations and may
be used for continued training or pretraining of
language models.

Each team’s Principal Investigator (PI) was re-
quired to execute a Data Use Agreement (DUA)
with the University of Pittsburgh to get access to the
Labeled and Unlabeled datasets. Once the DUA
was executed, data were distributed via Globus*.

3 Evaluation

We used the standard F1 metric to evaluate system
performance. Unlike the 2024 edition of the shared
task (Yao et al., 2024), we used the "strict" evalu-
ation metric for this year’s evaluation. That is, all
elements in a triplet must match the corresponding
ones in the gold annotations to count as a match.
The 2024 edition used "relaxed-to-month" matches,
where the month and year must match to count
as matches. Thus, results reported in the 2025 edi-
tion are not directly comparable to the 2024 edition.
The "strict" metric used in the 2025 edition presents

*https://www.globus.org

an increased level of challenge for the participants.

We used two types of metrics to account for
chemotherapy treatment patterns. Although most
patients are treated with chemotherapy agents,
some are not. This is particularly the case for
melanoma patients, who are often treated surgically.
To handle these differences, we used two types of
scores based on results as motivated above:

* Type A: F1: all patients included regardless
of whether they have chemotherapy gold time-
lines.

* Type B: F1 excluding patients with no
chemotherapy timelines.

Type A scores are intended to capture false posi-
tives for patients without chemotherapy treatments,
while Type B score measure the effectiveness of
the methods on patients with confirmed chemother-
apy treatments. The F1 score for each patient was
computed and the final F1 score for each type is the
average across all patients. The Official score used
for the rankings in the Leader Board is the average
of Type A and Type B. A link to the evaluation
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Train Dev Test
EVENT TIMEX3 TLINK | EVENT TIMEX3 TLINK | EVENT TIMEX3
Ovarian cancer 1,168 597 494 790 312 226 664 381
Breast cancer 1,023 576 455 279 146 113 2,560 1,118
Melanoma 147 78 48 789 261 201 398 193

Table 2: Gold labeled dataset: EVENTs/ TIMEX3s/ TLINKSs distribution in the labeled dataset. TIMEX3 and
TLINK refer to time expressions and temporal relations respectively.

script® is posted on the shared task website. Each
team was allowed to upload up to five submissions
for each task.

4 Baseline System

The baseline system for both Subtask 1 and Subtask
2 is the same as in the 2024 edition; we provide a
high-level description below. A detailed descrip-
tion can be found in Yao et al. (2024).

The baseline system is a pipeline system uti-
lizing Apache cTAKES! (Savova et al., 2010)
and its python wrapper (Python bridge to Java
ctakes-pbj) . To fine-tune PubMedBERT (Gu
et al., 2020) first on the THYME?2 clinical temporal
relation dataset (Wright-Bettner et al., 2020) and
then on the shared task dataset, the baseline system
uses Huggingface Transformers (Wolf et al., 2019).
Temporal expression normalization to ISO standard
is done with CLUlab Timenorm’s synchronous con-
text free grammar module (Bethard, 2013). The
final timeline is a summarization where the most
specific temporal relation between a chemotherapy
event and a temporal expression is represented fol-
lowing a temporal relation hierarchy. The system
processes all notes for a given patient without any
type of document pruning. The baseline system is
available as a docker container on the shared task
website .

5 Participating Systems

In this section, we briefly describe the approaches
of participating systems. Each team was asked
to submit short system descriptions along with
their official system submissions as outlined on
the shared task website **. The system summaries
below are based on these descriptions. Details of

§https://github.com/HealthNLPorg/
chemoTimelinesEval
Thttps://ctakes.apache.org
"https://github.com/HealthNLPorg/
chemoTimelinesBaselineSystem
“https://sites.google.com/view/
chemotimelines2025/submission-of-test-output

each system can be found in the separate papers
by each of the team. Table 3 provides a high level
summary description of the participating systems.

Brim utilized the Brim platform ™" and LLMs
to extract relevant elements for Subtask 1. They
applied GPT-40 (OpenAl et al., 2024) and GPT-4.1
# to perform hierarchical question answering for
this task. The Brim team received the dataset one
week before the run submission deadline, therefore
they only submitted one system for Subtask 1.

NLP4Health submitted 3 systems for Subtask 1.
They finetuned small to mid-size opens LLMs (i.e.
Llama3.2-3B, Llama3.1-8B, Grattafiori et al. 2024)
for temporal relation extraction using the gold stan-
dard dataset. For the TIMEX3 normalization step,
they prompted the Qwen3-14B model (Qwen Team,
2025) with zero-shot chain-of-thought (CoT) (Wei
et al. 2022) prompting. In two of their submis-
sions, they also conducted a rule-based postpro-
cessing step. They found the model tended to incor-
rectly predict CONTAINS rather than ENDS-ON
if there were “being on” or “was on” preceding the
TIMEX3 in the text. Therefore, they used Regular
Expression to adjust the final predictions for those
situations. They also used the medSpaCy (Eyre
et al., 2021) package for sentence segmentation
during preprocessing.

NousTime participated in both Subtask 1 and
Subtask 2. They prompted GPT-40 for both the
temporal relation extraction step and TIMEX nor-
malization step. Their prompt encoded extensive
rule logic for inclusion/exclusion criteria, TIMEX3
normalization, and TLINK label assignment.

UAB submitted 3 systems for Subtask 1 and 1
system for Subtask 2. Their main technique was
zero-shot prompting of LLMs. They used Phi4:14B
(Abdin et al., 2024) and GPT-4.1-mini for their
experiments. Unfortunately, in their final submis-
sions, the team missed to submit the output with

https://www.brimanalytics.com/
Hhttps://openai.com/index/gpt-4-1/
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Team Approach Model Task
Brim LLM with the Brim platform GPT-40, GPT-4.1 2
.. Supervised fine-tuning LLMs, Zero- Llama 3.1-8B,
NLP4Health_submissionl shot Chain-of-Though prompting Qwen3-14B !
et et IO L3
NLP4Health_submission2,3 omptine. rule-based (%st- Llama 3.2-3B, 1
Prompne. P Qwen3-14B
processing
NousTime Prompting LLMs GPT-40 1,2
. . hi4:14b
UAB_sub 123 Zero-shot t p : 1
_submission ero-shot prompting GPTA L mini
UAB_submission4 Zero-shot prompting phi4:14b 2
. . Supervised fine-tuning LLMs,
UW-BioNLP_submissionl,2 Direct Preference Optimization Qwen3-14B 2
UW-BioNLP_submission3 Lookup table for entity extraction Qwen3-14B 2
UW-BioNLP_submission4 Prompting LLMs with thinking Qwen3-30B-A3B 2
mode

Table 3: Characteristics of participating systems. NOTE: not enough information for UW-BioNLP_submission3
provided by the participating team; no description of UW-BioNLP_submission5 provided by the participating team.

the last step of summarization, thus their results
might be lower.

UW-BioNLP participated in Subtask 2. They
surpervised finetuned (SFT) Qwen3-14B using the
gold standard dataset. In one of their systems, they
continued to train the model after SFT with Di-
rect Preference Optimization (DPO, Rafailov et al.
2023) to align the outputs with human preferences.
They also explored prompting Qwen3-30B-A3B
(Qwen Team, 2025) with thinking mode.

6 Results and Discussion

Table 4 and 5 present the average F1 scores across
three cancer types with the strict evaluation metric,
which we use as the main metric in the Leader
Board. Results per type of cancer are presented in
Table 6.

Subtask 1 In Subtaskl, all participating systems
underperformed the baseline system, a finetuned
model using PubMedBERT (Gu et al., 2020) and
described in detail in Yao et al. (2024). This
indicates that in well-defined information extrac-
tion biomedical tasks, domain-specific pretrained
language models retain a competitive edge over
general-purpose LLMs. Among the 8 participat-
ing systems, both the NousTime team and UAB
team used the “prompting LLM” method, the per-
formance discrepancy shows that prompting LLMs
is far from a uniform strategy. Larger models such
as GPT-4o0 appear more successful in a prompting

setup as compared to the smaller models such as
Llama 3.1/3.2 and Qwen. Model capacity, prompt
design, inclusion of few-shot examples, decoding
strategy, and post-processing choices all potentially
contribute to the final outcome.

Subtask 2 In Table 5 which presents Subtask 2
results, we notice the big performance drop from
the best Subtask 1 result (73.01 F1 for Subtask 1
and 67.81 for Subtask 2). The same is observed
across team, for example, NousTime’s best result
in Subtask 2 is 62.41 F1, about 10 points lower than
its performance in Subtask 1 (73.01 F1), showing
that the end-to-end timeline extraction is a much
harder task (as is expected to be the case). Ten out
of the twelve Subtask 2 submissions beat the base-
line system by 5.35 - 21.9 F1 points. All of those
ten systems employ LLMs in various ways (SFT or
prompting), which suggests that when entity recog-
nition is part of the task, LLMs’ ability to jointly ex-
tract and reason the timeline and its necessary com-
ponents is a big advantage over smaller biomed-
ical pretrained language models. Relying on the
LLM’s learned knowledge appears a better strat-
egy than explicitly representing events in lookup
tables (UW-BioNLP submission 1/2/4 v. UW-
BioNLP submission 3). We also notice that within
LLM-based strategies, fine-tuned and alignment-
optimized models (e.g. UW-BioNLP submission
1/2/4) clearly outperform simple prompting-based
systems.



Team Submission Type A Type B Official
NousTime submission1 82.20 63.81 73.01
NousTime submission2 | 81.77 63.05 72.41
NLP4Health | submission2 | 74.01 45.32 59.66
NLP4Health | submissionl | 73.99 45.30 59.64
NLP4Health | submission3 | 73.66 44.01 58.84
UAB* submission3 | 47.80 20.30 34.05
UAB* submission2 | 40.12 15.60 27.86
UAB* submissionl | 32.62 13.18 22.90
Baseline - 85.73 68.73 77.23

Table 4: Subtask 1 evaluation results. We report the average F1 scores across three cancer types (breast cancer,
ovarian cancer, melanoma) in the dataset. Scores are with the strict evaluation metric, thus not comparable to the
results from the 2024 Chemotherapy shared task which included relaxed-to-month evaluation. *: potentially without
timeline summarization at the time of submission, thus results are likely lower.

Team Submission Type A Type B Official
UW-BioNLP | submissionl | 74.81 60.81 67.81
UW-BioNLP | submission2 | 74.70 58.50 66.60
UW-BioNLP | submission4 | 72.24 56.58 64.41
NousTime submission4 | 73.02 51.80 62.41
NousTime submission3 | 73.14 50.10 61.62
NousTime submission5 | 72.69 49.22 60.96
UW-BioNLP | submission5 | 68.20 52.34 60.27
UW-BioNLP | submission3 | 64.85 44.10 54.48
NousTime submissionl | 52.83 51.34 52.09
NousTime submission2 | 55.26 47.25 51.26
Brim submissionl | 51.48 29.22 40.35
UAB* submission4 | 42.25 3.38 22.82
Baseline - 59.79 32.03 4591

Table 5: Subtask 2 evaluation results. We report the average F1 scores across three cancer types (breast cancer,
ovarian cancer, melanoma) in the dataset. Scores are with the strict evaluation metric, thus not comparable to the
results from the 2024 Chemotherapy shared task which included relaxed-to-month evaluation. *: potentially without
timeline summarization at the time of submission, thus results are likely lower.

6.1 Comparison of Systems and Results —
2024 and 2025 ChemoTimelines Shared
Task

In the 2025 shared task edition, there are more sub-
missions for Subtask 2, the end-to-end timeline
extraction task which is the more difficult albeit
realistic task — 8 submissions for Subtask 1 and 12
submissions for Subtask 2. In the 2024 shared task
edition (Yao et al., 2024), there were 18 submis-
sions for Subtask 1 and 9 submissions for Subtask
2.

A comparison between the 2024 and 2025 shared
task Subtask 2 results reveals the substantial im-
pact of the evaluation metric strictness and likely
genuine system improvements over the interven-

ing year. Under the relaxed-to-month evaluation
in 2024, the baseline system achieved an official
F1 score of 58, while the same baseline under the
strict evaluation in 2025 dropped to 45.91. The top-
performing 2025 systems (UW-BioNLP at 67.81 F1
under strict evaluation) would likely achieve sub-
stantially higher scores if evaluated under 2024’s
relaxed-to-month metric, likely significantly out-
performing the best 2024 systems LAILab (Had-
dadan et al., 2024) at 70. This suggests that while
the stricter 2025 evaluation exposes remaining chal-
lenges in precise temporal boundary detection, the
underlying systems have indeed made considerable
advances in temporal reasoning capabilities.

Methodswise, supervised fine-tuning remains



BREAST CANCER

Team Submission Type A TypeB Official

NousTime submissionl  79.31 65.32 72.31
NousTime submission2  78.90 64.53 71.72
NLP4Health submission3  71.02 43.65 57.34
NLP4Health submission2  70.10 41.87 55.98
NLP4Health submissionl  70.06 41.78 55.92

UAB* submission3  45.36 38.21 41.78

UAB* submissionl  36.13 25.81 30.97

UAB* submission2  32.66 19.06 25.86

Baseline - 86.85 74.44 80.64
MELANOMA

Team Submission Type A TypeB Official

NousTime submission2  83.56 58.90 71.23
NousTime submission] 83.11 57.76 70.43
NLP4Health  submissionl 80.56 51.41 65.99
NLP4Health submission2  80.56 51.41 65.99
NLP4Health submission3  76.90 42.25 59.58

UAB* submission2  54.73 11.83 33.28

UAB* submission3  53.30 8.26 30.78

UAB* submissionl  30.57 1.43 16.00

Baseline - 82.22 55.54 68.88
OVARIAN CANCER

Team Submission Type A TypeB Official

NousTime submission] 84.18 68.36 76.27
NousTime submission2  82.85 65.70 74.28
NLP4Health submission3  73.07 46.14 59.61
NLP4Health submissionl  71.35 42.70 57.02
NLP4Health submission2  71.35 42.70 57.02

UAB* submission3  44.72 14.44 29.58
UAB* submission2  32.96 1591 24.43
UAB* submissionl  31.15 12.30 21.72
Baseline - 88.11 76.21 82.16

(a) Subtask 1

BREAST CANCER
Team Submission Type A TypeB Official

UW-BioNLP submission2  74.79 67.64 71.22
UW-BioNLP submission4  70.89 71.18 71.04
UW-BioNLP submissionl  72.11 67.99 70.05
UW-BioNLP submission5  63.10 67.14 65.12
NousTime submission4  73.65 54.31 63.98
UW-BioNLP submission3  62.25 59.93 61.09
NousTime submissionl  63.02 55.87 59.45
NousTime submission3  72.15 45.85 59.00
NousTime submission2  62.49 54.85 58.67
NousTime submissionS  70.80 43.23 57.01

Brim submissionl  47.10 41.59 44.34

UAB* submission4 ~ 38.43 8.05 23.24

Baseline - 54.04 43.96 49.0
MELANOMA

Team Submission Type A TypeB Official

NousTime submissionl ~ 64.42 61.04 62.73
NousTime submission4  70.45 51.12 60.78
NousTime submission3  69.81 49.52 59.66
NousTime submissionS  69.81 49.52 59.66
UW-BioNLP submissionl 69.59 48.97 59.28
UW-BioNLP submission2  68.46 46.14 57.30
NousTime submission2  60.70 51.75 56.23
UW-BioNLP submission3  65.53 38.83 52.18
UW-BioNLP submissionS  63.82 34.55 49.19
UW-BioNLP submission4  63.80 34.51 49.16

Brim submission]l  62.84 32.11 47.48

UAB* submission4  50.83 2.08 26.46

Baseline - 52.94 7.34 30.14
OVARIAN CANCER

Team Submission Type A TypeB Official

UW-BioNLP submissionl  82.73 65.45 74.09
UW-BioNLP submission4  82.02 64.05 73.04
UW-BioNLP submission2  80.86 61.72 71.29
UW-BioNLP submission5  77.67 55.34 66.50
NousTime submission3  77.46 54.92 66.19
NousTime submission5  77.46 54.92 66.19
NousTime submission4 ~ 74.98 49.96 62.47
UW-BioNLP submission3  66.78 33.55 50.16
NousTime submission2  42.58 35.16 38.87
NousTime submissionl  31.06 37.12 34.09

Brim submission1 44.49 13.98 29.24
UAB* submission4  37.50 0.00 18.75
Baseline - 72.40 44.79 58.59

(b) Subtask 2

Table 6: Evaluation results for each cancer type. Scores are with the strict evaluation metric (F1 score), thus not
comparable to the results from the 2024 Chemotherapy shared task which included relaxed-to-month evaluation. *:
potentially without timeline summarization at the time of submission, thus results are likely lower.

a productive approach albeit with a shift of SFT
to very large language models. For example,
the 2024 team LAILab (Haddadan et al., 2024)
finetuned flan-T5-XXL which has 11B parame-
ters (Chung et al., 2022), while the 2025 team

UW-BioNLP finetuned Qwen3-14B (Qwen Team,
2025). Prompting techniques evolved as well —
the UW-BioNLP_submission4 applied prompting
LLMs with the thinking mode. Classic machine
learning techniques were not explored in the 2025



edition unlike in the 2024 edition.

Even with the "strict” evaluation metric, the best
2025 results for Breast Cancer and Ovarian Can-
cer are either better or on par with the best 2024
relaxed-to-month results. 2025 results per type
of cancer are presented in Table 6. Unlike the
2024 shared task where for Subtask 2 melanoma
and breast cancer achieved better results, the 2025
results are slightly reversed — results for ovarian
and breast cancer are better than for melanoma.
The best results for breast cancer for Subtask 2 are
71.22 F1 for 2025 strict Official score v. 68 F1
for 2024 relaxed-to-month Official score. The best
results for ovarian cancer for Subtask 2 are 74.09
F1 for 2025 strict Official score v. 74 for 2024
relaxed-to-month Official score. These results are
encouraging as they are approaching the human-
in-the-loop performance target as suggested by the
US National Cancer Institute (NCI) Surveillance,
Epidemiology, and End Results (SEER) program
— end-to-end applications target of at least 0.75 F1
for human-in-the-loop setting which allows correc-
tions by experts. However, reaching the NCI SEER
recommendation for automated systems target per-
formance of at least 0.95 F1 would require more
methodological research.

While multiple factors could have contributed to
the performance improvements in the 2025 shared
task, a likely explanation is the fundamental ad-
vancement in LLM technology — including architec-
tural refinements, enhanced pretraining data quality
and diversity, and improved training paradigms.

7 Conclusion

The 2025 Shared Task on Chemotherapy Treatment
Timeline Extraction builds upon the initial 2024
challenge but raised the bar by applying the strict
F1 metric where exact matches of normalized dates
and treatments are needed. The participating sys-
tems employed a variety of methods with a distinct
shift towards exploiting very large language models
— either through supervised fine-tuning, alignment
or prompt engineering. As we point out in the
Discussion section, the results are encouraging as
they are approaching the human-in-the-loop perfor-
mance target recommendation by the NCI SEER
program — end-to-end applications target of at least
0.75 F1 for human-in-the-loop setting which allows
corrections by experts. However, reaching the NCI
SEER recommendation for automated systems tar-
get performance of at least 0.95 F1 would require

more methodological research on this complex task
that remains unsolved even with the current tech-
nological advances.
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Abstract

Clinical documentation increasingly uses auto-
matic speech recognition and summarization,
yet converting conversations into actionable
medical orders for Electronic Health Records
remains unexplored. A solution to this prob-
lem can significantly reduce the documenta-
tion burden of clinicians and directly impact
downstream patient care. We introduce the
MEDIQA-OE 2025 shared task, the first chal-
lenge on extracting medical orders from doctor-
patient conversations. Six teams participated in
the shared task and experimented with a broad
range of approaches, and both closed- and
open-weight large language models (LLMs).
In this paper, we describe the MEDIQA-OE
task, dataset, final leaderboard ranking, and
participants’ solutions.

1 Introduction

In recent years, the burden of clinical documenta-
tion has reduced the time clinicians can devote to
direct patient care, and ultimately limited the num-
ber of patients physicians can help. To mitigate this,
many hospitals and clinics now deploy automatic
speech recognition and note summarization tools
during consultations. A natural next step in this
pipeline is medical order extraction (e.g., medica-
tions, labs, imaging, follow-ups) from conversation
transcripts to directly populate Electronic Health
Records (EHRs).

While named entity recognition (NER) and re-
lation extraction (RE) have been extensively stud-
ied in clinical NLP! (Xu et al., 2010; Doan and
Xu, 2010; Yang et al., 2020; Fabacher et al., 2025;
Henry et al., 2020; Lybarger et al., 2023), extract-
ing actionable, structured orders from full-length
consultations remains underexplored despite its po-
tential impact. The task is challenging: inputs are

"Natural Language Processing.
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Doctor-Patient Consultation:

[doctor] so, for your first problem of your shortness of
breath i think that you are in an acute heart failure
exacerbation . i want to put you on some lasix , 40
milligrams a day .

[doctor] okay ? for your second problem of your type i
diabetes , um, let's go ahead ... i wan na order a
hemoglobin a1c for , um, uh, justin a, like a month or
S0 , just to see if we have to make any adjustments ...
[patient] sure .

[doctor] for your fourth problem of your reflux , let's
continue with omeprazole , 20 milligrams a day . do you
have any questions , lawrence ?

[patient] not at this point .

Medical orders:

"description": "lasix 40 milligrams a day",

"order_type": "medication",

"reason": "hortness of breath acute heart failure
exacerbation",

"provenance": [126, 127]

"description": "hemoglobin a1c",
"order_type": "lab",

"reason": "type i diabetes",
"provenance": [138]

Figure 1: The medical order extraction task takes a
doctor-patient dialog and extracts a JSON list of or-
ders containing four keys (description, order_type, rea-
son, and provenance). Orders that were previously pre-
scribed but not explicitly renewed should be excluded
(e.g. omeprazole in this example).

long, dialogues contain interruptions as well as re-
visions, and outputs combine schema-constrained
fields (e.g., order type) with free-text attributes
(e.g., description, reason). These challenges are
compounded by distributional shifts, as clinicians
adapt their language to patients without medical
training during consultations.

In this era of LLMs (Brown et al.; Achiam et al.,
2023), new approaches have become feasible for
the medical order extraction task — combining
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Table 1: Final Ranking of MEDIQA-OE competition on the test set (100 samples) in which 6 teams participated. Our
two baselines (excluded from the ranking) are a simple one-shot prompt for MediPhi-Instruct (1) and GPT-40-0806

(2) with one example from the training set.

Rank | Team Name Method Match | Desc. Reason Type Prov. AVG

1 WangLab GPT-4 constrained dec. 818 | 66.8 295 815 63.0 60.2
Detailed instructions

2 silver_shaw Gemini 2.5 Pro w/ thinking 764 | 64.1 41.3 747 604 60.1
Detailed plan & instructions

3 MISo KeaneBeanz | Qwen3 32B Q4_K_M wowminkine | 73.4 | 58.0 356 71.6 484 534
Instructions w/ 2 shots

4 EXL Health AI Lab MedGemma 27B 67.7 | 545 305 662 525 509
One shot (short format)

5 MasonNLP Llama4 17B 16E Instruct 555 | 391 198 509 413 378
One shot w/o orders

- Baseline 2 GPT-40 63.6 [ 395 204 593 1.0 30.1
Simple prompt w/ one shot

- Baseline 1 MediPhi-Instruct 3.8B 433 | 258 195 39.6 13.8 24.7
Simple prompt w/ one shot

6 HerTrials Llama3.2 3.2B 31.2 | 19.6 9.0 296 56 159
Instructions w/ one shot

long-context reasoning with schema-aware gener-
ation — yet limitations in context length, control-
lability, and calibration persist. The MEDIQA-
OE shared task? investigates these challenges and
benchmarks solutions to improve EHR clinical doc-
umentation, which we believe can reduce the bur-
den on providers while ensuring the accurate cap-
ture of critical patient orders.

2 Previous Work

Tasks similar to order extraction in clinical NLP
are commonly formulated as NER and RE. Early
systems were rule-based (e.g., MedEx by Xu et al.
(2010)) or used classical machine learning such
as support vector machines (Doan and Xu, 2010).
With pretrained contextual encoders, fine-tuned
transformer models (e.g., BERT (Devlin et al.,
2019), Clinical BERT (Alsentzer et al., 2019)) be-
came the standard for NER/RE and delivered con-
sistent gains on clinical benchmarks (Yang et al.,
2020; Fabacher et al., 2025).

More recently, LLMs enable span-free formula-
tions that cast extraction as reading-comprehension
style generation. Prompting methods (Peng et al.,
2023; Cui et al., 2023; Peng et al., 2024) have
shown strong results on several clinical informa-
tion extraction tasks, including adverse drug events
(Henry et al., 2020) and social determinants of

2https://sites.google.com/view/mediqa-2025
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health (Lybarger et al., 2023). However, order ex-
traction from full patient—doctor dialogues remains
underexplored, particularly when models must (i)
handle long, multi-speaker inputs and (ii) generate
outputs that mix schema-constrained fields (e.g.,
order type, provenance) with free-text attributes
(e.g., description, reason).

3 Methodology

3.1 Source Datasets

The long-form doctor-patient conversations used
for the order-extraction task are primarily drawn
from two datasets: ACI-Bench (Yim et al., 2023)
and PriMock57 (Papadopoulos Korfiatis et al.,
2022). The ACI-Bench corpus comprises 207 natu-
ralistic conversations between physicians and pa-
tients, curated by domain experts to reflect real-
world clinical interactions. Similarly, the Pri-
Mock57 dataset contains 57 mock doctor-patient di-
alogues, designed to simulate clinical scenarios in a
controlled setting. Recent works such as Notechat
(Wang et al., 2024) has introduced large-scale syn-
thetic dialogue datasets. While this corpus is the
largest, we excluded it due to the prevalence of
low-quality dialogues we observed.

3.2 Annotations

We asked medically trained annotators to pro-
duce the gold-standard medical orders for the


https://sites.google.com/view/mediqa-2025

high-quality conversations of Primock57 and ACI-
Bench. Annotation guidelines instructed to assess
every medical order of type medication, imaging,
lab, or follow-up within the conversation the way
a doctor would create them in the EHR. This was
intended to replicate doctors’ current process exe-
cuted at the end of a patient encounter. We mea-
sured an inter-annotator agreement of (0.768. We
sampled 100 examples containing 255 medical or-
ders across both data sources as a test set and kept
the others as training set (64 samples) used for few-
shot prompting, and development set (100 sam-
ples) (Corbeil et al., 2025).

3.3 Evaluation

We evaluate model performance across four key
metrics: description, reason, type, and provenance.
Results are reported after performing a matching
between reference and hypothesis orders based on
description field’s word overlap®. An intermedi-
ary metric, the match score, is computed from this
alignment process as the F1 between reference and
predicted orders without looking at the content,
thus specifically accounting for the amount of fab-
ricated or omitted orders. It represents an upper
bound for other metrics that are penalized for empty
values for fair comparison. For description and rea-
son metrics, we compute F1 scores of the rouge
metric (Lin, 2004) over unigrams. Type is evalu-
ated using accuracy due to its limited label space,
and provenance is assessed via F1 score over prove-
nance labels*. Finally, the leaderboard ranking is
assessed via the average of all four key metrics:
description, reason, type, and provenance.

4 Results

4.1 Leaderboard Ranking

We provided in Table 1 the final leaderboard of the
MEDIQA-OE along participants’ approaches and
our two baselines, which were used as reference
points while being excluded from the ranking. All
solutions are based on prompting language mod-
els. While there are two closed-source LLMs at the
top of the ranking, the remaining submissions are
leveraging open-weight LLMs in few-shot settings.
WangLab obtained the 1% rank of the competition
by prompting GPT-4 (Achiam et al., 2023) with
JSON-constrained decoding and detailed instruc-
tions. Following closely by 0.1% on the average

*Necessary to compare orders with each other.
*Turn numbers where the order originates in the transcript.
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score, silver_shaw (Mehta, 2025) achieved the ond
place by using Gemini 2.5 Pro (Comanici et al.,
2025) in thinking mode. The other approaches (Bal-
achandran et al., 2025; Karim and Ozlem Uzuner,
2025) leveraged different open-weight models in
few-shot settings such as Qwen3 32B (Qwen Team,
2025), MedGemma 27B (Sellergren et al., 2025),
Llama4 Scout 17B (Meta Al, 2025) and Llama3.2
3.2B (Meta Al, 2024). Participants only appended
one or two shot(s) examples due context limita-
tions from long input-output pairs, and some even
reduced examples into shorter formats. Overall,
they also wrote simpler prompts compared to the
two closed-weight LLM solutions.

4.1.1 WangLab’s Approach

WanglLab won the competition by prompting GPT-
4 (Achiam et al., 2023) in a zero-shot setting.
They obtain an average score of 60.2% with JSON-
constrained decoding on the order format as well as
using very detailed rules in the instructions. They
achieved the highest match score at 81.8%, which
indicates that a large proportion of reference or-
ders are well matched. The average gains are dou-
ble digits over the Baseline 1 based on GPT-40
with improvements on the provenance (+62.0%),
description (+27.3%), type (+22.2%) and reason
(+9.1%) scores.

Their prompt provides very detailed instructions,
and is as follows:

1. Role attribution
2. Transcript definition with example

. Task definition

Type definitions with rules and examples
Output JSON key definitions

Reason guidelines with specific examples

JSON output example

® =2

Overall guidelines

9. Eliciting JSON output

4.1.2

Following closely 0. 1% on the average score, sil-
ver_shaw (Mehta, 2025) achieved 2% position with
the highest reason score at 41. 3% by prompting
Gemini 2.5 Pro (Comanici et al., 2025) in thinking
mode with a detailed reasoning plan and instruc-
tions.

silver_shaw’s Approach



Their one-call prompting approach asks the
model to proceed in three steps aimed at mirroring
the clinical reasoning processes: chain-of-thought
analysis, self-critique & verification, and determin-
istic JSON generation.

4.1.3 MISo KeaneBeanz’s Approach

MISo KeaneBeanz’s approach reached the 37¢
rank by prompting the 4-bit quantized open-weight
model Gwen3 32B (Qwen Team, 2025) in a two-
shot setting.

4.1.4 EXL Health AI Lab’s Approach

EXL Health AI Lab achieved the 4" rank at
50.9% leveraging a one-shot solution prompting
MedGemma 27B (Sellergren et al., 2025), an open-
weight medical LLM. Their experiments covered
agentic workflows such as ReAct (Yao et al., 2023)
and a four-step multi-agent pipeline. The one-
shot method remained more accurate potentially
because of the negative impact of noises introduced
by multi-step approaches.

4.1.5 MasonNLP’s Approach

The 5 rank of the MEDIQA-OE competition
was attributed to MasonNLP (Karim and Ozlem
Uzuner, 2025). They used Llama4 17B (Meta
Al 2025) in a minimal one-shot prompting set-
ting. The authors also reported an experiment with
Llama4 8B.

4.1.6 HerTrials’ Approach

HerTrials team ranked 6" with a one-shot prompt-
ing of the smallest open-weight language models
Llama3.2 (Meta Al 2024).

4.2 Analysis of Open-weight LLMs

We show the correlation between final accuracy
and open-weight model sizes in Figure 2. Despite
prompt variations, we computed a strong Pearson
correlation of 0.981 between leaderboard ranking
and model sizes, which is in line with previous
work in clinical NLP (Dada et al., 2025).

5 Discussion and Limitations

In spite of top-ranking solutions achieving consider-
able scores with zero- and few-shot prompting and
reasoning, significant gaps remain to push further
the performance of the medical order-extraction
task.

First, we notice that the maximum match F1 score
is of 81.8%, which means that there is still room of
nearly 20% to match the number of orders in the
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Figure 2: Open-weight models ranking obtained with
few shots correlates with parameter count.

reference.

Second, description and provenance are both lag-
ging behind the raw match score (i.e., their up-
perbound) by approximately 15-18%. Provenance
was considerably improved in this challenge by
using: larger models, constrained decoding, and
specific instructions. Future work could explore
embedding-based and hybrid systems.

Third, order types are all very close to match
scores, which highlights how such classification
tasks are well suited for LLMs.

Fourth, we observe low performances on the rea-
son field which might come from the dispersion of
reasons across the conversation and the fact that it
is an optional field with scarcer annotations.

One of the main limitations of the current task
is the small dataset sizes. The current trainset size
of 64 samples limits the ability to use it for finetun-
ing — which could particularly make open-weight
small language models more competitive. Future
work might produce larger datasets or leverage syn-
thetic ones. While the inter-annotator agreement is
considerably high, annotations might also present
noises (e.g., span boundaries, non-expert conversa-
tional style instead of formal writing, etc.) which
limit the maximum score below 100%.

6 Conclusion

To conclude, the medical order-extraction task was
tackled by a variety of zero- and few-shot ap-
proaches using open- and closed-weight LLMs.
Closed-weight models such as GPT-4 and Gem-
ini 2.5 Pro in zero-shot setting dominated the top
ranks, leveraging detailed instructions, constrained



decoding and reasoning. We observed a significant
correlation of 0.981 between open-weight model
sizes in few-shot settings and final accuracy. Al-
though final scores considerably improved over the
baselines especially in the match and provenance
metrics, we still observe a significant gap in to-
tal extracted orders performance from the match
score of 81.8% as well as in performances on the
description and the reason free-form fields. We
believe future works include synthetic data genera-
tion, model fine-tuning, hybrid systems, and focus
on improving small language models.
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Abstract

Electronic messaging through patient portals fa-
cilitates remote care, connecting patients with
doctors through asynchronous communication.
While convenient, this new modality places
an additional burden on physicians, requiring
them to provide remote care as well as to see
patients in clinic. Technology that can automat-
ically draft responses for physician review is a
promising way to improve clinical efficiency.
Here, building on the 2024 MEDIQA Multi-
lingual Multi-modal Medical Answer Genera-
tion (MEDIQA-M3G) challenge on dermatol-
ogy, we present the 2025 MEDIQA Wound-
care Visual Question Answering (MEDIQA-
WYV) shared task focusing on generating clini-
cal responses to patient text and image queries.
Three teams participated and submitted a total
of fourteen systems. In this paper, we describe
the task, datasets, as well as the participating
systems and their results. We hope that this
work can inspire future research on wound care
visual question answering.

1 Introduction

Patient health portals enable asynchronous care,
allowing patients to electronically submit clini-
cal questions at any time. While this technol-
ogy provides flexibility and convenience for both
patients and clinicians, it also generates an un-
precedented volume of additional work for care
providers (Bishop et al.; Sinsky et al.).

In parallel, large multimodal general Al mod-
els have achieved state-of-the-art performance on
benchmark tasks involving both classification and
generation. However, despite these advances, such
models often struggle with complex tasks requir-
ing logical reasoning and multi-step inference.
Medicine, in particular, demands integration of
extensive medical knowledge, individual patient
history, and current treatment protocols. Moreover,
errors in this domain can have serious health con-
sequences.
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In the 2024 MEDIQA-M3G Challenge (Yim
et al., 2024), we investigated the automatic gen-
eration of medical responses to patient queries in
dermatology, incorporating both text and image
components. In this new 2025 MEDIQA-WYV chal-
lenge!, we extend our exploration to the domain of
wound care.

2 Task & Dataset Description

Participants are given a patient query that includes
a textual description and one or more associated im-
ages. The objective is to create free-text responses
as if they were written by a clinician.

The training set includes a single gold response,
the validation set includes two gold responses, and
the test set includes three gold responses.

Both English and simplified Chinese versions are
available for each instance. Table 1 provides an ex-
ample of an instance with multiple gold responses.
Table 2 and 3 provide summary characteristics of
the dataset.

The patient queries were sourced from two open
Chinese community forums (tieba.baidu.com and
zhidao.baidu.com). The questions were translated
into English by bilingual registered nurses and a
medical translator. Each query was reviewed and
answered by at least one of three U.S. medical do-
main experts: an emergency medicine physician,
an emergency medicine resident, and a general sur-
geon. The created gold answers were then trans-
lated back into Chinese. In addition, metadata cat-
egories such as wound type and wound thickness
were single-annotated and included. A detailed de-
scription of the dataset construction can be found
in this work (Yim et al., 2025).

3 Evaluation Metrics & Baselines

Evaluation used three classical NLG metrics:
BLEU (Papineni et al., 2002), ROUGE-L (Lin,

"https://sites.google.com/view/mediga-2025
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PATIENT’S QUESTION & IMAGE

POERREREA AN T — T, BT —EMR, o,

TR [R5 EEAE R H S

I was scratched by a cat through thick jeans, leaving a blood mark
as shown in the picture. Do I need to get a rabies vaccine?

GOLD RESPONSES
Annotator 1: 7EXFE L N AT EFFIERZH -
No need for rabies vaccine in this situation.
Annotator 2: 1R HRE i RIS R A BT IERR RS, RIRNEGER, BABURTHIX, G
Hi o BN, REGIATE, EREETERTIBRLEMT T .
If vaccination status of cat unknown and cannot be quarantined, while risk is low, depending on the area,
would recommend vaccination. Otherwise, local wound care with topical antibiotic and dressing is sufficient
Annotator 3: {RRIZATEZ NI EMERAEZ B, B MNIUGFERBERIER RS IEE (K 9%,
MR EE—MERIERRRREIHRX, REAEEE. BRI, TR O EAL
MR A TR, (RATRERENAERRIGT - HeHERTKEaHLGH -
You should not need to get a rabies vaccine for a cat scratch as the risk of transmission of rabies from a scratch
is very low however, if you live in an area with high instance, I would consider it. However, I would continue
to keep an eye on the area as you may need antibiotics for the cat scratch if it becomes infected. I would dress

the wound with antibiotic ointment.

Table 1: Example where gold responses share similar content but differ in emphasis, level of explanation, and final
recommendations (no vaccination versus vaccination), highlighting the importance of using multiple reference
answers in evaluation to capture diverse opinions and perspectives.

Split #Instances #Responses #Images
Training 279 279 449
Validation 105 210 147
Test 93 279 152
Table 2: Data Statistics
. EN ZH
Split
Query Response | Query Response
Training 46 29 52 43
Validation 44 41 50 60
Test 52 47 60 68

Table 3: Response Length Statistics (Mean Token
Count). English tokens are per word, Chinese per char-
acter.

2004), BERTScore? (Zhang et al., 2020), and three
LLM-as-judge variants (DeepSeek-V3, Gemini,
GPT-40). The exact configurations for the models
and tokenizers are given in Table 4. For LLM-as-
judge models, we used a consistent prompt for the
same language. Both English and Chinese prompts
for the LLLM-as-judge methods are given in Table
5. Finally, we calculate the average score across all
metrics.

For reference, we provide three baselines based
on vision-language models with English and Chi-

The mean is taken over all gold responses per instance
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Configurations
BERTSCORE
github.com/Tiiiger/bert_score
tokenizer: “en”/*zh”
model: “microsoft/deberta-xlarge-mnli” for English
“zh” for Chinese
BLEU
github.com/mjpost/sacrebleu
use_effective_order: true
EN tokenizer: tokenize_13a
ZH tokenizer: tokenize_zh
DEEPSEEK
ai.azure.com
AZURE Al Foundry model ID:
DeepSeek-V3-0324
content-filter: None
Gemini
https://cloud.google.com/ai/generative-ai?hl=en
Google GenAl Model Name:
gemini-1.5-pro-002
hate-speech: Block-None
harrassment: Block-None
GPT-40
oai.azure.com
AZURE AI Foundry OpenAl model name:
gpt-4o
content-filter: None
ROUGE
huggingface.co/spaces/evaluate-metric/rouge
tokenizer: same as BLEU

Table 4: Evaluation Metric Configurations. Defaults are
used if not otherwise mentioned.



SYSTEM: You are a helpful medical assistant.
USER: Given a patient {QUERY}, and a list of {REFERENCE RESPONSES}, please
evaluate a { CANDIDATE RESPONSE} using a three-step rating described below.

Rating: 0 - { CANDIDATE RESPONSE} is incomplete and may contain medically incorrect

advice.

Rating: 0.5 - { CANDIDATE RESPONSE} is incomplete but has partially correct medical

advice.

Rating: 1.0 - {CANDIDATE RESPONSE} is complete and has medically correct advice.
The {REFERENCE RESPONSES} represent answers given by domain experts and can be

used as references for evaluation.
QUERY:

REFERENCE RESPONSES:
CANDIDATE RESPONSE:
RATING:

SYSTEM: /R&— MR EHBRET BT

o

USER: 28R AL H B[R U — RIS HEE Y, 6 N 3 J0¥50 6%

KA (A S ) -

P4

0- {FrEIS )} AERE B 5P (S EE ) ELATT

W 05 - (RS} NEEESZRD—MSHEE ) HELETT -
War: L0- (AL ) 2B HS 20— NS H RS HLHEF

() ()
% E5()
FrmE S ()
R4

Table 5: LLM-as-Judge Prompts for General AI Models (English TOP, Chinese BOTTOM)

nese proficiency: Baseline 1: Gemini-1.5-pro-002,
Baseline 2: GPT-40, Baseline 3: Qwen-VL>.

The prompts for generating the English and Chi-
nese baseline answers were:

* English:
medical doctor, answer limited to 41 words®*.
{QUERY_TITLE): {QUERY_CONTENT}”

“Please answer as a professional

e Chinese: “iF LT W EE/ G 17
i, & % HIR60F (QUERY_TITLE):

{QUERY_CONTENT}”

4 Official Results

Three teams participated in this shared task, with
a total of fourteen submissions’. The teams were
EXL Health Al Lab (India), DermaVQA (United
Kingdom), and MasonNLP (United States). Tables
6 and 7 present the official results on the English
and Chinese datasets, respectively. The overall

3https ://huggingface.co/Qwen/Qwen-VL

“Length suggestions used the average response lengths in
the validation sets.

5A single submission may include responses in both En-
glish and Chinese.
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baseline averages were higher for the Chinese sub-
set than for the English subset. Notably, only three
of the fourteen submissions included systems ca-
pable of handling the Chinese subset. Two teams
submitted working notes, and we provide a descrip-
tion of their systems below.

MasonNLP (Karim and Ozlem Uzuner, 2025).
This team experimented with zero-shot, few-
shot, and retrieval-augmented few-shot learn-
ing approaches to identify the most relevant
training data. The backbone model used was
meta-llama/Llama-4-Scout-17B-16E-Instruct. The
retrieval-augmented generation (RAG) compo-
nent was built using semantic text embed-
dings from sentence-transformers/all-MiniLM-L6-
v2 and vision—-language embeddings from CLIP
(openai/clip-vit-base-patch32). The two most simi-
lar training examples were retrieved. In experimen-
tation, the RAG system with both image and text
search achieved the highest performance.

EXL Health AI Lab (Durgapraveen et al.,
2025). This team experimented with two ap-
proaches: (1) a two-step generation approach,
which first classified relevant metadata (e.g., wound


https://huggingface.co/Qwen/Qwen-VL

Team BLEU ROUGE-L BERTScore DeepSeek-V3  Gemini GPT-40 AVG
EXL Health Al Lab 0.099 0.456 0.622 0.682 0.645 0.715 0.473
EXL Health Al Lab 0.130 0.452 0.619 0.635 0.591 0.629  0.457
EXL Health AI Lab 0.130 0.452 0.619 0.625 0.586 0.618  0.455
EXL Health Al Lab 0.057 0.456 0.623 0.607 0.629 0.667 0.45
EXL Health Al Lab 0.057 0.455 0.623 0.591 0.634 0.624 0.44
EXL Health Al Lab 0.037 0.441 0.611 0.604 0.570 0.618  0.427
MasonNLP 0.089 0.422 0.59 0.535 0.554 0.554 0414
MasonNLP 0.073 0.433 0.604 0.589 0.565 0.532 0411
EXL Health AI Lab 0.064 0.448 0.621 0.512 0.500 0.505 0.410
EXL Health Al Lab 0.064 0.448 0.621 0.499 0.505 0.505 0410
DermaVQA 0.076 0.455 0.606 0.427 0.457 0.371 0.377
MasonNLP 0.047 0.235 0.325 0.321 0.301 0.339  0.236
MasonNLP 0.017 0.140 0.192 0.210 0.188 0.215 0.141
Baseline 1: Gemini-1.5-pro-002  0.064 0.449 0.621 0.791 0.817 0.683 0.571
Baseline 2: GPT-40 0.062 0.450 0.623 0.756 0.731 0.688  0.552
Baseline 3: Qwen-VL 0.051 0.428 0.599 0.513 0.478 0.473 0.424

Table 6: Results - English. Evaluation metrics DeepSeek-V3, Gemini, and GPT-40 are reported under an LLM-as-

judge setup.
Team BLEU ROUGE-L BERTScore DeepSeek-V3  Gemini GPT-40 AVG
DermaVQA 0.102 0.489 0.656 0.570 0.548 0.511 0.439
MasonNLP 0.000 0.006 0.008 0.011 0.011 0.011  0.006
MasonNLP 0.000 0.005 0.007 0.011 0.011 0.011 0.006
Baseline 1: Gemini-1.5-pro-002  0.118 0.501 0.661 0.941 0.957 0.898 0.679
Baseline 2: GPT-40 0.123 0.496 0.666 0.844 0.860 0.753  0.624
Baseline 3: Qwen-VL 0.094 0.484 0.658 0.763 0.694 0.699  0.565

Table 7: Results - Chinese. Evaluation metrics DeepSeek-V3, Gemini, and GPT-40 are reported under an LLM-as-

judge setup.

type and infection status) and then incorporated the
metadata into the final generation step; and (2) a
few-shot prompting strategy. In Approach (1), the
group tested MedGemma (27B Multimodal) for
both steps, with confidence thresholds also pro-
vided alongside the metadata classifications. In
Approach (2), an all-mpnet-base-v2 sentence trans-
former was used to encode training instances for se-
mantic similarity search. The group experimented
with retrieving between 5 and 25 samples as few-
shot examples, and tested both the InternVL3-38B
and MedGemma-27B models.

Unlike the participating teams, the baselines
used a zero-shot approach. Both Gemini and GPT-
40, very large general-purpose models (hundreds
of billions of parameters), achieved state-of-the-art
performance on both English and Chinese. Mean-
while, the smaller Qwen-VL model (7B) showed
performance comparable to the RAG approaches
on the English subset, despite no additional prompt-
ing. For the Chinese dataset, Qwen-VL also pro-
duced competitive results relative to the system
submissions.
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5 Discussion

Results show that out-of-the-box performance from
very large general multimodal models such as Gem-
ini and GPT-40 is highly competitive. That said,
the smaller Qwen-VL (7B) model achieved results
comparable to the Llama-17B and MedGemma-
27B system models that used dedicated RAG few-
shot examples in both languages. This suggests
that while larger models currently hold a strong ad-
vantage, there remains considerable room for opti-
mization and specialization, particularly in identify-
ing models that achieve the best performance-cost
trade-off.

In this work, we report both classical NLG evalu-
ation metrics and new LLM-as-judge metrics. The
variation in the magnitude of these metrics, and the
resulting differences in rankings, suggests that a
detailed, comprehensive study against human eval-
uation is necessary.

Compared to the 2024 MEDIQA-M3G task
(Yim et al., 2024) on dermatology, both baseline
and system performances were lower. For example,
the GPT-4 baseline had a BLEU score of 0.813
and 0.867 BERTScore for English. This may be
attributable to differences in response lengths. The
dermatology dataset had shorter responses (average



12 words in english, 16 in Chinese for the training
set) mostly related to diagnosis, compared to the
longer responses in this task (29 English, 43 Chi-
nese) which include care instructions.

6 Conclusion

In this shared task, we found that a range of large
multimodal language models, both with and with-
out few-shot examples and RAG augmentations,
demonstrated varying levels of performance. While
models with larger parameter counts generally held
an advantage, performance rankings among models
of comparable size were less predictable.

With the highest average score reaching only
0.679, it is clear that further progress is required.
Moreover, the variation across evaluation metrics
highlights the need for significant advancements in
evaluation methodology to reduce the uncertainty
associated with individual metrics.

This shared task focused solely on free-text re-
sponse generation; however, incorporating meta-
data such as wound type would enable richer mul-
timodal studies in the future. In particular, systems
that jointly optimize classification and generation
in a fine-tuned setting may yield notable perfor-
mance gains.

We hope that this work will inspire further re-
search in multimodal patient question answering
and medical open-response evaluation, as well as
encourage exploration of such applications in clini-
cal practice.
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Abstract

Extracting chemotherapy timelines from clini-
cal narratives is a challenging task, but critical
for cancer research and practice. In this paper,
we present our approach and the research in-
vestigation we conducted to participate in Sub-
task 1 of the ChemoTimelines 2025 shared task
on predicting temporal relations between pre-
identified events and time expressions. We eval-
uated multiple fine-tuned large language mod-
els for the task. We used supervised fine-tuning
strategies for Llama3-8B model to classify tem-
poral relations. Further, we set up zero-shot
prompting for Qwen3-14B to normalize time
expressions. We also pre-trained and fine-tuned
a Llama3-3B model using unlabeled notes and
achieved results comparable with the fine-tuned
Llama3-8B model. Our results demonstrate the
effectiveness of fine-tuning and continual pre-
training strategies in adapting large language
models to domain-specific tasks.

1 Introduction

Understanding patient chemotherapy timelines is
crucial to making clinical decisions about cancer
care. However, most of the temporal information
about treatment plans is contained in extensive
clinical narratives and is currently only accessi-
ble through manual chart review, which is time-
consuming and labor-intensive. New methods are
needed to automatically extract temporal relations
to fully utilize the utility of clinical notes.
Recently, Large Language Models (LLMs), pre-
trained on large amounts of unstructured data and
instruction-tuned to follow human instructions bet-
ter, have achieved promising performance in infor-
mation extraction, text generation, and classifica-
tion tasks. In this paper, we present our approach to
adapt open-source generic LLMs to oncology. We
develop new approaches to automatically extract
temporal relationships between pairs of chemother-
apy events and time expressions within patients’
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clinical notes. We reformulated the relation extrac-
tion task into a text generation task and used Super-
vised Fine Tuning (SFT) techniques to instruct the
model to generate the relation-type labels.

The main contributions of this paper are:

1. Introduce a novel SFT approach to adapt gen-
eral LLMs to address temporal relation extrac-
tion in clinical narratives.

Implement an end-to-end system to use (i) a
small-scale Llama3 LLM for temporal rela-
tion classification, and (ii) a medium-scale
Qwen3 model for time normalization tasks.

. Experimentally evaluate whether continual
pretraining could help smaller LLMs achieve
performance comparable to larger LLMs after
fine-tuning.

2 Related Work

Temporal relation extraction is essential in the clin-
ical domain to understand disease progression, di-
agnose health conditions, and evaluate treatment
effectiveness (Zhou and Hripcsak, 2007). In prior
work, researchers such as Tang et al. (2013), Cherry
et al. (2013) and Sohn et al. (2013) have proposed
hand-crafted features and conventional machine
learning algorithms for this task. With the emer-
gence of pre-trained language models, researchers
benefited from the generic representational power
of Transformer-based models, including BERT
(Zhou et al., 2021), RoBERTa (Tan et al., 2024),
and BART (Wright-Bettner et al., 2020; Yan et al.,
2021), to improve the performance of temporal
relation extraction. Lin et al., 2021 proposed En-
tityBERT, which was obtained by continually pre-
training PubMedBERT on a clinical corpus. These
models leveraged contexualized embeddings and
domain adaptation techniques like fine-tuning and
continual pretraining, and have shown improve-
ment over conventional machine learning models.

Proceedings of the 7th Clinical Natural Language Processing Workshop, pages 22-29
October 30, 2025 ©2025 Association for Computational Linguistics



With recent advances in Large Language Mod-
els (LLMs), instruction tuning has been crucial to
improve zero-shot learning capabilities and to bet-
ter follow human instructions to perform specific
tasks (Ouyang et al., 2022; Chung et al., 2022).
These abilities can be further enhanced by Super-
vised Fine Tuning (SFT), a technique of adapting
an LLM that is pretrained on a general domain
to perform a specific task. SFT allows the model
to be fine-tuned in a supervised setting, where it
learns the patterns among the instruction-response
examples of training data. This technique has been
commonly used to adapt LLMs for text classifica-
tion, entity recognition, and question answering
tasks.

In addition to these fine-tuning techniques, stud-
ies find that continual pretraining for LLMs over
domain corpus can improve the end-to-end within-
domain performance (Ke et al., 2023). Further,
(Xie et al., 2024) showed that pretraining LLMs on
task-specific corpus is more efficient in improving
the end-task performance. However, these tech-
niques have rarely been studied for temporal rela-
tion extraction in the clinical domain.

3 Methodology

In this section, we describe our proposed ap-
proach using LLMs for temporal relation classi-
fication, post-processing, time normalization, and
chemotherapy timeline construction for each pa-
tient. Figure 1 illustrates our submitted systems.

3.1 Dataset and Task description

We participated in ChemoTimelines 2025 Subtask
1, which aims to classify temporal relations be-
tween pre-identified chemotherapy events (Yao
et al., 2025). There are three types of relations
to classify — BEGINS-ON, ENDS-ON, and CON-
TAINS. In addition to the relation classification,
this subtask requires the participants to normal-
ize the time expressions into ISO standard for-
mat and resolve any duplicates or conflicts among
events when organizing them into patients’ time-
lines. The dataset is provided by University of Pitts-
burgh/UMPC, and consists of de-identified notes
from the electronic health records (EHRS) of breast
cancer, melanoma, and ovarian cancer patients. De-
tails about the subtasks, data distribution, and eval-
uation methodology are described in Yao et al.,
2025.
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Figure 1: Overview of the submitted systems.

3.2 Text Pre-processsing

With the gold annotation of chemotherapy events
(EVENTS) and time expressions (TIMEX3s) pro-
vided, the goal of our system is to predict the tem-
poral relations between them and then produce
patient-level timelines.

As a first step, we curated a set of instruction-
response examples from the training set for the
SFT. We tagged all EVENTS and TIMEX3 entities
in the notes using the markers <event> </event>
and <time> </time>, respectively. We used the
medspaCy library (Eyre et al., 2021) to segment
clinical notes into sentences. Then, we constructed
instruction contexts by including the sentences that
contain the EVENT and TIMEX3 entities, and
all sentences between them. We constructed the
contexts this way for every combination of the
EVENT and TIMEX3 provided. This process cre-
ated negative examples when the tagged EVENT
and TIMEX3 entities were not related, and we used
the label NO-REL to indicate absence of a relation.
To limit the number of NO-REL examples and
avoid working with a heavily imbalanced dataset,
we excluded instances where the distance between
the EVENT and TIMEX3 entities exceeds 250 to-



Label # Train # Dev
Breast Cancer

BEGINS-ON 131 27
CONTAINS 298 57
ENDS-ON 26 29
NO-REL (pre-threshold) 2320 710

NO-REL (post-threshold) 389 133
Melanoma

BEGINS-ON 10 42
CONTAINS 37 157
ENDS-ON 1 2
NO-REL (pre-threshold) 293 1138
NO-REL (post-threshold) 35 192
Ovarian Cancer

BEGINS-ON 100 34
CONTAINS 326 140
ENDS-ON 65 52
NO-REL (pre-threshold) 1536 1363
NO-REL (post-threshold) 346 226

Table 1: Number of relation type labels in training and
development sets.

kens, as we observed that the maximum distance
between the entities in the positive examples in the
training set was 213 tokens. As Table 1 shows, this
simple threshold reduced the number of negative
examples by 81-88% across the three cancer types.

3.3 LLM Fine-Tuning

Inspired by Haddadan et al., 2024, we reformulated
Subtask 1 as a text generation task and fine-tuned
LLMs in an SFT fashion. Appendix A describes
our fine-tuning approach, the instruction we used,
and the expected result. In the instruction prompt,
we included the definitions of each temporal re-
lation type, provided by Yao et al., 2025, and in-
structed the model to only focus on the tagged
entity pair. We appended the preprocessed context
after the instruction and instructed the model to
only output one of the predefined temporal relation
labels: BEGINS-ON, ENDS-ON, CONTAINS, or
NO-REL without additional texts and reasoning.
We trained four instruction-tuned LLMs for our
experiments — Llama-3.1-8B-Instruct, Llama-3.2-
3B-Instruct (Grattafiori et al., 2024), Qwen3-8B
(Yang et al., 2025), and Ministral-8B-Instruct-2410
(Mistral Al Team, 2024).

In preliminary experiments, we found that LLMs
often fabricated the output on the development set,
even after we fine-tuned them. For example, mod-

els would generate labels that were not within the
predefined label set, provide more than one label,
or generate additional text. However, we observed
that letting LL.Ms generate JSON-formatted output
reduced such fabrication. In addition, assigning
numbers to relation labels also helped alleviate the
issue. Subsequently, we added additional instruc-
tions after the input context and asked the model to
strictly follow the specified JSON format.

For our experiments, we used Huggingface’s
SFTTrainer to fine-tune the models. The learning
rate was set to 2e-5 with a cosine scheduler and
the weight decay of 0.001. We set the maximum
sequence length to 512 and fine-tuned all models
for 5 epochs. To fit the experiments in a single
NVIDIA A100 GPU, we loaded and fine-tuned all
models in the BFloat16 format implemented by
PyTorch and used paged-AdmW optimizer with
8-bit quantization.

3.4 Continual Pretraining Small-Scale LLLMs

Following (Xie et al., 2024), we investigated
whether continually pretrained on an unlabeled cor-
pus could improve the performance of LLMs on
temporal relation extraction in the clinical domain.
Further, we also wanted to study whether pretrain-
ing using a fraction of unlabeled corpus could help
smaller-scale LLMs achieve performance compara-
ble to large-scale LLMs after fine-tuning.

Due to a limited GPU memory availability, we
investigated this question only with the Llama-3.2-
3B-Instruct model. We pre-trained the model us-
ing 500 unlabeled notes sampled across all cancer
types. Similar to the previous experiments, we
loaded and trained the model using BFloat16 for-
mat and a Paged AdmW optimizer in 8-bit quanti-
zation. We directly pre-trained the Llama-3.2-3B
model using full notes for 3 epochs.

3.5 Time Normalization and Timeline
Summarizations

Once temporal relations were classified, we fed the
input context into a new Qwen3-14B LLM, and
normalized the TIMEX3 entities using zero-shot
prompting. Specifically, we instructed the model to
only normalize the tagged TIMEX3 entity into one
of the ISO-8601 standard formats — YYY Y-MM-
DD and YYYY-Www, as specified in the shared
task description. We then used Chain-of-Thoughts
prompts to instruct the model to normalize time en-
tities based on the information available in the input
context. This helps the model decide when to nor-



malize time entities using the YYY Y-Www format,
for example when the time entity is related to week
numbers, such as “in 4 weeks”. In addition, when
the document time (DOCTIME) was available, we
asked the model to take it into consideration. We
instructed the model to generate a JSON-formatted
output to reduce fabrication. Appendix B includes
additional details on the instruction we used for
time normalization.

After obtaining normalized [EVENT, relation,
TIMEX3] tuples, we ordered them to generate time-
lines for each patient, according to the rules speci-
fied in the shared task. We removed duplicates and
for tuples with same EVENT and TIMEX3 entities,
we only kept the ones with more specific types, viz.,
BEGINS-ON and ENDS-ON. Finally, we removed
generic mentions of chemotherapy (e.g., words like
“chemo” and “chemotherapy”) if a more specific
EVENT is included with the same relation type and
TIMEX3 entity.

3.6 Evaluation Metrics

The extracted timelines are evaluated by comparing
the predicted [EVENT, relation, TIMEX3] tuples
against the gold timelines tuples for each patient.
We used the evaluation code provided by Yao et al.,
2025 to evaluate our approaches in development
and validation sets. The overall F1 score is cal-
culated by averaging Type A and Type B metrics.
Type A F1 score includes all patients regardless
of the presence of chemotherapy timelines and
Type B F1 scores include only patients with ef-
fective chemotherapy timelines. The official metric
for the shared task adopts strict evaluation, where
the true positive means that all three elements of a
predicted tuple must match the corresponding gold-
label tuple for a patient to be considered correct.

4 Results

We submitted three runs on the test set. The first
submission uses the fine-tuned Llama3.1-8B model
for temporal relation classification and the Qwen3-
14B model for time normalization. When we evalu-
ated this system on the development set, we found
that the model often misidentified the ENDS-ON
type with CONTAINS if the TIMEX3 entity is pre-
ceded with a linking verb like “be” or “was” and
the preposition “on”. So, in the second submission,
we applied a regular expression to match this pat-
tern in the input context and changed the predicted
CONTAINS label. The third submission uses the
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fine-tuned Llama3.2-3B model with continual pre-
training on the unlabeled notes for the temporal
relation classification and Qwen3-14B model for
time normalization. We also applied the regex pat-
tern to fix the potentially misidentified ENDS-ON
labels.

Table 2 shows the results of our systems on both
development and test sets. For the test set, sub-
mission 2 achieved the highest average F1 score of
59.66 — 55.98 for the breast cancer patients, 65.99
for melanoma patients, and 57.02 for the ovarian
cancer patients. We should note that while sub-
mission 3 achieved the highest scores for breast
cancer (57.34) and ovarian cancer (59.61), the av-
erage score for submission 3 was the lowest of our
submissions due to its low F1 for melanoma. These
trends were similar to our results on the develop-
ment set; submission 2 was the best-performing
system on the development set with an average F1
score of 83.69 — 82.07 for breast cancer, 82.34 for
melanoma, and 86.66 for ovarian cancer. How-
ever, on the development set, Llama3.2-3B based
submission 3 achieved similar performance to the
Llama3.1-8B model based submissions for breast
cancer and melanoma and performed much worse
on ovarian cancer, which is different from what
happened on the test set.

S Error Analysis

Due to the unavailability of the gold timelines
for the test set, we will provide the error analy-
sis based on the results on the development set.
Two main sources of errors are the ENDS-ON
cases and time normalization. Out of 83 ENDS-
ON cases in the development set, our best fine-
tuned model, Llama3.1-8B, makes 43 wrong pre-
dictions with 42 of them being misidentified as
CONTAINS. We notice that our model is prone
to make this wrong prediction when there is
an “on” preposition preceded the TIMEX3 en-
tity. For example, “Patient has completed 4 cy-
cles of <event>Adriamycin</event> and Cytoxan,
with the last dose being on <time>7/27/13</time>.”
This error did not appear in cases with other prepo-
sitions such as “through” or “in”; for example,
“Carboplatin, cytoxan, and <event>Avastin</event>
x8 cycles through <time>May 2013</time>.” Sub-
sequently in submission 2, we used regexes to fix
these errors by looking for more specific text pat-
terns such as “being on” and “was on” in order to
reduce false positives. As depicted in Table 2, the



Average Breast Cancer Melanoma Ovarian Cancer

Development set

1. Llama3.1-8B + Qwen3-14B 0.83 0.84 0.83 0.82

2. Llama3.1-8B + Regex + Qwen3-14B 0.84 0.82 0.82 0.87

3. Llama3.2-3B + Regex + Qwen3-14B 0.80 0.83 0.83 0.73

Test set

1. Llama3.1-8B + Qwen3-14B 0.60 0.56 0.66 0.57

2. Llama3.1-8B + Regex + Qwen3-14B 0.60 0.56 0.66 0.57

3. Llama3.2-3B + Regex + Qwen3-14B 0.59 0.57 0.60 0.60

Table 2: Patient timelines evaluation on development and test sets across all cancer types. Bold scores indicate the

highest score for each cancer type

regexes improved submission 2 by increasing the
accuracy for ovarian patients and thus the average
score in the development set. However, it did not
improve the results in the test set. We postulate
this behavior may be due to overfitting as we no-
tice that the ENDS-ON cases are more likely to
have “through” or “in” as prepositions of TIMEX3
entities in the training set.

For time normalization, the majority of errors
in the development set came from misrepresent-
ing YYYY-MM-DD format by YYYY-Www for-
mat. For example, the original text of the tuple
[ “chemotherapy”, “contains-1", “2013-02-13"]
for patient 35 is “Return in <time>3 weeks</time>
for <event>chemotherapy</event> will commence
with IV/IP PGH” The Qwen-14B model wrongly
normalized the time “3 weeks” to “2013-W07”
since we instruct the model to normalize time
into YYYY-Www format if the information of day
is unavailable and the term is related to week in
our chain-of-thought prompt. This error could be
caused by the limited input context, as we only
included sentences that were between the EVENT
and TIMEX3 entities. Additional relevant informa-
tion for normalizing dates may be contained in a
larger context window.

When running our systems on the test set, al-
though in rare cases, it is worth noting that the
fine-tuned Llama3.1-8B model fabricates output
by not following the JSON format or generating
invalid labels. On the other hand, the continually-
pretrained and fine-tuned Llama3.2-3B model did
not fabricate any output. This suggests that contin-
ually pretraining language models on a task-related
unlabeled corpus can improve domain adaptation
and stability of large language models.
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6 Conclusions

In this paper, we present our effort in participat-
ing in the ChemoTimelines 2025 Shared task 1.
We leverage the general domain, instruction-tuned
LLMs and fine-tune them in a supervised fash-
ion to extract chemotherapy timelines from clin-
ical notes. The results show that Llama3.1-8B
+ Qwen3-14B system, with a regex-based correc-
tion was the best model and achieved second place
among teams for Subtask 1. Although our con-
tinually pre-trained Llama3.2-3B model received
the lowest rank among our three systems, it per-
forms the best on breast and ovarian cancer notes
and does not fabricate the output when conduct-
ing inference on the new data. Our results show
that fine-tuning still remains an important tool to
enhance the capabilities of LLMs in more specific
domains, and continual pretraining can further im-
prove the effects of fine-tuning, helping small-scale
LLMs to achieve comparable performance to larger
scale LLMs. Future work to improve our system
may include using techniques like early-stopping to
prevent overfitting and tackling the low frequency
labels like ENDS-ON through data augmentation.

7 Limitations

There are multiple limitations to this work because
of factors related to experimental set up. First, due
to the limited computational resources, we could
only fine-tune and pretrain our models using 8-bit
optimizers. This prevented us from training models
using full precision, which could result in better
relation type classification. Further, we ran pre-
training only using a small set of unlabeled notes,
very few of which were related to Melanoma, re-
sulting in the under-performance on the Melanoma
patients in the test set.



Second, the implementation of SFTTrainer in
the Transformer library does not support using cus-
tomized metrics for evaluation. This made it diffi-
cult to track the fine-tuning process and implement
early-stopping.

Finally, due to the time limitations, we did not
conduct hyperparameter tuning. Optimal hyper-
parameters may increase the stability and perfor-
mance of LLMs, reducing fabrications, and improv-
ing timeline extraction.

8 Ethics Statement

The pre-training and post-training in this study
were conducted in a secured computing environ-
ment provided by University of Michigan Health
Information and Technology Services, which in-
cludes the safeguards required by HIPAA. All the
data used in shared tasked was de-identified by the
ChemoTimelines 2025 organizers. The access of
the data was executed by a data user agreement
with University of Pittsburgh, and was regulated
by Institutional Review Boards of the University of
Michigan Medical School, to ensure the continual
adherence to ethical guidelines.
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A Supervised Fine-Tuning Instruction

We use the following instruction to conduct super-
vised fine-tuning on Llama 3 models:

“You will assist a clinician to classify temporal re-
lations from sentences extracted from the patient
notes. Temporal relations refers to a set of time-
line relations between EVENTS and TIMES. The
relation can be BEGINS-ON, CONTAINS, ENDS-
ON and NO-REL. BEGINS-ON signals that the
EVENT begins on the TIME it’s related to. ENDS-
ON signals that the EVENT ends on the TIME it’s
related to. CONTAINS signals that the EVENT
is completely contained within the temporal span
of the TIME it’s related to. NO-REL signals that
the EVENT does not relate to the TIME presented.
Here is an input context describing the relation be-
tween an EVENT and TIME. The markers <event>
and </event> surrounds the EVENT entity. The
markers <time> and </time> surrounds the TIME
entity. Given the input text, extract the relation
between the EVENT and TIME entities.

Here are sentences extracted from a patient note
for you to extract temporal relations: sentences
Note: Your answer must only be the relation be-
tween the two given entities and must follow this
exact JSON format: “Answer”: [INSERT 1 for
BEGINS-ON, 2 for CONTAINS, 3 for ENDS-
ON and 99 for NO-REL]. YOUR RESPONSE
MUST BE IN THIS EXACT JSON FORMAT.
YOU MUST CHOOSE ONLY ONE RELATION.
DO NOT OUTPUT NUMBERS THAT ARE NOT
1,2,3 AND 99. DO NOT OFFER EXPLANA-
TIONS OR ANY ADDITIONAL TEXT. Make
sure your output follows the json format strictly.”

B Time Normalization Instruction

We use the following instruction to conduct time
normalization using Qwen3-14B model:

“You need to normalize the provided time entity
in the following sentences to the ISO 8601 standard
format, either YYYY-MM-DD and YYYY-Www,
and a week starts from Monday. When you nor-
malize the time, consider the following steps: 1.
Try normalizing the time entity into the YYYY-
MM-DD format if you can find information for
the day. 2. if you cannot find information for the
day, but the month is mentioned, try normalizing
it to the YYYY-MM format. 3. If both day and
month are not mentioned, and the time entity is a
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term related to week numbers, i.e., next week, 4
weeks and last week, try using the week number
prefixed by the letter W and normalizing the time
entity into the YYYY-Www format. 4. if the last
three steps failed and you can’t normalize the time
entity, output 9999-99-99.

The date that this document is created is
row[ ‘DOCTIME’]. You need to consider this docu-
ment time when normalizing the time entity.

The markers <time> and </time> surrounds the
time entity in the sentences for you to normal-
ize. Here are sentences extracted from a patient
note: sentences. Please generate your answer in
the following json format: “Answer”: <insert time
normalized to the ISO 8601 standard format or
9999-99-99 if you can’t normalize the time en-
tity>. YOUR RESPONSE MUST BE IN THIS
EXACT JSON FORMAT and MAKE SURE YOU
FOLLOW THE FORMAT STRICTLY. PLEASE
ONLY FOCUS ON THE TIME ENTITY SUR-
ROUNDED BY THE MARKERS. DO NOT GEN-
ERATE ADDTIONAL TEXT.”
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Abstract

Reconstructing the timeline of Systemic An-
ticancer Therapy (SACT) or "chemotherapy"
from heterogeneous Electronic Health Record
(EHR) notes is a challenging task. Rapid devel-
opments in Large Language Models (LLMs),
including a range of architectural improve-
ments and post-training refinements since the
2024 Chemotherapy Timelines Task could
make this task more tractable. We evaluated
the performance of 4 recently released LLMs
(GPT-4.1-mini, Phi4 and 2 Qwen3 models) on
this task. Our results indicate that even with
a variety of prompt optimization and synthetic
data training, more work is still needed to see a
useful application of this work.

1 Introduction

Accurately extracting Systemic Anticancer Ther-
apy (SACT) or "chemotherapy" treatment timelines
from clinical narratives is essential for conducting
retrospective outcome studies, enabling researchers
to correlate the sequence and timing of adminis-
tered regimens with long-term patient outcomes
and responses. However, clinical documentation
is often scattered between heterogeneous types
of note. This makes both manual abstraction of
timelines exceptionally laborious and error-prone
and increases the complexity of development for
systems abstracting these timelines. Continued
advances in large language models (LLMs) with
improved reasoning capabilities(OpenAl, 2025),
larger context window sizes and higher overall per-
formance may enable SACT extraction above base-
lines seen in the 2024 task(Yao et al., 2024). This
includes newer models such as GPT-4.1(OpenAl,
2025), a derivative of the larger proprietary model
GPT-4(Achiam et al., 2023) as well as smaller
local LLMs such as Phi4(Abdin et al., 2024)and
Qwen3(Yang et al., 2025) with reasoning ability.
Furthermore, smaller masked language models of
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which BERT(Devlin et al., 2019) is the canoni-
cal example have seen both architectural improve-
ments (Warner et al., 2024) and biomedical fine-
tuning since 2024(Lee et al., 2025). However, ef-
forts have been limited due to a single, domain-
specific data set (Yao et al., 2024) that includes
only three types of cancer: breast, ovarian, and
melanoma. In this work, we assess the ability of
recent LLMs to address this problem on the Chemo-
Timelines 2025 Shared Task(Yao et al., 2025) for
both Task 1 (where additional gold annotations are
provided) and Task 2 where input is restricted to
clinical notes.

1.1 Related Work

For both Task 1 and Task 2, SACT timelines must
be generated and consolidated. A variety of ap-
proaches have been used for this, including the
use of local LLMs(Yao et al., 2024) which have
the ability to create non-extractive timelines that
are not present in the original text. A variety of
strategies can be deployed for this, of which fine-
tuning(Anisuzzaman et al., 2025), retrieval aug-
mented generation (RAG)(Arslan et al., 2024), and
prompt engineering(Brown et al., 2020) are pop-
ular choices. Fine-tuning is costly, but prompt-
engineering is a light-weight strategy for perfor-
mance improvement. One such modular prompt-
engineering framework is DSPy(Khattab et al.,
2024) which implements a variety of different
prompt engineering strategies including Simba(Lee
et al., 2024), MIPROv2(Opsahl-Ong et al., 2024) as
well as few-shot selection. Prompts provide an easy
mechanism to include relevant temporal events ei-
ther from the gold information in Task 1 or through
encoder-based extraction methods. Fine-tuned en-
coders may still outperform LLMs in information
extraction tasks due to their bidirectional under-
standing of language (the result of masked lan-
guage modeling instead of autoregressive training),
however, more recent results are mixed(Obeidat

Proceedings of the 7th Clinical Natural Language Processing Workshop, pages 30-39
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Figure 1: System Overview. Both Task 1 and Task 2
system use DSPy in conjunction with a LLM to generate
JSON formatted SACT timeline predictions. The Task
1 system uses gold EVENTS and TIMEX whereas the
Task 2 system directly generates those from text.

et al., 2025; Arzideh et al., 2025; Roccabruna et al.,
2024). Similarly to others(Bannour et al., 2024;
Tan et al., 2024) in previous tasks, we employ en-
coder models to better provide context for the final
timeline.

2 Method and Materials

2.1 System Overview

Our system takes as input either gold annotations
(EVENTS or TIMEX expressions), and TLINKs
from the Task 1 gold standard or generates them
using either a BioBERT(Lee et al., 2020) model
(TLINKs) or a ClinicalBERT(Alsentzer et al.,
2019) (EVENTSs) model. An overview is shown
in Figure 1. These inputs are integrated into the
prompt to guide timeline generation, with the en-
coder models semantically rich representations that
capture long-context clinical dependencies.

2.2 Synthetic Data Generation

Synthetic data was created to assist information
extraction for TLINK identification and EVENT
identification as shown in Figure 1. The goal is
to improve robustness in low resource settings (Li
etal., 2021).

TLINK Generation For TLINK synthetic data,
an OpenAl GPT-40-mini model hosted in the
UAB’s firewalled Azure Enclave was used. This
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Enclave is approved for PHI by the UAB’s Health
System. Synthetic data was used to compensate for
class imbalance in the original training data, so syn-
thetic examples were generated only to augment
minority classes (ENDS-ON and BEGINS-ON).
Specific training details can be found at The sys-
tem is available on github.com/vijay@@19/UAB_
ChemoTimelines.

EVENT Generation Synthetic oncology notes
were generated with Qwen3-32B, using a one-shot
prompting technique to address the lack of EVENT
training data. Each prompt sampled drugs/regi-
mens from a merged lexicon built by uniting enti-
ties observed in the training notes with entries from
HemOnc(Warner et al., 2015), a curated open regi-
men vocabulary. The synthetic notes were mixed
with the real corpus for a second round of fine tun-
ing. This knowledge-guided augmentation targets
the regimen names, abbreviations, and phrasings
that are undersampled in the original notes. Notes
are generated by randomly sampling drugs and reg-
imens from the merged lexicon, with a constraint
that no drug/regimen appears more than twice per
note. Each synthetic note is conditioned to match
the writing style and structure of real notes in-
cluding de-identified headers and footers thereby
preserving real-world patterns while preventing
exposure of Protected Health Information (PHI)
(Melamud and Shivade, 2019). We also introduce
controlled variation e.g., domain specific abbrevi-
ations(Liu et al., 2001) and common misspellings
to better reflect noisy clinical text. Entities in the
synthetic notes are validated using the given list.

Timeline Generation Synthetic timelines were
generated with the goal of creating a more com-
prehensive synthetic set of notes. An overview of
synthetic data generation for EVENTS is shown
in Figure 2. Synthetic timelines were also gener-
ated by Qwen3-32B (Yang et al., 2025) with rea-
soning disabled. The model was prompted with
both a system prompt and a user prompt to guide
synthetic timeline generation. The system prompt
described the timeline generation task, including
definitions and formatting preferences, i.e. if the
model is following the correct format for the output
(SACT entity, relation type, TIMEX3 expression)
for each timeline triplet and TIMEX3 expressions
are formatted correctly. The user prompt gave five
example timelines from the training set and asked
the model to generate a synthetic timeline for a
patient having cancer with a specific primary site,
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Figure 2: Synthetic Timeline generation

maximum stage of progression, stage at diagno-
sis, remission and recurrence status, time at start
of therapy and therapy duration. The user prompt
also included five SACT references for the primary
site requested. These SACT references are drawn
from a list that includes all SACTs in the training
data, SACTs found in the HemOnc Knowledge
Base (Warner et al., 2015) and SACTs found in the
FDA'’s approved drugs for cancer lists (National
Cancer Institute, 2025). After generation of time-
lines, there was a cleaning step in which timelines
that were incorrectly formatted, had incorrect re-
lations or were five years or longer were removed.
An attempt is made to reformat the timeline to a cor-
rect format before removal. Part of these cleaned
timelines were then used as a prompt for STRS1.
An example cleaned synthetic timeline with its sys-
tem and user prompt, as well as its raw form before
reformatting, is shown in Figure 3. The system
is available at https://github.com/vijay0019/
UAB_ChemoTimelines.

2.3 SACT EVENT Extraction

For Task 1, SACT EVENTS and TIMEX expres-
sions are provided for the test data set, but for
Task 2 we developed our own pipeline to extract
SACT EVENTS (drug and regimen) mentions and
TIMEX3 time expressions in clinical notes. These
two outputs form the nodes for the downstream
temporal relation prediction where we link each
chemotherapy event to its most relevant time refer-
ence to build patient level timelines. This design
mirrors the task framing: systems must identify
events and time expressions, then infer their tem-
poral relations to recover the treatment timeline.
Since encoder models tend to perform well for
these tasks, therefore we fine-tuned ClinicalBERT
(Alsentzer et al., 2019) for NER over the official
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training notes to detect SACT entities (drug/regi-
men spans). On our held out dev set, this achieved a
high precision but low recall. While precision was
strong, the relatively low recall meant that many
true SACT mentions were missed. In a timeline-
reconstruction setting, recall shortfalls are espe-
cially harmful because missing them means remov-
ing candidate EVENT-TIMEX3 pairs for the rela-
tion prediction, reducing the chance of recovering
correct [chemo, relation, time] triplets even when
the TIMEX3 recognition is accurate. For TIMEX3,
we use TimeNorm for span recognition and nor-
malization(Bethard, 2013; Laparra et al., 2018; Xu
et al., 2019).

2.4 SACT TLINK Extraction

The relation classification task involved four cat-
egories: CONTAINS, BEGINS-ON, ENDS-ON,
and no_relation between SACT and TIMEX enti-
ties. BioBERT (Lee et al., 2020) was fine-tuned for
span-based relation classification. The model ex-
tracts span representations by combining start/end
token embeddings, width embeddings and entity
type embeddings. For context, between-token con-
text extraction was implemented using average
pooling of tokens between subject and object en-
tities. The final classification layer concatenates
subject, context, and object representations through
a two-layer feedforward network with ReLLU ac-
tivation. Model selection was based on macro-
averaged F1-score on validation data. Predictions
were filtered using a 0.5 confidence threshold and
constraints on relation entity type. For overlap-
ping predictions, more specific relations (BEGINS-
ON/ENDS-ON) were prioritized over CONTAINS.
Duplicate relations across patient notes were re-
moved.
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Figure 3: The system prompt and an example user prompt. Highlighted portions in the user prompt are variable.
Text highlighted yellow corresponds to example timelines, green to the primary site and explanation, blue to most
advanced stage and explanation, magenta to diagnosis stage and explanation, red to remission and recurrence
information, dark gray to timeline duration and light gray to start year. Blue font text in the raw output corresponds
to the text that was extracted to create the cleaned output.

System Prompt

‘You are a clinical-note author and precise annotator specializing in oncology,
with a focus on systemic anticancer therapy (SACT) timelines. Your task is to
generate synthetic SACT timelines. Each timeline is represented as a Python
list of lists. Each of the internal lists is of the following format:
[<Chemotherapy= <Label> <Time>]. How to format each:
**<Chemotherapy=**:

Refers *=only** to any Systemic Anticancer Therapy (SACT) drug or regimen.
SACT includes: - **Traditional cytotoxic chemetherapy agents** (e g,
oxaliplatin, cyclophosphamide). - **Endocrine therapy agents** jeg.,
tamoxifen, anastrozole, letrozole”™). - **Targeted therapy agents** (e.g.,
trastuzumab, erlotinib, imatinib™). - **Immunotherapy agenis** (e.g.,
pembralizumak, nivelumab, ipilimumab). - =*5ACT regimen names** (eg.,
FOLFOX, AC, Pembrolizumab, Carboplating

**label>==:

Refers to the temporal relationship between the chemotherapy and the
time. **Must** be one of the following tokens: - ‘begins-on': the
chemaotherapy starts at the given time. - 'ends-on': the chemotherapy ends
3t the given time. - 'contains-1": the chemotherapy contains the time (the
given time happens entirely within the chemotherapy).

HreTimes**:

**Must** be one in one of the following three formats: - #8#E-R5F-48 A
date: the year in £ digits, then the month in 2 digits (leading 0 if needed),
then the day in 2 digits. A date is the most common format. - #53E-58: A
month: the year in 4 digits, then the month in 2 digits (leading 0 if needed). -
BEEE-wHE: A& week: the year in 4 digits, then the week number in 2 digits
{leading O if needed). - #5##%: A year: the year in 4 digits.

After drafting the timeline, perform a final self-check to make sure it is a list
of lists, each internal list has exactly 3 elements and follows the format:
[<Chematherapy>,<Label> <Time>].

Mote: **do not overthing**, and limit chain-of-thought reasoning to **500
words at most.®=

2.5 SACT Timeline Extraction System (STES)

The STES employs a multi-iteration approach us-
ing the DSPy framework with large language mod-
els to process clinical reports and construct tempo-
ral treatment timelines. The system begins by creat-
ing report clumps that fit within the model’s context
window (typically % of the total context size) and
groups reports by patient ID to maintain temporal
coherence. Each iteration processes these clumps
through a SACTTimelineUpdate module that ex-
tracts drug names exactly as they appear in clinical
text. This includes brand names, generic names, ab-
breviations, and variations—along with their tem-
poral relations (begins-on, ends-on, contains-1) and
associated dates with varying levels of specificity
(year, month, day, or week).

The system implements an incremental timeline
construction strategy where each processed report
clump updates the existing timeline by adding new
events and removing conflicting ones through an
Update object containing add and remove lists.
To ensure robustness, the system employs a retry
mechanism across multiple language model in-
stances with different temperature settings, falling

User Prompt

Below are some chemotherapy timelines. Pay close attention to their formatting.
Example 1: ['chemotherapy’, 'contains-1', "2009-10-22"], ['chemao’, "contains-1',
'2009-10-22"]]

Example 2: [['chemao', ‘contains-1', '2006-w11"]

Example 3: [['tamoxifen’, ‘contains-1', '2003]

Example 4: [['adriamycin’, "'contains-1', '2013-07-24", ['adriamycin’, ‘contains-1',
'2013-09-25", [‘adriamycin’, 'contains-1', "2013-09-04", [‘adriamycin’, 'contains-
1, '2013-08-14"], ['cytoxan’, 'contains-1', "2013-07-24", ['cytoxan’, 'contains-1',
'2013-09-25", [‘cytoxan', "contains-1', "2013-05-04'], ['cytoxan’, 'contains-1',
'2013-08-14", [‘taxcl’, "contains-1', '2013-12-11"], ["taxol’, 'contains-1', "2013-10-
16'], ['taxel’, 'contains-1', "2013-11-06"], ['doxorubicin’, 'begins-on’', '2013-07-
24'], ['cyclephosphamide’, "begins-on’, '2013-07-24"), ['doxorubicin’, "ends-on',
'2013-08-25", [‘cyclophosphamide’, 'ends-on', "2013-09-25"], ['paclitaxel’,
'pegins-on', "2013-10-16"], ['ac’, 'contains-1', "2013-09-257], ['ac’, ‘contains-1",
'2013-09-04°], ['ac’, 'contains-1', '2013-07-24'], ['a/c, 'contains-1', "2013-07-24]
Example 5: [['tamoxifen’, "begins-on’, '2013-w05"], ['tamoxifen’, ‘begins-on’,
'2013-01"], ["tameoxifen’, "begins-on', "2013-w04'), ['tamoxifen’, 'begins-on’,
'2012-01"], ["tamoxifen’, "ends-on', "2018-01]

MNow generate a new timeline for a cancer patient with the following
characteristics: - Primary site of cancer: breast Therapies to treat this cancer type
include ac, docetaxel, ac, arimidex, and taxotere - Maximuem stage of
progression: stage IV Cancer has spread (metastasized) cutside of the original
site to other organs or distant areas of your body. This is also known as
metastatic cancer. - Stage of cancer at dignosis:

months. The

Systemic anticancer therapy (SACT) has gone on for
new timeline must use the **exact same style and formatting®* as the example
timelines and it must begin in the year 2016.

back to empty updates when all models fail to gen-
erate valid responses. The final timeline undergoes
deduplication and chronological sorting based on
date components (year, month, day, week) followed
by drug name and relation type. Date objects are
converted to competition-standard string formats,
and the system validates date formatting through
regex patterns before generating the final JSON
output for each patient’s treatment timeline.

An enhanced version of the SACT timeline ex-
traction system (task1_v2_summaries_plus) incor-
porates running summaries to maintain contex-
tual information across report processing iterations.
The system generates and updates a comprehen-
sive treatment summary that captures key treatment
phases, medication regimens, temporal milestones,
and treatment response indicators mentioned in
the reports. This summary serves as persistent
memory between iterations, allowing the model to
maintain coherence when processing large patient
records that exceed context window limitations.
The summary is structured to include treatment
overviews, detailed medication histories with both
generic and brand names, protocol documentation,
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timeline reconciliation notes, and clinical observa-
tions, effectively creating a condensed narrative of
the patient’s treatment journey that informs subse-
quent timeline extraction decisions.

Task 2 implements a fundamentally different
architecture designed for chemotherapy event
extraction from concatenated clinical chunks
rather than structured report processing. Un-
like Task 1’s report-centric approach, Task 2
employs a three-stage pipeline consisting of
ChemoNotesTimeline for initial event extrac-
tion, ChemoTimelineUpdate for incremental time-
line construction, and ChemoTimelineCleanup for
deduplication and conflict resolution. The system
intelligently manages token usage by applying a
summarization step (ChemoNotesTimeline) when
content exceeds a configurable threshold (typically
25% of context window), and implements dynamic
timeline cleanup when the number of events sur-
passes a specified limit. Task 2 also incorporates
dual model configurations with different repetition
penalty settings to handle various text patterns and
includes more sophisticated chunk concatenation
strategies that respect document boundaries and
optimize context window utilization. For the abla-
tion study, we used a slightly modified version of
our submission model; whereas the submission ver-
sion forced the model to choose from a hard-coded
list of both train and dev gold terms, for the abla-
tion study the requirement was relaxed to a generic
string. The full prompt is shown in Appendix A.

2.6 Chemotherapy Timeline Experiments

An early system (Version 1) and a later updated sys-
tem were used for test submission results for Task 1.
The updated system differed only in terms of slight
variations to the zero-shot (manually generated)
prompt and some post-processing steps related to
pruning timeline entities based on multiple passes
through the reports. A newer system (Version 2)
is used on the development set. This features addi-
tional changes to the prompt, including the addition
of a running summary, a better timeline example,
and an LLM-generated example summary. It also
included minor improvements such as the report
date and restricting to a single pass through the
notes in chronological (rather than random) order.
The EVENT and TLINK performance is reported
on the dev data set only, as runs on the test set were
not completed prior to the task deadline. Local
models were run on A100 40GB VRAM GPUs,
GPT-4.1-mini was running in the same Azure En-

clave as the GPT-40-mini model used for synthetic
TLINK generation.

3 Results
3.1 Official System Results

Official system results are shown in Table 1. As
expected, the smaller Phi4:14B is outperformed by
GPT-4.1-mini.

Table 1: Version 1.1 prompt provides additional instruc-
tions to avoid ungrounded temporal relations and logic
to remove timelines that show up infrequently in itera-
tions. Entities are usd as input for all Subtask 1 systems.

System Task LLM Brca Mela Ovca Avg
UABv1 1 Phi4:14B 0.310 0.160 0.217 0.229
UABv1.1 1 Phi4:14B 0.259 0333 0.244 0.279
UABvI.1 1 GPT-4.1-mini  0.418 0.308 0.296 0.341
UABvVO 2 Phi4:14B 0232 0.265 0.188 0.228

Table 2: Token level EVENT recognition on the test set
using Clinical BERT trained on Actual, Synthetic, and
Actual+Synthetic notes.

Training data Prec. Recall F1  Acc.

Actual 95.6 83.0 88.9 99.76
Synthetic 642 818 719 99.26
Actual+Synthetic 95.2  87.8 914 99.81

3.2 EVENT Extraction Results

We fine-tuned ClinicalBERT (Alsentzer et al.,
2019) for token-level EVENT classification on
CoNLL-style inputs under three training regimes:
real (human-authored) notes, synthetic (LLM-
generated) notes, and their mixture . On the test
set, the mixture attained 91.4 F1 (P=95.2, R=87.8),
a 2.8% relative F1 increase over real-only, accom-
panied by a 5.8% relative recall increase and a
0.4% relative precision decrease. In comparison,
synthetic-only yielded 71.9 F1, a 19.0% relative
decrease vs. real-only, with precision 32.8% lower
and recall 1.5% lower. Augmenting real notes
with synthetic text yielded SACT NER P=0.9524,
R=0.8781, F1=0.9137. The higher recall expands
the pool of EVENT candidates available to down-
stream event—time relation classification. These
results are consistent with evidence that LLM-
generated, ontology-guided synthetic text can im-
prove clinical NER by increasing coverage of rare
surface forms without materially degrading preci-
sion (Dao et al., 2025). Overall token accuracy is



~99% across settings so we de-emphasize accu-
racy given severe class imbalance and instead focus
on precision, recall, and F1 for the EVENT class.

Impact of Synthetic Notes on EVENT Ex-
traction Replacing real notes with non-timeline
sourced synthetic notes reduces recall and in-
creases false positives: TPs decrease to 9,927 (from
10,076), FNs increase to 2,209 (from 2,060), and
FPs increase to 5,534 (from 466). By contrast,
training on the mixture improves recall with a
small precision cost: TPs increase to 10,657, FNs
fall to 1,479 (=28% fewer than real-only), and
FPs increase modestly to 533 (vs. 466). Over-
all, synthetic-only induces a high false-positive
rate, whereas the mixture identifies 581 additional
true-positive EVENT tokens relative to real-only.
Timeline-sourced notes were judged to be poorer
in quality and ultimately were not used for EVENT
extraction.

3.3 TLINK Extraction Results

The TLINK extraction was assessed on the develop-
ment data set, since no TLINKS were provided as
part of the Task 1 test data set. The model achieved
89.4% accuracy with a macro F1-score of 0.889,
performing particularly well on positive relations
(F1: 0.944).

3.4 Zero-Shot and Few-Shot Local LLM
Evaluation

In addition to the official test results, we included
an updated set of results on the dev set with addi-
tional LLMs in Table 3.

4 Discussion

Our results indicate that despite recent LLM im-
provements in a range of tasks, the identification
of chemotherapy timelines is not a task that can
be done well "out of the box" without significant
engineering. Only our encoder models, using fine-
tuning on a sufficient amount (supplemented with
synthetic data) of training data generated reliable
performance improvements without significant hu-
man intervention. Of interest in the development
evaluation, that ablating the chain-of-thought for
Qwen3:32B did drop performance, but we lacked
time to assess if this generalized to other models.
Larger local LLMs could have been fine-tuned
(at greater cost or time) to improve performance
similar to previous work fine-tuning Flan-T5 in
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the 2024 task (Haddadan et al., 2024). The incor-
poration of additional Performance Efficient Fine-
Tuning, Retrieval Augmented Generation, soft
prompting and utilization of the existing modifier
information in the gold standard likely could have
improved results.

We evaluated DSPy’s suite of primarily
bootstrapping-based methods including Simba(Lee
et al., 2024), MIPROV2(Opsahl-Ong et al., 2024)
and GEPA(Agrawal et al., 2025), but all either
failed to complete with DSPy related errors and/or
yielded preliminary results that discouraged debug-
ging. Silver-quality examples of individual time-
line chronological updates congruent with context
window size would perhaps have been more useful.
We are given gold timelines, but not gold time-
line updates, and it is a non-trivial task to generate
useful examples of correct updates. Additionally,
generating timelines and summaries separately for
each report and then iteratively pooling them, rather
than our cumulative approach, may yield better re-
sults and will be explored in future work.

5 Conclusion

Overall, this task remains challenging even with
the use of LLMs such as GPT-4.1-mini suggesting
that currently, specialized training is required to
achieve results comparable to humans. Current
effort to create synthetic timelines do not improve
performance. We found it was substantially easier
through fine-tuning to obtain reliable, fast results
with encoder models than to fine-tune prompts for
LLM:s.

Limitations

Due to the sensitive nature of the data, a Data Use
Agreement is required to obtain the data needed
to replicate our results. A more complete evalua-
tion of modern LLMs was not feasible due to cost,
so GPT-4.1-mini was the only large model fully
evaluated.
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System Subtask LLM Input CoT Learning Breast Melanoma Ovarian
UABvl 1 Phi4:14B Entities Y Zero-Shot 0.286  0.145 0.191
UABvl.l 1 Phi4:14B Entities Y Zero-Shot 0.248  0.156 0.196
UABvV2 1 Qwen3:32B Entities Y Zero-Shot 0.535  0.593 0.260
UABv2 1 Qwen3:32B Entities N Zero-Shot 0.300 0.314 0.297
UABvV2 1 Qwen3:30B:3A Entities Y Zero-Shot  0.659  0.507 0.266
UABv2 1 Qwen3:30B:3A Entities Y Few-Shot 0.520  0.230 0.284
UABVO 2 Phi4:14B None Y Zero-Shot 0.286  0.530 0.159
Table 3: Version 2 includes many changes to the prompt and the addition of summaries.
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Figure 4: Full System Prompt used for SACT timeline generation (Part 1).

Update SACT timeline based on patient reports with running summary.

SACT is defined as follows:

"Systemic anticancer therapy (SACT), which includes traditional cytotoxic
chemotherapy, endocrine therapy, targeted therapy, and immunotherapy, has
both a low therapeutic index as well as synergistic potential when agents
are given in combination.”

Drug Names: Extract drug names EXACTLY as they appear in the clinical text (
except be sure to put them in lowercase). Do NOT normalize or convert to
generic names.

Include ALL variations found in the text:

- Brand names (cytoxan, taxotere, abraxane)

- Generic names (cyclophosphamide, docetaxel, paclitaxel)

- Abbreviations (tc, ac, a/c)

- Generic terms (chemotherapy, chemo)

- Slight variations/typos (docetaxol for docetaxel)

If the text mentions both "cyclophosphamide” and "cytoxan”, include both as
separate entries.

If the text mentions both "chemotherapy” and specific drug names, include both.

Only include drugs that have a temporal relation in the text.

Ignore references to cancer/neoplasms, genetic variations (e.g. HER2), and non-
SACT procedures such as radiation therapy.

Relations:

- 'begins-on': treatment/medication starts
- 'ends-on': treatment/medication ends
- 'contains-1': treatment occurred within timeframe

'begins-on' and 'ends-on' supersede 'contains-1' for the same drug/date
combination. Only use them if the text explicitly states the start or end
date of the treatment.

Acceptable date formats:

1. Specify year, month, and day.

2. Specify year and week.

3. Specify year and month.

4. Specify year only.

Try to be as specific as possible, but do not invent dates that are not
mentioned in the text.

Keep in mind that the reports are only a subset of the full timeline, so there
may be events in the timeline that are not mentioned in the reports. Do not
remove events simply because they are not mentioned in the reports.

If a report doesn't have temporal relations, that likely means the report does
not contain any relevant information for the timeline. Avoid adding events
based solely on hypothetical or planned mentions without temporal grounding

Running Summary: Maintain a concise summary of the patient's SACT treatment
journey, including:

- Key treatment phases and regimens

- Major treatment changes or progressions

- Important temporal milestones

- Treatment response indicators mentioned in reports

Update the summary to reflect new information from current reports while
preserving important historical context.

Example output format:

[C

*xTreatment Overview:** Chemotherapy begins week 32 of 2013, with documented
treatment from August 8 - October 10, 2013
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Figure 5: Full System Prompt used for SACT timeline generation (Part 2).

**Medications Administered:*x
- *xCyclophosphamide (Cytoxan):x* August 8 - October 10, 2013
- Individual doses: August 29, September 19, October 10
- *xDocetaxel (Taxotere):**x August 8 - October 10, 2013
- Individual doses: August 29, September 19, October 10
- xNote: "Docetaxol” also documented (likely transcription error)=*

**Protocol Documentation:*x*

- **TC regimenx* active during August 2013

- *xChemotherapy** contains specific date August 10, 2013
- Standard 3-week cycling pattern evident

**Timeline Reconciliation:x*x

- Week 32 of 2013 corresponds to ~August 5-11 timeframe

- Treatment initiation August 8 aligns with weekly scheduling
- 4 documented treatment cycles completed over 9-week period

*xClinical Notes:*x Complete documentation includes both generic (

cyclophosphamide, docetaxel) and brand names (Cytoxan, Taxotere) with minor

spelling variant recorded.

[C
Update (
add=[
('chemotherapy', 'begins-on', Date(year=2013, month=None, day_of_month=
None, week_of_year=32)),
('chemotherapy', 'contains-1', Date(year=2013, month=8, day_of_month
=10, week_of_year=None)),
('cyclophosphamide', 'begins-on', Date(year=2013, month=8, day_of_month
=8, week_of_year=None)),
('cyclophosphamide', 'ends-on', Date(year=2013, month=10, day_of_month
=10, week_of_year=None)),
('cytoxan', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('cytoxan', 'contains-1', Date(year=2013, month=8, day_of_month=29,
week_of_year=None)),
('cytoxan', 'contains-1', Date(year=2013, month=9, day_of_month=19,
week_of_year=None)),
('cytoxan', 'contains-1', Date(year=2013, month=10, day_of_month=10,
week_of_year=None)),
('docetaxel', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('docetaxel', 'ends-on', Date(year=2013, month=10, day_of_month=10,
week_of_year=None)),
('docetaxol', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('taxotere', 'begins-on', Date(year=2013, month=8, day_of_month=8,
week_of_year=None)),
('taxotere', 'contains-1', Date(year=2013, month=8, day_of_month=29,
week_of_year=None)),
('taxotere', 'contains-1', Date(year=2013, month=9, day_of_month=19,
week_of_year=None)),
('taxotere', 'contains-1', Date(year=2013, month=10, day_of_month=10,
week_of_year=None)),
('tc', 'contains-1', Date(year=2013, month=8, day_of_month=None,
week_of_year=None))
1,
remove=[
('cytoxan', 'begins-on', Date(year=2013, month=8, day_of_month=1,
week_of_year=None))
]
)
[C
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Abstract

The ChemoTimelines shared task benchmarks
methods for constructing timelines of systemic
anticancer treatment from electronic health
records of cancer patients. This paper describes
our methods, results, and findings for subtask
2—generating patient chemotherapy timelines
from raw clinical notes. We evaluated strate-
gies involving chain-of-thought thinking, super-
vised fine-tuning, direct preference optimiza-
tion, and dictionary-based lookup to improve
timeline extraction. All of our approaches fol-
lowed a two-step workflow, wherein an LLM
first extracted chemotherapy events from in-
dividual clinical notes, and then an algorithm
normalized and aggregated events into patient-
level timelines. Each specific method differed
in how the associated LLM was utilized and
trained. Multiple approaches yielded compet-
itive performances on the test set leaderboard,
with fine-tuned Qwen3-14B achieving the best
official score of 0.678. Our results and anal-
yses could provide useful insights for future
attempts on this task as well as the design of
similar tasks.

1 Introduction

Electronic health records (EHRs) contain rich infor-
mation on treatment courses, but extracting tempo-
ral relationships is challenging due to variability in
care and linguistic complexity (Olex and Mclnnes,
2021; Gholipour et al., 2023). Oncology regimens
often deviate from planned schedules through dose
changes or delays, with such modifications usually
recorded only in unstructured notes that require
chronological alignment (Wang et al., 2020). Clin-
ical narratives add further difficulty with relative
or vague time expressions and inconsistent date
formats (Sun et al., 2013, 2015). Even experts
may diverge in interpreting underspecified terms,
making accurate normalization and sequencing a
persistent challenge for clinical NLP systems.

“These authors contributed equally.
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The ChemoTimelines shared task! (Yao et al.,
2024, 2025) was created to benchmark systems for
constructing systemic anticancer treatment (SACT)
timelines directly from EHR notes. It consists
of two subtasks. In subtask 1, besides the raw
EHRs, gold standard annotations of treatment
events (EVENTS) and time expressions (TIMEX3s)
for each patient EHR note are provided, and the
task is to determine temporal relations between
them on the patient level. In subtask 2, the task is
to extract the patient-level treatment timeline with
only the raw EHR notes available. We focus on
subtask 2 to provide insights into an end-to-end
treatment timeline extraction system.

Large language models (LLMs) demonstrate su-
perior comprehension and information extraction
ability, and were widely used in the previous year
of the challenge (Haddadan et al., 2024; Zhang
et al., 2024). Without dedicated prompt engineer-
ing and chain-of-thought reasoning (Wei et al.,
2023), zero-shot prompting on LLMs has shown
poor performance (Zhang et al., 2024) in the time-
line extraction task. Domain-adapted fine-tuning
has proven effective for SACT timeline extraction,
with models like Flan-T5-XXL (Chung et al., 2022)
and PubMedBERT (Gu et al., 2021) achieving
strong results (Haddadan et al., 2024; Tan et al.,
2024). However, these approaches have predomi-
nantly utilized older or smaller-scale architectures,
such as BART (Lewis et al., 2019) and Flan-T5-
XXL (Chung et al., 2022), and predicted timelines
based on sentence-level contexts. Recent studies on
scaling laws suggest that leveraging larger powerful
models with rich context presents a clear opportu-
nity for further improvement (Kaplan et al., 2020).
In parallel, pipeline systems—which first extract
events with a curated dictionary and then iden-
tify relations (Haddadan et al., 2024; Wang et al.,

1https: //sites.google.com/view/
chemotimelines2025
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2024)—have been developed but typically show
inferior performance to end-to-end systems. De-
spite integrating external knowledge, the pipeline
approach may still be suboptimal.

Building on previous efforts, we explore a vari-
ety of strategies to fill the gaps. First, to analyze
the impact of LLM-based reasoning, we compare
a baseline prompting system with a reasoning sys-
tem. Second, to rethink the impact of external
knowledge, we design a dictionary-enhanced ex-
traction approach. Finally, to explore multiple train-
ing strategies, we conduct supervised fine-tuning
(SFT) and direct preference optimization (DPO) on
the latest LLMs. Our fine-tuned Qwen3-14B sys-
tem wins first place in the challenge leaderboard.
We provide several novel insights into the task that
may inform future attempts on this task, as well as
the design of similar tasks.

2 Problem Formulation

The SACT timeline extraction task for each pa-
tient is formulated as extracting m triplets 7 =
{<sj,7j,t;>}L, from a series of n clinical notes
X = {x1,...,x,} of the patient, where s indicates
a SACT entity, ¢ is a TIMEX, and r indicates the re-
lation between s and ¢ selected from BEGINS-ON,
ENDS-ON, and CONTAINS-1. Following prac-
tices of last year’s teams (Haddadan et al., 2024),
we used note-level gold-standard relation annota-
tions on the training set as the training data for our
systems.

Detailed descriptions of the task framework and
the dataset can be found on the shared task’s web-
site! or in the overview paper (Yao et al., 2025). In
short, the dataset covers three cancer types (breast
cancer, melanoma, and ovarian cancer) and was
split by the task organizer into a training set (69
patients, 2,910 note files), a development set (27
patients, 1,272 note files), and a test set (53 patients,
2,121 note files). Teams participating in the shared
task received the annotated training and develop-
ment sets for the development of their systems. The
unannotated test set was released a few days be-
fore the submission deadline for teams to run their
systems and submit predictions.

To extract triplets 7 from clinical notes X,
previous patient-level approaches (Zhang et al.,
2024) directly processed the entire X, which may
overwhelm the LLM, while the sentence-level ap-
proach (Haddadan et al., 2024) separately pro-
cessed sentences in each x;, which may lack global
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context. In contrast to these approaches, we lever-
age a note-level approach that splits the entire task
into two steps: (1) note-level extraction: extract-
ing triplets 7; from individual notes x;, with or
without format postprocessing, and (2) timeline
aggregation: normalizing the TIMEXs and aggre-
gating {7;}"_; into a patient-level timeline 7. This
setting allows decoupling of LLM extraction per-
formance from the final timeline-level performance,
enabling us to evaluate and optimize the methods
for each step. LLM-based methods for step 1 are
described in Section 3, and the aggregation method
for step 2 is explained in Section 4.

3 Note-Level Extraction

We compared 5 different strategies for the note-
level extraction task, providing insights from var-
ious aspects. We further included an ensemble
method in our challenge submission to probe the
relationship between note-level extraction and time-
line aggregation.

3.1 Prompting Baseline

The baseline approach uses prompt-based, one-
pass LLM inference. A prompt template (Ap-
pendix A.1) was carefully curated based on the task
definition and provided note-level gold annotations,
encompassing detailed task instructions, in-context
examples, and formatting requirements for a struc-
tured output. Each clinical note was appended to
the prompt without preprocessing. LLMs generate
extracted chemotherapy events 7; from each note
x; as a JSON array.

3.2 Thinking

Recent advances have shown improved reasoning
and end-task performance when enabling a chain-
of-thought (CoT) before generating answers (Wei
et al., 2023). In light of this, we enabled the think-
ing mode of the models in the prompting baseline
using the same prompt to explore whether CoT
could improve the timeline extraction.

During error analysis, we observed text span
discrepancies between LLLM extractions and note-
level gold-standard annotations, which sometimes
resulted in false negatives in exact match evalua-
tion. Therefore, we further designed the follow-
ing postprocessing rules for our prediction submis-
sion based on the thinking method: (1) for SACT
names containing "chemo", remove all descriptors
before them, such as "adjuvant" and "neoadjuvant”;



(2) for SACT names combined with a slash (e.g.,
"Doxorubicin/Cyclophosphamide"), split them into
separate events; (3) remove unnecessary words in
time expressions, such as "approximately", "about",
"around", and "in". We do not include the postpro-
cessing step in development set evaluation results

(Table 1) for a fairer initial evaluation.

3.3 Dictionary-Enhanced Extraction

We rethought and adapted the approach used by the
LAILab team in last year’s Task 2 (Haddadan et al.,
2024), structuring it into a three-step pipeline.

Step 1: Dictionary-based chemotherapy event
extraction. Given a clinical note, we first ap-
plied a self-constructed chemotherapy dictionary
for keyword matching. All matches were tagged
with <e> and </e>. The dictionary was built from
three sources: (1) HemOnc.org2 , where we created
separate dictionaries for breast cancer, melanoma,
and ovarian cancer including regimen names, drug
names, and abbreviations; abbreviations with only
two letters were removed to reduce false posi-
tives (e.g., "AT"); (2) generic mentions such as
"chemotherapy" and "chemo" from the baseline
system?; and (3) annotated chemotherapy mentions
from the training and development sets of Subtask
1. No test set annotations were used. Only the
drug names were incorporated into the dictionary;
no labeled spans or relations were carried over to
Subtask 2. The complete dictionary is provided in
Appendix B.

Step 2: LLM-based double checking and aug-
mentation. Sentences containing dictionary tags
were passed to the Qwen-3 Thinking model for
verification, which reduced false positives and re-
covered false negatives. The prompt template is in
Appendix A.2.

Step 3: Context-enhanced relation extraction.
For each verified sentence, we constructed a win-
dow of the anchor sentence plus its preceding and
following sentences. This context was fed into
Qwen-3 for generating chemotherapy—time rela-
tion triplets. The motivation for using a local
window was efficiency: fewer than 6% of sen-
tences in the dataset contain SACT annotations
(Table S1), and chemotherapy events and time ex-
pressions generally appear within two consecutive
sentences. Based on these observations, we modi-
fied the baseline system’s prompt for local sentence-

2https ://hemonc.org/wiki/Main_Page
3https ://github.com/HealthNLPorg/
chemoTimelinesEval
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level relation extraction to improve efficiency (Ap-
pendix A.3).

3.4 Supervised Fine-Tuning (SFT)

Motivated by LAILab’s success in using SFT in
the previous challenge (Haddadan et al., 2024), we
performed SFT to adapt LLMs for note-level ex-
traction using the provided gold annotations. Input
prompts were structured using the same template
as our prompting baseline. For the training targets,
the output for each note was serialized into a JSON
object containing a list of dictionaries. Each dictio-
nary represented a single extracted event with three
mandatory keys: "SACT", "relation", and "time".
Our SFT approach differs from the method pro-
posed by LAILab (Haddadan et al., 2024) in three
key aspects. First, their method operates at the
sentence level, providing the model with only a
target sentence and its immediate neighbors as con-
text. In contrast, our note-level approach allows
the model to leverage the richer contextual infor-
mation present in the entire clinical note. Second,
for output generation, they employed a specialized
triplet linearization algorithm (Huguet Cabot and
Navigli, 2021). We adopt a potentially more flex-
ible strategy by serializing the extracted relations
into a structured JSON object. Finally, while their
best performance was achieved by finetuning Flan-
T5-XXL (Chung et al., 2022), we scale up to a
14B-parameter model from Qwen3 (Yang et al.,
2025), a more recent and advanced model family.

3.5 Direct Preference Optimization (DPO)

Recent work suggests that models trained via SFT
tend to memorize the training data, while subse-
quent training with reinforcement learning can en-
hance generalization and alignment with human
preference (Chu et al., 2025). Motivated by this,
we framed the note-level extraction task as a prefer-
ence alignment problem. Specifically, we defined
the preference as: (1) the extraction is expected
to align with the style in gold annotations and (2)
the note-level extraction may favor outputs with
higher recall over precision, operating on the as-
sumption that the downstream timeline aggregation
process would manage deduplication and resolve
conflicting extractions.

To implement this, we employed an iterative
DPO approach to construct a preference dataset and
refine the policy model (Zhang et al., 2025; Tu et al.,
2025; Rafailov et al., 2024). First, we warmed
up a policy model by training it for 5 epochs via
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SFT. Next, to generate preference pairs, we used
this initial model to produce 8 candidate outputs
for each instance in the training set. For each set
of candidates, we identified the output with the
highest recall as the chosen response (y,,) and the
one with the lowest recall as the rejected response
(y1). This process yielded a preference dataset of
pairs where the chosen and rejected responses were
distinct. We then further trained the SFT warmup
model using DPO (Rafailov et al., 2024) on this
dataset.

3.6 Ensemble Method

For the ensemble method, we concatenated note-
level predictions generated by three models: SFT,
SFT + DPO, and Thinking + Postprocessing. These
combined predictions were then passed through
the normalization and aggregation pipeline to pro-
duce final patient-level timelines. We excluded the
dictionary-enhanced extraction approach from the
ensemble because its pipeline differs substantially
from the other methods and introduces systematic
false positives due to keyword matching.

4 Timeline Aggregation

Similar to how the task organizer constructed gold
timelines automatically (Yao et al., 2024), all note-
level system outputs underwent two subsequent
steps, normalization and aggregation, to obtain
patient-level timelines as final outputs.

In the normalization step, time expressions in
note-level outputs were converted into standard-
ized ISO time using the CLUlab’s Timenorm syn-
chronous context-free grammar module (Bethard,
2013). The original Timenorm was written in Scala,
we reproduced its core functions in Java. The
"DOCTIME" of each note was used as a temporal
anchor for relative time expressions extracted from
that note. Such "DOCTIME" was identified via a
regular expression that detects eight consecutive
digits in the note text. Relative time expressions
that could not be normalized by Timenorm were
discarded.

Normalized events were then de-duplicated and
aggregated using the official aggregation script
(docker_output_to_timeline.py) provided by

the task organizer®.

4https ://github.com/HealthNLPorg/
chemoTimelinesEval
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5 Experimental Setup
5.1

Our experiments for note-level event extraction
utilized the following open-source LLMs: Qwen3
series of general-purpose dense models (Yang et al.,
2025) from 4B to 32B, plus a mixture-of-experts
model Qwen3-30B-A3B (2507), and Google’s spe-
cialized model for medicine, MedGemma-27B
(Sellergren et al., 2025). All models were obtained
from Hugging Face.

We used the v11m package under Python 3.10 for
LLM inference, and L1amaFactory for LLM fine-
tuning. Sampling parameters for LLM inference
followed the setting recommended by the Qwen3
team: temperature=0.6, top_p=0.95, top_k=20,
and min_p=0. The default maximum output length
(max_tokens) was set to 4,096. Up to 4 NVIDIA
A100 GPUs were utilized for either model infer-
ence or model training.

For dense Qwen3 models, the thinking mode
was enabled by setting the enable_thinking pa-
rameter to True, and max_tokens was changed to
20,480 to allow complete outputs; for Qwen3-30B-
A3B (2507), the non-thinking model and the think-
ing model are two separate models.

For SFT, we turned off the thinking mode of the
Qwen3 model and employed LoRA for parameter-
efficient finetuning of the model over 10 epochs.
For DPO, we obtained preference datasets of 9
pairs for Qwen3-14B, 27 pairs for Qwen3-8B, and
30 pairs for Qwen3-4B. We trained with DPO for
10 epochs. Despite the small sample size, we
observed a consistent improvement in reward ac-
curacy during training (Figure 1), which aligns
with recent studies demonstrating effective rein-
forcement learning from a limited number of sam-
ples (Wang et al., 2025).

Models

5.2 System Evaluation

As instructed, system performance was assessed us-
ing the strict matching criterion, where all compo-
nents of a predicted triplet must exactly match the
corresponding gold standard triplet to be counted
as correct. For the development set, evaluation
was performed locally using the official evaluation
script (eval_timeline.py) provided by the shared
task organizers*. Since all pipelines followed 2 ma-
jor steps as described in Section 2, we additionally
calculated note-level micro precision, recall, and F1
as intermediate metrics for LLM extraction perfor-
mance. Evaluation on the test set was performed by
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the task organizer and announced using the leader-
board on the shared task website!.

Two types of patient-level F1 scores were cal-
culated by the official evaluation script: Type A,
which includes all patients regardless of whether
they have gold-standard timelines, and Type
B, which includes only patients with confirmed
chemotherapy timelines (Yao et al., 2025). The of-
ficial score is the average of the Type A and Type B
F1 scores, where each patient’s score is computed
individually and then averaged across patients.

6 Results

6.1 Development Performance

Table 1 shows both note-level and timeline-level
evaluation results of each method-model combina-
tion. Major findings are as follows.

First, better note-level performance is gener-
ally associated with, but does not necessarily indi-
cate, better final performance on the timeline level,
which highlights the crucial role of normalization
and aggregation. For example, under the thinking
approach, Qwen3-30B-A3B achieved much better
micro precision, recall, and F1 than Qwen3-14B
and Qwen3-32B, but their official scores were al-
most the same. This could be attributed to the dedu-
plication of repeated events from different notes
during event aggregation, and time expressions that
Timenorm was unable to handle. Another note-
worthy case is Qwen3-14B’s exceptionally high
official score under the baseline approach. Similar
to other models, its note-level extractions contain a
substantial proportion of irregular time expressions
(see Section 7 for examples), but those events were
luckily discarded by Timenorm, leading to a high
F1 score.

Second, 14B might be the best dense model
size for this task. Under both the baseline and
thinking approaches, the 14B model outperformed
other dense models on both the note level and the
patient level. In light of this, we applied dictionary-
based and fine-tuning-based methods to models
up to 14B. As expected, Qwen3-14B consistently
outperformed its 8B and 4B siblings.

Third, fine-tuning a dense model reliably
yielded the largest performance gain, while a
thinking mixture-of-experts model performed
comparably. After introducing rule-based post-
processing (described in Section 3), Qwen3-30B-
A3B’s official F1 score on the development set
improved from 0.596 to 0.625 (Table 2). We at-
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tribute most of the performance gain of thinking to
the self-checking behavior exhibited by the CoT,
which improved both the precision and recall of
note-level event extraction. For details and exam-
ples, please see Section 7.

Fourth, the dictionary-enhanced method
achieved the highest recall among all systems,
and incorporating LLM verification further
improved precision by filtering out false posi-
tives. We examined the intermediate results of
LLM verification on top of dictionary-based sen-
tence tagging. As shown in Table S2 in Ap-
pendix C, dictionary tagging alone achieved nearly
perfect recall across cancer types, but precision
was lower. Adding LLM verification consistently
increased precision for these sentences (e.g., breast:
0.732—0.824; melanoma: 0.802—0.830) while
keeping recall near 1.0 (a small trade-off appears
for ovarian, 1.000—0.994, with F1 unchanged).
Overall, the dictionary-based pipeline attains the
best recall among all systems, and the second-best
development performance, trailing only SFT.

6.2 Test Performance

On the test set, our SFT approach (submission 1)
attained the highest overall average score of 0.678.
The SFT + DPO model (submission 2) closely
followed with an average of 0.666. The think-
ing approach with postprocessing (submission 4)
also performed competitively, reaching an average
score of 0.644. The ensemble method (submission
5), which combined SFT, SFT + DPO, and think-
ing achieved an overall score of 0.603, which was
lower than any of the individual model. This sug-
gests that differences in error patterns limited the
benefit of ensembling. The dictionary-enhanced
sentence-level extraction (submission 3) produced
weaker results, with an overall score of only 0.545,
suggesting potential limitations in the term cover-
age of our SACT dictionary with respect to what ap-
pears in the test set. Together, test results again indi-
cate that fine-tuning-based methods were the most
effective in our experiments, while LLM thinking
was also a competitive approach.

7 Error Analysis

We empirically investigated noteworthy errors
made by our systems on the development set, aim-
ing to inform both future system development and
potential refinements to the challenge design in
subsequent rounds. Gold-standard timelines of the



Method Model Note-Level Micro Timeline-Level Macro F1
Precis. Recall F1 | Type A TypeB Official
Prompting Qwen3-4B .039 278 .069 173 .082 127
Baseline Qwen3-8B .040 283 .070 .060 .103 .082
Qwen3-14B 139 276 185 466 370 418
Qwen3-32B .103 209 138 253 220 236
Qwen3-30B-A3B .068 243 106 104 178 141
MedGemma-27B .085 439 142 158 .199 178
Thinking Qwen3-4B 338 382 358 471 378 424
Qwen3-8B 355 335 345 .614 410 512
Qwen3-14B S17 346 415 .676 S15 .595
Qwen3-32B 355 325 339 .623 .568 .596
Qwen3-30B-A3B .600 468 526 .676 516 596
Dictionary + Qwen3-8B 294 S509 372 .689 468 578
Sentence-level | Qwen3-14B 434 .657 522 .729 536 .632
SFT Qwen3-4B 379 507 434 .651 473 562
Qwen3-8B 419 569 483 .650 542 .596
Qwen3-14B 397 .615  .483 11 577 .644
DPO + SFT Qwen3-4B .390 483 431 .670 435 553
Qwen3-8B 409 574 478 .651 545 .598
Qwen3-14B 401 .620  .487 .695 .549 .622

Table 1: Development set performance. The best official score under each method is highlighted.

Submission # | Method Dev Official | Test Official
Submission 1 | SFT .644 678
Submission 2 | SFT + DPO .622 .666
Submission 3 | Dictionary + Sentence-level .632 545
Submission 4 | Thinking + Postprocessing .625 .644
Submission 5 | Ensemble of 1, 2, and 4 .562 .603

Table 2: Development and test set performance of final submissions. The best scores are highlighted.

test set are held private by the organizer to enable
future versions of the shared task, hence we are
unable to perform error analysis on the test set.

7.1 Errors in Prompt-Based Extraction

Under the prompting baseline, LLMs often extract
medications and procedures that are not part of
SACT (e.g., "Neupogen", "ProHance", "MRI") and
irregular time expressions (e.g., "04/26/2012 at
12:13 PM", "4 cycles", "midway through chemo"),
even when explicitly instructed not to. They also
produce errors related to text span boundaries and
formatting. This explains the overly low precision
and recall values on the note level.

When thinking mode is enabled, we observed
that Qwen3 models would spontaneously check
whether each candidate event belonged to SACT
(e.g., "Neulasta is a G-CSF, not an SACT, so it’s
excluded") and whether its associated time ex-
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pressions satisfied the extraction instructions (e.g.,
"’status post’ refers to something that happened
in the past but doesn’t give an exact time"), which
significantly reduced false positives. This double-
checking behavior also helped decrease false nega-
tives (e.g., "Double-checking to make sure I didn’t
miss any hidden events. Maybe ...").

Most remaining errors produced by the thinking
models were commonly encountered by other meth-
ods, and are discussed in the following sections. A
noteworthy category is incorrect inference caused
by ambiguous language or formatting in clinical
notes. For example, consider a note containing a
table of medications administered on a given date
with the SACT note "TRASTUZUMAB" followed
by "None Entered"; based on the column names in
the context, this means that the start or end date of
the therapy is not entered. However, Qwen3-30B-
A3B interpreted this to mean that even though the



date was present, it should be excluded because
the time was missing. We also observed confusion
about whether to include scheduled events. Our
manual inspection of the gold standard timelines
revealed that scheduled events were inconsistently
annotated. In addition, a large proportion of clinical
notes in the dataset contained no gold annotation,
and any LLM-extracted events from these notes
would become false positives.

7.2 Errors in Dictionary-Based Extraction

The dictionary-enhanced extraction approach pro-
vided strong coverage of chemotherapy mentions
but also revealed several important limitations.
First, the main limitation came from false posi-
tives, which lowered overall precision. Because
the method matched any token found in the dictio-
nary, it might incorrectly identify unrelated terms
as chemotherapy mentions. For example, the sys-
tem recognized the word "FEC" in "Normal FEV1
and FEV1/FEC ratio" as the regimen consisting of
Fluorouracil, Epirubicin, and Cyclophosphamide,
although it was in fact a typographical error for
Forced Vital Capacity (FVC).

Second, the system also suffered from false neg-
atives when encountering typographical errors or
abbreviations not present in the dictionary. For in-
stance, the test set included terms such as "bev"
for Bevacizumab and "interfuron" for interferon.
These variants were not captured, leading to missed
extractions. This limitation helps explain the per-
formance gap between the development set, where
dictionary coverage was stronger, and the test set,
where more novel variants appeared.

Finally, we observed interesting cases of internal
inconsistency between the model’s intermediate
reasoning and its final output. For instance, in the
thinking process, the model may explicitly state
that a tag such as <e>tc</e> should be removed,
but in the final output the tag still appears (see
Appendix D for an example). This mismatch sug-
gests that controlling the alignment between reason-
ing and output remains a challenge for dictionary-
enhanced extraction with LLMs. It also points the
way to potentially useful future work in explainable
Al to use reasoning traces to better understand how
LLMs understand complex clinical notes.

7.3 Errors in Training-Based Methods

As we pooled all available annotations into the
same training set, the performance of our training-
based model is sensitive to imbalances in the train-
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ing data. For instance, the model often defaults
to the generic CONTAINS-1 relation, misclassi-
fying more specific BEGINS-ON and ENDS-ON
relations. This tendency reflects a class imbalance
where CONTAINS-1 instances are overrepresented
in the training set. Furthermore, we observed a no-
table performance degradation on melanoma notes
compared to breast and ovarian cancer, which man-
ifests as low precision. This may be a consequence
of data skew, as our training set contains signifi-
cantly fewer melanoma notes, potentially leading
the model to overfit to the majority of cancer types.

7.4 Errors in Normalization and Aggregation

The normalization process relies heavily on heuris-
tic rules in the Timenorm pipeline, which can both
improve alignment with the gold standard and intro-
duce systematic errors. In general, using Timenorm
facilitates consistent normalization of relative time
expressions, but we found instances where the out-
put diverged from expected interpretations. For
example, the expression "last week" relative to
a document time of 2013-01-15 is normalized to
"2013-01-08" in full date format (YYYY-MM-DD),
whereas "next week" relative to 2013-07-23 is nor-
malized to "2013-w31" in week format (YYYY-
wi##). Likewise, expressions that specify only
month and day can be incorrectly anchored to the
previous year. If the document time is 2013-02-10,
the expression "January 9" is normalized as "2012-
01-09" rather than the correct "2013-01-09". Such
inconsistencies suggest that while Timenorm is
powerful, it may require task-specific adjustments
to handle edge cases in clinical timelines.

In aggregation, the lack of entity consolidation
introduces redundancy and inconsistency across pa-
tient timelines. For example, the same chemother-
apy drug can appear under slightly different surface
forms, such as "i12", "il-2", and "interleukin-2", all
linked to the same date and relation. Similarly,
regimen-level mentions can coexist with individual
drug mentions. The gold standard may annotate
both "AC-T" as a regimen and its components Adri-
amycin (A), Cyclophosphamide (C), and Taxol (T),
leading to multiple overlapping entries.

A further source of discrepancy arises from how
start and end events are aligned within the same
timeline. When both BEGINS-ON and ENDS-
ON relations are identified for the same drug on
the same date, our system retains both events for
completeness, whereas the gold timelines may
arbitrarily keep only one. For example, in the



gold timeline, Cabotaxol and Taxol are annotated
as [cabotaxol, BEGINS-ON, 2012-01-12] and
[taxol, ENDS-ON, 2011-12-15]. The complete
representation, however, should include both start
and end events for each drug, i.e., 4 events in total.

8 Conclusions and Discussion

Extracting clinical events from unstructured notes
has always been a challenging task (Olex and
Mclnnes, 2021). Under the ChemoTimelines 2025
shared task framework, our work explores several
approaches based on modern and emerging model
training and inference techniques. Major findings
are as follows:

1. The aggregation of note-level events into patient-
level timelines is crucial for the final perfor-
mance of a system.

. Fine-tuning a dense model, especially of size
14B, reliably yielded the largest performance
gain, while a thinking mixture-of-experts model
performed comparably.

. The dictionary-enhanced method achieved the
best recall, while LLM verification improved

precision by reducing false positives.

We found that the dictionary-based approach of-
fered both efficiency and interpretability, while still
maintaining acceptable performance despite some
information loss at the sentence level. Instead of
reasoning over all notes in the development set, the
method reduced the burden by restricting LLM ver-
ification to a much smaller number of candidate
sentences flagged by the dictionary, plus context-
enhanced sentences for relation extraction. This
substantially lowered input token volume, reason-
ing time, and computational cost. Although focus-
ing on sentences inevitably sacrifices some contex-
tual information compared with note-level extrac-
tion, the resulting performance remained strong,
supported by very high recall from dictionary tag-
ging and improved precision from LLM verifica-
tion. Moreover, the transparent matching rules en-
hance interpretability and facilitate systematic re-
finements, such as synonym expansion or ontology-
based extensions. Together, these features make the
dictionary-based pipeline a lightweight, resource-
efficient, and interpretable complement to learning-
based systems.

The comparable performance of the training-
free LLM thinking approach and fine-tuning-based
methods suggests a potential cost-effectiveness
trade-off for this specific task. Once fine-tuning is
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supported by a sufficient amount of high-quality
data, it is capable of yielding a trustworthy per-
formance gain while maintaining the speed of di-
rect output generation. In contrast, CoT think-
ing, as a core component of recent inference-time
scaling techniques for LLMs, is characterized by
its higher latency at test time, despite that it re-
quires much less data annotation in the develop-
ment phase. Given the substantial performance
gain from LLM thinking in our experiments (and
potential benefits to explainability), we recommend
that future attempts on similar tasks consider in-
cluding it as a baseline method, especially in con-
sideration of the high cost of EHR annotation by
human experts.

The ensemble method did not lead to perfor-
mance gains. Instead, the overall score was lower
than any of the individual models. This suggests
that errors from different systems tend to accumu-
late when combined, and these mistakes cannot be
effectively corrected through the normalization and
aggregation pipelines. As a result, simple ensem-
bling is not a viable strategy for this task.

We conceived several other methods that were
not implemented due to time and resource con-
straints, and we hope providing them here may
benefit clinical timeline extraction. First, our cur-
rent prompt-based approaches (both non-thinking
and thinking) utilized static ad hoc in-context exam-
ples. Including dynamically-retrieved training ex-
amples related to test time queries has the potential
to further improve performance. Second, current
training methods do not have an explicit reasoning
process before generating the extractions. Future
methods may synthesize reasoning data through
rejection sampling (Yuan et al., 2023) or apply re-
inforcement learning (DeepSeek-Al et al., 2025)
for better performance.

The chemotherapy events in the training data
represented the specific EHR documentation style
of the source facilities and systems. The more
general task of extracting clinical event timelines
may involve a diversity of local documentation
styles, event sources (e.g., treatment, laboratory,
billing, etc.), and levels of standardization.

Additional insights into the capabilities and
weaknesses of various LLM-based strategies might
be obtained with introspection into performance
against specific evaluation data examples, addi-
tional layers of case review with expert oncologists,
and testing with the newest generation of emerging
LLM:s.



Limitations

Our methods were highly customized to the Chemo-
Timelines challenge, hence our findings may not
generalize well to other clinical extraction tasks.
Due to time, resource, and privacy constraints,
we did not assess a full range of contemporary
open- and closed-source LLMs (e.g., larger Qwen3
models, the Llama series, GPT series, etc.), there-
fore our findings may not generalize. MedGemma
was also the only medicine-specialized LLM in-
cluded in our experiments. Although a general-
purpose LLM combined with a tailored aggrega-
tion pipeline was sufficient for this task, future
work may benefit from models more familiar with
clinical notes. For technical methods that we con-
ceptualized but did not have a chance to implement
and test, please refer to Section 8.
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A Prompt Templates
A.1 Prompt for Baseline and Thinking

You are an experienced medical annotator tasked
with extracting systemic anticancer therapy
(SACT) events from a given clinical note.

WHAT A SACT IS:

SACT encompasses medications used in traditional
cytotoxic chemotherapy, endocrine therapy,
targeted therapy, and immunotherapy. SACT
may appear in generic names (e.g., Anastrozole),
brand names (e.g., Arimidex), or combined names
(e.g., TCH). Non-specific SACT mentions such
as "chemotherapy" or "chemo" should also be
included. Exclude therapies, medications, and
diagnostic procedures used not for anticancer
purposes, such as dietary supplements and biopsies.
Exclude therapy candidates that you don’t know
what they are or aren’t sure if they are SACT.

WHAT YOU SHOULD EXTRACT:

You should only extract SACT events that are
explicitly associated with specific time expressions.
Here are some format examples of time expres-
sions you are expected to extract: "December 27,
2011", "May 21st, 2013", "7/20/2012", "today",
"3 weeks ago", "1 year". Ignore nonspecific time
mentions such as cycle or dose numbers (e.g.,
"cycle 1 of 6" and "1/6 dose") and ambiguous
relative time (e.g., "midway through" or "at the
same time as" another event). Exclude SACT
mentions without an associated time.

Additionally, for each event, select a rela-
tion label from BEGINS-ON, ENDS-ON, and
CONTAINS-1 to indicate the relation between the
SACT and its time based on the note’s language.
CONTAINS-1 means the SACT happened at a
specific time; if the note explicitly mentions the
start or end of an event, use BEGINS-ON or
ENDS-ON. For example, if the note says "She
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received Herceptin on May 21st, 2013", your
extracted event will be "Herceptin", "CONTAINS-
1", "May 21st, 2013"; if the note says "Start
ipilimumab on today’s date", your extracted event
will be "ipilimumab”, "BEGINS-ON", "today".

If a SACT is associated with multiple time
points, extract them as separate events. For
example, if the note says "Herceptin was initiated
on 12/27/2011 and completed on April 10, 2012",
you should extract two events: one is "Herceptin",
"BEGINS-ON", "12/27/2011", and the other
is "Herceptin", "ENDS-ON", "April 10, 2012".
Similarly, if multiple SACTs are associated with
the same date, you should also extract them as
separate events.

HOW YOU SHOULD FORMAT YOUR
RESPONSE:

SACT names and their associated time expressions
should be kept exactly as they appear, even if there
is a typo. Do not alter them, normalize the time
expression, or infer the exact date. For example, if
a SACT event appears in the note as "Alibercept
received yesterdat", your extracted event will be
"Alibercept”, "CONTAINS-1", "yesterdat".

Do not combine SACT mentions that refer
to the same therapy but appear in different
names, even if one appears in parentheses as
the alternative name for another; extract them
separately. For example, if there are three SACT
events, "11-2", "112", and "interleukin-2", and all
have corresponding time expressions, treat them
as three separate SACT events; if the note says
"TRASTUZUMAB (HERCEPTIN) received
today", you should extract two events: one is
"TRASTUZUMAB", "CONTAINS-1", "today",
and the other is "HERCEPTIN", "CONTAINS-1",
"today".

If multiple SACTs are administered together,
treat them as separate events. For example, for
"Doxorubicin/Cyclophosphamide” you should
extract 2 events, one for Doxorubicin and the other
for Cyclophosphamide. However, if a SACT name
is already a combined treatment name (e.g., TCH),
treat it as a single event.

Ignore supplementary descriptors of SACT
names, such as dose (e.g., "high dose") and
administration method (e.g., "IV"). For non-
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specific SACT like "chemotherapy" or "chemo",
ignore their descriptors, such as "adjuvant" and
"neoadjuvant".

Your response must be a JSON array under
the following schema:

{
"type": "array”,
"description”: "An array of SCAT events
extracted from the clinical note.”,
"items": {
"type": "object”,
"properties”: {
"SACT": {
"description”:
extracted as it is.”,
"type": "string”
1,
"relation”: {
"description”: "The relation
between the SACT and its associated time
expression. Must be one of BEGINS-ON,
ENDS-ON, and CONTAINS-1.",
"type": "string”
}
"time": {
"description”: "The time expression
associated with the SACT, extracted as it

n

is.”,

"A SACT name

"type": "string”
3
3,
"required”:
"time"],
}
3
If there is no SACT event in the clinical note,
return an empty array.

["SACT", "relation”,

Now, extract SACT events from the follow-
ing clinical note:
{note}

A.2 Prompt for LLM-based Chemotherapy
Tag Verification

You are an experienced medical annotator tasked
with verifying and extracting systemic anticancer
therapy (SACT) mentions from a given clinical
note. Some SACT candidates have already been
tagged using a dictionary-based method.

SACT encompasses medications used in tra-



ditional cytotoxic chemotherapy, endocrine ther-
apy, targeted therapy, and immunotherapy. An
SACT mention may appear as a generic name
(e.g., Anastrozole), a brand name (e.g., Arim-
idex), or a combined name (e.g., TCH). Non-
specific chemotherapy-related SACT mentions like
"chemotherapy", "chemo"”, "chemotherapy’s"”, etc.
And even mentions with typos like "chemotheray"
should also be retained.

Your task is twofold:

1. Review the pre-tagged mentions ONE BY
ONE and remove any incorrect tags caused by dic-
tionary false positives.

2. Identify and tag any additional SACT men-
tions that are missing due to typos or uncommon
abbreviations not found in the dictionary.

Extract each SACT mention exactly as it appears
in the note, even if there is a typo; do not alter or
normalize it. For example, if an SACT Aflibercept
appears in the note as "Alibercept", your extracted
SACT should be "Alibercept". Do not combine
SACT mentions that refer to the same therapy but
appear in different forms; extract them as separate
mentions. For example, if there are three mentions:
"il-2", "112", and "interleukin-2", extract them all
separately.

Ignore supplementary information such as dose,
administration method, or diagnostic/therapeutic
context not related to anticancer treatment. Exclude
therapies, medications, or procedures used for non-
cancer purposes, such as dietary supplements or
biopsies.

You should remove or add tags in the raw text.
Do not output any other text.

Both the input and the output should be put in
" ". Please strictly follow the format of the output.
You MUST only wrap the correct SACT mentions
with <e> and </e> tags in your outputs. Do not add
any other tags or quote marks.

For example, given the input text:

"This is a sentence with both <e>correct
SACT</e> and <e>wrong SACT</e> mentioned."

The expected output is:

"This is a sentence with both <e>correct
SACT</e> and wrong SACT mentioned."

Sometimes the input can be extremely long, like:
======Here are some background details
about the patient========

This is a sentence with both <e>correct
SACTl1</e> and <e>wrong SACT</e> mentioned,
and another <e>correct SACT2</e> mentioned."

The expected output is:
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======Here are some background details
about the patient========

This is a sentence with both <e>correct
SACTI1</e> and wrong SACT mentioned, and an-
other <e>correct SACT2</e> mentioned."

Now, extract SACT events from the following
sentences in a clinical note:

A.3 Prompt for Context-Enhanced
Sentence-Level Relation Extraction

You are an experienced medical annotator tasked
with extracting systemic anticancer therapy (SACT)
events from a given clinical note.

WHAT A SACT IS: SACT encompasses med-
ications used in traditional cytotoxic chemother-
apy, endocrine therapy, targeted therapy, and
immunotherapy. SACT may appear in generic
names (e.g., Anastrozole), brand names (e.g.,
Arimidex), or combined names (e.g., TCH). Non-
specific SACT mentions such as "chemotherapy" or
"chemo" should also be included. I have extracted
all the SACT events for you between the tags <e>
and </e> in my input, so you don’t need to extract
SACT yourself.

WHAT YOU SHOULD EXTRACT: You should
do this step by step. First, identify all the SACT
events between <e> and </e> in my input and
ONLY focus on these SACT events. Then, exclude
the SACT events if they are macro information
rather than patient-specific information, or if they
are negations of SACTs. Next, for each valid SACT
event, extract specific time expressions that are ex-
plicitly associated with that SACT event. Here are
some format examples of time expressions you are
expected to extract: "December 27, 2011", "May
21st, 2013", "7/20/2012", "today", "3 weeks ago",
"1 year". Ignore nonspecific time mentions such as
cycle or dose numbers (e.g., "cycle 1 of 6" and "1/6
dose") and ambiguous relative time (e.g., "midway
through" or "at the same time as" another event).
Exclude time expressions that are not associated
with the current SACT event. If there is not a time
expression related to the current SACT event, then
skip it and check the next SACT event.

Additionally, for each event, select a rela-
tion label from BEGINS-ON, ENDS-ON, and
CONTAINS-1 to indicate the relation between the
SACT and its time based on the note’s language.
CONTAINS-1 means the SACT happened at a spe-
cific time; if the note explicitly mentions the start
or end of an event, use BEGINS-ON or ENDS-ON.
For example, if the note says "She received Her-



ceptin on May 21st, 2013", your extracted event
will be "Herceptin", "CONTAINS-1", "May 21st,
2013"; if the note says "Start ipilimumab on today’s
date", your extracted event will be "ipilimumab",
"BEGINS-ON", "today".

If a SACT is associated with multiple time
points, extract them as separate events. For ex-
ample, if the note says "Herceptin was initiated
on 12/27/2011 and completed on April 10, 2012",
you should extract two events: one is "Herceptin",
"BEGINS-ON", "12/27/2011", and the other is
"Herceptin", "ENDS-ON", "April 10, 2012". Sim-
ilarly, if multiple SACTs are associated with the
same date, you should also extract them as separate
events.

HOW YOU SHOULD FORMAT YOUR RE-
SPONSE: SACT names and their associated time
expressions should be kept exactly as they appear,
even if there is a typo. Do not alter them, nor-
malize the time expression, or infer the exact date.
For example, if a SACT event appears in the note
as "Alibercept received yesterdat”, your extracted
event will be "Alibercept”, "CONTAINS-1", "yes-
terdat".

Your response MUST be in a json format under
the following schema:

hn ["SACT eventl", "relationl", "time expres-
sionl"], ["SACT event2", "relation2", "time expres-
sion2"], ...

B Chemotherapy Events Dictionary

B.1 Breast Cancer

5-fu

a-cmf

a.c

a/c
abemaciclib
abraxane
ac

ac-cmf
ac-d

ac-h

ac-t

ac-th

ac-thl
ac-thp

ach

act
adriamycin
afc

afinitor
airuika
alimta
alpelisib
anastrozole
anthracycline
arimedex
arimidex
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aromasin
aromatase inhibitor
at-cmf

atc

atezolizumab
avastin

bev

bevacizumab
bilateral oophorectomy
caf
camrelizumab
capecitabine
capivasertib
carbo

carboplatin

cbd

cef

cef-t

chemo

chemo therapy
chemo-rt
chemoembolization
chemorad
chemort
chemotherap
chemotherapeutic
chemotherapeutic
chemotherapies
chemotherapy
chemotherapy’s
chemotheray
chidamide
cisplatin

cmf

cmf-e

cmf-h

cmft

cnp

cp-ac

cp-ddac

cp-ec

cvb
cyclophosphamide
cytoxan

d-ac

d-ac+bev

d-ec

d-fec

d-fec+bev
datopotamab deruxtecan
datroway

dcb

dda-ddt-ddc

ddac

ddac-ddt
ddac-ddth
ddac-pacph
ddac-t

ddac-th

ddac-thp

ddat

dde

dde-iddemf
ddec-ddemf
ddec-ddd
ddec-ddt

ddec-t

ddec-th

ddec-thp

ddfec-d



ddp itovebi

ddt ixabepilone
ddt-ddec ixempra
ddt-ec javlor

ddth kadcyla
docetaxel keytruda
docetaxol kisqali

doxil 1+t
doxorubicin lapatinib
e-cmf letrozole

e-d leuprolide
e-X logtorzi
ec-cmf lupron

ec-d lynparza
ec-ddt margenza
ec-dt margetuximab
ec-h methotrexate
ec-p millipred
ec-t mitomycin
ec-th mitoxantrone
ec-thp mmm
ecd-gc mtx

ech mutamycin
ech-th myocet

edc navelbine
ehp neratinib
elacestrant nerlynx
ellence nolvadex
endocrine therapy novantrone
enhertu np-ddac
enzalutamide np-ddec
ep-ddemf np-ec
epidaza npc-ddec
epirubicin npld

eribulin ofs
everolimus olaparib
exemestane orserdu

fac ovarian irradiation
fac-t paclitaxel
fac-th palbociclib
fac-thp paraplatin
fareston pcb

faslodex pembrolizumab
fec pemetrexed
fec-d perjeta

fec-h pertuzumab
fec-p phesgo

fec-t piqray

fec-th platinol
fec-thp platinum
femara pld
fluorouracil prednisolone
fulvestrant pyrotinib
gcb q2wk

gdoc ribociclib
gemcitabine s-1

gemzar sacituzumab govitecan
ghp t-ac

gnrh analogs t-cef
goserelin t-ddac

h+d t-ddec
halaven t-dm1
herceptin t-ec
herceptin hylecta t-fac

ibrance t-fec

idd-etc t-h

iddenpc t-t

iddepc tac
inavolisib talazoparib
irene talzenna
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tamoxifen chemotherapeutic

taxane chemotherapies
taxol chemotherapy
taxotere chemotherapy’s
taxtotere chemotheray
tc cisplatin
tc-h cnp
tcbh cobimetinib
tch complete resection
tchp contego
tcyh cotellic
tecentriq cpb
th-ac cvd
th-ddac dabrafenib
th-ech dacarbazine
th-fec docetaxel
thl dtic
thp eldisine
toremifene encorafenib
toripalimab fotemustine
tpc gleevec
trastuzumab hepzato kit
trastuzumab deruxtecan il2
trastuzumab emtansine il-2
trelstar la il2
triptorelin imatinib
trodelvy imlygic
truqap inteferon
tucatinib interferon
tukysa interferon
tx-cex interleukin
tykerb interleukin 2
v-fec interleukin-2
verzenio ipilimumab
vh-fec keytruda
vhp kimmtrak
vinflunine kolupin
vinorelbine koselugo
xeloda leukine
xhp lifileucel
xtandi loqgtorzi
zoladex mekinist
mektovi
B.2 Melanoma melphalan
abc methotrexate
abraxane muphoran
afiblercept nivolumab
aflibercept opdivo
alfa-2b interferon opdualag
alflibercept paclitaxel
alibercept paraplatin
alpha 2b interferon pembrolizumab
alpha interferon platinol
alpha-2b interferon proleukin
alpha-2b interferon sargramostim
alpha-2binterferon selumetinib
atezolizumab tace
avastin tafinlar
bevacizumab talimogene laherparepvec
binimetinib tasisulam
braftovi taxol
carboplatin taxotere
chemo tebentafusp
chemo therapy tecentriq
chemo-rt temodar
chemorad tgmozolomide
chemoradiation tils
chemort torlpal}n}ab
chemotherap trametinib
chemotherapeutic tunlametinib
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vaccinia
vaccinia virus
vaccinia virus
vemurafenib
vindesine
yervoy
zelboraf

B.3 Ovarian Cancer

abraxane

alimta

ataxol

avastin

avstin
bevacizumab
caboplatin
cabotaxol

carbo

carboplat
carboplatin
carbotaxol
chemo

chemo therapy
chemo-rt
chemoembolization
chemorad
chemort
chemotherap
chemotherapeutic
chemotherapeutic
chemotherapies
chemotherapy
chemotherapy’s
chemotheray
chmeo

cisplatin
cistoplatin
cytoreductive surgery
dcb

docetaxel
docetaxil

doxil
doxorubicin
elahere

etoposide

femara

gcb

gemcitabine
gemzar

hycamtin

ihcp
intraperitoneal hyperthemicchemoperfusion
intraperitonealhyperthemic chemoperfusion
koselugo
letrozole
liposomal doxorubicin
lynparza
mekinist
mirvetuximab soravtansine
navelbine
nintedanib
niraparib
nolvadex
olaparib

ovastat

paciltaxel
paclitaxel
paclitaxela
paraplatin

paxil

55

pazopanib
pemetrexed
platinol
platinum
pldc
rubraca
rucaparib
selumetinib
t/c
tamoxifen
tax

taxo

taxol
taxotere

tc

tc-bev
topotecan
trabectedin
trametinib
treosulfan
vargatef
vepesid
vinorelbine
votrient
yondelis
zejula
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Figure 1: DPO reward accuracy curve of Qwen3-14B.

Cancer Type # Total # Annotated (%)

Breast 14,234 216 (1.52%)
Melanoma 9,279 523 (5.64%)
Ovarian 16,782 523 (3.12%)

Table S1: Proportion of sentences with annotations in
the development set

D Example of Inconsistency Between
Reasoning and Output

Model thinking trace:
<think> First, I need to check if "Tc" is a correct
SACT. Wait, Tc-99m MDP is Technetium-99m



Dictionary only Dictionary + LLM verification

Precis. Recall F1 Precis. Recall F1

Cancer type anno

breast 0 0.9944 1.0000 0.9972 0.9967 1.0000 0.9984
breast 1 0.7322 1.0000 0.8454 0.8244 1.0000 0.9038
melanoma 0 0.9853 1.0000 0.9926 0.9878 0.9998 0.9937
melanoma 1 0.8021 1.0000 0.8902 0.8296 0.9962 0.9053
ovarian 0 0.9926 0.9998 0.9962 0.9927 0.9998 0.9963
ovarian 1 0.8112 1.0000 0.8958 0.8150 0.9943 0.8958

Table S2: Sentence-level tagging on the dev set: dictionary tagging vs. dictionary tagging with LLM verification.
anno_indicator=1 means the sentence has gold chemotherapy annotations.

Methane Diphosphate, which is a radiopharma-
ceutical used in bone scans. But SACT refers to
systemic anticancer therapies like chemotherapy,
endocrine therapy, etc. Radiopharmaceuticals are
used for diagnostic purposes, not as part of cancer
treatment. So "Tc" here is a false positive from the
dictionary method. The user’s instruction says to
remove incorrect tags caused by false positives.
Therefore, I should remove the <e>Tc</e> tag.
</think>

Model output:

TECHNIQUE: Whole body bone scan was
obtained following intravenous administration of
26.5mCi of <e>Tc</e>-99m MDP.

Expected corrected output:

TECHNIQUE: Whole body bone scan was
obtained following intravenous administration of
26.5mCi of Tc-99m MDP.

This example highlights a misalignment between
the model’s reasoning and its generated output: al-
though the reasoning correctly identifies “Tc” as
a false positive (radiopharmaceutical rather than
chemotherapy), the structured output still preserves
the erroneous tag.
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Structured Medical Order Extraction
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Abstract

Medical order extraction is essential for struc-
turing actionable clinical information, support-
ing decision-making, and enabling downstream
applications such as documentation and work-
flow automation. Orders may be embedded
in diverse sources, including electronic health
records, discharge summaries, and multi-turn
doctor—patient dialogues, and can span cate-
gories such as medications, laboratory tests,
imaging studies, and follow-up actions. The
MEDIQA-OE 2025 shared task focuses on
extracting structured medical orders from ex-
tended conversational transcripts, requiring the
identification of order type, description, rea-
son, and provenance. We present the Ma-
sonNLP submission, which ranked 5" among
17 participating teams with 105 total submis-
sions. Our approach uses a general-purpose,
instruction-tuned LLaMA-4 17B model with-
out domain-specific fine-tuning, guided by a
single in-context example. This few-shot con-
figuration achieved an average Fj score of
37.76, with notable improvements in reason
and provenance accuracy. These results demon-
strate that large, non-domain-specific LLMs,
when paired with effective prompt engineer-
ing, can serve as strong, scalable baselines for
specialized clinical NLP tasks. !

1 Introduction

Clinical free-text notes in electronic health records
(EHRs) contain essential information such as di-
agnoses, medications, procedures, and treatment
plans (Wang et al., 2018; Demner-Fushman et al.,
2009). Extracting structured medical orders, includ-
ing medications, labs, imaging, and procedures,
from such unstructured text is critical for enabling
downstream applications like decision support and
Computerized Physician Order Entry (CPOE) (Sut-
ton et al., 2020; Kuperman and Gibson, 2003).

1Implementation can be found here: https://github.
com/AHMRezaul /MEDIQA-OE-2025
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However, despite the adoption of CPOE systems,
errors in order entry persist (Kinlay et al., 2021;
Campbell et al., 2006), and medication mistakes of-
ten arise during care transitions (Vira et al., 2006).
This highlights the need for reliable methods to
extract structured medical orders from clinical doc-
umentation.

To support such downstream tasks and reduce er-
ror rates, clinical information extraction (IE) meth-
ods have been developed to automatically identify
entities and relations from free-text EHRs (Uzuner
et al., 2010; Hahn and Oleynik, 2020). These sys-
tems have enabled large-scale mining of clinical
concepts for applications such as cohort identifi-
cation, adverse event detection (ADE), and case
surveillance (Sarmiento and Dernoncourt, 2016;
Landolsi et al., 2023; Ford et al., 2016). Within this
domain, medical order extraction (MOE) focuses
specifically on identifying medical orders, such as
medications, lab tests, or imaging, and structur-
ing them into machine-readable formats (Xu et al.,
2010). Automating this process can reduce tran-
scription burden, enhance care quality, and mini-
mize errors in clinical workflows.

The MEDIQA-OE 2025 Shared Task on
Medical Order Extraction (OE) (Corbeil et al.,
2025b) introduced a new benchmark to address this
need. The task provides annotated multi-turn doc-
tor—patient conversations and evaluates systems on
their ability to extract structured medical orders,
including medications, laboratory tests, imaging
studies, and follow-up procedures, from conver-
sational transcripts. In addition to identifying the
order, systems must also extract the corresponding
description and the reason or justification provided
by the physician. This reflects real-world clinical
documentation scenarios, where accurate interpre-
tation of both the order and its rationale is essential.

In this paper, we describe our participation in
the MEDIQA-OE task, which involves identifying
and structuring various medical orders and their
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FOUR SUBTASKS

INPUT Medical Order Extraction

Doctor-Patient Dialogue

D= {(t;, si, ul)i‘\ﬂ:l

i et fum id
+5; € {DOCTOR, PATIENT}

Order Structure

Example Dialogue
Components to extract

Turn 3: DOCTOR

"Let's order a chest X-ray to check
for any signs of pneumonia."

Turn 7: DOCTOR

“I'l prescribe amoxicillin 500mg for
the respiratory infection."

« Order type
(medication/lab/imaging/procedure)

« Description (what is ordered)

« Clinical reason (why it's ordered)

« Provenance (supporting tum IDs)

Goal: Extract all M orders
accurately

o Order Type Extraction o Description Extraction m
type; € {medication, lab, imaging, desc; = textual description
\
procedure} Example: “hest X.ray", OUTPUT
Example: "chest X-ray" - imaging, *amoxicilin 500mg" Structured Orders
"amoxicillin® — medication
L o=(oM_
o Provenance Extraction i 0 10 =1 ;
prov; € {ty, ..., ty}
Example: "check for pneumonia’, Example: {3} for X-ray order,
"respiratory infection” {7} for medication order N Example Output

All four subtasks work together to extract complete order

Input:

Output: (type=imaging, desc="chest X-ray", reason="check

Order 1:

type: ‘imaging’,
desc:"chest X-ay’,

reason: "check for preumonia’,
prov 3}

Subtask Integration

information:

Order 2:

type:"medication

desc: "amoviciln 500mg’
reason:respiratory infection’,
prov: {7}

Example Order Extraction:

"Let's order a chest X-ray to check for any signs of
pneumonia” (Turn 3)

pneumonia’, prov=(3})

Figure 1: Overview of the MEDIQA-OE 2025 task: input transcripts, four subtasks (order type, description, reason,

provenance), and the final structured output.

reasons with provenance grounding. Our approach
uses Meta’s LLaMA-4 Scout 17B (Meta, 2025)
model and relies on few-shot prompt engineering,
without any domain-specific fine-tuning or external
knowledge sources. We curated exemplar prompts
that capture conversational structures and medical
order patterns. This approach allows us to evalu-
ate the capabilities of general-purpose LLMs on
domain-specific extraction tasks.
Our contributions are as follows:

* We assess the feasibility and limitations of
prompt-based approaches for structured infor-
mation extraction in complex, safety-critical
clinical domain tasks.

* We investigate the model’s reasoning capabili-
ties by analyzing how well it can identify the
clinical justification (reason) for prescribed
medications, lab tests, imaging, and follow-
ups.

* We evaluate the ability of a non-medical,
instruction-tuned LLM to perform medical
order extraction from clinical text without any
domain-specific fine-tuning.

Our findings contribute to the growing body
of work comparing general and domain-specific
LLMs for clinical applications, highlighting
prompting as a lightweight yet effective approach
to structured prediction.
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2 Related Work

The extraction of structured medical orders from
unstructured clinical narratives has been a long-
standing challenge in clinical Natural Language
Processing (NLP), motivated by its potential to
streamline clinical workflows, enhance decision
support, and improve patient safety (Lussier et al.,
2001; Patrick and Li, 2010; Uzuner et al., 2010,
2011). Early approaches were predominantly rule-
based systems leveraging hand-crafted patterns,
lexicons, and regular expressions to identify clini-
cal entities and actions. Examples include systems
built on platforms such as MedLEE (Friedman,
2000) and MetaMap (Aronson and Lang, 2010),
which mapped text spans to controlled vocabular-
ies like the UMLS (Bodenreider, 2004). These
methods demonstrated high precision in restricted
domains but suffered from limited transferability
and scalability across institutions due to variations
in clinical language and documentation styles.
The next generation of systems shifted toward
statistical and machine learning approaches, which
incorporated features from linguistic preprocess-
ing (e.g., tokenization, POS tagging, dependency
parsing) into classifiers such as Conditional Ran-
dom Fields (CRFs) and Support Vector Machines
(SVMs). Early examples in medication extraction,
such as the 2009 i2b2 challenge systems (Patrick
and Li, 2010), demonstrated improved adaptability
over purely rule-based methods, though their re-



liance on manually engineered features still posed
challenges for transferability.

With the advent of deep learning, feature engi-
neering was largely replaced by distributed repre-
sentations learned directly from Gan et al.. Recur-
rent Neural Networks (RNNs), particularly LSTMs
(Hochreiter and Schmidhuber, 1997) and BiLSTMs
(Schuster and Paliwal, 1997), became popular for
sequence labeling in clinical NLP, including medi-
cation extraction (Jagannatha and Yu, 2016; Huang
et al., 2015; Narayanan et al., 2022; Christopoulou
et al., 2020). Attention mechanisms and hierarchi-
cal architectures further improved the capture of
long-range dependencies, which is critical for mod-
eling multi-turn dialogues and long EHR notes.

The introduction of transformer-based models
(Vaswani et al., 2017) marked a significant leap
in performance. Domain-specific transformers
such as BioBERT (Lee et al., 2020), Clinical BERT
(Alsentzer et al., 2019), and BlueBERT (Peng et al.,
2019) fine-tuned on biomedical corpora demon-
strated substantial gains in extracting entities and
relations from EHR data. These models leveraged
self-attention to capture contextual relationships
across long sequences, making them highly suit-
able for MOE from extended clinical narratives.

More recently, large language models (LLMs)
such as GPT-3 (Brown et al., 2020), PaLM (Chowd-
hery et al., 2023), and LLaMA (Touvron et al.,
2023) have shown strong zero- and few-shot ca-
pabilities across domains, including clinical tasks.
While most LLM work in healthcare has focused
on general summarization, question answering, and
entity recognition (Singhal et al., 2023; Moor et al.,
2023), some studies have explored their applica-
tion to structured MOE (Yang et al., 2020; Peng
et al., 2023; Mahajan et al., 2023). These ap-
proaches typically involve prompt engineering, in-
context learning, or retrieval-augmented generation
(RAG), sometimes without any domain-specific
fine-tuning, to leverage LLLMs’ reasoning and lan-
guage understanding abilities.

Ford et al.; Spasic and Nenadic; Grouin et al.
highlight a persistent gap between domain-specific
models trained on narrow datasets and general-
purpose LLMs that can adapt to new tasks with
minimal supervision. While prior research has
shown that LLMs trained on biomedical data can
excel at extraction tasks, little is known about how
non-biomedical, general-purpose LLMs perform in
high-stakes domains like MOE when only minimal
in-context examples are provided (Landolsi et al.,
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2023; Peng et al., 2023).

In this study, we position our work within the
evolving trajectory from rule-based to LLM-based
systems by focusing on the capabilities of a non-
domain-specific model for the shared task. Our
analysis complements prior work by quantifying
how far prompt-engineered, general-purpose LLMs
can go in structured clinical IE, without the cost and
complexity of large-scale biomedical pretraining
or fine-tuning, while identifying key strengths and
weaknesses across different MOE subtasks.

3 Task Description

The MEDIQA-OE 2025 Shared Task (Corbeil et al.,
2025b) targets the extraction of structured medical
orders from extended, doctor—patient conversations.
The objective is to streamline clinical documenta-
tion, reduce provider workload, and ensure reli-
able capture of essential patient information from
lengthy conversations.

Given a dialogue D = {(t, si, uz)}f\il where ¢;
is the turn_id, s; € {DOCTOR, PATIENT} denotes
the speaker, and u; is the utterance text, the goal is
to predict a set of medical orders O = {o; }]]‘il

Each medical order 0j is di-
vided into four subtasks as a tuple
(typej, descj, reason;, provj), where type; €
{medication, lab, imaging, followup}, desc;
is the textual description, reason; is the clinical
justification, and prov,; C {ti,...,tx} contains
the supporting turn IDs.

Multiple medical orders may be present per dia-
logue, and systems must extract all relevant orders
with accurate structure and provenance ground-
ing. Success in this task requires models to han-
dle long-range dependencies, differentiate between
clinically relevant and incidental information, and
produce outputs in a consistent, structured format
that can be directly integrated into electronic health
record (EHR) systems. Figure 1 illustrates the input
format, subtask definitions, and expected output.

4 Dataset

The MEDIQA-OE dataset (Corbeil et al., 2025a)
consists of multi-turn doctor—patient conversa-
tions annotated with medical orders. Each in-
stance is a JSON object containing an id, a list
of expected_orders, and a transcript of turns
(t;, si,ui), where t; is the turn ID, s; denotes the
speaker, and u; is the utterance. Orders are an-
notated as (type, desc, reason, prov), with prov



representing the supporting turn IDs.

Set #Enc  Follow-Up Imaging Lab Medication
Train 63 25 14 29 75

Dev 100 41 26 71 117
Test 100 - - - -

Table 1: Number of encounters and order types per set.
Gold labels for the test set have not been released.

Transcripts were sourced from the PriMock57
(Papadopoulos Korfiatis et al., 2022) and ACI-
Bench (Yim et al., 2023) datasets, with annotations
merged using the official preprocessing script. The
dataset, derived from the SIMORD corpus with an
inter-annotator agreement of 0.768k, was curated
by experts following post-encounter documenta-
tion practices, capturing both explicit and implicit
orders that often require multi-turn reasoning.

Dataset Analysis. Table 1 provides the distri-
bution of the dataset with a breakdown of each
order_type. Medication orders dominate in both
training and development sets, followed by lab,
followup, and imaging, reflecting a clear class im-
balance that may bias models toward frequent types
in case of model fine-tuning. Dialogues are long,
averaging 95.4 turns in training, 102.1 in develop-
ment, and 101.6 in test, with the longest spanning
290 turns and over 2,900 tokens, posing challenges
for models with limited context windows. Across
all sets, doctors produce the majority of content;
for example, in the test set, they contribute 6,123
turns and 89,449 tokens compared to 4,037 turns
and 39,362 tokens from patients. Follow-up sug-
gestions appear in roughly one-third of encounters
and align with annotated follow-up orders. Incom-
plete annotations are also present, with roughly one-
fifth of orders lacking a reason field. Provenance
spans averaging only 1-2 turns, making both rea-
son capture and evidence attribution challenging.
These long contexts, skewed label distribution, im-
plicit or missing reasons, and brief evidence spans,
motivate models that can (i) maintain long-range di-
alogue state, (ii) generalize with little task-specific
supervision, and (iii) ground outputs to cited turns.
LLMs can handle extended inputs, adapt with few-
shot prompts, and return structured fields with ex-
plicit provenance, making them the ideal candidate
for this task.
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[ <System>

"You are a clinical assistant specialized in extracting medical
orders from transcripts. Your job is to identify expected clinical
orders from doctor-patient conversations. Return each order on a
new line using the following comma-separated format wrapped with
'$' symbols:

- order_type must be one of /followup, imaging, lab, medication]

- description: short, simple description of medical condition from
the transcript

- reason: concise reason for the description taken exactly from the
transcript

- provenance: list of the 7277 _id(s) of the utterance(s) containing the
reason, separated by commas for multiple

Use the keyword "nu/l’ for any missing field. Only return plain text
in the specified format. There might be multiple clinical orders in
the conversation."

</System>

<User>

Exemplar transcript

[turn_id] Speaker: Utterance

N

</User>
<Assistant>

</Assistant>

<User>

Current case transcript
[turn_id] Speaker: Utterance

St

Expected Output
<Assistant>

</Assistant>

Figure 2: Few-shot prompt showing system instructions,
exemplar input/output, the input query, and the expected
model output.

S Methodology

We use several general-domain Meta-Llama (Tou-
vron et al., 2023) models for MEDIQA-OE 2025,
moving from zero-shot with a smaller model to few-
shot with larger ones. We select Meta-Llama for
its open weights, long context window, and strong
instruction following ability, which is necessary for
this task.

Input transcripts from the dataset were converted
from JSON to a plain-text format with one utter-
ance per line:

[turn_id] Speaker: Utterance

This ensured that turn order and speaker roles were
preserved for downstream reasoning.

5.1 Model Configurations

We evaluated three LLM configurations:



1. LLaMA 3 Inference (Zero-Shot): First,
meta-llama/Llama-3-8B-Instruct (Grattafiori et al.,
2024) with no in-context examples. The system
prompt defined the model’s role as a clinical assis-
tant and specified the schema and constraints.

2. LLaMA-4 Inference (Zero-Shot): Next,
meta-llama/Llama-4-Scout-17B-16E-Instruct
(Meta, 2025) with the same prompt design,
leveraging a larger model for potentially better
reasoning and grounding.

3. LLaMA-4 Inference (Few-Shot): Finally,
added a single in-context example from the training
set, formatted as a user—assistant exchange preced-
ing the inference case. The assistant’s example out-
put illustrated the correct schema and provenance
formatting, providing the model with a domain-
specific reference.

5.2 Prompt Design

The prompt, illustrated in Figure 2, defined the
model’s role as a clinical assistant tasked with ex-
tracting all medical orders from a doctor—patient
conversation. It explicitly described the tar-
get output schema and the allowable values for
order_type, and it stated what each subtask
should return. Additional guidance required null
for missing fields, allowed multiple orders per con-
versation, and constrained provenance to turn IDs
for the supporting utterances. The transcript was
provided line by line with turn IDs and speaker
roles, followed by either no example (zero-shot) or
one exemplar with its gold output (few-shot). We
reached this final prompt through iterative refine-
ment: an initial version asked only for order_type,
description, reason, and provenance without
role assignment, field definitions, or a fixed format,
which led to long free-form text, difficult post-hoc
parsing, and generic reasons that did not cite ex-
plicit spans. Assigning the clinical-assistant role
and explaining each field improved grounding and
produced more concise outputs. Requesting strict
JSON next proved unreliable, as the model often
added extra keys or commentary. We therefore
switched to a comma-separated line format that the
model followed more consistently. This process
ensured clear instructions, a faithful mapping to the
schema, and outputs that were both grounded and
easy to parse.
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5.3 Post-Processing

Following inference, raw model outputs were nor-
malized and structured to match the required for-
mat. This process involved removing any extrane-
ous text such as preambles or explanations, ensur-
ing that all four fields were present, and explicitly
assigning null to missing fields. The order_type
field was standardized to the allowed set, and the
provenance field was validated to contain only
integer turn IDs within the valid range for each con-
versation. Outputs were then serialized into JSON
for evaluation. When predictions contained minor
formatting issues, such as concatenated fields or
misplaced delimiters, these were corrected auto-
matically; predictions that could not be repaired
were discarded to avoid evaluation errors.

5.4 Experimental Setup

All experiments were conducted on a High-
Performance Computing (HPC) environment with
NVIDIA A100 80GB GPUs using mixed-precision
(bfloat16) inference to optimize memory usage
and runtime. The maximum context length was set
to 8,192 tokens with a generation limit of 1,024
tokens. Decoding parameters were fixed across
runs (temperature=0.2, top_p=0.9) to balance
determinism and variability. Random seeds were
fixed across the model, tokenizer, and generation
routines for reproducibility.

5.5 Evaluation

System outputs are first aligned to gold-standard
orders through a description-based pairing pro-
cess. Matching is performed on the description
field after normalization, which lowercases text
and removes selected punctuation. Orders are
excluded from evaluation if they have an empty
description or an order_type outside the al-
lowed set medication, lab, followup, imaging.
Once aligned, each field is scored with a metric
suited to its content. The description field is eval-
uated with ROUGE-1 F}, rewarding unigram over-
lap with the reference and granting partial credit for
preserving key clinical terms even if phrasing dif-
fers. The reason field is also scored with ROUGE-1
F1, capturing semantic similarity despite surface
variation in justifications. The order_type field
uses a STRICT F1, counting only exact matches
among the four permissible categories to penalize
misclassification. The provenance field is evalu-
ated with a MULTILABEL F1, treating provenance



Team Name description reason order_type provenance avg_score
MasonNLP 39.05 19.78 50.91 41.32 37.76
WangLab 66.77 29.49 81.45 63.04 60.19
silver_shaw 64.06 41.30 74.74 60.44 60.14
MISo KeaneBeanz 57.99 35.64 71.56 48.38 53.39
EXL Health AI Lab 54.45 30.50 66.17 52.47 50.90
HerTrials 19.61 8.99 29.59 5.61 15.95

Table 2: MEDIQA-OE 2025 leaderboard results (F1 in %). Top six systems, rows sorted by average score;

MasonNLP shown first for reference.

System description reason order_type provenance avg_score
LLaMA-3 8B (Zero-shot) 30.20 13.95 40.79 27.10 28.01
LLaMA-4 17B (Zero-shot) 36.82 15.60 47.23 30.32 32.49
LLaMA-4 17B (Few-shot) 39.05 19.78 50.91 41.32 37.76

Table 3: Performance across experimental setups (F1 in %). Best values are in bold.

as a set of turn IDs and balancing precision (ex-
cluding unrelated turns) with recall (capturing all
relevant turns).

The final shared-task score is the un-
weighted mean of the four primary field-
level F} scores (description_ROUGE1_f1,
reason_ROUGE1_f1,  order_type_Strict_f1,
and provenance_Multilabel_f1).

6 Results and Discussion

6.1 Leaderboard Performance

The MEDIQA-OE 2025 shared task attracted par-
ticipation from 17 teams, producing a total of 105
submissions. Our MasonNLP system, based on a
few-shot prompting setup with the general-purpose
LLaMA-4 17B model and no domain-specific fine-
tuning, achieved an average [} score of 37.76,
placing competitively among the top-ranked sys-
tems. Table 2 presents the top six leaderboard with
subtask-specific scores, with our system listed first
for clarity. Notably, this performance was obtained
without incorporating clinical-domain pretraining
or retrieval augmentation, competing against sys-
tems that leveraged specialized architectures or
domain-specific resources.

6.2 Ablation Study

To better understand the impact of model scale
and prompting strategy, we evaluated three con-
figurations: LLaMA-3 8B zero-shot, LLaMA-4
17B zero-shot, and LLaMA-4 17B few-shot (final
submission). Results in Table 3 show a clear pro-
gression in average F across configurations. Mov-
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ing from LLaMA-3 to LLaMA-4 improved perfor-
mance in all subtasks, especially description and
order_type, reflecting the larger model’s stronger
capacity for identifying and categorizing medical
orders in long transcripts. This aligns with the
dataset’s high average turn count and doctor-heavy
content, which demand robust long-context pro-
cessing. Introducing a single in-context example
further improved all four subtasks, with the largest
relative gain in provenance, suggesting that even
minimal task-specific guidance helps the model
ground predictions more accurately and follow the
required structured format.

6.3 Discussion and Implications

These findings confirm our initial hypothesis that
larger, instruction-tuned LLMs provide measurable
benefits for MOE from long, multi-turn dialogues,
even without domain-specific fine-tuning. The im-
provements from the few-shot configuration vali-
date our contribution, which claims that minimal
in-context supervision can close part of the per-
formance gap between general-purpose LLMs and
domain-adapted systems. However, reason extrac-
tion remains the most challenging subtask, likely
due to the implicit nature of many clinical justifica-
tions in the dataset. Similarly, while provenance
accuracy improved, grounding still lags behind
other subtasks, reflecting the difficulty of linking
orders to scattered and sometimes indirect evidence
in the dialogue.

Opverall, the results suggest that combining large
general-purpose LLMs with carefully designed
prompts and minimal in-context examples can



yield competitive performance in structured clinical
IE. Future gains may require integrating retrieval-
based grounding or domain adaptation to better
handle implicit reasoning and improve evidence
alignment.

7 Error Analysis

Building on the results in Section 6, we conducted
a detailed error analysis of our best-performing
LLaMA-4 17B few-shot system to better understand
its strengths and remaining challenges across the
four subtasks. The development set offers gold-
standard annotations for all fields, enabling both
quantitative and qualitative assessment. The test
set, lacking gold-standard annotations, is analyzed
only for schema validity.

Metric Score
description_ROUGE1_f1 44.53
reason_ROUGE1_f1 25.13
order_type_Strict_f1 57.28
provenance_MultilLabel_f1 40.17
avg_score 41.78

Table 4: Development set scores for the LLaMA-4 17B
few-shot system (F1 in %).

7.1 Development Set Analysis

Table 4 summarizes the official shared-task
metrics for the development set. Consistent
with leaderboard results, the model showed
strong performance in order_type classification
and description extraction, while reason and
provenance remained more challenging. The
model also broke down a single order into mul-
tiple orders in some cases, as illustrated in Figure 3.
To explore why, we examined a few samples of
matched and unmatched predictions, categorizing
representative patterns for each subtask.

Description. The model was able to identify the
correct target of an order in most cases, even in
multi-turn, context-heavy transcripts. Many pre-
dictions contained the correct general test or med-
ication, but lacked finer details such as timing or
exact test subtype. For example, “blood work” was
produced for the gold-standard “blood white blood
cells two to three weeks”. This indicates that the
model successfully locates the core clinical action
but sometimes omits modifiers, an area that could
be enhanced by incorporating temporal and entity-
specific cues.
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Reason. In most cases, the model provided a
plausible reason aligned with the overall clinical
context. For instance, it correctly linked a lab order
to white blood cell count monitoring, though it oc-
casionally summarized the reason more generally
(“to review lab results”) instead of including ex-
plicit values. This shows that the model is capable
of long-context integration to capture the essence
of clinical justification, with potential for refine-
ment through methods that encourage inclusion of
specific numeric and temporal evidence.

Order Type. Order type classification was gen-
erally strong, but certain linguistic patterns led
to confusion. Scheduling phrases (e.g., “two
to three weeks”) were sometimes interpreted as
follow-up visits rather than scheduled labs. Invalid
order_type, present in 8 instances, included men-
tions of surgery (3), referral (1), and null_type (4).
Such mix-ups likely arise when multiple order-like
actions occur in close proximity, and can be ad-
dressed by fine-tuning with examples emphasizing
subtle category distinctions.

Provenance. The model demonstrated the abil-
ity to identify at least one correct evidence turn
for most orders, as in the case where it predicted
provenance [100] while the gold-standard label
included both [98, 10@]. This partial grounding
suggests that the model can reliably find the key
confirmation turn, but may miss earlier reason turns
when information is distributed. Expanding its re-
trieval capacity for dispersed evidence could close
this gap.

7.2 Test Set Analysis

Out of all predicted orders, 20 (4.7%) lacked
a description, 8 (1.9%) contained an invalid
order_type that included the same three key-
words as we saw in the predicted orders of de-
velopment set (surgery, referral, null_type), 57
(13.3%) were missing a reason, and 46 (10.8%)
omitted provenance identifiers. These results
show that the system generally produces well-
structured outputs with relatively few schema vi-
olations, though systematic omissions and field-
level incompleteness directly reduce evaluation
scores. Invalid order_type predictions typically
arose from ambiguous dialogue phrasing that led
the model to select categories outside the permitted
set medication, lab, followup, imaging. For
description, beyond the 20 missing fields, 11
cases involved text not present in the transcript,



Subtask

Predicted Order

Gold Order

Description
(Under-specified)

check white blood cell count”

lab, "complete blood work", reason: "to

lab, " blood white blood cells two to three
weeks ", reason: " significantly elevated white
blood cell count of 23,000"

Description followup, "email follow-up in one month" medication orders only, no follow-up
(Hallucination)
e lab, " blood white blood cells two to three lab, " blood white blood cells two to three
. weeks ", reason: " to review lab results " weeks", reason: " significantly elevated white
(Implicit Summary) blood cell count of 23,000"

Order Type followup, "two to three weeks " lab , " blood white blood cells two to three
(Mix-up) weeks”

Provenance lab, "lipid panel", provenance: [ 100] lab , " lipid panel ", provenance: [98, 100]
(Partial)

Figure 3: Examples of different error types for each subtask.

reflecting hallucination or paraphrasing of plau-
sible but unsupported orders. For reason, omis-
sion was dominant, with 57 missing values and
4 ungrounded justifications, indicating persistent
difficulty in capturing implicit or distributed rea-
son. For provenance, there are 46 missing spans.
Partial grounding, common in the development
set, likely persists here, underscoring the need for
stronger evidence attribution.

Overall Observations. The analysis shows that
instruction-tuned LLMs, even without domain-
specific fine-tuning, can handle complex, multi-
turn clinical dialogues to extract actionable orders
with reasonable accuracy. While finer details (e.g.,
exact timing, numeric values, dispersed evidence)
are sometimes omitted, the model frequently iden-
tifies the correct order, reason, and at least one
key supporting turn. Hallucinations, as with most
LLMs, are still present, highlighting the potential
benefit of RAG (Lewis et al., 2020). With targeted
enhancements, these strengths can be leveraged to
develop robust clinical NLP systems capable of
supporting real-world documentation workflows.

8 Conclusion

We addressed medical order extraction from multi-
turn doctor—patient conversations using general-
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domain Meta-Llama models without domain-
specific fine-tuning. The setup began with zero-
shot prompting on a smaller model and then moved
to few-shot prompting on larger models. A simple
structured prompt returned order type, description,
reason, and provenance with cited turns. The error
analysis shows that the model struggles with tem-
poral and numeric specificity, occasional hallucina-
tion, under-specific reasons, and partial provenance
spans. These gaps narrowed with larger models
and a few clear exemplars. The findings indicate
that general domain LLMs are a viable base when
guided by domain cues, retrieval to reduce halluci-
nation, and schema validators for strict JSON. Over-
all, the study shows that instruction-tuned LLMs
can handle long clinical dialogues with minimal
adaptation and provides a practical template for
grounded multi-field clinical IE with clear next
steps on reason modeling, tighter provenance, and
better balance across order types.

Limitations

Our approach avoids any domain-specific pretrain-
ing or fine-tuning on clinical corpora. While inte-
grating such specialization could potentially yield
further gains, our goal was to assess the adaptabil-
ity of a general-purpose, instruction-tuned LLM
in a highly specialized medical order extraction



task using only prompt engineering. This choice
enables a fair evaluation of the model’s zero- and
few-shot capabilities, providing insights into its out-
of-the-box performance without reliance on costly
domain-specific data or retraining. The strong re-
sults achieved by our few-shot LLaMA-4 system
demonstrate that competitive baselines can be es-
tablished under these conditions, laying the ground-
work for future enhancements through targeted do-
main adaptation.
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Abstract

The accurate extraction of medical orders from
doctor-patient conversations is a critical task
for reducing clinical documentation burdens
and ensuring patient safety. This paper details
our team submission to the MEDIQA-OE-2025
Shared Task. We investigate the performance
of MedGemma, a new domain-specific open-
source language model, for structured order ex-
traction. We systematically evaluate three dis-
tinct prompting paradigms: a straightforward
one-Shot approach, a reasoning-focused ReAct
framework, and a multi-step agentic workflow.
Our experiments reveal that while more com-
plex frameworks like ReAct and agentic flows
are powerful, the simpler one-shot prompting
method achieved the highest performance on
the official validation set. We posit that on man-
ually annotated transcripts, complex reasoning
chains can lead to "overthinking" and intro-
duce noise, making a direct approach more ro-
bust and efficient. Our work provides valuable
insights into selecting appropriate prompting
strategies for clinical information extraction in
varied data conditions.

1 Introduction

The proliferation of ambient clinical intelligence
(ACI) systems promises to revolutionize healthcare
by automating the burdensome task of clinical doc-
umentation (Yim et al., 2023). A cornerstone of this
automation is the ability to transform unstructured
doctor-patient dialogue into structured, actionable
data suitable for Electronic Health Records (EHRSs)
(Zhang et al., 2023). Among the most critical data
to capture are medical orders—medications, lab
tests, imaging studies, and follow-ups—where ac-
curacy is paramount for patient care and safety
(Singhal et al., 2023). The MEDIQA-OE 2025
shared task provides a crucial benchmark for this
challenge, pushing the field to develop systems that
can parse long, complex conversations to extract
a variety of order types and their corresponding
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clinical justifications (Corbeil et al., 2025a). This
task moves beyond simple entity recognition, re-
quiring a deep understanding of context, negation,
and the relationships between a medical order and
its underlying reason.

2 Shared Task and Dataset

The MEDIQA-OE 2025 shared task (Corbeil et al.,
2025a) represents a significant advancement in clin-
ical natural language processing, requiring partici-
pants to extract structured medical orders from dia-
logue transcripts. The dataset, SIMORD (Corbeil
et al., 2025b), is derived from mock clinical con-
sultations and annotated by medical professionals,
providing a robust foundation for developing au-
tomated clinical documentation systems. Medical
order extraction involves identifying and structur-
ing various medical orders—such as medications,
imaging studies, lab tests, and follow-ups—based
on doctor-patient conversations. This complex task
goes beyond simple entity recognition, requiring
systems to understand the clinical context, tem-
poral relationships, and hierarchical structure of
medical directives. Previous efforts in this domain
have primarily focused on extracting entities and
relations from clinical texts, but have often been
limited to structured electronic health records or
simplified clinical notes rather than the nuanced,
conversational format of real-time clinical inter-
actions. The MEDIQA-OE 2025 shared task ad-
dresses these limitations by presenting a more re-
alistic and challenging scenario that mirrors ac-
tual clinical practice. This shared task seeks to
develop effective solutions for improving clinical
documentation, reducing the administrative burden
on healthcare providers, and ensuring that criti-
cal patient information is accurately captured from
long, complex conversations that may span multi-
ple topics and include interruptions, clarifications,
and informal language typical of natural clinical
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dialogue. The input dialogues are sourced from
a combination of existing conversational datasets,
including ACI-Bench (Yim et al., 2023), which
focuses on ambient clinical intelligence and auto-
matic visit note generation, and PriMock57 (Ko-
rfiatis et al., 2022), a comprehensive dataset of
primary care mock consultations. These datasets
provide diverse conversational patterns and clinical
scenarios, ensuring that participating systems are
evaluated on realistic variations in communication
styles, medical specialties, and patient presenta-
tions. The structured lists of medical orders are cre-
ated by qualified medical annotators who possess
the clinical expertise necessary to accurately iden-
tify, categorize, and structure the complex medical
directives that emerge from these conversations,
ensuring high-quality ground truth labels that re-
flect real-world clinical decision-making processes.
This comprehensive approach to dataset creation
makes MEDIQA-OE 2025 a valuable benchmark
for advancing the state-of-the-art in clinical con-
versation understanding and automated medical
documentation systems. Table 1 presents the distri-
bution of clinical encounters and the corresponding
extracted orders in the Train and Dev datasets. For
each conversation, systems must extract all relevant
orders and structure them with the following key
attributes:

* Order Type: The category of the order (e.g.,
Medication, Lab, Imaging, Follow-up).

* Description: The specific details of the order
(e.g., “Lisinopril 10mg daily”).

* Reason: The clinical justification for the order
(e.g., “for high blood pressure”).

* Provenance: The specific text spans in the
transcript from which the information was ex-
tracted.

3 Related Work

Clinical Natural Language Processing (NLP) has
undergone a significant methodological shift, evolv-
ing from rule-based systems to advanced Agentic
systems powered by transformers. The Dialogue
Medical Information Extraction task was initially
addressed by combining Named Entity Recogni-
tion (NER) and Relation Extraction (RE). Early
rule-based systems relied on semantic lexicons and
regular expressions for pattern matching, offering
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interpretability but facing limitations in scalability
and coverage (Ben Abacha et al., 2021).

More recently, supervised heterogeneous graph-
based approaches have demonstrated superior per-
formance in mapping medical items to their sta-
tuses by enriching their representation with broader
dialogue context (Zhang et al., 2023). Concurrently,
GPT-based models utilizing various prompting
strategies have been effectively employed for clini-
cal information extraction (Lehman et al., 2023)

However, much of this prior work has focused on
information extraction with minimal emphasis on
complex relation identification (Yim et al., 2023).
The current challenge extends beyond just medica-
tion extraction to encompass lab orders, imaging
studies, and follow-up instructions—areas that lack
systematic research. A key difficulty lies in ac-
curately mapping orders to their precise reasons,
which is crucial for healthcare workflows (Sin-
sky et al., 2024). Our research contributes to this
area by systematically comparing prompting strate-
gies—from simple in-context learning to complex
agentic Al—to develop a robust medical order ex-
traction system for challenging clinical settings
(Gao et al., 2023; Lewis et al., 2020).

4 Methodology

Our entire approach is built upon the MedGemma
family of models, which are variants of Google’s
Gemma models further pre-trained and fine-tuned
on a vast corpus of medical literature and clinical
data. This domain-specific tuning endows them
with a strong baseline understanding of medical ter-
minology and concepts. We explored both the 4B
and 27B parameter variants to assess the impact of
model scale. We designed and tested three distinct
prompting frameworks.

4.1 Approach 1: 1-Shot Prompting

This is our simplest and most direct approach.
The model is given a single, high-quality exam-
ple of a complete conversation transcript and its
corresponding structured JSON output. The test
transcript is then appended, and the model is in-
structed to generate the JSON output in the same
format. The prompt is structured to be clear and
concise, minimizing cognitive load and relying on
the model’s powerful in-context learning ability to
replicate the task.



Dataset Encounters Follow-up Imaging Lab Medication Total Orders
Train 63 25 14 29 75 143
Dev 100 41 26 71 117 255

Table 1: Distribution of clinical encounters and extracted orders across different categories (Follow-up, Imaging,

Lab, and Medication) in the Train and Dev datasets.

4.2 Approach 2: ReAct Framework

Inspired by the ReAct (Reasoning and Acting)
paradigm, this approach encourages the model to
"think out loud." The process begins with the con-
versation transcript, which is combined with a sys-
tem prompt that specifies the extraction categories
(medication, lab, imaging, follow-up), rules, and
output format. The transcript is then preprocessed
by segmenting individual turns, identifying the
physician’s utterances, and assigning normalized
turn identifiers. Within each conversation, the ex-
traction follows an iterative ReAct cycle. In the
Thought step, the model analyzes the physician’s
turns to detect potential medical orders. The Action
step then generates candidate extractions, specify-
ing the order type, a short description, the asso-
ciated clinical reason, and the provenance (turn
numbers). The Observation step validates these
candidates by enforcing constraints: only doctor-
initiated orders are kept, exact transcript wording
must be preserved, descriptions and reasons are
limited to 20 words, compound instructions are
split, duplicate orders are removed, and the num-
ber of orders and provenance entries are capped.
When inconsistencies are identified, the cycle re-
peats until valid outputs are produced. After this
reasoning loop, a post-processing stage ensures
consistency by normalizing order types, truncating
fields to required lengths, ordering entries by their
provenance, and validating against the target JSON
schema. The final system output is a structured
JSON array containing all extracted medical or-
ders, with each entry including order type, descrip-
tion, reason, and provenance. This method aims
to improve accuracy on complex cases by forcing
the model to explicitly reason about its decisions
before producing the final output.

4.3 Approach 3: Agentic Workflow

This is our most complex framework, decompos-
ing the task across a simulated multi-agent pipeline
within a single prompt context. Agent 1 (Identifier):
Scans the entire transcript turn-by-turn and outputs
a raw list of potential orders and reasons, tagged
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with their turn IDs. Agent 2 (Mapper): Takes the
output from Agent 1. Its sole job is to analyze the
raw list and create explicit pairings between each
identified order and its most likely reason. Agent
3 (Structurer): Receives the mapped pairs from
Agent 2. It formats this information into the final,
clean JSON structure, ensuring all fields are cor-
rectly populated. Agent 4 (Validator): Performs a
final check on the generated JSON, comparing it
against the original transcript to correct any obvi-
ous errors or hallucinations before producing the
final output. This workflow was designed to modu-
larize the cognitive process, hoping to reduce errors
by having specialized "agents" focus on one sub-
task at a time.

5 Evaluation metrics

We assess our system using four evaluation met-
rics, each designed to capture different dimensions
of clinical order extraction. For the assessment
of order descriptions and underlying reasons, we
employ the ROUGE-1 F1 score which quantifies
unigram-level overlap between predicted outputs
and gold-standard references. ROUGE-1 is a stan-
dard metric in clinical NLP for measuring con-
tent accuracy in generated text, making it appro-
priate for evaluating free-text fields such as de-
scriptive notes and justifications. For order type
classification, we adopt a strict F1 metric, in which
predictions are counted as correct only if they ex-
actly match the annotated label. This stricter crite-
rion prevents partial matches from inflating scores
and is especially important when separating clin-
ically distinct categories like medications, labora-
tory tests, imaging, and follow-up visits. For the
task of provenance detection, we report a multi-
label F1 score, since an order can be linked to multi-
ple conversational sources (e.g., several speakers or
turns). Multi-label evaluation provides a balanced
measure of precision and recall in these cases, of-
fering a more realistic view of performance. Col-
lectively, these metrics evaluate both the textual
alignment of generated outputs and the accuracy of
structured predictions, resulting in a well-rounded



E |
b [Thought } 5 5 +[ Action :
b
N E -1 —{}
: 4 4 :
Input ' !
' | Observation/Check ‘ i F%rumt;tl:ted
(a) React Approach Flow

Identifier
@ Agent

\/
Mapper Structurer Validator ;
Agent
A

B

: Formatted
! Output

(b) Agentic Approach Flow

Figure 1: Overview of ReAct and Agentic Workflow frameworks for medical order extraction. The ReAct approach
(Figure a) implements iterative thought-action-observation cycles where the model explicitly reasons through
extraction decisions, validates candidates against constraints, and repeats until consistent outputs are achieved. The
Agentic Workflow (Figure b) decomposes the task across four specialized agents: Identifier for detection, Mapper
for pairing orders with reasons, Structurer for JSON formatting, and Validator for final verification.

framework for assessing clinical order extraction.

6 Results and Discussion

We evaluated our three approaches on the official
validation set to systematically assess their per-
formance and determine the optimal strategy for
medical order extraction. Our experimental design
was structured to answer a fundamental research
question: Which prompting strategy demonstrates
the highest effectiveness for this specialized clini-
cal task? The evaluation framework encompassed
multiple metrics to provide comprehensive insights
into model performance across different aspects of
the order extraction process. Initial experiments
comparing the base Gemma model with its medi-
cal adaptation revealed significant improvements
with domain-specific fine-tuning. MedGemma con-
sistently outperformed the base model across all
evaluation metrics, demonstrating the value of med-
ical domain adaptation for clinical natural language
processing tasks. This finding underscores the im-
portance of specialized model training for health-
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care applications, where domain-specific terminol-
ogy and contextual understanding are crucial for
accurate performance. Building upon this foun-
dation, we conducted a comprehensive compari-
son of our three prompting strategies using the
MedGemma-4B model on the development dataset.
The results, presented in Table 2, revealed a clear
performance hierarchy among the approaches. The
1-Shot methodology achieved the highest aver-
age score of 0.436, demonstrating superior perfor-
mance across most evaluation dimensions. Specifi-
cally, it excelled in description generation (Rougel-
f1: 0.516) and order type classification (Strict-f1:
0.602), while maintaining competitive performance
in reason extraction and provenance identification.
In contrast, the ReAct approach yielded signifi-
cantly lower scores across all metrics (average:
0.277), while the Agentic Workflow showed mixed
results, performing well in certain areas like prove-
nance detection (MultiLabel-f1: 0.488) but strug-
gling with reason extraction (Rougel-f1: 0.276).
The results, presented in Table 3 , revealed that



1-shot using MedGemma 27B approach stood at
fourth place in the MEDIQA-OE 2025 shared task
(Corbeil et al., 2025a)

To validate these findings and assess scalabil-
ity, we replicated the experimental framework us-
ing the larger MedGemma-27B model on the test
dataset. The results, shown in Table 3, confirmed
our initial observations while demonstrating the
benefits of increased model capacity. The 27B
model achieved substantially higher scores across
all metrics compared to its 4B counterpart, with
the 1-Shot approach reaching an average score of
0.549. Notably, the performance improvements
were particularly pronounced in description gener-
ation (Rougel-f1: 0.591) and order type classifi-
cation (Strict-f1: 0.703). Despite the overall per-
formance gains from the larger model, the relative
ranking of prompting strategies remained consis-
tent, with 1-Shot maintaining its superiority over
the ReAct approach (average: 0.370). Our analysis
revealed a counterintuitive but significant finding:
increased complexity in prompting strategies did
not translate to improved performance for this spe-
cific task. The ReAct and Agentic frameworks,
despite their theoretical sophistication and success
in other domains, consistently underperformed rel-
ative to the simpler 1-Shot approach. Through
detailed error analysis, we identified that this phe-
nomenon stems from what we term "analytical
over-processing"—the more complex frameworks
occasionally generated spurious intermediate rea-
soning steps that introduced errors rather than en-
hancing accuracy. The models would sometimes
fabricate relationships between dialogue elements
or misinterpret subtle clinical nuances during their
multi-step reasoning processes, ultimately degrad-
ing precision. Since the MEDIQA-OE dataset con-
sists of carefully annotated clinical transcripts with
well-defined ground truth, the additional inferential
layers introduced by complex prompting strategies
contributed more noise than valuable signal. The
1-Shot approach, by maintaining a more direct and
constrained generation process, proved less sus-
ceptible to such systematic errors while offering
additional benefits in terms of computational effi-
ciency and implementation simplicity.

Limitations

The primary limitation of our study is tied to
our main finding. Our conclusion that 1-Shot
prompting is superior is heavily dependent on the
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MEDIQA-OE dataset. In a real-world clinical set-
ting with noisy ASR transcripts, interruptions, and
less structured speech, the explicit reasoning steps
of a ReAct or Agentic framework might be neces-
sary to disambiguate the input and could potentially
outperform a direct 1-Shot approach. Our work
does not test this hypothesis. Furthermore, our
Agentic workflow was implemented within a sin-
gle model using four specialized agents to handle
different subtasks; while this design demonstrates
feasibility, a true multi-agent system with indepen-
dent models could behave differently. This multi-
agent setup also introduces practical limitations, as
larger models such as MedGemma-27B make the
Agentic approach computationally expensive and
time-consuming, thereby increasing cost. At the
same time, smaller models such as MedGemma-4B
exhibited notable shortcomings: we observed hal-
lucinations in ReAct and Agentic reasoning steps,
as well as a tendency to replicate the few-shot ex-
amples provided rather than extracting new infor-
mation from the transcript. In addition, there are
several dataset-related limitations. Primarily, the
available annotations are relatively sparse and at
times inconsistent, with inter-annotator variability
leading to ambiguity in what counts as a valid order.
secondly, the dataset does not always provide med-
ically precise or standardized order labels, which
limits the ability to evaluate correctness against
clinically meaningful ground truth. Finally, cer-
tain order categories are underrepresented, creating
class imbalance that could bias model performance.

Conclusion

In this paper, we presented our investigation into
medical order extraction for the MEDIQA-OE
2025 task. By systematically comparing 1-Shot,
ReAct, and Agentic prompting frameworks with
the MedGemma model, we demonstrated that for
manually annotated clinical transcripts, a direct and
simple 1-Shot approach is surprisingly effective.
It outperformed more complex reasoning frame-
works, which were prone to overthinking and in-
troducing errors. This highlights a crucial lesson
for applied NLP: the optimal solution is a function
of not just the model’s power, but also the charac-
teristics of the data. Future work should explore
these prompting paradigms on noisier, real-world
clinical data to determine if the utility of complex
reasoning frameworks becomes more apparent.



Description Reason Order Type Provenance

MedGemma-4B o wel F1) (Rougel F1) (Strict FI) (MultiLabel F1) Y& S¢ore
1-Shot 0.516 0.318 0.602 0.307 0.436
ReAct 0.363 0.120 0.465 0.160 0.277
Agentic Workflow 0.09 0.06 0.169 0.123 0.111

Table 2: Comparison of prompting strategies with MedGemma-4B with dev dataset. The 1-Shot approach yielded
the best overall performance.

Description Reason Order Type Provenance

MedGemma-27B  p . oe1 F1) (Rougel F1) (Strict F1) (MultiLabel F1) AY& Score
1-Shot 0.591 0.342 0.703 0.561 0.549
ReAct 0.353 0.283 0.497 0.350 0.370

Table 3: Comparison of prompting strategies with the larger MedGemma-27B model on the test dataset. The 1-Shot
approach remains the most effective.
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A Prompts used in this approach

One-shot approach prompt which was in fourth
place in the MEDIQA- OE 2025 competition is
mentioned below and the remaining experimental
approach prompts are available in Git repo

A.1 One-shot approach prompt

SYSTEM PROMPT: """ You are a medical Al as-
sistant specialized in extracting EXPLICIT medical
orders from doctor-patient conversations.

CRITICAL RULES: 1. Extract ONLY orders
explicitly stated by the doctor 2. Do NOT infer
or assume orders that aren’t clearly mentioned 3.
Provenance must be EXACT turn numbers where
orders appear 4. Be balanced - i.e precision and
recall on level terms 5. If the doctor orders multiple
DISTINCT items (e.g., ’get a covid test and blood
test’), create separate order objects for each item -
never merge them into one combined description.

Order Types: - medication: Prescriptions,
dosage instructions, medication changes - lab:
Blood tests, urine tests, specific diagnostic tests
- imaging: X-rays, MRI, CT scans, ultrasounds -
followup: Scheduled return visits, check-ups (these
must be explicitly stated by the doctor)

For each order extract: - order type: One of
the 4 types above - description: EXACT medical
terminology used by doctor - reason: Specific con-
dition/symptom mentioned by doctor - provenance:
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ONLY turn numbers where this exact order is men-
tioned"""

INSTRUCTION TEMPLATE : """Please ex-
tract all medical orders from the following doctor-
patient conversation:

CONVERSATION: conversation

Extract all medical orders and return them as
a JSON list with the following format: [ "order
type": "medicationllablimaginglfollowuplreferral"”,
"description": "specific description of the order",
"reason": "medical condition or reason for the or-
der", "provenance": [list of turn numbers where
this order appears] |

Focus on explicit orders given by the doctor. Be
precise with medical terminology."""

USER PROMPT: {"""EXAMPLE CONVER-
SATION: Turn 126 - DOCTOR: so, for your first
problem of your shortness of breath i think that
you are in an acute heart failure exacerbation. Turn
127 - DOCTOR: i want to go ahead and, uh, put
you on some lasix, 40 milligrams a day. Turn 138 -
DOCTOR: for your second problem of your type
i diabetes, um, let’s go ahead... i wanna order a
hemoglobin alc for, um, uh, just in a, like a month
or SO.

EXPECTED OUTPUT: [ { { "order type": "med-
ication", "description": "lasix 40 milligrams a day",
"reason": "shortness of breath acute heart failure
exacerbation"”, "provenance": [126, 127] } }, { {
"order type": "lab", "description": "hemoglobin
alc", "reason": "type i diabetes", "provenance":
[138]} } 1

NOW EXTRACT FROM THIS CONVERSA-
TION:

nnn

{instruction template }
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Abstract

Medical order extraction from doctor-patient
conversations presents a critical challenge in
reducing clinical documentation burden and
ensuring accurate capture of patient care in-
structions. This paper describes our system
for the MEDIQA-OE 2025 shared task using
the ACI-Bench and PriMock57 datasets, which
achieved second place on the public leader-
board with an average score of 0.6014 across
four metrics: description ROUGE-1 Fl1, rea-
son ROUGE-1 F1, order-type strict F1, and
provenance multi-label F1. Unlike traditional
approaches that rely on fine-tuned biomedi-
cal language models, we demonstrate that a
carefully engineered zero-shot prompting strat-
egy using Gemini 2.5 Pro can achieve com-
petitive performance without requiring model
training or GPU resources. Our approach em-
ploys a deterministic state-machine prompt
design incorporating chain-of-thought reason-
ing, self-verification protocols, and structured
JSON output generation. The system partic-
ularly excels in reason extraction, achieving
0.4130 ROUGE-1 F1, the highest among the
top performing teams. Our results suggest
that advanced prompt engineering can effec-
tively bridge the gap between general-purpose
large language models and specialized clinical
NLP tasks, offering a computationally efficient
and immediately deployable alternative to tra-
ditional fine-tuning approaches with significant
implications for resource-constrained health-
care settings.

1 Introduction

Clinical documentation represents a significant bur-
den for healthcare providers, consuming substantial
time that could otherwise be devoted to patient care.
The accurate extraction of medical orders from
doctor-patient conversations is essential for main-
taining comprehensive patient records while reduc-
ing this documentation overhead. The MEDIQA-
OE 2025 (Corbeil et al., 2025b) shared task ad-
dresses this challenge by focusing on the automatic
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identification and structuring of medical orders -
including medications, laboratory tests, imaging
studies, and follow-up appointments - from conver-
sational transcripts.

Traditional approaches to medical information
extraction have relied heavily on fine-tuned
domain-specific models, which require substantial
computational resources and annotated training
data. These methods, while effective, present
barriers to deployment in resource-constrained
clinical environments where computational
resources are limited and rapid deployment is
essential.

This paper presents a paradigm shift in clinical
NLP: leveraging the reasoning capabilities of large
language models through sophisticated prompt en-
gineering to achieve competitive performance with-
out any model training. Our team’s submission to
MEDIQA-OE 2025 demonstrates that a zero-shot
approach using Gemini 2.5 Pro, combined with
deterministic chain-of-thought reasoning and self-
critique mechanisms, achieves second place on the
public leaderboard with an average F1 score of
0.6014. Notably, this performance was attained
without GPU requirements or model fine-tuning,
making the solution immediately deployable.

Our approach challenges conventional wisdom
about the necessity of domain-specific fine-tuning
for clinical NLP tasks. The main contributions
of this work are: (1) empirical evidence that
prompt engineering can match or exceed fine-tuned
models for medical order extraction; (2) a struc-
tured prompting methodology combining chain-
of-thought reasoning with self-verification specifi-
cally designed for clinical information extraction,
democratizing access to advanced clinical docu-
mentation tools.

2 Related Work

Medical order extraction from clinical conversa-
tions has evolved significantly, and the MEDIQA-
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OE shared task series driving innovation in this
domain. Early approaches focused on named entity
recognition and relation extraction from structured
clinical texts. Recent advances have shifted toward
utilizing transformer architectures and processing
unstructured clinical conversations.

BioBERT (Lee et al., 2019) established domain-
adaptive pre-training as a strong baseline for
biomedical NER, relation extraction, and QA, mak-
ing encoder backbones prevalent in clinical NLP
pipelines. BioClinical-ModernBERT (Sounack
et al., 2025) introduced a domain-adapted long-
context encoder for biomedical and clinical NLP,
addressing a key limitation of earlier encoders
when processing extended conversations. When
paired with T5’s unified text-to-text framework
(Raffel et al., 2019), this approach showed promise
for joint classification and generation. Neverthe-
less, these architectures demanded substantial com-
putational resources for fine-tuning and exhibited
inconsistent narrative fidelity when extracting com-
plex order descriptions.

The latest advances in medical-specific large-
language models marked another evolutionary step.
MedGemma (Google Health Al, 2025) and Ling-
shu (Team et al., 2025) incorporated extensive clin-
ical knowledge through specialized pre-training
on medical corpora. Despite theoretical advan-
tages, practical deployment proved challenging for
teams with limited resources—both models experi-
enced out-of-memory errors on commodity hard-
ware even with quantization strategies.

Our approach fundamentally departs from this
fine-tuning paradigm. Rather than pursuing in-
creasingly specialized models, we demonstrate that
general-purpose LLMs like Gemini 2.5 Pro (Deep-
Mind, 2025), trained on Trillion of tokens when
guided by meticulously engineered prompts in-
corporating chain-of-thought reasoning and self-
critique, surpass domain-specific models without
any training. This finding aligns with emerging
evidence that sophisticated prompt engineering
can activate latent clinical reasoning capabilities
in large language models, offering a computation-
ally efficient alternative to traditional fine-tuning
approaches.

3 System Description

3.1 Model Selection Journey

Our development process involved systematic ex-
ploration of increasingly sophisticated approaches,
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each informing the final solution. This iterative
journey revealed crucial insights about the trade-
offs between model specialization and prompt en-
gineering.

Early Phase: Rule-based classification attempts.
Initial experiment with BioBERT for order-type
classification— yielded high precision but missed
many orders (recall issues). Attempts to explore
joint classification and generation at attribute ex-
traction using DeBERTa-v3 (He et al., 2021). How-
ever, the extracted spans were inconsistent, often
capturing partial information or including conver-
sational artifacts.

Middle Phase: Joint modeling approach combin-
ing a long-text encoder BioClinical ModernBERT
with text decoder to handle long transcripts and
generate structured output. Resulted in improved
order identification but narrative fidelity was low
(the generated text did not closely match the con-
versation details).

Transition: Trials with cutting-edge medical
LLMs MedGemma 4B and Lingshu 7B for end-
to-end generation. These models promised better
medical knowledge and reasoning but were imprac-
tical to run on available hardware (out-of-memory
issues on Google Colab’s free tier, even with 4-bit
quantization).

Final Phase: Pivot to a pure prompt-engineering
approach using an accessible large model Gem-
ini 2.5 Pro. No fine-tuning, no task-specific train-
ing — instead, harness the model’s reasoning abil-
ity through carefully crafted prompts. This phase
yielded a breakthrough: a +/3 F1 point jump in av-
erage score over the best fine-tuned attempt, achiev-
ing our best results with minimal infrastructure.

3.2 Final LLM-Based Approach
3.2.1 Core Architecture

Our system leverages Gemini 2.5 Pro as the pri-
mary inference engine, though the approach gen-
eralizes to other large language models including
Mistral Medium (Mistral Al, 2025), Qwen3 (Yang
et al., 2025). The key innovation lies not in model
selection but in the prompt engineering methodol-
ogy that transforms a general-purpose LLM into a
specialized medical order extractor.

Model flexibility. Although instantiated with
Gemini 2.5 Pro, the procedure is model-agnostic.
Comparable API-served models (e.g., Mistral
Medium and Qwen3) can be used with the same
prompt structure and post-processing, subject to



their context limits and decoding controls.

3.2.2 Prompt Engineering Strategy

The prompt design follows a three-stage cognitive
workflow that mirrors clinical reasoning processes:

Stage 1: Chain-of-Thought Analysis. The
model first ingests the entire transcript to build con-
textual understanding. It then performs a chrono-
logical sweep, identifying potential orders through
explicit doctor statements. Each candidate under-
goes systematic evaluation against definitive order
criteria, distinguishing actionable orders from ten-
tative recommendations or general advice.

Stage 2: Self-Critique and Verification. Be-
fore generating output, the model conducts manda-
tory self-auditing. This includes schema adherence
checking, provenance integrity verification, redun-
dancy elimination, and completeness assessment.
If discrepancies are detected, the model must restart
its analysis, ensuring only validated orders reach
the output stage.

Stage 3: Deterministic JSON Generation. The
final stage produces structured JSON output with
strict schema compliance. Each order contains
four mandatory fields: order_type (constrained
to "medication”, "lab", "imaging", or "follow-up"),
description (concise clinical summary), reason
(medical justification), and provenance (turn IDs
providing evidence).

The complete prompt implementation (Listing 1
in Appendix A) underwent 12 iterations, each ad-
dressing specific failure modes identified through
development set analysis. Early versions struggled
with multi-order turns and implicit reasons, lead-
ing to the incorporation of explicit handling rules.
The final prompt incorporates explicit rules han-
dling edge cases: multi-order turns generate sep-
arate order objects; implicit reasons are extracted
from surrounding context; continuation of exist-
ing treatments and conditional orders are excluded.
A deterministic seed ensures reproducible outputs
across runs.

3.2.3 Prompt Components

The prompt was structured with several key com-
ponents to guide the model’s reasoning process:

* Role Directive: The prompt began with a
role-setting instruction (e.g., “You are a deter-
ministic, expert-level clinical information ex-
traction engine. ..”) to establish the model’s
persona and enforce strict adherence to in-
structions.
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* Definitions: It provided precise defini-
tions for each required field (order_type,
description, reason, provenance) and
specified the acceptable values or format for
each.

Rules for Valid Orders: A set of explicit
rules (R1-R6) was enumerated to guide the
model’s judgment. These rules covered edge
cases such as ignoring tentative or hypothet-
ical statements, excluding patient-suggested
actions unless confirmed by the doctor, and
avoiding duplicate orders.

Step-by-step Workflow: The prompt en-
forced a structured, internal chain-of-thought
process. The model was required to log its
steps: first, scanning the entire transcript; sec-
ond, gathering evidence from specific dia-
logue turns; third, extracting candidate orders;
fourth, validating each candidate against the
rules (marking it as “VALID” or “INVALID”
with justification); and finally, constructing
the structured output only from validated can-
didates. This workflow significantly improved
the model’s precision.

Example and Format: A template exam-
ple of a perfect JSON output was included to
demonstrate the exact required format, mini-
mizing structural errors in the final generation.

4 Experiments and Results

4.1 Dataset Description

The MEDIQA-OE 2025 shared tasks dataset is de-
rived from the SIMORD corpus (Corbeil et al.,
2025a) and provided transcripts were from two
complementary sources. ACI-Bench (Ouyang
etal., 2023) contributed naturalistic clinical encoun-
ters captured without virtual assistant intervention,
preserving the authentic flow of doctor-patient in-
teractions. PriMock57 (Korfiatis et al., 2022) added
57 mock primary care consultations with profes-
sionally transcribed dialogues and corresponding
clinical notes.

The dataset exhibited significant class imbalance.
Training data contained 63 encounters with 143 or-
ders, while development data included 100 encoun-
ters with 255 orders. Medication orders dominated
(52.4% in training, 45.9% in development), fol-
lowed by laboratory tests, follow-up appointments,



and imaging studies. This distribution reflects typi-
cal primary care patterns, where medication man-
agement and routine testing predominate.

4.2 Evaluation Metrics

The shared task employed four complementary met-
rics capturing different aspects of extraction qual-

1ty:

* Description ROUGE-1 F1 measures lexical
overlap between extracted and reference order
descriptions, evaluating the model’s ability to
capture key clinical terms while maintaining
conciseness.

Reason ROUGE-1 F1 assesses medical justi-
fication extraction, requiring models to iden-
tify not just what was ordered but why, often
from dispersed conversational context.

Order Type Strict F1 evaluates categorical
classification accuracy across the four order
types, penalizing any deviation from the exact
category labels.

Provenance Multi-Label F1 measures evi-
dence attribution precision, validating whether
extracted orders correctly reference support-
ing transcript turns.

The final leaderboard score averages these four
metrics equally, balancing lexical accuracy, seman-
tic understanding, classification precision, and evi-
dence grounding.

4.2.1

Based on the official evaluation script, each metric
is computed as follows:

Description F1 averages three sub-metrics:
Match (binary presence), Strict (exact string
match), and ROUGE-1 (unigram overlap):

Metric Computation Details

1
Descp] = g(Matchm + Strictg; + R1lg) (1)
ROUGE-1 F1 (for both description and reason)
computes unigram precision and recall after pre-
processing (lowercase, punctuation removal):

2-P-R

ROUGE-1p) = —/———
F1 P+ R

2

Order Type Strict F1 counts exact categorical
matches across four types (medication, lab, imag-
ing, follow-up).
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Provenance Multi-Label F1 treats turn IDs as
multi-label sets:

2. P prov * Rprov
P, prov + Rprov
P o ’Tpred N Tref |
prov — T o |
’Tpred|

Provg; =

3

Average Score:

1
Scoreayg = 1 (Descp; + Reag; + Typeg; + Provg; )

“
Orders are paired using the Hungarian algorithm
maximizing description similarity, with unpaired
orders penalized in precision/recall calculations.
Implementation details can be found
at organizer github repository: https:
//github.com/jpcorb20@/mediga-oe

4.3 Results and Analysis

The MEDIQA-OE 2025 shared task attracted par-
ticipation from 17 teams, producing a total of 105
submissions. Our system achieved second place
on the public leaderboard shown in Table 1.

The results reveal interesting performance pat-
terns. As shown in Table 1, our system excelled
at reason extraction (0.4130), surpassing the first-
place team by 40%. The computation of these
metrics follows Equations 14, ensuring consistent
evaluation across all submissions.

4.4 Qualitative Comparative Analysis

To understand the strengths and weaknesses of our
approach versus fine-tuned models, we conducted
a detailed error analysis on 50 randomly sampled
encounters from the development set, examining
187 total orders which is summarized in Table 2,
reveals distinct performance patterns between ap-
proaches.

Our zero-shot approach particularly excels at: (1)
Multi-sentence reasoning: Successfully connect-
ing orders with reasons stated 3-5 sentences apart,
leveraging the LLM’s context window; (2) Implicit
justifications: Inferring medical reasons from con-
versational context without explicit linking phrases;
(3) Complex medication orders: Accurately ex-
tracting multi-component dosage instructions with
temporal modifications; (4) Structured follow-
ups: Extracting standardized follow-up patterns
learned from it’s own knowledge base;

Fine-tuned models perform better on:
Domain-specific abbreviations:

ey

Recognizing
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T Description Reason Order Type Provenance
cam ROUGE-1 F1 ROUGE-1 F1 Strict F1 Multi-Label F1

1st Place 0.6677 0.2949 0.8145 0.6304

Ours 0.6406 0.4130 0.7474 0.6044

3rd Place 0.5799 0.3564 0.7156 0.4838

Table 1: Public leaderboard scores for MEDIQA-OE 2025. Description uses Equation 1; Reason uses Equation 2;

Provenance uses Equation 3; Average using Equation 4.

Order Characteristic Zero-Shot Fine-
(Ours) Tuned
(Baseline)
Multi-sentence reasoning 92% 71%
Implicit justifications 88% 62%
Complex dosage extraction 85% 79%
Handling ambiguity 81% 68%
Follow-up specifications 84 % 68%
Lab test abbreviations 72% 75%
Imaging details 76% 77 %

Table 2: Comparative performance on specific order
characteristics. Percentages indicate successful extrac-
tion accuracy.

specialized lab test acronyms; (2) Imaging
protocols: Identifying specific imaging modalities
and contrast specifications.

Representative examples illustrate the contrast-

ing behaviors:

Example 1: Cross-sentence reasoning (Our
approach succeeds)

Doctor: "Your blood pressure is still elevated.
[3 sentences of discussion]. Let's start
you on lisinopril 1@mg daily.”

Our system correctly links “elevated blood pres-
sure” as the reason despite the intervening sen-
tences. The fine-tuned model extracted “lisinopril

10mg daily” but marked reason as null.

Example 2: Lab panel abbreviations (Fine-
tuned succeeds)

Doctor: "I'll order a CMP, CBC with diff, and TSH."

Fine-tuned model correctly generates three separate
lab orders. Our approach incorrectly merged them
into a single order: “CMP, CBC with diff, and
TSH”.

The pattern suggests our approach excels at lever-
aging broader context and implicit reasoning, while
fine-tuned models better handle domain-specific
conventions learned from training data. This aligns
with the LLM’s strength in general reasoning ver-
sus the encoder-decoder’s pattern memorization.
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Configuration Avg F1 A Std Dev
Full System 0.6014 — 0.0023
Component Removals:

- w/o Examples 0.5482  -0.0532  0.0037
- w/o Chain-of-Thought 0.5178 -0.0836  0.0041
- w/o Self-Verification 0.5721  -0.0293  0.0029
- w/o Edge Case Rules 0.5789  -0.0225  0.0031
- w/o JSON Schema 0.5623  -0.0391  0.0045
Prompt Structure Variants:

- Minimal Instructions 04723 -0.1291  0.0052
- No Role Definition 0.5843 -0.0171  0.0028
- Single-Stage Process 0.5392  -0.0622  0.0039

Table 3: Ablation results (mean of 3 runs). Statistical
significance tested via paired bootstrap (p < 0.05 for all
except deterministic seed).

4.5 Ablation Studies

We systematically ablated prompt components to
understand their individual contributions presented
in Table 3. Each variant was evaluated on the full
development set with three random seeds.

Key findings from ablations:

Examples are critical: Removing the input-
output example causes the second largest perfor-
mance drop (5.3%). Without examples, the model
frequently merges multiple orders and inconsis-
tently formats the provenance field.

Chain-of-thought provides structured reason-
ing: The largest drop 8.4% without CoT primar-
ily affects reason extraction (drops from 0.4130 to
0.3421) and multi-turn order handling.

Self-verification catches a lot of errors:
Manual inspection revealed that without self-
verification, 23% of outputs had violations
(missing fields, incorrect types, output structure)
that weren’t caught.

Diminishing returns on complexity: Adding
medical persona or conversational tone showed
minimal gains, suggesting the model already acti-
vates medical knowledge through the task descrip-
tion.



5 Discussion

Our results demonstrate that sophisticated prompt
engineering can match or exceed traditional fine-
tuning approaches for medical order extraction.
The success of this zero-shot strategy challenges
prevailing assumptions about the necessity of
domain-specific training for clinical NLP tasks.

The system’s exceptional performance on rea-
son extraction (0.4130 ROUGE-1 F1) merits par-
ticular attention. While competing approaches
struggled to connect orders with their medical
justifications—often stated sentences apart in nat-
ural conversation—our chain-of-thought prompt-
ing successfully maintained contextual threads
throughout lengthy transcripts. This capability sug-
gests that LL.Ms possess latent clinical reasoning
abilities that can be activated through appropriate
prompting rather than requiring explicit training.

The slightly lower performance on description
extraction compared to the first-place team reveals
an interesting trade-off. Our prompt emphasized
extracting verbatim clinical details while avoiding
conversational artifacts, occasionally resulting in
overly concise descriptions that missed scoreable
tokens. Fine-tuned models, trained on specific an-
notation guidelines, may better calibrate their ex-
traction granularity to match evaluation metrics.

Several limitations warrant consideration. First,
the approach depends on API availability and pric-
ing models of commercial LLMs, potentially lim-
iting deployment in settings with restricted inter-
net access or budget constraints. To address API
dependency concerns we may utilize open-source
models like Mistral Medium, Qwen3, etc. Sec-
ond, prompt engineering or prompt optimization
requires iterative refinement and domain expertise
to achieve optimal performance, though this invest-
ment is one-time rather than per-dataset. Third, the
deterministic generation strategy, while ensuring
reproducibility, may miss valid alternative order
interpretations that a probabilistic approach might
capture.

Future work should explore several directions.
Ensemble approaches combining multiple LLMs
like *’LL.M-as-a-judge’ could improve robustness.
Prompt optimization techniques, including auto-
mated prompt search, might discover more effec-
tive instruction formulations. Finally, human-in-
the-loop workflows could leverage the model’s self-
critique capability to flag low-confidence extrac-
tions for review.

6 Conclusion

This paper presented a paradigm shift in medi-
cal order extraction, demonstrating that zero-shot
prompt engineering with large language models
can achieve performance competitive with complex
fine-tuned systems. Our second-place finish in the
MEDIQA-OE 2025 shared task, with an average
F1 score of 0.6014, validates this approach’s effec-
tiveness while highlighting its practical advantages:
no training data requirements, GPU-free deploy-
ment, and immediate applicability across clinical
settings.

The key technical contribution—a structured
prompt combining chain-of-thought reasoning with
self-critique and deterministic generation—offers
a template for similar clinical NLP tasks. Our re-
sults suggest that the future of medical information
extraction may lie not in increasingly specialized
models but in more sophisticated ways of eliciting
knowledge from general-purpose language models.

As healthcare systems worldwide grapple with
documentation burden and the need for accurate
clinical information capture, approaches that min-
imize technical barriers while maintaining high
performance become increasingly valuable. Our
work demonstrates that such solutions are not only
possible but can rival state-of-the-art alternatives,
potentially accelerating the adoption of Al-assisted
clinical documentation tools where they are needed
most.
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A Full System Prompt

The complete prompt provided to Gemini 2.5 Pro is detailed below. Hyperparameters: temperature=0.1,
top_p=0.97, seed=42. This prompt was engineered to enforce a deterministic, multi-step reasoning process
for accurate medical order extraction.

Listing 1: The full prompt used for the Gemini 2.5 Pro model.

You are a deterministic, expert-level clinical information extraction engine. Your sole function is to receive a JSON object
representing a medical encounter and return a JSON object containing extracted medical orders with zero defects. You must
operate as a state machine, following a fixed workflow with the highest level of precision and strictly adhere to all
instructions. Failure to adhere to the output format is not an option. Deviating from these instructions is a protocol
violation.

### Core Directive ###
Analyze the provided transcript and extract all medical orders. An order is defined by four attributes: order_type, description,

reason, and provenance.

### Attribute Definitions ###

- order_type: (String) MUST be one of four exact strings: "medication”, "lab”, "imaging"”, "follow-up”.

- description: (String) The specific service or product ordered. This should be a direct, non-conversational summary. Extract
verbatim details like dosage, frequency, and location. For example, from "I'm going to prescribe some Lasix, 40 milligrams
a day,"” the description is "lasix 4@ milligrams a day”. Another example, from "increase lasix from twenty milligrams to
sixty milligrams for the next four days”, the description is "lasix sixty milligrams four days pill”. Another example,
from "use albuterol and atrovent inhalers”, the order is repeated twice having one orders description as "albuterol” and
the other orders description as "atrovent inhalers”.

- reason: (String) The medical justification for the order. This should also be a direct summary. For "For your shortness of
breath... I want to... put you on some Lasix,” the reason is "shortness of breath”. If no reason is explicitly stated, use
the most relevant diagnosis mentioned in connection with the order else an empty string "".

- provenance: (List of Integers) A JSON list of integer turn_ids. These turns are the absolute proof for the extracted order.
Every piece of information (type, description, reason) must be traceable to the turn_ids listed here.

### Processing Workflow #ii#
Execute the following nine-step process. This entire process must be logged within tags before the final JSON output. This log is

a mandatory component of the operation.
1. Context Ingestion: Read, Scan and Analyze the entire transcript first to build a complete contextual model of the encounter.
2. Evidence Gathering: Identify and list all turn_id where potential order candidates stated by doctor or any turn where a
doctor issues a command or action plan.
3. Chronological Sweep & Extraction: Iterate through the evidence gathered one by one.
- Focus exclusively on the "DOCTOR" speaker. Orders are only valid if stated or confirmed by the doctor.
- Apply the "Definitive Order” Test:

a. EXTRACT: Clear, direct, undeniable statements of action. (e.g., "I am ordering...”, "We will get a...”, "I'm going to
prescribe..."”, "Make sure you schedule...”).

b. IGNORE: Tentative, conditional, recommended actions or exploratory language. (e.g., "We could think about..."”, "An
option might be...", "If it gets worse, we might need...”, "we might consider...”, "I'd recommend...").

c. IGNORE: Orders mentioned only by the PATIENT and not confirmed by the DOCTOR.

d. IGNORE: General advice that is not a specific order (e.g., "You should drink more water").

e. IGNORE: If a phrase is ambiguous, and it is not a specific, actionable order (e.g., "we need to watch your blood
pressure...").

f. IGNORE: Continuations of existing treatments (e.g., "continue taking..."”, "continue on medication...").

g. IGNORE: If needed order (e.g., "use medication if needed..."”, "take medication only as needed for...", "take this
medication which is stronger than medication only if needed...").

- Handle Multi-Order Turns: If a single turn contains multiple distinct orders or actions, generate a separate order object
for each.

4. Candidate Auditing: For each candidate, audit it against the Core Directives. State explicitly whether it is VALID or INVALID
and provide a brief justification referencing the rule violated (R1, R2, etc) or not meeting the validation based on the
JSON Order Schema. This analysis is mandatory.

- Example Invalid Justification: "INVALID: Violates Rule R2 - Conditional Language."

- Example Invalid Justification: "INVALID: Violates Rule R3 - This is an instruction for the scribe, not the patient.”

5. Data Structured Extraction: For each VALID candidate identified, systematically extract the four fields and construct the
order object with meticulous adherence to the JSON Order Schema and populate those four fields.

6. Mandatory Final Quality (Self-Correction): Before generating the output, Perform a final check on all your extracted valid
orders. conduct this final check:

- Schema Adherence: Is every field present and correctly typed in every order object?

- Provenance Integrity: Read the text at the provenance turn(s). Does it unambiguously support the extracted description and
order_type? Is reason set to null when no explicit justification was given? Is every single order from the transcript
captured?

- Redundancy Check: Is every single order from the transcript captured? Is the same order listed multiple times? Consolidate
if necessary into the most complete description.

- Completeness Check: Confirm that no valid orders have been missed.

- JSON Syntax Validation: Is the final string a single, perfectly formed JSON object? Ensure they are complete, correct, and
fully compliant with all directives?

7. Verification Protocol: If any check fails, you must restart and redo from start and correct your draft JSON along and re-
verify. Log any corrections made during this audit. If no corrections are needed, state "Integrity audit passed.”

8. Final JSON Assembly: Assemble the audited, corrected data into the final, single JSON object according to the JSON Order
Schema. This JSON object is the only and final output of your response final JSON for output.

### Critical Rules & Edge Cases #i

- (R1) No Orders Rule: If the transcript contains no identifiable medical orders, the value for the encounter id key MUST be an
empty list: [J.

- (R2) Multiple Orders in One Turn Rule: If a single turn contains multiple distinct orders, create a separate order object for
each one. The turn_id can be reused in the provenance for each of these orders.

- (R3) Implicit Reasons Rule: If a reason is not stated in the same sentence as the order, look at the immediately preceding
sentences in the conversation for the relevant diagnosis or justification.

- (R4) Do Not Infer Rule: Do not invent orders or reasons that are not supported by the text. If you cannot find a piece of

82



information for a field, you must do your best to populate it with the closest available information. All fields are
mandatory.
- (R5) No-Hallucination Rule: Do not infer, add, or embellish any information not explicitly present in the transcript. The
extraction must be a literal representation of the doctor's plan.
- (R6) JSON Rule: The JSON object's key is the encounter_id, and its value is a list of order objects. Your final output must be
the JSON object and nothing else. No introductory text, no apologies, no explanations.

### JSON Order Schema #i##

- order_type: (String) The high-level clinical category. It must be one of: "medication”, "lab”, "imaging”, "follow-up"”

- description: (String) The formal, clean, accurate and most concise non-conversational summary or action of the order excluding

conversational filler. Contains only 1 thing. If number are digits then digits else words.

- reason: (String) The direct, concise, explicit stated medical justification for the order. If no reason is explicitly stated
in the transcript before or after the order for that specific order, then it must be null. Do not infer or guess a reason
from general context. Do not alter or paraphrase or phrase or change a reason. Keep it same as in the transcription. Short

phrase the reason.

- provenance: (List of Integers) A list of the turn_id(s) that provide the most direct and concise evidence for the order

### Example of Perfection ###

Input:

$$$

{
"id": "acibench_D2N122_aci_clinicalnlp_taskB_test1”,
"transcript”: [

{ "turn_id": 2, "speaker": "PATIENT", "transcript”: "...they did that chest x-ray...and they found this lung nodule...
referred me here to you..." },
{ "turn_id": 27, "speaker”: "DOCTOR", "transcript”: "...you do have an incidentally found right upper lobe lung nodule. ..
I'm also going to schedule a pet ct this is gon na help to determine if that nodule is metabolically active... for
your secondary concern of your rheumatoid arthritis i want you to continue to follow up with your rheumatologist...”
3
]
}
$$%
Your Required Output:
$$%
{
"acibench_D2N122_aci_clinicalnlp_taskB_test1": [
"order_type": "imaging”,
"description”: "pet ct”,
"reason”: "to determine if that nodule is metabolically active”,
"provenance”: [
2,
27
]
3,
{
"order_type": "follow-up”
"description”: "follow up with your rheumatologist”,
"reason”: "rheumatoid arthritis”,
"provenance”: [
27
]
3
]
}
$$$

&3
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Abstract

Medical Visual Question Answering (Med-
VQA) enables natural language queries over
medical images to support clinical decision-
making and patient care. The MEDIQA-
WYV 2025 shared task addressed wound-care
VQA, requiring systems to generate free-text
responses and structured wound attributes
from images and patient queries. We present
the MasonNLP system, which employs a
general-domain, instruction-tuned large lan-
guage model with a retrieval-augmented gener-
ation (RAG) framework that incorporates tex-
tual and visual examples from in-domain data.
This approach grounds outputs in clinically rel-
evant exemplars, improving reasoning, schema
adherence, and response quality across dBLEU,
ROUGE, BERTScore, and LLM-based met-
rics. Our best-performing system ranked 3™
among 19 teams and 51 submissions with
an average score of 41.37%, demonstrating
that lightweight RAG with general-purpose
LLMs—a minimal inference-time layer that
adds a few relevant exemplars via simple in-
dexing and fusion, with no extra training or
complex re-ranking— provides a simple and
effective baseline for multimodal clinical NLP
tasks. !

1 Introduction

Generating accurate answers to clinically relevant
questions about medical images, known as Medical
Visual Question Answering (MedVQA), requires
integrating visual perception with domain-specific
reasoning (Lin et al., 2023; Lau et al., 2018). Such
systems can enhance diagnostics, support clinical
training, and provide accessible, question-driven
insights for clinicians and patients.

Compared to general VQA, MedVQA faces
unique challenges, such as subtle anatomical or

1Implementation can be found here: https://github.
com/AHMRezaul /MEDIQA-WV-2025
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pathological features that must be interpreted pre-
cisely, and questions often demanding specialized
knowledge and logical inference (Lin et al., 2023;
Liu et al., 2021). General VQA datasets lack this
depth, motivating the creation of tailored medical
benchmarks (Lin et al., 2023). Key resources in-
clude VQA-RAD for radiology (Lau et al., 2018),
SLAKE with bilingual semantic annotations (Liu
et al., 2021), and ImageCLEF’s VQA-Med se-
ries (Ben Abacha et al., 2019, 2021). PathVQA
extends to pathology images (He et al., 2020b),
PMC-VQA scales to over 227k Question Answer
pairs for pretraining (Zhang et al., 2023), and Med-
FrameQA introduces multi-image reasoning for
clinical scenarios (Yu et al., 2025). While these
datasets drive progress, many methods still rely
on resource-intensive fine-tuning and large domain
corpora, limiting scalability.

Wound-care is a crucial MedVQA application,
where image-based assessment guides treatment,
monitors healing, and detects complications. Re-
mote wound monitoring and telemedicine reduce
costs, hospital visits, and infection risks (Sood
et al., 2016; Chen et al., 2020), but variability in in-
terpretation highlights the need for automated QA
tools to support clinicians and empower patients.

The MEDIQA-WY shared task (Wound-care
Visual Question Answering), part of ClinicalNLP
2025, addresses this challenge by generating free-
text answers to patient-oriented wound-care ques-
tions using one or more images with annotations
(Yim et al., 2025b). The shared task dataset in-
cludes bilingual (English/Chinese) queries, meta-
data such as wound type and anatomic site, and
systems are evaluated on fluency, relevance, and
clinical accuracy.

We study an instruction-tuned general-domain
LLM (Meta LLaMA-4 Scout 17B) (Meta, 2025)
in a few-shot setup. It performs well on cases
with small image details and short, generic ques-
tion types, but degrades on images with sub-
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tle or mixed findings, multi-part questions, and
requests that require expert-level interpretation.
To improve grounding and reasoning, we add a
lightweight retrieval-augmented generation (RAG)
(Lewis et al., 2020) layer by retrieving top-2 rele-
vant text and image exemplars from the task cor-
pus and appending them to the prompt. Since the
dataset is not large enough for reliable fine-tuning
and would add substantial compute and operational
cost, a lightweight RAG setup was chosen.
Our contributions include:

* Demonstrating that a general-domain LLM
with lightweight RAG can handle complex
multimodal clinical tasks without domain-
specific training.

Showing that exemplar retrieval at inference
improves reasoning and interpretability on
clinical data.

Providing a systematic analysis of how re-
trieval modality (text-only vs. multimodal)
and prompting choices affect performance in
medical visual question answering.

These results illustrate the promise of general-
purpose LL.Ms, augmented with lightweight RAG,
for transparent, flexible, and efficient solutions in
clinical NLP and multimodal Al

2 Related Work

Early VQA systems in both general and clinical
domains relied on rule-based pipelines and small
answer vocabularies, mapping hand-crafted cues or
shallow features to fixed slots. These approaches
lacked robustness to negation, uncertainty, and
paraphrase (Malinowski et al., 2015). In the general
domain, although VQA was framed as open-ended,
many methods treated it as classification over re-
stricted answer sets (Antol et al., 2015). Similar pat-
terns appeared in early medical benchmarks, where
evaluation emphasized exact match or lexical over-
lap, reinforcing closed-set, short-answer formats
(Hasan et al., 2018; Ben Abacha et al., 2019, 2021).
Such formulations constrained clinical expressivity
and hindered nuanced responses.

With deep learning, convolutional image en-
coders combined with recurrent or simple text
encoders became standard, later enhanced by at-
tention (Talatha and Al-Ayyoub, 2018; Lin et al.,
2023). In the general domain, bottom-up/top-down
attention over regions (Anderson et al., 2017) and
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modular co-attention (Yu et al., 2019) set strong
baselines, influencing medical adaptations (Lin
et al., 2023). New datasets supported this shift:
VQA-RAD (Lau et al., 2018) introduced clinically
authored radiology questions; SLAKE (Liu et al.,
2021) added bilingual annotations with semantic la-
bels; PathVQA (He et al., 2020b) scaled pathology
QA with textbook images but faced noise and cover-
age issues; Medical-Diff-VQA (Hu et al., 2023) in-
troduced difference-based paired-image questions
for comparative reasoning.

Transformer-based vision—language pretraining
further reshaped the field. ViLBERT (Lu et al.,
2019) and LXMERT (Tan and Bansal, 2019)
learned joint cross-modal representations and
adapted effectively to VQA. In medicine, MM-
BERT (Khare et al., 2021) showed multimodal
BERT (Devlin et al., 2019) pretraining improves
MedVQA under data scarcity, and M212 (Li et al.,
2023c) leveraged self-supervised masked modeling
and contrastive alignment to advance results across
VQA-RAD, PathVQA, and SLAKE. Hybrids also
emerged: BPI-MVQA (Liu et al., 2022) combined
transformers with retrieval signals for improved
multimodal fusion. These approaches improved
accuracy but generally required domain-specific
pretraining or fine-tuning.

Large vision—language models (VLMs) and
LLM-vision hybrids enabled open-ended gener-
ation. BLIP-2 (Li et al., 2023b) efficiently bridged
frozen encoders and LLMs. LLaVA (Liu et al.,
2023) introduced visual instruction tuning, while
LLaVA-Med (Li et al., 2023a) adapted this strategy
to biomedical content. Domain-specific conversa-
tional VLMs such as XrayGPT (Thawakar et al.,
2024) aligned MedCLIP (Wang et al., 2022) en-
coders with Vicuna (Chiang et al., 2023) for chest
X-ray QA and summarization, and R-LLaVA (Chen
et al., 2024) enhanced MedVQA via ROI annota-
tions. Generative perspectives also gained trac-
tion: PMC-VQA scaled to 227k QA pairs, training
MedVInT for effective fine-tuning on VQA-RAD,
SLAKE, and ImageCLEF (Zhang et al., 2024).
Evaluation evolved from strict accuracy toward
BLEU and other text-generation metrics to cap-
ture partial correctness and phrasing variability
(Ben Abacha et al., 2019, 2021; Hasan et al., 2018).

RAG (Lewis et al., 2020) has emerged to miti-
gate hallucinations and data scarcity by ground-
ing answers in evidence. RAMM (Yuan et al.,
2023) combined retrieval with dedicated attention
modules to set state-of-the-art results on multiple



: @
L
INPUT MAIN TASK

Encounter Data: Multimodal Wound Analysis
e= (% q)

Wound Images:

rF

A2 = {xa, Xz, -}

Dual Objectives:
KB Generate dlinical response
B Extract wound metadata

Patient Query:
- Title: "My friend's hand got
burned”

« Content: "| got burned last night

Key Components:
- Patient-facing guidance

- Machine-readable attributes
= Clinical documentation

and applied toothpaste a few times,
but it's still quite painful. What
should | do?"

q. = (title, content)

- Digital health integration

ATTRIBUTE EXTRACTION

W Location E. Wound Type

|

OUTPUT

Thickness % Tissue Color

Structured Wound Assessment

EL Clinical Response:

*Apply burn cream daily and take
anti-inflammation medicine for the
pain. Seek evaluation if blistering

¢ Drainage Drainage Type

Amount or infection is a concern.”

= Wound Attributes:

 Location: fingers

+ Type: unknown

int: no_exudate

applicable

« Infection: not_infected

Figure 1: Task overview for MEDIQA-WYV 2025. Inputs: wound images and a patient query. Outputs: free-text

answer with structured wound attributes

MedVQA datasets. Fine-grained retrieval fusion
with re-weighting further improved benchmarks
like PathVQA and VQA-RAD without direct data
access (Liang et al., 2025). Broader studies show
retrieval strategies, granularity, and fusion strongly
affect factuality, though best practices remain un-
settled (Xiong et al., 2024).

Despite progress, challenges remain. Many sys-
tems rely on costly pretraining, curated corpora,
or complex fusion stacks that limit transferabil-
ity. Closed-set classification constrains answer di-
versity, while generative models risk hallucination
if ungrounded. Our work addresses these issues
with a general-domain, instruction-tuned LLM and
lightweight RAG, which is a minimal, inference-
time retrieval layer that adds a few relevant snippets
via simple indexing and fusion, without extra train-
ing or complex re-ranking, to reduce hallucinations,
respect data limits, and keep the system easy to re-
produce. This approach of LLMs with RAG-based
textual and visual exemplars preserves generative
flexibility while improving interpretability and re-
producibility by grounding answers in retrieved evi-
dence, aligning with pragmatic, evidence-grounded
MedVQA.
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3 Task Description

The MEDIQA-WYV shared task (Yim et al., 2025b)
extends prior efforts in MedVQA to the wound-care
domain. The objective is to advance remote pa-
tient care by generating clinically appropriate free-
text responses to patient queries, while at the same
time producing structured wound-related metadata
that capture essential clinical details. This dual re-
quirement reflects the need for both patient-facing
guidance and machine-readable data that can be
integrated into electronic health records (EHR).

Formally, each data instance corresponds to an
encounter e, defined as a pair (X, ¢.). The image
set X, = {xgl), e xg")} contains one or more
wound photographs, and the textual query ¢, is
bilingual, consisting of an English and a Chinese
title and content.

The system must predict an output tuple with a
response and the following metadata.

0c = (resp,, loce, type,, thicke,

color,, drainAmt., drainType,, infect,),

Where resp, is a free-text response and the re-
maining fields represent structured wound meta-



data. The anatomic location locc. C £ may in-
clude one or more sites (e.g., arm, chest, foot).
The wound type type, € { pressure, arterial,
venous, surgical, diabetic, ... '} covers com-
mon etiologies. The wound thickness thick., €
{stage I-1V, unstageable, not_applicable}.  The
tissue color color., is drawn from a finite
set describing visual appearance (e.g., red/-
moist, yellow/grey, black/necrotic). Drainage
is captured both in amount, drainAmt. €
{none, scant, minimal, moderate, copious}, and in
type, drainType, € { sanguineous, serous, serosan-
guinous, purulent}. Finally, the infection status
infect, € {infected, not_infected, unclear}.

Training data provide full tuples o, for each en-
counter, while in the test phase, only (X, ¢.) are
given and systems must predict 0.. Success in this
task requires models to jointly reason over multi-
modal inputs, differentiate clinically meaningful
features, and generate outputs that are both fluent
and structured for downstream clinical use.

4 Dataset

The MEDIQA-WYV dataset (Yim et al., 2025a) was
created to support wound assessment and patient
counseling tasks. Each encounter consists of a
unique identifier, one or more wound images, a
bilingual query in English and Chinese, and a set
of expert-generated responses in both languages.
In addition to the free-text components, the
training and validation splits contain structured
gold-standard metadata covering the following
attributes: wound_type,  wound_thickness,
tissue_color, drainage_amount,
drainage_type, infection_status, and
one or more anatomic_locations. All categor-
ical values are drawn from a closed dictionary
of medically valid terms, such as wound types
{traumatic, surgical, pressure}, tissue colors
{red moist, necrotic black}, drainage categories
specifying both amount and type, and anatomic
sites like arm, knee, foot. Figure 1 demonstrates an
example data instance.

Split Encounters Responses Images
Train 279 279 449
Validation 105 210 147
Test 93 279 152

Table 1: Dataset statistics: encounters, responses, and
images per split.

4.1 Dataset Analysis

Table 1 summarizes the distribution of encounters,
responses, and images across splits. The train-
ing set provides a single expert response per en-
counter, while validation is double-annotated, of-
fering complementary perspectives. The test set
is input-only and triple-annotated by medical pro-
fessionals, though the gold-standard labels remain
unpublished.

Encounters contain varying numbers of images,
reflecting the clinical setting where multiple photos
capture different wound angles or progress. In
the training split, 170 encounters include a single
image, while 109 (39%) contain multiple (up to
nine) images. Validation includes 72 encounters
with single images and 33 encounters with multiple
images, and the test set has 55 single-image and
38 multiple-image encounters. Both the validation
and test sets contain up to four images for a single
encounter. Queries and responses also differ across
splits. English queries average 46 words in training,
44 in validation, and 52 in test. Responses are 29
words on average for training, but become longer
in validation (41 words) and test (47 words).

The metadata distribution is highly skewed.
Traumatic wounds dominate with 330 cases
(85.9%), while arterial and venous ulcers appear
only once each (0.3%). Infection status is similarly
imbalanced: 325 encounters (84.6%) are labeled as
not infected, 39 as unclear (10.2%), and only 20 as
infected (5.2%). Wound thickness is concentrated
in stage I and stage II, and common anatomical
sites include the lower leg, fingers, and hand. Al-
though annotations generally follow the predefined
dictionary, occasional inconsistencies appear, such
as “sole” instead of “foot-sole” or drainage mis-
matches like “no exudate” paired with a specific
drainage type. These rare cases highlight the need
for normalization.

Overall, the dataset integrates structured wound
metadata, bilingual queries, and expert responses
into a challenging benchmark. The skewed label
distributions and queries with multiple images, and
the small size of training data, make fine-tuning
difficult. These properties motivate using an LLM
with RAG to retrieve similar examples from the
training data, so answers stay close to the data,
avoid generic responses, and follow the required
output format.
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<System>

You are a wound-care assistant. Your response must be a valid
JSON with exactly two keys: ‘metadata’ and 'responses’. 'metadata’
includes the following fields and must use only one of the allowed
values for each:

anatomic_locations: [ ... |, wound_type: [ ... |, wound_thickness: [
... |, tissue_color: [ ... |, drainage_amount: [ ... |, drainage_type: [
... |, infection: [ ... |

'responses' must be concise instructions under 120 words. Not
generic solutions. Do not add new fields or invent new labels. Only
use allowed metadata values.

</System>

<User>

[[images from exemplar 11]]{EXEMPLAR 1.query content en}
</User>

<Assistant>

</Assistant>

<User>

[[image from CURRENT case]]{case.query title en}
{case.query content en}

</User>

Expected Output
<Assistant>

"unknown",
"stage 1",
"red_moist",
"no_exudate",
"not_applicable",
"not_infected",

"Apply burn cream daily and take anti-
inflammation medicine for the pain. Seek evaluation if blistering or
infection is a concern."
</Assistant>

/

Figure 2: Structured prompt with retrieved exemplars
and the expected output schema.

5 Methodology

To test how a general-domain LLM performs on
a MedVQA task without domain-specific training,
the meta-llama/Llama-4-Scout-17B-16E-Instruct
(Meta, 2025) model was chosen. It follows in-
structions well, has open weights for reproducible
research, and is a strong multimodal variant in the
Meta-LLaMA (Touvron et al., 2023) family, of-
fering a long context window and reliable vision-
language support.

5.1 Model Configuration

We used the 17B instruction-tuned LLaMA-
4 model, implemented via Hugging Face
transformers with automatic GPU mapping.
Inference ran in bfloat16 for efficiency, with
a maximum generation length of 4096 tokens,
temperature 0.2, and top-p 0.9. For multimodal
inputs, the model was paired with the LLaMA-4
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processor to jointly encode text prompts and
wound images.

5.2 Prompt Design

We explored three prompting strategies: zero-shot,
few-shot, and RAG. An example prompt is pro-
vided in Figure 2.

Zero-shot prompting. The model received only
a system instruction defining its role as a wound-
care assistant. Outputs were constrained to valid
JSON by dividing the output tuple into two top-
level keys: metadata and responses. Metadata
used categorical labels from a wound-care data dic-
tionary (e.g., wound type, tissue color, drainage,
infection status), while responses provided short
patient-facing instructions (<120 words). This set-
ting tested schema adherence without exemplars.

Few-shot prompting. We added two exemplar
encounters from the training set, chosen after eval-
uating on the validation set, to reduce schema vi-
olations and improve metadata consistency. Each
exemplar included wound image(s) and query text
as a user turn, followed by the reference response
as an assistant turn, guiding the model to emu-
late JSON structure and style. We limit exem-
plars to two because adding more, together with
images, metadata, and the current prompt, exceeds
the model’s context window.

Retrieval-augmented prompting. To improve
grounding and reduce hallucinations (Lewis
et al., 2020), we designed a multimodal RAG
pipeline combining dense similarity search with
exemplar-driven prompting, where we encoded
questions and images into vectors, then retrieved
the nearest training examples for that encounter
and placed those exemplars in the prompt.
Two indices were built with FAISS (Douze
et al., 2024): semantic text embeddings from
sentence-transformers/all-MinilM-L6-v2
and vision-language embeddings from CLIP
(openai/clip-vit-base-patch32) 2. We tested
both the text-only and multimodal (text+image)
retrieval setup.

At inference, we retrieve training encounters
most similar to the inference-case using combined
text and image similarity with equal weight (o =
0.5). We evaluated other « values that placed more
weight on images, but performance declined with
more weight for the image, and so an approach

Zsentence-transformers, openai-clip
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with image-only retrieval was not explored. We se-
lect the top two exemplars because validation runs
gave the best overall metrics, and adding more with
images and metadata caused the prompt to exceed
the model’s context window. This setup reduced
schema violations, improved metadata predictions,
and outperformed zero- / few-shot prompting.

5.3 Experimental Setup

Images were resized to 224 x 224 and passed
with text. Decoding used nucleus sampling with-
out beam search to balance diversity and format
compliance. All runs were performed on NVIDIA
A100 GPUs (80 GB), enabling full 17B model in-
ference with multimodal inputs. We logged raw
generations to audit both successful and erroneous
outputs.

5.4 Post-processing

LLM:s often generate extraneous text or malformed
JSON, so we implemented a normalization pipeline.
We first stripped any Markdown code fences or
leading text before the opening brace, then parsed
outputs to enforce exactly two keys: metadata
and responses. Metadata entries were validated
against the wound-care dictionary, discarding in-
valid fields. Responses were mapped to the En-
glish patient instruction. The cleaned output was
merged into each case under its encounter_id,
producing the final structured predictions for evalu-
ation.

This layered design enabled systematic compari-
son of zero-shot, few-shot, and retrieval-augmented
prompting, quantifying the benefits of contextual
grounding and exemplar retrieval on schema adher-
ence, metadata accuracy, and response validity.

6 Evaluation

The MEDIQA-WYV 2025 shared task employs a
multi-dimensional evaluation protocol that com-
bines surface overlap, semantic similarity, and clin-
ical plausibility.

For lexical similarity, the task uses deltaBLEU
(Galley et al., 2015), which extends BLEU (Pap-
ineni et al., 2002) by rewarding partial matches
across multiple references. Complementary recall-
oriented measures include ROUGE-1, ROUGE-2,
ROUGE-L, and ROUGE-Lsum (Lin, 2004), capturing
different levels of n-gram and sequence overlap.

Semantic similarity is evaluated with BERTScore
(Zhang et al, 2019), using two variants:
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BERT-mn, which averages over references, and
BERT-mx, which takes the maximum score to
reward alignment with at least one gold an-
notation. English responses are scored with
microsoft/deberta-xlarge-mnli (He et al.,
2020a), while Chinese responses are scored with
lang=zh for multilingual alignment.

To assess plausibility and instructional quality
beyond surface metrics, three large multimodal lan-
guage models (LMLMs) act as automatic judges:
(i) DeepSeek-V3-0324 (Azure Al Foundry), (ii)
Gemini-1.5-pro-002 (Google GenAl), and (iii)
GPT-40 (Azure Al Foundry)®. Using standardized
prompts in English and Chinese, these models in-
dependently score outputs for usefulness, contextu-
ality, and clinical appropriateness, reducing model-
specific bias.

A final average_score (Avg) aggregates re-
sults across all metrics, combining fidelity, seman-
tic alignment, and plausibility into a robust bench-
mark for multimodal clinical generation systems.

7 Results and Discussion

7.1 Leaderboard Performance

The MEDIQA-WYV 2025 shared task attracted par-
ticipation from 19 teams, producing a total of 51
submissions. Our MasonNLP system ranked com-
petitively, achieving an average score of 41.37%
on its best run. As shown in Table 2, both of
our submissions placed in the top five overall, un-
derscoring the robustness of our general-domain
LLM pipeline against more specialized approaches.
Notably, while the leading system achieved the
highest overall performance (47.30%), our systems
demonstrated comparable strength across multiple
metrics, reflecting effective phrasing and semantic
alignment. This suggests that our lightweight re-
trieval and prompting strategies can yield results
close to top-level systems.

7.2 Ablation Study

To better understand the contribution of the re-
trieval and prompting strategy, we conducted an
ablation across four configurations: (1) LLaMA-4
+ RAG with image+text retrieval, (2) LLaMA-4 +
RAG with text-only retrieval, (3) LLaMA-4 in few-
shot, and (4) LLaMA-4 in zero-shot. Results in Ta-
ble 3 demonstrate three key effects. First, retrieval
markedly improves all evaluation metrics, con-
firming its role in grounding predictions. Second,

SDeepSeek, Gemini-1.5-pro, GPT-40


https://huggingface.co/deepseek-ai/DeepSeek-V3-0324
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/1-5-pro
https://openai.com/index/hello-gpt-4o/

Team dBLEU R1 R2 RL RLsum BERT-mn BERT-mx  DeepSeekV3  Gemini GPT-40 Avg

MasonNLP 8.89 70.99  48.62  42.19 42.27 59.01 63.27 53.55 55.38 55.38 41.37
MasonNLP 7.31 7279 4844 4331 43.25 60.42 64.55 58.92 56.45 53.23 41.07
EXL Services—Health 9.92 79.09  56.13  45.61 45.60 62.18 66.90 68.23 64.52 71.51 47.30
EXL Services—Health 13.04 71.18 5128 4517 45.72 61.88 67.43 63.49 59.14 62.90 45.75
DermaVQA 7.65 7899 5391 4549 45.48 60.62 63.68 42.74 45.70 37.10 37.71

Table 2: Leaderboard results on MEDIQA-WYV 2025. MasonNLP best runs in bold; best per column in italics.

System dBLEU R1 R2 RL RLsum  BERT-mn  BERT-mx  DeepSeekV3  Gemini GPT-40 Avg
LLaMA-4 + RAG (image+text) 8.89 70.99  48.62  42.19 42.27 59.01 63.27 53.55 55.38 55.38 41.37
LLaMA-4 + RAG (text only) 731 7279 4844 4331 43.25 60.42 64.55 58.92 56.45 53.23 41.07
LLaMA-4 (few-shot) 4.67 4150 2730 2350 24.10 41.60 44.20 35.00 33.90 33.90 23.63
LLaMA-4 (zero-shot) 1.73 25.00 17.00  14.00 14.50 29.00 30.00 20.00 21.60 21.60 14.10

Table 3: Ablation of prompting and retrieval strategies. Best per column in bold.

the inclusion of images supplied visual evidence
for image-dependent details, as shown by higher
dBLEU and GPT-4o0 scores. Third, even without re-
trieval, moving from zero-shot to few-shot reduces
hallucinations and yields more consistent phrasing,
though the gap to retrieval-based models remains
large. Together, these trends highlight that retrieval
complements prompting and that multimodal re-
trieval is particularly effective for wound-specific
guidance. This systematic progression from zero-
shot to multimodal RAG reveals clear patterns in
how different retrieval modalities and prompting
approaches affect MedVQA performance.

7.3 Discussion and Implications

Our results show a clear progression in perfor-
mance from zero-shot prompting to multimodal
RAG. In the zero-shot setting with the LLaMA-
4 17B model, scores were very low (dBLEU 1.73),
largely due to the model’s failure to produce the
required structured JSON output despite explicit
instructions.

Adding a few in-context exemplars improved
formatting and raised dBLEU to 4.67, but responses
remained generic and lacked clinically specific de-
tail. Retrieval with textual exemplars addressed this
issue more effectively. By grounding outputs in se-
mantically similar queries and solutions, the model
produced more structured and concrete recommen-
dations, with Rouge-L increasing from 23.50 (few-
shot) to 43.31, and GPT-40 judgments rising sub-
stantially.

Extending retrieval to include images further
boosted contextual grounding, particularly for
wound-site descriptions and infection cues, lifting
dBLEU to 8.89. However, gains were not univer-
sal. Visual neighbors sometimes introduced noise
when image relevance was weak, slightly trailing
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text-only retrieval in a few metrics.

Overall, the ablation confirms that moving from
zero-shot to exemplar-based and multimodal re-
trieval progressively improves structure and speci-
ficity. A lightweight RAG pipeline combining tex-
tual and visual evidence provides a strong, repro-
ducible baseline for multimodal clinical tasks with-
out domain-specific fine-tuning.

8 Error Analysis

In the absence of gold-standard labels, we evalu-
ate model behavior along four axes: (i) schema
conformance against an allowed-value dictionary,
(i1) content form and genericness (length, template
reuse, lexical alignment to the query), (iii) intent
coverage for common asks (healing time, stitches/
sutures, tetanus), and (iv) hallucination/ over-claim
heuristics (e.g., asserting infection without cues).

8.1 Zero-shot LLAMA-4

On 93 queries, the model produced 93 answers with
one empty reply (1.1%). Answers are short (mean
18.1 words with max 53) and frequently reuse stock
advice, like “cover with a bandage” (25/93), “moni-
tor for signs of infection” (23/93), “apply antibiotic
ointment” (22/93), with additional phrases such as
“seek medical attention” (9/93), “consult a doctor”
(6/93), and “keep the area clean and dry” (5/93). Al-
though 90 outputs are unique (only two duplicates
and one missing), query—answer lexical overlap
is low, indicating a generic style that often under-
engages the user’s ask. Intent coverage lacks preci-
sion as well. For healing-time questions, only 1/16
answers include a numeric time frame; for stitches/
sutures, 4/13 mention suture care or removal tim-
ing; for tetanus, 4/7 mention vaccination/ booster
guidance. Hallucination screening flags 31/93 an-
swers that assert infection without any infection



Improvement Type Zeroshot Prediction

RAG Prediction

Hallucination Reduction | Infection: infected

Instruction: “Antibiotics may be needed.”

Infection: not_infected
Instruction: “No signs of infection; continue
saline cleaning and dry dressing.”

Specificity of Response Location: finger

movement.”

Instruction: “Keep the area clean and avoid

Location: fingertip

Instruction: “Clean fingertip wound twice
daily, apply antibiotic ointment, and avoid
immersion in water.”

Vocabulary
Normalization

Type: trauma

Instruction: “Healing depends on care.”

Type: traumatic
Instruction: “Traumatic wound; healing time
approx. 2-3 weeks with proper care.”

Table 4: Examples of improvements from zero-shot to RAG, grouped by improvement type.

cues in the corresponding queries; about a quarter
of these are hedged (e.g., “may be infected”), and
explicit speculative diagnosis terms (e.g., fracture,
necrosis) are rare (4/93). Overall, zero-shot out-
puts are fluent and safety-oriented but frequently
generic, under-answer explicit asks, and sometimes
over-call infection in the absence of evidence.

8.2 LLAMA-4 + RAG (Image+Text)

We examined 93 predictions for schema con-
formance, value validity, and content quality.
All seven fields were present for every item.
True out-of-vocabulary (OOV) rates were low as
anatomic_locations had 8 OOV entries driven by
common synonyms (leg, finger/fingertip, shin),
while single-valued fields each had at most one
OOV instance (wound_type 1/93; wound_thickness
4/93 due to partial/partial thickness; tissue_color,
drainage_amount, drainage_type, infection each
1/93). Label distributions reflected the training
and development set analysis with wound_type
mostly being traumatic (88.0%), infection fa-
voring not_infected (52.2%) with mass on
infected (27.2%) and unclear (20.7%), and
wound_thickness was dominated by stage_II
(50.6%). There was exactly one instance with no
generated response. Responses were longer than
the zero-shot system (mean 28.4 words with a max
of 96) and remained largely unique (91/93) but still
exhibited a generic tone. About 60% of answers
had very low lexical overlap with their queries, and
common advice tokens were frequent (e.g., “antibi-
otic” in 45.2%; “debridement” in 5.4%). Intent cov-
erage improved but remained uneven. 7/44 (15.9%)
healing-time questions received a concrete range;
4/13 (31%) stitches/ sutures were addressed; 4/7
(57%) tetanus was handled. Hallucination risk was
limited (6/93, 6.5% infection assertions without
cues), and safety-related replies were appropriately
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cautious, though consistent crisis templates would
be beneficial.

8.3 Observed Improvements from Zero-shot
to RAG

Relative to zero-shot, RAG reduces over-assertion
of infection substantially (31/93 — 6/93) and pro-
duces longer, more informative answers that better
reflect the query context, particularly for time-to-
heal questions (a larger share of timeline-bearing
replies). RAG outputs also conform to a schema
with low OOV rates, eliminating synonym-induced
errors through canonicalization. Nonetheless, both
systems retain some generic phrasing and leave
room for stronger intent coverage on stitches and
return-to-activity guidance. Taken together, RAG
shifts the model from broadly safe, generic counsel-
ing toward more specific, schema-consistent, and
less hallucinatory answers, as also reflected in the
examples presented in Table 4.

9 Conclusion

We investigated wound-care VQA in the MEDIQA-
WV 2025 shared task using a general-domain,
instruction-tuned LLLM combined with lightweight
RAG. Our study shows that this approach can
handle challenging multimodal questions without
domain-specific training. The framework inte-
grates textual and visual neighbors at inference
time and is simple to reproduce. Results demon-
strate clear gains from zero-shot to exemplar-driven
prompting, with multimodal retrieval being the
best-performing system. Error analysis confirmed
that retrieval reduces hallucinations and improves
metadata consistency, though challenges remain
when neighbors are only partially relevant. Overall,
our findings highlight retrieval-augmented gener-
ation as a transparent, efficient, and generalizable
approach for advancing multimodal clinical NLP.



Limitations

Our generation is closely tied to the in-domain
training data used for retrieval, so outputs can mir-
ror its gaps and biases. Higher-quality and more
diverse exemplars would likely yield more spe-
cific and reliable responses. Incorporating external
knowledge (e.g., vetted clinical guidelines or cu-
rated web corpora) could broaden coverage and
reduce omissions.
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Abstract

The rapid expansion of asynchronous remote
care has intensified provider workload, creat-
ing demand for Al systems that can assist clin-
icians in managing patient queries more effi-
ciently. The MEDIQA-WYV 2025 shared task
addresses this challenge by focusing on gener-
ating free-text responses to wound care queries
paired with images. In this work, we present
two complementary approaches developed for
the English track. The first leverages a mined
prompting strategy, where training data is em-
bedded and the top-k most similar examples
are retrieved to serve as few-shot demonstra-
tions during generation. The second approach
builds on a metadata ablation study, which iden-
tified four metadata attributes that consistently
enhance response quality. We train classifiers
to predict these attributes for test cases and in-
corporate them into the generation pipeline, dy-
namically adjusting outputs based on prediction
confidence. Experimental results demonstrate
that mined prompting improves response rele-
vance, while metadata-guided generation fur-
ther refines clinical precision. Together, these
methods highlight promising directions for de-
veloping Al-driven tools that can provide reli-
able and efficient wound care support.

1 Introduction

The proliferation of remote patient care, acceler-
ated by telehealth technologies, has transformed
how patients and providers interact. Patients can
now communicate asynchronously through secure
portals, often submitting free-text messages and
images for clinical review. While this model
greatly improves accessibility and continuity of
care, it has also generated new challenges for
healthcare systems. Providers face an ever-growing
volume of digital queries, creating what has been
termed the “inbox burden” ((Sinsky et al.2024)).
This constant stream of patient messages can delay
response times, reduce clinical efficiency, and con-
tribute to physician burnout. Artificial intelligence
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(AI)-based natural language generation offers a
promising strategy to alleviate this workload. By
producing high-quality draft responses to patient
messages, such systems can streamline communi-
cation workflows, reduce repetitive documentation
tasks, and allow clinicians to devote more time
to complex decision-making. Previous work has
shown that retrieval-augmented generation (RAG)
methods ((Lewis et al.2020); (Gao et al.2023))
and clinical domain adaptation of large lan-
guage models (LLMs) ((Singhal et al.2023);
(Lehman et al.2023)) can substantially improve
the quality and reliability of Al-generated text in
medical settings. However, applying these models
in specialized areas such as wound care remains
relatively unexplored. Wound care presents unique
challenges for automated response generation.
Accurate assessment often depends on both visual
attributes (e.g., wound type, tissue appearance,
exudate characteristics) and textual context (e.g.,
patient-reported symptoms, history of treatment).
This multimodal nature requires systems that can
integrate visual and textual signals to produce
clinically appropriate outputs. The MEDIQA-
WV 2025 shared task (Yim et al.2025) directly
addresses this gap by providing a benchmark for
generating free-text responses to patient wound
care queries that include both text and images.
The task advances prior MEDIQA challenges
((Ben Abacha et al.2021); (Yim et al.2023)) by
focusing on asynchronous, visually grounded care
scenarios, thereby moving closer to real-world
clinical applications. In this paper, we present
the work, developed for the English track of
MEDIQA-WYV 2025. Our central hypothesis is that
generic, end-to-end vision-language models may
lack the domain-specific grounding required for
wound care queries. To address this, we investigate
two complementary approaches:

1. A mined few-shot prompting strategy, where
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the system retrieves clinically similar exam-
ples from the training data to guide generation,
and

2. A metadata-guided generation strategy,
where structured wound attributes predicted
by classifiers are incorporated into the genera-
tion process.

2 Shared Task and Dataset

The MEDIQA-WYV 2025 shared task focuses on
wound care visual question answering (VQA),
where the goal is to generate clinically coherent re-
sponses to patient queries about wounds by leverag-
ing both wound images and textual inputs. The task
is built on the recently introduced Woundcare VQA
dataset ((Yim et al.2025)), which consists of ap-
proximately 500 multilingual patient queries (En-
glish and Chinese)(Table 1). Each query is paired
with one or two wound images and multiple expert-
authored responses, enabling a multimodal setup
that requires both visual and linguistic reasoning.In
addition to raw queries and expert responses, each
case is annotated with structured metadata cover-
ing clinically relevant wound attributes.These at-
tributes serve as a rich source of metadata, covering
aspects such as:

* Anatomic Location (e.g., lower leg, ab-
domen, fingernail)

* Wound Type (e.g., surgical, traumatic, pres-
sure ulcer)

* Wound Thickness (e.g., superficial, full thick-
ness)

¢ Tissue Color (e.g., pink, red and moist, black)
* Drainage Type (e.g., serous, serosanguinous)

* Drainage Amount (e.g., scant, minimal, mod-
erate)

¢ Signs of Infection

An important characteristic of this dataset is
the variability in inter-annotator agreement (IAA)
across wound attributes. For example, wound
type (1.0), tissue color (0.97), and infection (0.97)
achieved near-perfect agreement, suggesting these
features are well-defined and consistently identi-
fied by clinicians. In contrast, anatomic location
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(0.81), drainage amount (0.86), and wound thick-
ness (0.89) show relatively lower agreement, high-
lighting attributes that are either more subjective or
context-dependent. These differences emphasize
that while certain wound features provide highly
reliable signals for model training and evaluation,
others introduce ambiguity that must be accounted
for in system design and assessment. This combi-
nation of free-text responses and structured wound
attributes makes the dataset uniquely suited for hy-
brid approaches that combine classification and
generation, and provides an opportunity to evaluate
how multimodal systems handle both objective and
subjective aspects of wound care reasoning.

3 Related Works

In recent years, multimodal machine learning has
gained considerable traction in healthcare applica-
tions, particularly with the rise of large multimodal
models. Several open-source initiatives have
pushed this field forward, including LLaVA-Med
(Li et al.2023) and ELIXR (Xu et al.2023). The
latter is especially notable for exploring CLIP-
inspired training strategies, which closely align
with the objectives of our work. Much of the cur-
rent research has centered on radiology and other
imaging-heavy specialties, while dermatology has
received relatively limited attention. Notable early
studies, such as Cirone et al. (2024), demonstrated
that GPT-40 can distinguish melanoma from
benign skin lesions with high reliability. However,
this type of binary diagnostic task is substantially
more constrained than the open-ended dermatology
question answering examined in the present
shared task, where queries and conditions may
extend beyond the model’s training distribution.
The difficulty of this broader problem is evident
in our findings: although our system achieved
only moderate overall accuracy, it nonetheless
ranked first in the competition. This outcome
underscores both the progress achieved and the
significant challenges that remain in developing
robust multimodal systems for dermatology. These
results point to several important directions for
future research, including evaluation frameworks
that better reflect clinical utility (Kelly et al.2019)
and methods to enhance multimodal reasoning
beyond narrow diagnostic endpoints. Our method-
ology builds on two key ideas. First, structured
attribute prediction is a well-established strategy in
computer vision for grounding model decisions in



Split Cases Images Responses l;zsrpg;zzs Avf;lr?gltlﬁry AVgiJl:;;ﬁ? nse
Training 279 449 279 1 44 words 29 words
Validation 105 147 210 2 47 words 36 words
Test 93 152 279 3 52 words 47 words
Total 477 748 768 - - -

Table 1: Dataset statistics across Training, Validation, and Test splits.
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Figure 1: The diagram illustrates a workflow where test data (images and queries) are processed by a model to
predict metadata, validated by confidence scoring, and transformed into formatted output responses.

interpretable features ((Russakovsky et al.2015);
(Zhang et al.2023)). Second, our prompt min-
ing strategy draws from retrieval-augmented
generation (RAG) and in-context learning,
where supplementing prompts with carefully
selected examples has been shown to markedly
improve large language model performance
on domain-specific tasks ((Lewis et al.2020);
(Gao et al.2023); (Khandelwal et al.2020)).

4 Methodology

Our system is a pipeline designed to maximize the
use of both structured and unstructured information
available in the dataset. It leverages two powerful
models and is orchestrated through two distinct
approaches.

4.1 Model Description

MedGemma (27B):MedGemma (27B Multimodal),
from Google’s Gemma 3 family, is a large language
model specialized for medical contexts. Crucially,
its multimodal variants integrate MedSigL.IP—a
400-million parameter dual-tower vision—-language
encoder (SigLIP-based), pre-trained on diverse
medical imaging data (e.g., dermatology, radiology,
pathology. MedSigLIP powers the visual under-
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standing in MedGemma, allowing the model to rea-
son across modalities. While we treat MedGemma
separately from InternVL, its built-in image en-
coder makes it a strong alternative for end-to-end
medical image understanding and free-text clinical
response generation, particularly when vision and
language reasoning need seamless integration.

InternVL 3 (38B): InternVL-3 38B is an ad-
vanced multimodal large language model (MLLM)
that demonstrates superior multimodal perception
and reasoning capabilities compared to its prede-
cessor InternVL 2.5The architecture follows the
"ViIT-MLP-LLM" paradigm with pixel unshuffle
operations that reduce visual tokens to one-quarter
of the original. The model extends multimodal
capabilities to encompass tool usage, GUI agents,
industrial image analysis, and 3D vision percep-
tion. InternVL3-38B achieves competitive perfor-
mance with leading models like GPT-40 on multi-
modal benchmarks, making it particularly suitable
for complex visual-linguistic tasks such as medical
image analysis and wound care assessment appli-
cations requiring precise visual-textual integration.
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Figure 2: The Diagram illustrates overview of the mined few-shot prompting strategy with semantic similarity-based
example retrieval and model-specific context optimization.

4.2 Approach 1: Metadata ablation study and
conditional metadata prediction for
response generation

The goal of this study was to identify which clini-
cal features had the most significant impact on re-
sponse quality and to develop a strategy for leverag-
ing them effectively. First, we systematically eval-
uated the importance of each of the seven metadata
categories provided in the dataset. By removing
one category at a time from a full-context prompt
and measuring the resulting drop in the deltaBLEU
score, we quantified the contribution of each fea-
ture. This empirical analysis, combined with an
examination of the dataset’s inter-annotator agree-
ment (IAA) scores, this score is a heuristic derived
directly from the relaxed inter-annotator agreement
scores provided with the dataset, which serves as a
proxy for the reliability of a given category. Figure
1 illustartes the overview flow of metadata study
approach Based on these findings, we designed
a two-stage pipeline centered on high-impact fea-
tures:

1. Metadata Prediction: For each instance in
the test set, we use MedGemma (27B) to pre-
dict values for the four selected metadata cate-
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gories. The task is framed as a few-shot classi-
fication problem where the model is prompted
to select the most appropriate label from the
predefined list based on the patient’s query
and a description of the images.

2. Confidence Score Assignment and Condi-

tional Integration: To account for the inher-
ent ambiguity in clinical assessment, we as-
sign a "confidence score" to each predicted
metadata field. In the second stage of our
pipeline, this predicted metadata and its con-
fidence score are passed as context alongside
the original query and images. We use a con-
fidence threshold of 0.7 to determine how this
information shapes the final response. If a
metadata field’s confidence is greater than or
equal to 0.7, its predicted value is integrated
into the prompt as a factual observation. If
the confidence is lower, the prompt instructs
the model to be cautious about that aspect,
preventing overconfident and potentially in-
correct advice.



4.3 Approach 2: Prompt Mining

In this approach, we leverage a dynamic few-shot
prompting strategy to generate clinically grounded
annotated familiar responses by providing the
model with familiar annotations from the train-
ing data. First, the training dataset is embedded
using the all-mpnet-base-v2 sentence transformer,
enabling efficient semantic similarity search. For
each test query, the most relevant examples are
retrieved from the training set and incorporated
as few-shot examples in the prompt, allowing the
model to learn from familiar patterns and anno-
tations it encountered during training. Figure 2
illustrates the overview of prompt mining start-
egy approach. Through experimentation, we ex-
plored retrieval configurations ranging from top 5
to top 25 similar samples to determine the opti-
mal context size. Specifically, we employed the
InternVL3-38B model with the top 25 retrieved
samples and the MedGemma-27B model with the
top 5 retrieved samples, allowing each model to
benefit from context sizes suited to its architec-
ture. The enriched prompts, containing both the
patient’s query and carefully selected training ex-
amples, guide the models to produce accurate, co-
herent, and clinically appropriate responses.

5 Evaluation Metrics

System performance was evaluated using the offi-
cial metrics of the shared task, which are designed
for multi-reference free-text generation:
deltaBLEU: A variant of SacreBLEU developed
for response generation, a case in which many di-
verse gold standard responses are possible (Galley
et al., 2015). The metric incorporates humananno-
tated quality rating and assigns higher weights to
n-grams from responses rated to be of higher qual-
ity. The authors have shown this method produces
higher correlation with human rankings compared
to previous BLEU metrics. In our system, we as-
sign response weights according to four criteria: (a)
if user expertise level is 4 or above (out of 9), (b)
if user is formally validated as a medical doctor by
the platform, (c) if the response answer is the most
frequent answer, and (d) if the response answers
the query completely. The former two were manu-
ally assigned to the validation and test sets by two
NLP scientists. The test set was double-reviewed.
Out of a 0.0-1.0 scale, if (d) is not met, the score
is discounted to 0.9; for the other 3 criteria, 0.1 is
discounted for every missing element to reach the
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final weight.

BERTScore: An embedding-based metric that
measures the semantic similarity between the gen-
erated and reference texts.

ROUGE-L: A recall-oriented metric that mea-
sures the longest common subsequence.

6 Results and Discussion

6.1 Performance Comparison

Table 2 presents a comparative evaluation of dif-
ferent approaches across multiple metrics, includ-
ing deltaBLEU and ROUGE-L for automated qual-
ity assessment, as well as DeepSeekV3, Gemini,
and GPT-40 scores to capture model-specific per-
formance. Additionally, Average Human Evalu-
ation is reported to provide a subjective measure
of overall quality. The results highlight that the
MedGemma-27B (5-shot) approach achieves the
highest deltaBLLEU score (13.04), indicating strong
alignment with reference outputs, while InternVL3-
38B (25-shot) demonstrates competitive perfor-
mance across human and model-based evaluations.
Meanwhile, the Metadata Ablation Study serves as
a baseline, showing moderate yet consistent results
across all metrics. This comparison underscores the
complementary role of automated and human eval-
uations in benchmarking advanced models. Top 2
results from the MEDIQA-WYV 2025 shared task
are from the two approaches we mentioned above
InternVL-38B Mined few shot with 25 samples
being in the first place (Yim et al.2025).

6.2 Metadata Ablation Study

To identify the most clinically relevant features
for wound assessment, we conducted a systematic
ablation study examining the contribution of each
metadata category. Table 3 demonstrates the impact
of removing individual metadata components on
model performance.

The ablation results reveal that anatomical loca-
tion (-0.516), wound type (-0.462), and tissue color
(-0.455) cause the most significant performance
degradation when removed, indicating their critical
importance for accurate wound assessment. Con-
versely, removing wound thickness (+0.500) and
drainage amount (+0.486) actually improved per-
formance, suggesting these features may introduce
noise or ambiguity in the current dataset context



Metadata Study

Metric Intern VL 38B MedGemma 27B MedGemma 27B
deltaBLEU 9.9152 13.0379 5.7015
ROUGE-1 0.7909 0.7118 0.8100
ROUGE-2 0.5613 0.5128 0.5361
ROUGE-L 0.4561 0.4517 0.4555
ROUGE-Lsum 0.4560 0.4572 0.4553
BERTScore Mean-of-Mean 0.6218 0.6188 0.6228
BERTScore Mean-of-Max 0.6690 0.6743 0.6570
DeepSeekV3 0.6823 0.6349 0.6070
Gemini 0.6452 0.5914 0.6290
GPT-40 0.7151 0.6290 0.6667
Average 0.4730 0.4575 0.4505

Table 2: Performance comparison of Intern VL 38B, MedGemma 27B, and Metadata Study MedGemma 27B across

multiple evaluation metrics.

System Configuration

deltaBLEU Performance Drop

All metadata classes
Without metadata

Without infection

Without drainage type
Without drainage amount
Without tissue color
Without wound thickness
Without wound type
Without anatomical location

4.476 -

3.786 -0.690
4.384 -0.092
4.254 -0.222
4.962 +0.486
4.021 -0.455
4.976 +0.500
4.014 -0.462
3.960 -0.516

Table 3: Metadata Ablation Study results showing deltaBLEU scores and performance drops when individual

metadata components are removed.

6.3 Inter-Annotator Agreement and Feature
Selection

The dataset exhibits considerable variability in
inter-annotator agreement (IAA) across wound at-
tributes, which directly correlates with their clin-
ical utility. Wound type (1.0), tissue color (0.97),
and infection (0.97) achieved near-perfect agree-
ment, indicating these features are well-defined and
consistently identified by clinicians. In contrast,
anatomical location (0.81), drainage amount (0.86),
and wound thickness (0.89) demonstrated lower
agreement, highlighting attributes that are more
subjective or context-dependent. Based on the com-
bined analysis of ablation study results and IAA
scores, we selected anatomical location, wound
type, drainage type, and tissue color as the most
important metadata features for test data prediction.
This selection strategy prioritizes features that ei-

ther demonstrate high clinical impact (anatomical
location, wound type, tissue color) or maintain rea-
sonable reliability despite moderate IAA scores
(drainage type: 0.92 IAA).

6.4 Comparative Analysis and Clinical
Implications

MedGemma-27B  with few-shot prompting
achieved the highest deltaBLEU score (13.04),
representing a 131% improvement over the meta-
data ablation approach (5.70) as shown in Table
2. This superior performance can be attributed
to the model’s domain-specific medical training
and optimal utilization of contextual examples.
The consistency across human evaluation metrics
(0.591-0.629) further validates this approach’s
clinical relevance. However, when examining
LLM-as-Judge evaluations (calculated as the
average of DeepSeek-V3, GPT-40, and Gemini
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Model LLM as Judge BERTScore Avg ROUGE Avg
InternVL38B 0.6808 0.6454 0.5661
MedGemma27B 0.6185 0.6465 0.5334
Metadata MedGemma27B 0.6342 0.6399 0.5642

Table 4: Evaluation of models using LLM as judge, BERTScore Average, and ROUGE average.

scores) presented in Table 4, MedGemma-27B
with metadata demonstrates superior performance
(0.6342) compared to the few-shot approach
without metadata (0.6185). This apparent contra-
diction with deltaBLEU scores suggests that while
few-shot prompting excels in lexical similarity, the
metadata-enhanced approach produces responses
that are more clinically coherent and contextually
appropriate according to expert-level language
models. The metadata integration appears to
provide structured clinical reasoning that resonates
better with sophisticated evaluation frameworks,
even though it may use different terminology than
reference answers. InternVL3-38B demonstrated
intermediate deltaBLEU performance (9.92)
despite utilizing a larger context window with 25
retrieved samples (Table 2). Notably, the expanded
few-shot context allows the model to access
more familiar examples related to each query,
resulting in improved performance across all
evaluation dimensions including ROUGE (average:
0.566) and BERT score (0.645) compared to
MedGemma-27B variants as detailed in Table
4. The provision of 25 contextual examples
enables better pattern recognition and clinical
reasoning adaptation, though the general-purpose
training limits its peak performance in specialized
medical domains requiring precise wound-specific
knowledge. The metadata ablation study approach
achieved the lowest deltaBLEU score (5.70) but
maintains competitive ROUGE and BERT scores
(Table 4), suggesting that while lexical overlap
may be reduced, semantic similarity and clinical
relevance remain preserved. This indicates that
the two-stage pipeline may suffer from error
propagation during metadata prediction, and the
confidence threshold mechanism (0.7) may have
been overly conservative in integrating predicted
clinical features, leading to more conservative but
potentially more accurate clinical responses. These
findings highlight the trade-off between lexical
similarity metrics and clinical appropriateness,
emphasizing the importance of multi-faceted
evaluation in medical Al systems where clinical
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accuracy often supersedes surface-level text
matching.

Limitations

The overall deltaBLEU scores across all ap-
proaches remain relatively modest, ranging from
5.70 to 13.04, which underscores the inherent com-
plexity of medical visual question answering tasks,
particularly in the specialized domain of wound
care assessment. These moderate performance lev-
els highlight fundamental challenges that must be
addressed before such systems can provide mean-
ingful clinical utility. Upon detailed examination of
model outputs, we observed that while the systems
demonstrate competency in identifying general
wound characteristics and providing contextually
appropriate clinical guidance, they frequently strug-
gle with precise clinical terminology and specific
wound classification. The models often generate re-
sponses that capture the general clinical context but
may lack the precision required for definitive diag-
nostic support, similar to how they might correctly
identify inflammatory characteristics while being
less accurate in distinguishing between closely re-
lated wound types or infection stages that require
different treatment protocols. The variability in
inter-annotator agreement scores reveals fundamen-
tal challenges inherent in the dataset itself, which
directly impact model training and evaluation relia-
bility. While features like wound type (IAA: 1.0)
and tissue color (IAA: 0.97) show excellent agree-
ment, the lower agreement for anatomical location
(IAA: 0.81) and drainage amount (IAA: 0.86) sug-
gests inherent subjectivity in clinical wound as-
sessment that extends beyond simple annotation
inconsistencies. This variability may reflect gen-
uine clinical complexity, as wound characteristics
often exist on continua rather than discrete cate-
gories, making it challenging for models to learn
consistent decision boundaries. Furthermore, the
dataset’s scope may be limited in representing the
full spectrum of wound presentations encountered
in clinical practice, and the performance degrada-



tion observed when certain metadata categories are
removed indicates potential dataset imbalances or
insufficient representation of diverse wound pre-
sentations. The methodological approaches em-
ployed in this study present several constraints
that may have limited optimal performance. The
two-stage pipeline approach in our metadata abla-
tion study, while theoretically sound, appears to
suffer from error propagation between metadata
prediction and response generation phases, where
inaccuracies in the initial metadata prediction cas-
cade into the final response quality. The conserva-
tive confidence threshold (0.7) implemented may
have been overly restrictive, limiting the integra-
tion of potentially valuable clinical insights and
preventing the system from leveraging ambigu-
ous but clinically relevant information. Addition-
ally, the disparity in optimal context utilization
across different models—requiring 5-shot prompt-
ing for MedGemma-27B versus 25-shot prompt-
ing for InternVL3-38B—suggests that current few-
shot learning strategies are highly model-dependent
and may require more systematic optimization ap-
proaches tailored to specific architectural character-
istics. The gap between semantic similarity metrics
and clinical accuracy presents a significant concern
for practical deployment. While BERTScore con-
sistency indicates that models maintain coherent
medical discourse, the modest deltaBLEU scores
suggest they may not achieve the diagnostic preci-
sion necessary for clinical decision support. This
discrepancy is particularly problematic in wound
care, where treatment decisions often hinge on sub-
tle clinical distinctions that our current approaches
may not adequately capture. The models’ tendency
to provide generally appropriate clinical context
while missing specific diagnostic details could po-
tentially lead to suboptimal treatment recommen-
dations or delayed appropriate interventions in real
clinical settings. Current evaluation frameworks
may not fully capture the complexities of clinical
utility and decision-making processes. The reliance
on text-based similarity metrics, while providing
standardized comparison methods, may not ade-
quately reflect the nuanced clinical reasoning re-
quired for effective wound care assessment. The
evaluation approach does not account for the hier-
archical importance of different types of clinical
information—where certain diagnostic errors may
have more severe clinical consequences than oth-
ers—nor does it assess the models’ ability to appro-
priately express uncertainty when faced with am-

biguous presentations. Additionally, the absence of
longitudinal assessment data limits our understand-
ing of how these systems might perform in tracking
wound healing progression or adapting recommen-
dations based on treatment responses, which are
critical components of comprehensive wound care
management in clinical practice.

Conclusion

This study evaluated three distinct approaches for
wound care visual question answering, revealing
significant challenges and opportunities in med-
ical multimodal AI systems. MedGemma-27B
with few-shot prompting achieved the highest per-
formance (deltaBLEU: 13.04), demonstrating the
value of domain-specific medical training over
general-purpose multimodal architectures. The
metadata ablation study identified anatomical loca-
tion, wound type, and tissue color as critical fea-
tures for wound assessment, with their removal
causing substantial performance degradation. How-
ever, the overall modest deltaBLEU scores (5.70-
13.04) underscore the inherent complexity of medi-
cal visual question answering tasks and highlight
the substantial improvements required before clini-
cal deployment. The variability in inter-annotator
agreement scores across wound attributes reflects
genuine clinical complexity rather than simple an-
notation inconsistencies, emphasizing the subjec-
tive nature of certain wound characteristics. While
models demonstrated competency in generating
contextually appropriate clinical guidance, they fre-
quently struggled with precise diagnostic termi-
nology and specific wound classification—critical
requirements for effective clinical decision support.
Future research should prioritize hybrid architec-
tures that combine multimodal reasoning capabili-
ties with specialized medical knowledge, develop
more sophisticated uncertainty quantification meth-
ods, and establish evaluation frameworks that better
align with clinical decision-making processes. En-
hanced datasets incorporating diverse wound pre-
sentations and longitudinal treatment data, coupled
with comprehensive clinical validation studies, are
essential steps toward developing systems that can
meaningfully contribute to healthcare practice. The
gap between current performance and clinical re-
quirements necessitates continued interdisciplinary
collaboration between Al researchers and health-
care professionals to address these fundamental
challenges.
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Future work

Current deltaBLEU scores (5.70-13.04) suggest
considerable enhancement potential compared to
theoretical maximums. Upcoming research direc-
tions include optimizing few-shot sample selection
beyond semantic similarity through diversity-based
approaches and adaptive context sizing. Imple-
menting ensemble metadata classifiers for specific
clinical features could minimize error propagation
while improving integration confidence thresholds.
Developing fine-tuned specialized medical embed-
dings through augmented wound imagery from
training datasets would enhance both metadata
prediction and similarity matching. Additionally,
creating generalized Visual Question Answering
frameworks for comprehensive wound care, rather
than topic-specific models, would improve scala-
bility across diverse clinical scenarios. These ad-
vancements collectively address performance lim-
itations while establishing foundations for robust
healthcare applications.
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A Prompts used in Approach

A.1 LLM as Judge Prompt

SYSTEM: You are a helpful medical assistant.
USER: Given a patient {QUERY}, and a list of
{REFERENCE RESPONSES}, please evaluate a
{ CANDIDATE RESPONSE} using a three-step rat-
ing described below. Rating: 0 - { CANDIDATE
RESPONSE} is incomplete and may contain medi-
cally incorrect advice. Rating: 0.5 - { CANDIDATE
RESPONSE} is incomplete but has partially cor-
rect medical advice. Rating: 1.0 - { CANDIDATE
RESPONSE} is complete and has medically cor-
rect advice. The {REFERENCE RESPONSES}
represent answers given by domain experts and
can be used as references for evaluation. QUERY:
REFERENCE RESPONSES: CANDIDATE RE-
SPONSE: RATING:

A.2 Mined few shot approach prompt

system prompt = "You are a clinical Al assistant
with expertise in wound care and infection preven-
tion, responsible for answering patient queries."

prompt template = """ Given the patient’s query
and associated wound images, your task is to: -
Analyze the query and images together - Identify
likely wound condition or stage - Suggest appropri-
ate wound care steps (cleaning, dressing, follow-
up) - Warn if urgent medical attention is required -
Keep the tone concise, clinical, and avoid unneces-
sary details

EXAMPLES:

{few shot examples}

Now, based on the format of the above examples,
generate a response for the following query. Strictly
follow the example style and do not include any
headings in your response.

Patient Query: Query Title: {query title} Query
Content: {query content} """

A.3 Metadata study approach prompt

SYSTEM PROMPT RESPONSE: """You are
an expert wound care assistant specializing in in-
terpreting wound images and providing concise,
medically sound advice. Given a clinical query
and one or more wound images, your job is to
deliver short, accurate answers based on visible
findings and basic wound care principles. Use clin-
ical reasoning to interpret visual cues (e.g., redness,
scabbing, swelling, sutures, necrosis, granulation
tissue). "You are a medical wound-care assistant.
Provide clinically accurate and safe guidance based
on the query, wound images, and metadata." Your
responses should be medically helpful, crisp, and
no longer than 2-3 sentences. Avoid lengthy expla-
nations or disclaimers. If urgent care is required,
clearly recommend it. Otherwise, suggest simple,
evidence-based wound care actions."""

CLASSIFICATION SYSTEM PROMPT: """
You are a wound-care classification assistant.

Return wound metadata with calibrated confi-
dence scores.

For each field: - Choose ONLY from allowed val-
ues. - Provide a numeric confidence score in [0,1]
(O=very unsure, 1=highly certain). - For anatomic
locations (multi-label), include each predicted body
location as an object with label + score. Only
include locations you believe are present (score
greater than 0.25). Sort them by descending score.
- If you are unsure for a field, output a best guess
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with a low score; do NOT invent values outside the
allowed lists.

Compute an overall certainty = average of all
individual field confidences (use mean of chosen
location scores for anatomic locations).

Output STRICT valid JSON only, matching
this schema: { "predictions": { "anatomic loca-
tions": [...], "wound type": "...", "tissue color "
"drainage type ", }, "scores": { "anatomic loca-
tions": prediction confidence score "wound type":
prediction confidence score, "tissue color": predic-
tion confidence score, "drainage type": prediction
confidence score, "overall certainty": overall uncer-
tainty } } No extra text."""

user prompt classification = f"""CLASSIFY
THE FOLLOWING IMAGES AND QUERY

Allowed values: {json.dumps(CLASS VALUES,
indent=2) }

FEW SHOT EXAMPLES: {few shot examples
}

Patient Query: Title: {query title } Content:
{query content }

user prompt response:f""" You are a highly
skilled clinical wound-care assistant trained to pro-
vide safe, concise, and medically sound advice.

You will receive: - The patient’s wound query
(title and content). - Predicted wound metadata
across 4 key wound-related categories. - Confi-
dence scores (0 to 1) for each metadata field.

Your task is to: 1. **Generate an initial clinical
response based solely on the patient’s query** (ti-
tle + content), without referring to the metadata. 2.
**Reflect on the predicted metadata and its confi-
dence scores.** Then, evaluate whether the initial
response can be improved using this structured in-
formation. 3. If the metadata confidence is high
(greater than 0.7), refine your response using these
metadata details to make it more targeted and infor-
mative. 4. If confidence is low (< 0.7), do **not**
make firm assumptions based on those fields. In-
stead, express clinical caution or recommend seek-
ing professional guidance. 5. Pay particular at-
tention to the ‘wound type‘ and ‘wound thickness*
fields. Avoid overconfident guidance when these
have low confidence. 6. Ensure that metadata like
‘anatomic locations‘ and ‘tissue color® (when re-
liable) inform and personalize your response. 7.
Keep the final response **clinically sound, concise
( 50 tokens)**, and **empathetic**.

n,on

n,on

**Patient Query:** Title: {query title } Content:
{query content }
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**Predicted Metadata:** {metadata str }
Only return the final response without any addi-
tional text and within 50 tokens. — Now perform

nn
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