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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 5th 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 F1 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

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

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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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.

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-
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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), ClinicalBERT
(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 LLMs’ 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.,

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 = {(ti, si, ui)}Ni=1, where ti
is the turn_id, si ∈ {DOCTOR, PATIENT} denotes
the speaker, and ui is the utterance text, the goal is
to predict a set of medical orders O = {oj}Mj=1.

Each medical order oj is di-
vided into four subtasks as a tuple
(typej , descj , reasonj , provj), where typej ∈
{medication, lab, imaging, followup}, descj
is the textual description, reasonj is the clinical
justification, and provj ⊆ {t1, . . . , tN} 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
(ti, si, ui), where ti is the turn ID, si denotes the
speaker, and ui is the utterance. Orders are an-
notated as (type, desc, reason, prov), with prov
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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 0.768κ, 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.

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

5 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:
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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.

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 F1, 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
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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 F1 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 F1 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 F1 across configurations. Mov-

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.

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

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, 100]. 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,
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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-

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
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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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