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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
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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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