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Abstract

Real-world prescribing is constrained not only
by clinical appropriateness but also by reim-
bursement policy, prior treatment history, and pa-
tient preference, which remain under-modeled
in exam-style medical QA training and evalua-
tion. We present a practical framework for expert-
usable clinical agents for diabetes prescribing that
combines expert planning distillation—distilling
an expert prescribing workflow from patient as-
sessment and safety checks to candidate regi-
men selection and reimbursement verification—
with dynamic search over guidelines, reimburse-
ment criteria, drug information, and up-to-date
references. To evaluate real-world prescribabil-
ity, we construct an EMR-derived diabetes pre-
scribing benchmark from 70 de-identified real-
world patient cases and evaluate on 140 test in-
stances with a clinician-aligned, reimbursement-
aware rubric. On this benchmark, our expert plan-
ning distillation and dynamic search improve
reimbursement-aware prescribing quality over
general and biomedical baselines and approach
the performance of frontier proprietary models.

1. Introduction

Large language models (LLMs) have shown strong perfor-
mance on medical question answering, clinical reasoning,
and open-ended health evaluation, raising interest in their
use as clinician-facing assistants (Jin et al., 2021; Abbasian
et al., 2024; Arora et al., 2025; Singhal et al., 2025). At
the same time, medical evaluation is moving beyond static
exam-style QA toward more realistic, workflow-aware set-
tings such as rubric-based assessment, interactive EHR en-
vironments, and agentic clinical tasks (Schmidgall et al.,
2024; Jiang et al., 2025; Lee et al., 2025; Bedi et al., 2025a).
However, strong benchmark performance does not directly
translate to clinically usable prescribing (Hager et al., 2024).
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Real prescribing requires interpreting patient-specific EMR
evidence, prior prescriptions, and longitudinal treatment
context while also accounting for reimbursement policy and
patient preference. This is especially important in diabetes,
where treatment decisions are shaped not only by glycemic
control and comorbidities, but also by insurance eligibility,
access, and modality preference.

We study this problem in de-identified real-world Korean
EMR data and build an expert-usable, reimbursement-
aware diabetes prescribing agent. Starting from 70 real
patient cases, we construct 140 test instances for evalua-
tion and train the model with synthetic EMR-based super-
vision, expert planning-and-answer distillation, and search-
augmented reinforcement learning. Our approach combines
learning an expert prescribing workflow—from patient as-
sessment and safety checking to candidate regimen selection
and reimbursement verification—with dynamic search over
guidelines', reimbursement criteria, and UpToDate?, since
reimbursement-aware prescribing depends on both insur-
ance rules and clinical prescribing constraints. We further
introduce an EMR-derived diabetes prescribing benchmark
with reimbursement-aware evaluation. Together, our results
suggest that clinically deployable prescribing agents should
be trained on expert process traces and evaluated on real pre-
scribing constraints, not only on medical answer correctness.

2. Related Work

Healthcare benchmark for LLM Medical LLM eval-
uation has progressed from static exam-style QA toward
more realistic, rubric-based, and workflow-aware settings.
While early benchmarks mainly measured factual recall
and short-form reasoning (Jin et al., 2021), recent work
evaluates broader clinical usefulness, including conversa-
tional quality, physician-defined criteria, and task diversity
(Schmidgall et al., 2024; Abbasian et al., 2024; Arora et al.,
2025; Bedi et al., 2025a; Wang et al., 2026). MedAgent-
Bench and FHIR-AgentBench further extend this line by
evaluating interactive EHR-based agent behavior, empha-
sizing sequential decision-making and tool use rather than
answer accuracy alone (Jiang et al., 2025; Lee et al., 2025).
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Figure 1. Overview of the planning-distilled and search-augmented pipeline. (A) A planning-based SFT dataset is constructed from
EMR-augmented cases and used for SFT with planning distillation. (B) Search-augmented RL optimizes multi-turn tool-use with search
tools and rewards. (C) During inference, the model applies planning, retrieves evidence when needed, and outputs the final prescription.

Our benchmark follows this shift, focusing specifically on
real-world prescribing under practical clinical constraints.

Real-world aware medical agent Recent medical Al has
moved beyond standalone diagnosis or reasoning toward
agents that act within realistic clinical workflows. Prior
work has explored interactive EHR agents, system-level fail-
ure modes in clinical multi-agent settings, and trustworthy
decision-making under uncertainty (Jiang et al., 2025; Bedi
et al., 2025b; Song et al., 2025). In parallel, medical reason-
ing models such as HuatuoGPT-ol and Clinical-R1 have
strengthened clinical reasoning itself (Chen et al., 2024; Gu
et al., 2025). Our work builds on these directions but targets
a more specific setting: real-world-aware metabolic disorder
prescribing, where planning, active retrieval, and prescrip-
tion generation must be aligned with reimbursement rules,
patient context, and clinically usable treatment decisions.

3. Method
3.1. Task Setup and Training Overview

We study clinician-assistive diabetes prescribing from de-
identified Korean EMR snapshots, where the model must
generate an actionable medication plan that is clinically ap-
propriate and also feasible under real-world constraints such
as contraindications, prior prescriptions, patient preference,
and reimbursement eligibility. Unlike medical QA settings
that mainly reward answer correctness, our target is real-
world prescribability: producing a structured regimen that
remains usable under local clinical and policy constraints.
Starting from 70 real patient cases, we construct 140 test
instances for evaluation, while training is performed on

three synthetic resources: a 3K EMR-augmented dataset for
task specialization, a 3K dataset with expert planning-and-
answer traces, and a separate 3K synthetic dataset for search-
augmented reinforcement learning. The overall pipeline fol-
lows three stages—clinical specialization, expert planning
distillation, and search-augmented RL—combining medical-
domain fine-tuning (Kim et al., 2025), checklist- or rubric-
based supervision (Shao et al., 2025; Viswanathan et al.,
2025; Li et al., 2026), and tool-use RL (Jin et al., 2025;
Chai et al., 2025; Gu et al., 2025; Liu et al., 2026) in a
prescribing-centered setup.

3.2. Expert Planning Distillation

We represent prescribing as an expert workflow (ame, 2026)
that summarizes the patient state, checks missing informa-
tion and contraindications, proposes candidate regimens,
verifies reimbursement feasibility, and produces a final pre-
scription and follow-up plan, as in §A.1. We distill both the
intermediate plan and final answer into the model, so that
supervision reflects not only what to prescribe but also how
clinicians reach a prescribing decision. Unlike prior rubric-
based approaches that rely on generic or automatically gener-
ated checklists (Shao et al., 2025; Viswanathan et al., 2025;
Li et al., 2026), our plan is a clinician-authored procedural
rubric grounded in real diabetes prescribing practice. It is
designed to internalize expert workflow more directly than
prompt-only planning or answer-only supervision.

3.3. Reimbursement-Aware Search-Augmented RL

Because reimbursement rules and local prescribing con-
straints cannot be fully captured by parametric knowledge
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Table 1. Model performance under two evaluation scopes: Total Prescription (reimbursed, non-reimbursed, and additional medications)
and Reimbursed Only (medications subject to reimbursement criteria only). Exact Match is the strict identical-match score against the
gold regimen, Insurance evaluates reimbursement compliance of model-prescribed reimbursed medications without using gold labels,
and Overall is the insurance-aware auxiliary score with partial credit for clinically equivalent alternatives and reimbursement-based

penalties. Values are reported as mean =+ standard deviation across patient cases. Judge model is Qwen3.5-122B.

Total Prescription (140) Reimbursed Only (140)

Model Exact Match Insurance Overall Exact Match Insurance Overall
GPT-5 4.31 £ 15.6 69.69 + 25.0 41.72 £ 22.4 4.54 + 16.4 73.28 & 25.2 44.29 + 23.6
Qwen3-14B 7.51 +21.4 61.23 £ 31.2 40.65 £ 25.0 7.54 + 22.1 62.98 £ 31.8 41.12+26.4
GLM-4.7-Flash (31B) 7.30 £ 21.3 54.64 + 37.5 38.09 + 28.9 7.15 & 21.7 55.49 +38.3  36.28 + 29.3
Kimi K2.5 (1.1T) 2.07 &+ 10.0 51.27 &2 39.4  33.98 4 28.1 1.94 £+ 10.1 53.48 &= 40.9  35.52 4 29.1
MedResearcher-R1-32B 1.63 £ 10.2 26.22 £ 38.3 17.64 + 26.9 1.63 + 10.2 26.53 £ 38.7 17.75 £ 27.1
Meerkat-14B 6.83 4 20.4 67.41 £+ 25.6 42.97 £ 21.4 6.29 + 19.1 69.37 & 23.3 41.48 + 22.5

SFT without Planning 5.40 & 17.9 7392 £ 21.5 43.87 £ 22.0 4.79 £ 16.8 7347 £ 22.1 41.79 £ 22.7

SFT with Planning 6.53 £ 18.8 71.70 £ 23.1  46.39 £ 21.2 6.42 4+ 19.0 72.85 +23.5 45.41 £ 21.8

SFT with Planning + RL 825 £ 22.9 71.26 + 21.5 47.54 4 22.8 7.66 £ 21.7 71.79 4 24.4 46.30 £ 23.3

alone, we further train the model in a multi-turn tool-use en-
vironment over guideline, reimbursement, Up-To-Date, and
drug-information corpora. This stage is inspired by search-
enabled RL and tool-use training (Jin et al., 2025; Chai et al.,
2025), but our setting differs from general-domain or data-
free search agents (Yue et al., 2026) by optimizing directly
for clinically grounded prescribing quality. We use rewards
for clinical appropriateness, evidence-groundedness, reim-
bursement compliance, and proper tool use, following recent
clinical multi-objective RL directions (Gu et al., 2025; Liu
et al., 2026). We also adopt FP16 training for more stable
RL optimization (Qi et al., 2025); additional implementation
details are provided in Appendix B.

4. Benchmark and Evaluation
4.1. EMR-Derived Prescribing Benchmark

We evaluate our model on a diabetes prescribing benchmark
constructed from 70 de-identified real-world patient cases
collected from Korean clinical practice, and use 140 derived
instances as the test set. Each instance is built from EMR
evidence necessary for prescribing, including clinical his-
tory, laboratory findings, and prior medications, and the task
is to predict a new prescription decision for the current visit.
Our goal is not to test abstract medical QA, but to evaluate
whether a model can produce prescribing outputs that are
usable for assisting physicians in real hospital settings.

For each case, we use a professor-level medical expert re-
sponse as the gold reference. Because multiple treatment
decisions can be clinically reasonable, the benchmark is
designed as a realistic prescribing task rather than a single-
label medication recommendation problem. Model outputs
therefore include diagnosis and assessment, reimbursed pre-
scribing decisions, non-reimbursed prescribing decisions,
and additional medications, so that evaluation reflects both
clinical appropriateness and practical usability. Data format-
ting and prompting details are provided in Appendix A.

4.2. Evaluation Metrics

We evaluate outputs under two complementary scopes: To-
tal Prescription, which considers the full final regimen
including reimbursed, non-reimbursed, and supportive med-
ications, and Reimbursed Only, which restricts evaluation
to core diabetes medications relevant to reimbursement re-
view. For each scope, we report three metrics: Exact Match,
which measures strict regimen alignment with the expert
reference; Insurance, which measures reimbursement com-
pliance of score-able diabetes medications; and Overall,
which combines alignment with reimbursement awareness.

This design emphasizes the two criteria that matter most
in our setting: whether the predicted regimen remains clini-
cally aligned with expert prescribing, and whether it satisfies
reimbursement constraints required in practice. Exact match-
ing alone is too narrow for real prescribing, since clinically
acceptable substitutions may exist, while reimbursement
compliance alone does not capture agreement with the ex-
pert regimen. We therefore report both alignment-centered
and insurance-centered metrics, and leave the detailed pars-
ing rules, matching categories, and scoring formulas to §C.

5. Results and Discussion

We compare both closed- and open-source LLMs on our
diabetes prescribing benchmark, including GPT-5 (Singh
et al., 2025), Qwen3-14B (Yang et al., 2025), GLM-4.7-
Flash (Zeng et al., 2025), Kimi K2.5 (Team et al., 2026),
MedResearcher-R1-32B (Yu et al., 2025), and Meerkat-
14B (Kim et al., 2025). All models are evaluated under
a unified agentic setup with the same prompt, tool-use inter-
face, parsing pipeline, and scoring protocol, enabling a con-
trolled comparison across model families. Judge model is
Qwen3.5-122B (Qwen Team, 2026) for rubric based LLM-
as-a-judge (Zheng et al., 2023). Detailed decoding, retrieval,
and judge settings are provided in Appendix D.
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Table 2. Inference-time prompt ablation. We compare base prompt-
ing, planning-only, tool-use-only, and combined planning/tool-use
settings for GPT-5 and Meerkat-14B, reporting Total Prescription
performance in Exact Match (EM), Insurance, and Overall. Plan-
ning gives modest gains for GPT-5, whereas tool use is critical for
Meerkat-14B and the combined setting performs best overall.

Model EM Insurance Overall

GPT-5 1.59 73.93 43.28
+ Planning Prompt ~ 2.40 74.71 44.10
+ Tool-Use Prompt ~ 1.94 67.04 39.43
+ Planning/Tool-Use 4.31 69.69 41.72

Meerkat-14B 2.02 25.41 15.90
+ Planning Prompt ~ 0.00 3.375 2.087
+ Tool-Use Prompt ~ 5.50 67.53 42.87
+ Planning/Tool-Use 6.83 67.41 42.97

5.1. Main Results

Table 1 shows that our post-training pipeline improves
reimbursement-aware prescribing on the EMR-derived
benchmark. Because Exact Match requires identical recon-
struction of the final regimen, scores remain low across all
models, making Insurance and Overall more informative
indicators of practical prescribing quality. Under this eval-
uation, SFT with Planning + RL achieves the best overall
performance, obtaining the highest Exact Match and Over-
all scores under both Total Prescription and Reimbursed
Only, while SFT without Planning attains the highest In-
surance scores. Among general-purpose baselines, GPT-
5 performs best on reimbursement compliance whereas
Qwen3-14B performs best on strict matching, suggesting
that reimbursement-aware prescribing and gold-regimen re-
construction are related but distinct capabilities; detailed
case studies are provided in Appendix E.

5.2. Ablation Study

Table 2 studies inference-time prompt design by varying
planning and tool-use instructions. Judging is done with
same Qwen3.5-122B. For GPT-5, adding planning yields
modest gains, and combining planning with tool use sub-
stantially improves Exact Match, although tool-enabled set-
tings slightly reduce Insurance, suggesting that retrieval can
sometimes conflict with strong parametric knowledge. For
the base Meerkat-14B model, tool use is the main driver
of improvement, while planning alone is ineffective and
planning plus tool use gives the best overall inference-time
performance. Overall, although the magnitude differs by
model, the combination of planning and tool use is the most
effective setting for open-source models, consistent with the
strongest results of the trained Meerkat variants in Table 1.

Appendix Table 13 examines how backbone choice affects
post-training gains. For both Qwen3-14B and Meerkat-14B,
domain adaptation improves reimbursement compliance,
but the two backbones show different trajectories: under
Qwen, SFT lowers Exact Match and Overall relative to the

Table 3. Performance on HealthBench-Diabetes. Values are re-
ported as scores on the Full and Hard subsets.

Model HB-Diabetes Full HB-Diabetes Hard
GPT-5 61.5 35.8
Qwen3-14B 51.1 19.9
GLM-4.7-Flash (31B) 42.1 11.8
Kimi K2.5 (1.1T) 57.9 29.2
MedResearcher-R1-32B 333 3.68
Meerkat-14B 49.4 12.9

SFT without Planning 47.6 17.1

SFT with Planning 48.6 16.4

SFT with Planning + RL 51.5 19.6

base model and RL is required to recover and surpass the
baseline. In contrast, the Meerkat backbone shows a more
stable pattern, with Overall improving step by step from the
base model to SFT and then to RL while maintaining strong
Insurance performance. These results suggest that planning-
and RL-based adaptation is more effective on a medically
specialized backbone. We also analyze search behavior and
corpus effects in Appendix F.

5.3. Additional Results

We additionally evaluate all models on HealthBench-
Diabetes, a filtered subset of HealthBench designed to mea-
sure broader diabetes-related medical reasoning; subset con-
struction and evaluation details are provided in Appendix G.
We run the standard HealthBench generation and judge
pipeline and report the overall score on this filtered sub-
set, using a larger generation budget of 8,196 tokens. Judge
model is same as original: GPT-4.1 (OpenAl, 2025).

As shown in Table 3, GPT-5 achieves the highest scores on
both the Full and Hard subsets, indicating strong general
diabetes knowledge and clinical competence. However, this
advantage does not translate directly to the EMR-derived
prescribing benchmark, where SFT with Planning + RL
performs best on Exact Match and Overall. This contrast
suggests that broad diabetes reasoning alone is not sufficient
for real-world prescribing, which additionally requires case-
grounded regimen construction and reimbursement-aware
decision making.

6. Limitations and Future Work

Our current study is limited to diabetes prescribing and a
Korea-specific reimbursement setting, and the benchmark
remains relatively small and centered on a single institu-
tion reference rather than multi-institution clinician review.
Future work will expand evaluation through blinded clin-
ician assessment, comparisons against machine-generated
planning, and broader external validation on public bench-
marks and case-based challenges. We are also securing 100
additional patient cases, which will support further data
augmentation and dedicated evaluation on more difficult
diabetes diagnosis and prescribing tasks, while extending
our training recipe to other metabolic subdomains.
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Impact Statement

This work aims to advance clinically usable language agents
by moving beyond exam-style medical QA toward real-
world prescribing support grounded in electronic medical
records, expert prescribing workflows, and reimbursement-
aware decision making. A potential positive impact of this
research is to improve physician-facing decision support in
chronic disease management by helping models generate
treatment plans that are not only medically plausible but
also feasible under practical clinical constraints such as
prior treatment history, insurance eligibility, and patient
preference.

At the same time, this work should not be interpreted as
supporting autonomous prescribing. Because our study is
limited to diabetes, a Korea-specific reimbursement setting,
and retrospective benchmark-based evaluation, inappropri-
ate deployment could lead to over-reliance on model out-
puts, failure under distribution shift, or unfair decisions if
reimbursement constraints are treated as overriding clinical
judgment. Our intended use is therefore clinician-assistive
rather than clinician-replacing, and future work should in-
clude broader multi-institution evaluation, blinded clinician
review, and prospective validation before any real-world
deployment.
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A. Detail of Planning and Tool-Use
A.1. Expert-level Planning Prompt

The planning prompt, shown in Table 4, was constructed to reflect the real clinical workflow used by diabetes specialists in
outpatient prescribing (ame, 2026). We organized it as a seven-step procedural rubric covering patient profiling, complication
and comorbidity review, physical and lifestyle assessment, biochemical target evaluation, prescription optimization with
reimbursement review, monitoring, and follow-up scheduling. This structure was intended to support both planning
distillation during training and structured reasoning during inference.

A.2. SFT Training Dataset Generation Prompt

The system prompt shown in Table 5 was used to generate planning-based SFT examples from EMR-derived synthetic
diabetes cases. For each case, the prompt produces a structured Query-Plan—-Search_Queries—-Result tuple, where
the query represents a plausible clinician request, the P1lan component follows the seven-step workflow introduced
in Table 4, the search queries reflect external evidence needs, and the result is restricted to case-supported decisions. We
used GPT-5 (Singh et al., 2025) for generating SFT dataset, which is renowned for its description following ability.

A.3. Inference Prompt

During inference, we used a composite setup with multiple components. Representative components of this setup are shown
in Tables 6 to 9, corresponding respectively to planning guidance, tool-use instruction prompts, a search-and-reasoning
policy, and a fixed final output template. The planning guidance and tool-use instructions correspond to the inference-time
prompt components ablated in Table 2, while the remaining excerpts illustrate how these components were situated within
the broader inference procedure. The planning guidance reused the seven-step workflow shown in Table 4, while the tool-use
instructions defined the available retrieval tools and their calling format. The search-and-reasoning policy guided the model
to decide when external retrieval was necessary, how to prioritize tools, and when to perform iterative follow-up searches.
The final template specified the required clinician-facing answer structure.

B. Detailed Model Training Pipeline
B.1. Task Definition and Input Schema

Our input is a de-identified EMR snapshot containing structured and semi-structured clinical information, including
demographics, glycemic status, renal function, comorbidities, current medications, adverse-event history, and patient
preferences when available. The target output is an actionable medication plan with drug or drug class, dose or titration
strategy, rationale, and follow-up considerations. The system is intended for clinician assistance, and final decisions remain
with human providers. For all synthetic dataset generation, we used GPT-5 (Singh et al., 2025).

B.2. Stage 1: Biomedical Expert Base Model

We initialize from an open-source instruction-tuned LLM and first adapt it to the biomedical domain through supervised fine-
tuning on medical knowledge and reasoning data. This stage is designed to provide strong parametric medical competence
before task-specific prescribing adaptation. We use this model as the backbone for subsequent planning distillation and
search-based RL. Following Kim et al., we used a newly-trained Qwen3-14B (Yang et al., 2025), which is a baseline LLM
having both reasoning ability and tool-call availability.

B.3. Stage 2: Expert Planning Distillation

For each case, we construct a clinician-authored intermediate plan paired with a final prescription answer. The plan follows
a structured workflow: (1) summarize the patient state and treatment goal; (2) identify required information and missing
data; (3) check contraindications and safety issues; (4) propose candidate regimens with rationale; (5) verify reimbursement
eligibility; and (6) produce a final prescription and monitoring plan. Given an input case x, expert plan p, and final answer
y, we train the model to generate (p,y) conditioned on x. We compare the effect and the advantage of planning against
ablation, which is SFT without Planning and SFT with Planning in Table 1.
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Training Details. We train the Stage 2 model with supervised fine-tuning using LoRA (Hu et al., 2022) on 3K synthetic
plan-answer pairs by MS-SWIFT (Zhao et al., 2025). Training is run on 4 NVIDIA B200 180GB GPUs for approximately 3
hours, using bfloat16 precision and DeepSpeed ZeRO-3. We train for 600 steps with a learning rate of 1 x 10~°, per-device
batch size 1, and gradient accumulation of 8. We use a maximum sequence length of 16,384 with packing enabled. For
LoRA, we set rank to 16 and alpha to 32, applying adapters to all linear layers. We used 400 steps checkpoints as they show
the best performance.

B.4. Stage 3: Search-Augmented Reinforcement Learning

We further train the model in a multi-turn tool-use environment. At each step, the model may issue a search query to one of
several corpora, including clinical guidelines, reimbursement criteria, up-to-date references, and drug information resources.
Retrieved observations are appended to the context, and the model continues reasoning and prescribing conditioned on both
the original EMR and retrieved evidence.

Implementation Details. Stage 3 reinforcement learning is conducted with RL Factory (Chai et al., 2025) using the
PPO (Schulman et al., 2017) trainer and GDPO (Liu et al., 2026) as the advantage estimator. We train on 3,000 synthetic
cases, with separate training and validation parquet files. Training uses same 4 GPUs (NVIDIA B200 180GB) for 5 epochs
with batch size 64, actor learning rate 1 x 109, PPO minibatch size 16, and micro-batch size 1 per GPU. We disable KL
reward shaping in the reward term and instead apply KL control with coefficient 0.001. For GDPO, we use reward weights
[0.35,0.25,0.30, 0.10], batch normalization, and reward scaling. Training is performed for approximately 8 hours.

For rollout, we use vVLLM (Kwon et al., 2023) with 4 sampled rollouts per prompt, a maximum of 2 tool-use turns according
to the context limit, and stopping criteria based on </answer>, </tool_call>, and <|im_end|>. The maximum
prompt length is 16,384 tokens and the maximum response length is 8,192 tokens. The environment is search_v4, with
thinking enabled and tool calls executed through the Qwen3-style tool manager over the configured search resources. Tool
responses are truncated to 128 tokens when necessary. Also, we implement FP16 training to reduce training—inference
mismatch and improve optimization stability (Qi et al., 2025). We used 100 steps checkpoints as they show the best
performance.

B.S. Reward Design

Our RL objective combines multiple verifiable signals for clinical prescribing quality, including final-answer quality,
evidence-grounded reasoning, reimbursement-aware decision making, search behavior, and output validity. In implementa-
tion, these signals are operationalized as four reward components: tool use, format, content, and weak answer accuracy. To
avoid instability from naively mixing heterogeneous rewards, we adopt a decoupled multi-reward optimization scheme.

Operationalization of Rewards. We implement the reward with four operational components: tool, format, content, and
acc. These jointly instantiate the conceptual objectives described above: tool-use quality is captured by tool; output validity
and completion by format; clinical appropriateness, evidence-groundedness, and reimbursement-aware reasoning primarily
by content; and weak answer correctness by acc.

To avoid instability from naively mixing heterogeneous rewards, we use a GDPO-style decoupled normalization scheme.
For rollout j of case i, let rl(m)

denote the raw reward for objective m € {tool, format, content, acc}. We first compute a
within-case normalized score

where ,ugm) and al(m) are the mean and standard deviation of objective m across sampled rollouts for the same case. We

then form the pre-normalized advantage
ajj = Z ’meZ(ZL)7
m

with training-time weights
(wtnola Wformat, Weontent s wacc) = (0353 025; 0307 010)

Finally, we apply batch-wise normalization to a, ; before policy optimization. This procedure improves stability by aligning
each objective to a comparable relative scale before aggregation.

9
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B.6. MCP-Based Search Interface

During RL training and inference, retrieval is provided through an Model Context Protocol (MCP) (Hou et al., 2025)-based
tool interface that allows the model to issue explicit search calls during multi-turn reasoning. We expose separate tools
for the main evidence sources used in reimbursement-aware prescribing: search_uptodate, search_guideline,
search_insurance, and search_drug_info. Each tool takes a natural-language query and returns the top-k retrieved
passages from its corresponding corpus, which are then appended to the model context as observations for subsequent
reasoning and answer generation.

This design encourages the model to decompose evidence gathering by source rather than relying on a single undifferentiated
retriever. In practice, the model can selectively consult clinical references for treatment recommendations, insurance
resources for reimbursement rules, and drug information resources for medication-specific prescribing constraints. We
additionally retain a general query_rag interface for backward compatibility, although our main experiments use the
source-specific tools above.

All main experiments in this paper use BM25-based sparse retrieval for search. We use this setup consistently throughout
training and evaluation so that the policy learns when to search, which source to query, and how to incorporate retrieved
evidence into the final prescription.

C. Detailed Metric Definitions

This appendix provides the full definitions of the evaluation metrics reported in Table 1.

C.1. Evaluation Scopes
We evaluate model outputs under two prescription scopes.

Total Prescription. This scope considers the full final regimen, including (i) reimbursed diabetes medications, (ii)
non-reimbursed diabetes medications, and (iii) additional supportive or adjunctive medications proposed by the model.

Reimbursed Only. This scope restricts evaluation to core diabetes medications that are directly relevant to reimbursement
review.

Alignment metrics are computed on the medication set defined by the chosen scope. For reimbursement-related metrics, how-
ever, only medications that are actually governed by the diabetes reimbursement document are scored. Medications outside
that scope are marked as excluded and do not contribute to the insurance denominator or to regimen-level reimbursement
penalties.

C.2. Action Parsing and Matching Categories

Model-generated prescription updates are parsed into medication-level actions: keep, stop, add, modify, and replace.
Here, modify denotes a change in dose, strength, frequency, or formulation of the same medication, while replace
denotes substitution of a baseline drug by a related alternative.

After parsing, the final predicted regimen is compared against the gold final regimen using greedy exact matching followed
by relaxed equivalence matching. Each predicted medication is then assigned to one of four comparison categories:

* identical: exact match to a gold medication,
* equivalent: not strictly identical, but matched as the same core ingredient or a closely corresponding alternative,
* additional: present in the prediction but unmatched to the gold regimen,

* missing: present in the gold regimen but absent from the prediction.

C.3. Exact Match (Primary Alignment)

The Exact Match score measures how faithfully the model reproduces the gold final prescription using strict identical
matching only.

10
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Let
G = number of medications in the gold final regimen,
P = number of medications in the predicted final regimen,
I = number of identical matches.
We define
1 1
ExactMatch = 100 x { 0.7 x IE + 0.3 x 5 €))]

The first term is a recall-like gold coverage term, and the second term is a precision-like prediction term. By assigning a
larger weight to coverage, the metric penalizes missing necessary medications more strongly than adding extra ones.

C.4. Auxiliary Alignment with Partial Credit

Strict exact matching may under-credit clinically reasonable substitutions. We therefore define an auxiliary alignment score
that gives partial credit to equivalent matches.

Let

E = number of equivalent matches.

We assign weight o = 0.7 to each equivalent match. The auxiliary alignment score is

I+ aF I +aF
). 2)

Auxiliary = 1 . — +0.
uxiliary OOX(O?X e + 0.3 x Iz

This score is not reported as a separate column in the main table, but it serves as the basis for the reimbursement-aware
Overall metric below.

C.5. Insurance Review Labels

To avoid conflating true reimbursement violations with lack of document coverage, each predicted medication is first
assigned a scope status:

* scoreable: the medication is directly governed by the diabetes reimbursement document and should be evaluated,

¢ excluded: the medication is outside the scope of the document and should not affect reimbursement scoring.

Typical excluded items include supportive medications, complication-related drugs, and other adjunctive prescriptions that
are not directly adjudicated by the diabetes reimbursement criteria.

For scoreable medications only, we assign one of three reimbursement judgments:

« eligible: the prescription is supported by the reimbursement document,
 uncertain: the medication is within scope, but the available case evidence is insufficient to determine eligibility,

« not_eligible: the prescription explicitly violates or fails to satisfy the reimbursement criteria.

Thus, uncertain is reserved for in-scope but unresolved cases, whereas out-of-scope medications are handled separately as
excluded.

11



Distilling Expert-level Planning for Real-world Diabetes Prescribing

C.6. Insurance Metric

The Insurance metric evaluates reimbursement compliance of the model output itself rather than agreement with the gold
regimen.

Let S be the set of scoreable predicted medications and let
Q=1SI.
If @ = 0, the insurance score is not reported for that case.
For each scoreable medication m € S, we define an item credit
1.00, if m is eligible,

¢(m) = ¢ 0.75, if m is uncertain, 3)
0.00, if m is not_eligible.

The item-level insurance score is

1
Insuranceltem = 100 x — Z c(m). 4
Q meS

We then apply a regimen-level penalty based only on the scoreable core diabetes regimen. Excluded medications do not by
themselves make the regimen uncertain or not eligible. The regimen penalty is

0, eligible,
Tins = < 2.5, uncertain, )
12, not_eligible.

The final insurance score is
Insurance = max (0, Insuranceltem — 7rj,s) - 6)

This formulation makes the metric sensitive to explicit reimbursement violations while preventing out-of-scope supportive
medications from disproportionately lowering the score.

C.7. Overall: Reimbursement-Aware Alignment

The Overall metric augments auxiliary alignment with reimbursement status.

For each matched predicted medication, we assign a reimbursement-aware item credit according to both match type and
reimbursement status:

1.00, identical & eligible,
0.90, identical & uncertain,
0.60, identical & not_eligible,
1.00, identical & excluded,
w = ¢ 0.70, equivalent & eligible, @)
0.60, equivalent & uncertain,
0.30, equivalent & not_eligible,
0.70, equivalent & excluded,
0, additional.

The key design choice is that excluded medications retain their original alignment credit: an identical excluded medication
still receives 1.00, and an equivalent excluded medication still receives 0.70. Therefore, excluded medications are evaluated
for alignment, but they do not incur reimbursement-specific penalties.

12
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Let €2 denote the sum of these item credits over the predicted regimen:

0=> w ®)

We then define reimbursement-aware coverage and precision as

* el
=_, = 9
coverage” = e precision™ = )

The reimbursement-aware auxiliary base is

OverallBase = 100 x (0.7 x coverage® + 0.3 X precision™) . (10)

Finally, we apply a regimen-level reimbursement penalty, again computed only from the scoreable core diabetes regimen:

0, eligible,
Toverall = 4 2.5, uncertain, (11)
8, not_eligible.

The final overall score is
Overall = max (0, OverallBase — moyerall) - (12)

This metric preserves the structure of alignment-based evaluation while selectively penalizing reimbursement problems only
when they arise in scoreable core diabetes prescribing.

C.8. Relation to Main Table Columns

Under both Total Prescription and Reimbursed Only, the reported columns correspond to:

* Exact Match: the strict alignment score in Eq. (1),
* Insurance: the reimbursement-compliance score in Eq. (6),

* Overall: the reimbursement-aware alignment score in Eq. (12).

In summary, Exact Match measures fidelity to the physician reference regimen, Insurance measures reimbursement
compliance for scoreable diabetes medications only, and Overall integrates the two while preventing out-of-scope adjunctive
drugs from dominating the final score.

D. Detailed Experimental Setup

We evaluate model performance on the EMR-derived diabetes prescribing benchmark using a unified agentic evalua-
tion pipeline. The evaluated systems span general-purpose frontier models, open-weight reasoning models, and domain-
specialized medical models: GPT-5 (Singh et al., 2025), Qwen3-14B (Yang et al., 2025), Qwen3.5-122B (Qwen Team,
2026), Kimi K2.5 (Team et al., 2026), MedResearcher-R1-32B (Yu et al., 2025), and Meerkat-14B (Kim et al., 2025). This
selection allows comparison across model scale, openness, and degree of medical specialization.

All models are prompted with the same system and user template and are evaluated with the same tool interface, output
post-processing, medication parsing, and scoring functions. This controlled setup minimizes evaluation variance from
prompt format or parser differences and isolates model behavior on the prescribing task itself.

For generation, we adopt a best-performance decoding strategy for open-source models, using temperature 0.6 and top_p
0.95, following the recommendations in their technical reports when applicable. GPT-5 is evaluated with temperature 1.0
due to API constraints. For agent execution, we set the maximum number of turns to 10 to avoid excessive rollout length and
timeout-related failures. For retrieval-based evidence access, we use top_k=10 documents for each search step.

13
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E. Case Study

We highlight failure modes of strong baselines that ignore patient preferences (e.g., injection aversion) or reimbursement
feasibility, despite being clinically plausible. Table 10 to 12 shows one-to-one comparison among various models. Our agent
better aligns to real-world constraints by integrating expert planning and retrieved evidence. We additionally provide the
original Korean snippets alongside English translations for multilingual cases, allowing readers to verify both the translated
content and the source-language wording.

Case A: Avoiding Over-expansion (Table 10). For a patient with well-controlled HbAlc (6.1%), Meerkat Base proposes
unnecessary additions of a GLP-1 receptor agonist and rapid-acting insulin. In contrast, GPT-5 maintains the baseline
regimen with minimal drift, avoiding excessive treatment when clinical targets are already met. This case exemplifies the
“avoid over-expansion” principle rewarded by the judge model for structural fidelity.

Case B: Minimizing Regimen Drift (Table 11). When faced with uncontrolled glucose (HbAlc 8.2%), GPT-5 introduces
excessive simultaneous changes across multiple medication axes, including drug discontinuation and escalation, leading
to high regimen drift. However, Meerkat SFT+RL preserves the core treatment skeleton and performs limited, targeted
adjustments. This structure-preserving approach significantly reduces the mismatch burden compared to the expert gold
standard.

Case C: Conservative vs. Radical Adjustment (Table 12). For a nearly-controlled patient (HbAlc 6.5%), the base
model suggests radical drug replacement, whereas Meerkat SFT+RL opts for conservative de-intensification through SU
(gliclazide) dose reduction. This learned clinical intuition allows the model to remain structurally close to expert practice
while effectively managing overtreatment risks.

F. Additional Analysis with Search and Corpus

To better understand the role of retrieval, we analyze search traces along three axes: whether a model invokes search, how
intensively it searches once triggered, and how search calls are distributed across corpora (Table 14, Table 15, Figure 2).
Four observations emerge.

First, search volume alone is a poor proxy for prescribing quality. Models such as MedResearcher-R1-32B and Qwen3-
14B search in most cases (89.3% and 88.6% usage rate, respectively), yet they do not achieve the strongest Insurance or
Overall scores. In contrast, GPT-5 and Meerkat-14B use search much more selectively (26.4% and 7.1%), while remaining
competitive in Insurance and substantially stronger in Overall. This suggests that effective retrieval depends more on
calibrated triggering and evidence use than on raw search frequency (Asai et al., 2023; Jeong et al., 2024b; Sohn et al.,
2025).

Second, within the Meerkat family, planning and RL improve search efficiency rather than simply increasing search
frequency. Search usage remains low and tightly clustered across SFT without Planning, SFT with Planning, and SFT with
Planning + RL (15.0%, 12.9%, and 15.0%), but Exact Match and Overall improve steadily, with SFT with Planning + RL
achieving the best performance under both evaluation scopes. Thus, the main benefit of planning and RL appears to be better
search allocation and integration, not more search (Yao et al., 2022; Schick et al., 2023).

Third, the corpus distribution shifts in a clinically meaningful way. SFT without Planning is dominated by Insurance retrieval
(79%), which is consistent with its strong reimbursement compliance but weaker Overall score. With planning, retrieval
becomes more balanced across Insurance, Guideline, and Drug Info (47%, 28%, and 22%), and RL further increases the
share of Drug Info (37%) while keeping Insurance substantial (40%). This redistribution aligns with improved Exact Match
and Overall, suggesting that high-quality prescribing requires not only reimbursement checking but also guideline grounding
and medication-level safety verification (Jeong et al., 2024a; Xiong et al., 2024).

Finally, corpus utility is driven more by task relevance than by corpus size. UpToDate is by far the largest corpus in our setup
(9,681 chunks), yet it accounts for only a small fraction of search calls across models. By contrast, Insurance contains only
10 chunks but occupies a large share of retrieval, especially for the Meerkat variants. Drug Info also becomes increasingly
important in the best-performing model. Together, these results indicate that retrieval in this benchmark is governed primarily
by the decision-critical information required for reimbursement-aware prescribing rather than by corpus scale alone (Jeong
et al., 2024a; Xiong et al., 2024).
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Overall, these findings suggest that the gains from planning and RL come less from making the model search more often
and more from making it search more selectively, across more appropriate evidence sources, and with better integration of
retrieved evidence into final prescribing decisions.

G. HealthBench-Diabetes Subset Construction and Evaluation

To assess diabetes-specific medical capability in a broader open-ended benchmark setting, we constructed a diabetes-focused
subset from the original HealthBench benchmark (Arora et al., 2025).

Subset construction. We intentionally based subset construction on the original prompt field only, without using
the rubric or ideal completion, in order to avoid selecting examples using information from the reference side. We
first applied a broad keyword-based filter to collect candidate prompts related to diabetes. Keywords included terms
such as diabetes, diabetic, type 1 diabetes, type 2 diabetes, T1D, T2D, diabetes mellitus,
hyperglycemia, hypoglycemia, Alc, HbAlc, blood sugar, glucose, insulin, metformin, and CGM.
This first-stage filter was designed to maximize recall and produced 235 candidate prompts from the original 5,000-example
benchmark.

In the second stage, we used GPT-4.1 (OpenAl, 2025) to classify each candidate into one of three categories:
primary_diabetes, diabetes_comorbidity_only,or not_diabetes. Here, primary_diabetes indicates
that the main user request is directly about diabetes diagnosis, glucose management, diabetes medications, insulin use, HbAlc
control, hypoglycemia/hyperglycemia, or major diabetes complications. diabetes_comorbidity_only indicates that
diabetes appears only as background history or a secondary condition while the main question is about another topic.
not_diabetes indicates that diabetes is not a primary topic of the request. Borderline cases were manually reviewed, and
only primary_diabetes examples were retained in the final subset.

Inclusion and exclusion criteria. We included prompts where diabetes itself was the central topic, including diagnosis,
glycemic control, insulin adjustment, oral antidiabetic drugs such as metformin, diet and exercise guidance, hypoglycemia
management, and diabetes-related complications such as diabetic ketoacidosis, diabetic retinopathy, diabetic neuropathy, and
diabetic foot. We excluded prompts where diabetes was mentioned only briefly as past medical history or comorbidity, as
well as broad metabolic-disease questions in which diabetes was not the core issue. Borderline categories such as gestational
diabetes were reviewed explicitly and handled consistently.

Final subset. After classification and manual review, the final HealthBench-Diabetes subset consisted of 135 prompts in
the full subset and 31 prompts in the hard subset.

Evaluation procedure. We saved the selected prompt IDs as a separate subset definition, ran the standard HealthBench
generation and judge pipeline on the benchmark, and then computed subset performance by filtering judged outputs to the
selected prompt IDs only. We report the overall benchmark score for this subset, consistent with the original HealthBench
evaluation protocol. Unless otherwise noted, the judge model follows the original setup and uses GPT-4.1.

Generation length. Because medical responses in this subset are often longer and more structured than general benchmark
answers, we increased the generation budget from 2,048 to 8,196 tokens during HealthBench evaluation.

This subset score is intended as a supplementary analysis alongside the original HealthBench full-benchmark results, rather
than as a replacement for the official benchmark score.
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Expert-level Planning: Step-by-step clinical reasoning and workflow following 7 tasks

1. Baseline & Risk Profiling
Core Indicators: Current age, age at onset, and DM duration.

Analysis Logic:

— Phenotype Classification: Differentiate between insulin deficiency-dominant vs.
resistance-dominant profiles based on duration and onset age.

- Beta-cell Function Estimation: Calculate the likelihood of endogenous insulin
secretory capacity decline (beta-cell exhaustion) according to disease progression.
— Risk Assessment: Predict the difficulty of glycemic control and the future risk of
complications.

2. Complication & Comorbidity Mapping

Microvascular: Check for nephropathy (proteinuria), retinopathy, neuropathy, and
diabetic foot.

Macrovascular: Review history of cardiovascular (CAD) and cerebrovascular (Stroke)
diseases.

Special Contexts: Identify CKD, Liver disease (Cirrhosis/NAFLD), Malignancy, and
conditions requiring steroids (as they cause glucose variability).

3. Physical & Lifestyle Assessment

Clinical Metrics: Blood pressure (BP), Body Weight, and BMI.

Trend Analysis: Compare weight changes against the previous visit and evaluate
progress toward target weight.

Lifestyle Screening: Assess smoking/alcohol status and adherence to exercise/dietary
regimens.

4. Biochemical Target Evaluation
Lab Items: HbAlc, FPG, LFT (Liver function), eGFR/Cr (Renal function), and Lipid
profile.

Analysis Logic:

- Target wvs. Actual: Check if each metric is within the individualized target range.
- Trend Analysis: Determine improvement or worsening by comparing with previous lab
results.

5. Prescription Optimization & Regulatory Review

Adequacy Check: Assess if current medications are sufficient to reach the HbAlc goal.
Insulin Fine-tuning: Adjust insulin type, frequency, and dosage for precision.

Safety & Multi-drug Review: Monitor side effects and drug-drug interactions
(especially for 3+ agents).

Benefit Assessment: Evaluate agents for weight gain, hypoglycemia risk, and
ASCVD/HF/CKD benefits.

Regulatory Compliance: Filter for K-NHIS (Korean insurance) reimbursement criteria and
drug pricing.

6. Monitoring & Follow-up Planning

Cycle Management:

- Ensure routine tests (HbAlc, Admission panel, Lipid panel) at every visit.

— Annual Screening: Check for missing annual complications screens (UACR, Fundoscopy) .
Additional Actions: Reinforce preventive measures (Anti-platelets, Statins) and refer
for specialty exams if needed.

7. Next Appointment Scheduling

Stable Group (4+ months): Targets met (Alc, BP, weight) with stable low-dose oral
medications.

Unstable Group (<3 months): Targets not met, high glucose variability, or frequent
medication adjustments.

Only include steps relevant to the specified subtask.

Table 4. Expert-level seven-step planning prompt. This prompt operationalizes a clinician-authored diabetes prescribing workflow derived
from real outpatient practice and was used to support both planning distillation during training and structured reasoning during inference.
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System Prompt Used for SFT Training Dataset Generation

You are an expert endocrinologist specializing in diabetes care in Korea. Your task
is to generate realistic and technically grounded xx*task-oriented requestsxx that
practicing diabetes clinicians (or clinical pharmacist collaborators) would plausibly
issue when working with the given patient case bundle (EMR-like structured data + lab
trends + medication history + comorbidities + insurance rules).

<instructions>

— The ultimate goal is to build a **colleague clinician LLM agent systemx*. Therefore,
we require queries that diabetes experts would naturally issue to a peer clinician
agent when seeking assistance during *xxprescription optimization, safety checks,
regulatory/insurance compliance, and follow-up planning=x.

- Based on the provided ‘<case>’ content (all data/tools are assumed available), your
role is to synthesize *xquery-plan-search_queries-resultxx quadruplets that reflect how
a diabetes expert would operationally proceed in real clinic.

— The type of subtask relevant to each query is specified in the ‘<task>’ section
below. You must generate only queries and results that fall strictly within the
defined task scope. If no such query can be generated from the case, output only:
*'NOT FOUND’’ .

— Each query must be an explicit instruction intended for execution by an agent system
(not a vague question and not a request ‘‘about the case narrative’’).

— For each generated query, describe the planning process the clinician would follow
to resolve it. The plan should be written as methodological guidelines (step-by-step),
incorporating practical clinical knowledge: what patient data is used, which criteria
are checked (e.g., Alc goal, CKD/ASCVD/HF benefit, hypoglycemia risk), what medication
changes are considered, and how monitoring/follow-up is determined.

- Directly following the plan, you must identify clinical or regulatory uncertainties
and resolve them by generating precise search queries. These queries serve as

a mandatory bridge to the final ‘Result’, prioritizing search_guideline (KDA)

and search_insurance (HIRA) to ensure gold-standard compliance, followed by
search_drug_info for safety audits and search_uptodate for specialized evidence.

Every query must be professional and highly specific (e.g., ‘‘HIRA reimbursement for
SGLT21i/DPP4i dual therapy’’), ensuring that the final recommendation is grounded in
verified medical and regulatory facts. Crucially, while all other sections must be in
English, the ‘search_queries’ string must be generated ONLY in Korean. When generating
these queries, do NOT mention specific years or specific organization names like
‘'‘KDA’’ (e.g., use ““Gx®& ZZ R[Zlrr or G Okx| J}0|E2}Ql7 7 instead of ‘2023 KDA
710|E2tQl" ) to maintain general and up-to-date applicability.

- A corresponding ground-truth answer or outcome must be derivable from the provided
‘<case>’ content (labs, diagnoses, medication list, events, insurance eligibility,
etc.). In other words, the query must be answerable using information that is actually
present in the case bundle and would have been charted or decided in the scenario.

— Do not introduce new clinical facts not contained in ‘<case>'’. If uncertainty
remains due to missing data, the proper result is to explicitly flag the missing
variables and output the conservative/standard-of-care safe action consistent with
the task constraints.

</instructions>

<output_format>
##4# Query
[Describe the instruction that a clinician would issue to the agent]

### Plan
[Step-by-step clinical reasoning and workflow required to address the query,
addressing the following 7 tasks:

### Search Queries

[Generate appropriate search queries in KOREAN by selecting the necessary tools based
on the following descriptions. Do not include specific years or specific organization
names like ‘‘KDA’’ in the queries. Each query must be wrapped in the designated
format:
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— search_guideline: Use this tool to retrieve the latest clinical practice guidelines
from the Korean Diabetes Association (KDA). Focus on treatment algorithms, target
HbAlc levels, and therapy escalation/de-escalation rules.

— search_insurance: Use this tool to verify the Health Insurance Review and Assessment
Service (HIRA) reimbursement criteria. Essential for checking drug combination
restrictions, Alc thresholds for specific medications, and required documentation for
coverage.

- search._drug_-info: Use this tool to check pharmacological details such as standard
dosage, contraindications based on renal/hepatic function (e.g., eGFR cutoffs),
drug-drug interactions, and common side effects.

- search_uptodate: Use this tool to find the most recent evidence-based clinical
summaries, international trial results, or expert opinions for complex cases that are
not fully covered by standard guidelines.]

### Result

[Ground-truth decision/outcome strictly derivable from ‘<case>':

- finalized medication adjustment (drug/class, dose, frequency, start/stop/switch)
— safety constraints (contraindications, hypoglycemia risk mitigation)

- insurance/coverage eligibility conclusion and required documentation

— monitoring items and follow-up interval

- concise justification anchored to case data]

</output_format>

<task>
### Task
Validation

### Subtask
Prescribing & Safety Verification (Final Clinical QA)

### Goal

Perform one last clinician-grade verification of the proposed diabetes treatment
plan to ensure the regimen is clinically coherent, safe, evidence-aligned, and
reimbursement-compliant, and that the follow-up plan matches patient risk.

### Description

Task Definition: Manual forensic examination of the entire prescribing decision
underlying key clinical outcomes. This task acts as a final quality assurance step
to ensure the recommended therapy is supported by solid patient-specific evidence,

avoiding unsafe escalation, guideline-incoherent combinations, or insurance-ineligible
prescriptions.

Core Components:

— Guideline Coherence Audit: Verify that the regimen aligns with individualized
glycemic targets and evidence-based priorities (ASCVD/HF/CKD benefit, weight,
hypoglycemia avoidance), and that drug-class selection is appropriate for patient
phenotype (insulin deficiency vs resistance proxy, diabetes duration, age, frailty).
- Safety & Contraindication Check: Review kidney/liver function, hypoglycemia risk,
drug interactions, dosing appropriateness (eGFR-based), and special situations
(steroid use, malignancy, cirrhosis, pregnancy possibility if present).

— Therapeutic Duplication & Sequencing: Detect duplicate mechanisms (e.g., DPP-4 +
GLP-1 RA redundancy), 1nappropriate triple/quad therapy without rationale, insulin
titration logic errors, and missed cardiometabolic opportunities.

- Regulatory / Insurance Compliance: Confirm Korean reimbursement criteria are met
(required prior therapies, Alc thresholds, eGFR cutoffs, combination restrictions),
and identify required documentation/codes.

- Monitoring & Follow-up Consistency: Ensure monitoring schedule (Alc, CMP, renal
panel, lipids, albuminuria, retinal exam, foot exam) and revisit interval match
stability/instability status and recent medication changes.

</task>

<query-examples>
The draft regimen escalates to GLP-1 RA + basal insulin. Perform a final safety and
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duplication audit: confirm there is no contraindication (eGFR, pancreatitis history if
provided), check that no redundant DPP-4 inhibitor remains, and output the corrected
final medication list with monitoring plan.

Validate the SGLT2 inhibitor initiation: verify eGFR eligibility, evaluate DKA

risk factors if present, confirm HF/CKD/ASCVD benefit fit, and generate the exact
insurance-justification statement supported by the case data.

The plan increases sulfonylurea dose despite recurrent hypoglycemia in logs. Audit
hypoglycemia risk and propose a safer alternative adjustment consistent with the
patient’s targets and comorbidities.

</query-examples>

Using the ‘<instructions>’, ‘<output_format>’, ‘<task>’, and ‘<query_examples>’
above as guidance, synthesize query-answer pairs based on the ‘<case>’ provided in
the user message.

L J

Table 5. System prompt used for planning-based SFT data generation from diabetes cases. For each case, it produces a structured
Query-Plan-Search Queries-Result tuple, where the P1an component follows the seven-step workflow shown in Table 4.
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Planning System Prompt Used for Inference

[Original]

## Internal Planning Guidance (SILENT)

ol HAE URH2=2 A dEstuAl. o A's I 24

]

oo
=

rr
£Q
o>
r
aa

1. Baseline & Risk Profiling
Core Indicators: Current age, age at onset, and DM duration.

[English Translation]

## Internal Planning Guidance (SILENT)

Briefly review the following steps internally. There is no need to output this plan in
a verbose manner.

1. Baseline & Risk Profiling
Core Indicators: Current age, age at onset, and DM duration.

Table 6. Representative excerpt of the inference-time planning guidance. This component reuses the same seven-step clinician-authored
diabetes prescribing workflow shown in Table 4, but provides it as silent internal guidance for structured reasoning during inference.

Tool-Use System Prompt Used for Inference

# Tools

You may call one or more functions to assist with the user query.

You are provided with function signatures within <tools></tools> XML tags:
<tools>

"name":"search-search_.guideline", ...}
{"name":"search-search_insurance", }
</tools>

For each tool call, return a json object with its name and arguments within
<tool_call></tool_call> XML tags:

<tool_call>

"name": "search-search_guideline", "arguments": {"query": "...", "topk": 4}}
</tool_call>

L J

Table 7. Representative excerpt of the inference-time tool-use instructions. This component specifies the available retrieval tools and the
required XML-wrapped JSON format for structured tool invocation.
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Search and Reasoning Policy Used for Inference

[Original]

## Search & Reasoning Policy (STRICT)

###% STEP 1: AM TSM MClI (Search Decision) —- ALWAYS DO THIS FIRST
Of ekt AolE oM, HEA| MA <think> EfI QOIA CHSS TEHSHUAIR:
A glo] g8 Jtsst 32 (ol 27s 2F O

- (1) 2ol Ay ok=0| Yot FIAR0| SiE

- (2) MY WF0| BE Y4 YHOR 25| WL I

- (3) 297|8/EY =elo| Lot Hetst

- (4) S48 MIIS/7ls 832 HO| LR %S

— 0] 4% </think> & HIE <answer> 2Hd

Aol Best 32 (Ol & stLietx: diY)

- =20/2% 7|& =elo] st FL

- %= S/ MY s EERE ERlo] Hest 3

- z|4l Jtoleztel 2ME2 =elo] Eest FR

- 2019 dE AAof S4AI0] HHL Sttt AR

- 2zpel st SHtAet/gyEe=z Qs 7t 27t Test 3%

— 0] 8 </think> & <tool_call> =¥

### STEP 2: Tool AR L HIE AHM

- Evidence Quality: ZMgE £Hs 22, 27 30| HoH e X202 O L ZAM Mg e

SIoHUA|L.
- Iterative Search: 12} ZAM & SIz19| EZF SHE 2S0|Lt AZGH= X HIF SAHL|EH, T Al 2z A
AMS Eof oY H=oMe HYHE WESHUAIL.

- Tool Priority: HZ& RAM#2|E search-search_guideline — search-search_insurance —
search-search.drug_info — search-search.uptodate O|C}. search-query rage At EMR E£&
S 2 Aelol0] WRE ©f Moo= AlgsiC.

##4# STEP 3: ©fH 2ty

- Reasoned Extrapolation: Z& Hh&E ZHAM

, ARo2A oI5t
7|43t A4 H2of 7|8H510] =2|dez RESHYAIR. O, 22 AFoM= 29 ALY SEHHE TS
ANED, 2E BHOINE WS F2 0] 23| CAlyAR. )

~self-Check: ZE ¥ M4 d, FE0| Aol WA MEf U F2 WY o4t SR Y= HEHO
2 AJHESHIAL.

[English Translation]

## Search & Reasoning Policy (STRICT)

### STEP 1: Determine Whether Search Is Needed (Search Decision) —-—- ALWAYS DO THIS

FIRST
For every patient query, first assess the following within the <think> tag:

Cases where an answer can be provided without retrieval (all of the following must
hold) :

- (1) The patient’s current medications are clearly identified and there are no
contraindications.

- (2) The prescription change can be adequately determined based on standard clinical
principles.

- (3) Reimbursement/insurance verification is unnecessary or already clear.

— (4) No special renal or hepatic dose adjustment is required.

— In this case, write <answer> immediately after </think>.

Cases where retrieval is required (if any of the following applies):

- Reimbursement or insurance criteria must be verified.

— Drug label information or renal dose adjustment must be checked.

— The priority or preference in the latest guideline must be confirmed.
— Confidence in one’s own domain knowledge is low or uncertainty remains.
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— Additional evidence is needed due to complex comorbidities or complications.
— In this case, output <tool_call> after </think>.

### STEP 2: Tool Use and Iterative Search

- Evidence Quality: If search is performed and evidence gaps remain, do not fill them
with unsupported guesses; instead, refine the search strategy.

- Iterative Search: If a first-round search reveals a specific comorbidity or
conflicting clinical indicators, conduct a second-round targeted search when needed
to re-evaluate appropriateness under that condition.

— Tool Priority: The recommended priority is search-search_guideline —
search-search_insurance — search-search_drug.info — search-search_uptodate. Use
search—-query.rag selectively when re-checking the patient EMR or internal documents
is necessary.

### STEP 3: Write the Final Answer

— Reasoned Extrapolation: If direct evidence remains insufficient even after iterative
search attempts, reason logically as a specialist based on pharmacologic mechanisms
and clinical principles. However, clearly recognize the limitations and uncertainty
of the evidence during reasoning, and explicitly state them in the final answer when
appropriate.

- Self-Check: Before generating the final answer, critically review whether the
conclusion conflicts with the patient’s current condition or major safety issues.

Table 8. Representative excerpt of the inference-time search-and-reasoning policy. This component instructs the model to determine
whether retrieval is necessary, prioritize tools by evidence type, and perform iterative follow-up searches when evidence is needed.
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Final Inference Output Template

[Original]

<answer>
# E2p JE 24
[Long-form patient assessment in Korean prose]

4 g Ao

4 1. g0 J|g 2= &= HY

| HE/ST | M A1 HZ
|——=|——|-——-—|

[ |

xx 28 2w

- 7t0|E2}Ql (KDA) :

- a07|F (EF) :

- 9=3 5 (Drug info):
— UpToDate:

f#4 2. BIZ0 J|E D2 o2 Ay
| BZ/EC | A |

**i-l%" E—}I:**

- 710|E2}21 (KDA) :

- 597|F (Eg) :

- %2 E (Drug info):
— UpToDate:

### 3. 7|Ef RIIAHQ 2EF A
| HE/SE | A |RA

**i‘l%l' —:L7‘|:**

- 710|E2}2! (KDA) :

- 07| (EY) :

- 9= 8 (Drug info):
— UpToDate:
</answer>

[English Translation]

<answer>
## Patient Assessment
[Long-form patient assessment in Korean prose]

## Prescription Recommendation

### 1. Prescription for Medications Meeting Reimbursement Criteria
| Change/Discontinue | New | Continue | Notes |

[—== === ]=== ===

] o000 | coo | coo [ coa |

**Rationale for Prescription:*x

— Guideline (KDA) :

— Reimbursement Criteria (Insurance):
— Drug Information:

- UpToDate:
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### 2. Prescription for Medications Considered Outside Reimbursement Criteria
| Change/Discontinue | New | Continue | Notes |

[—— ===

| cco | coa | 0o [ coa |

**Rationale for Prescription:«*x*

— Guideline (KDA) :

— Reimbursement Criteria (Insurance):
— Drug Information:

- UpToDate:

### 3. Additional Medication Suggestions
| Change/Discontinue | New Continue | Notes

**Rationale for Prescription:«*x

— Guideline (KDA) :

— Reimbursement Criteria (Insurance):
- Drug Information:

UpToDate:

</answer>

Table 9. Final inference output template specifies the required clinician-facing answer structure, including patient assessment, prescription
sections, and evidence-based justification fields.
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Case Study A : GPT-5 vs Meerkat Base

EMR Snapshot

Item Details

Disease history Long-standing diabetes (diagnosed in 1991; approximately 34 years).

Recent status HbAlc 6.1%; fasting glucose around 105 mg/dL; postprandial excursions reported up to 230 mg/dL.

Renal / risk profile CKD stage 3a context (eGFR around 45.7), albuminuria noted in model analysis context; low body
weight/BMI profile.

Baseline regimen  Diabex XR 500 mg BID, Tenelia 20 mg QD, Mevalotin 20 mg (0.5 tab) QD.

Group GPT-5 Meerkat Base A (GPT—Base)

GPT higher 67.75 22.12 +45.63

Highlight legend: better-aligned medication handling , mismatch / unnecessary expansion , major regimen change .

Winner GPT-5 Output (EN/KO) Meerkat Base Output (EN/KO)

GPT-5 EN: “ Maintain Metformin XR 500 mg BID , EN: “ Maintain Metformin XR 500 mg BID and
Teneligliptin 20 mg QD , and continue Pravastatin ; no Teneligliptin 20 mg QD , but additionally propose
add-on expansion.” a GLP-1 receptor agonist and rapid-acting insulin
KO: * Metformin XR 500 mg BID %], Teneligliptin 20mg OD 74| . despite an already controlled Alc profile.”
Pravastatin x| < ; Z7} O] g §1-8.” KO: “ Metformin XR 500 mg BID %X 2 Teneligliptin 20 mg OD S-%] ,
oju] ZHE Alc Z2u}of = B35} GLP-1 receptor agonist 7|

9} rapid-acting insulin F7}F & AL

Medication-centric difference GPT-5 preserves the baseline 3-drug backbone with minimal drift. In contrast, Meerkat Base
introduces extra treatment branches (GLP-1 and rapid insulin) and ends with higher mismatch
burden, which is less consistent with the gold target structure for this EMR.

Interpretation of score gap Because the judge rewards structural fidelity and penalizes unnecessary additions, GPT-5 gains a
large margin (+45.63). This case is representative of “avoid over-expansion when baseline control
is already acceptable.”

Table 10. Patient case where GPT-5 outperforms Meerkat Base by preserving the baseline regimen and minimizing unnecessary expansion.
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Case Study B : GPT-5 vs Meerkat SFT+RL

EMR Snapshot

Item Details

Disease history Long diabetes duration (diagnosed in 2003; approximately 22 years).

Recent status HbAlc 8.2%, fasting glucose around 175 mg/dL (control not at target).

Renal / risk profile eGFR around 63.2 (CKD 3a context in model analysis), with cardiometabolic risk requiring careful titration
rather than broad expansion.

Baseline regimen  Lantus 40U QD, Metformin 850 mg BID, Amaryl 4 mg QD, Atorvastatin 10 mg QD, plus GI meds (Lanston,

Gasmotin).
Group GPT-5 Meerkat SFT+RL A (GPT—SFT+RL)
SFT+RL higher 20.62 74.22 -53.60

Highlight legend: better-aligned medication handling , mismatch / unnecessary expansion , major regimen change .

Winner GPT-5 Output (EN/KO) Meerkat SFT+RL Output (EN/KO)

Meerkat SFT+RL EN: “ Discontinue glimepiride , EN:

“ Maintain the core oral plus basal insulin regimen
(metformin, glimepiride, basal insulin, atorvastatin)
with a limited add-on adjustment rather than broad

increase insulin glargine to 46 IU ,

add empagliflozin , and further add losartan /

escalate atorvastatin .” multi-axis expansion.”
KO: “ Glimepiride =%F , insulin glargine 46 IUZ Z%F , KO: « 7]& FFdggolA] H 7]z Q& 7[HF x| 2 £ 73]

(metformin, glimepiride, basal insulin, atorvastatin) 5}-=],

empagliflozin 7} , losartan S£7] , atorvastatin <%
e 5 " - AgHd] F7p 27 o2 tf-gahn] FHLAT o e g

Medication-centric difference In this case, GPT-5 introduces many simultaneous regimen changes (higher drift), while SFT+RL
remains closer to the target treatment skeleton and introduces fewer mismatched additions.
Judge-side mismatch counts reflect this contrast: GPT-5 shows very high omission/additional
burden, whereas SFT+RL remains substantially lower.

Interpretation of score gap The large negative delta for GPT-5 (-53.60) is primarily explained by over-expansion versus
structure-preserving adjustment. This is a typical failure mode when aggressive optimization
introduces too many extra axes at once.

Table 11. Patient case where Meerkat SFT+RL outperforms GPT-5 through lower regimen drift and better structure preservation.
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Case Study C : Meerkat SFT+RL vs Meerkat Base

EMR Snapshot

Item Details

Disease history Type 2 diabetes with long disease duration (approximately 25 years).

Recent status HbAlc around 6.5% with mild upward trend; fasting SMBG generally in the 80s—90s; no strong

hypoglycemia signal in narrative.
Renal / metabolic profile eGFR reported as normal range in model analysis context; relatively lean body habitus (BMI around low

20s).
Baseline regimen Glupa 1 g BID, Diamicron MR 60 mg QD, Mevalotin 20 mg QD.
Group Meerkat SFT+RL Meerkat Base A (SFT+RL—Base)
SFT+RL higher 79.00 32.07 +46.93

Highlight legend: better-aligned medication handling , mismatch / unnecessary expansion , major regimen change .

Winner Meerkat SFT+RL Output (EN/KO) Meerkat Base Output (EN/KO)
Meerkat SFT+RL EN: “ Maintain metformin and pravastatin , and EN: “ Discontinue gliclazide and add semaglutide ,
de-intensify gliclazide (from 60 mg to half dose) to while maintaining metformin and pravastatin.”
reduce overtreatment risk while preserving the KO: * gliclazide T . semaglutide 7},
regimen structure.” metformin ¥ pravastatin 3-%] .”

KO: “ metformin 3-X| , pravastatin 3-3] ,

liclazidei= 60 mg 4] 112 §0 2 23 5Fo] A2 9172
WA S E AR AEE A

Medication-centric difference SFT+RL preserves the 3-drug baseline backbone and performs a conservative SU
de-intensification, which remains structurally close to the target. In contrast, Base removes a core
SU component and introduces a new GLP-1 branch, increasing mismatch.

Interpretation of score gap The +46.93 gap shows the benefit of conservative, structure-preserving adjustment in a relatively
controlled patient profile. This case illustrates improvement from base Meerkat to SFT+RL after
training.

Table 12. Patient case where Meerkat SFT+RL outperforms Meerkat Base via conservative de-intensification and stronger structure
fidelity.

Table 13. Performance difference across baseline variants. Alignment values are reported same as mean of Table 1, and the result is about
Total Prescription. Judge model is Qwen3.5-122B. Score of HealthBench-Diabetes are also reported same as Table 3.

Total Prescription HB-Diabetes

Model Exact Match Insurance Overall Full Hard
Qwen3-14B 7.51 61.23 40.65 51.1 199
SFT without Planning 4.21 71.28 3748 54.0 18.6
SFT with Planning 3.25 70.03 39.54 511 174
SFT with Planning + RL 5.75 71.88 47.16 514 21.7
Meerkat-14B 6.83 67.41 4297 494 129
SFT without Planning 5.40 73.92 43.87 476 17.1
SFT with Planning 6.53 71.70 46.39 48.6 164
SFT with Planning + RL 8.25 71.26 47.54 515 19.6
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Table 14. Search analysis across models on 140 evaluation records. Search-Used/Total denotes the number of records with at least one
search call over the total number of records, Usage Rate is its percentage, # of Calls is the total number of search calls, Avg. Calls / Total

is the average number of search calls per record, and Avg. Calls / Search is the average number of search calls among records that used
search.

Model Search-Used/Total =~ Usage Rate (%)  #of Calls  Avg. Calls/ Total ~ Avg. Calls/ Search
GPT-5 37/140 26.4 85 0.607 2.297
Qwen3-14B 124/140 88.6 564 4.029 4.548
GLM-4.7-Flash (31B) 57/140 40.7 198 1.414 3.474
Kimi K2.5 (1.1T) 87/140 62.1 693 4.950 7.966
MedResearcher-R1-32B 125/140 89.3 1073 7.664 8.584
Meerkat-14B 10/140 7.1 16 0.114 1.600

SFT without Planning 21/140 15.0 29 0.207 1.381

SFT with Planning 18/140 12.9 32 0.229 1.778

SFT with Planning + RL 21/140 15.0 52 0.371 2.476

Table 15. Composition of the search corpora used for retrieval. # of Chunks counts chunked entries, and Avg. Tokens / Chunk reports the
mean chunk length measured with the c1100k_base tokenizer.

Source #of Chunks  Avg. Tokens / Chunk
Guideline 1593 415.5
Insurance 10 397.8
Drug Info 4403 473.9
UpToDate 9681 235.6

Corpus share among all search calls

100% - % 9
11% % 10% 8% 6% 10% Corpus
L Guideline
11% 19% 22% Insurance
80% 30% 5 24% 37% Drug Info
UpToDate
= 37%
X o/
o 60% 20%
g
g 27% 20% wn 79% 47%
0
3
§ 40% 79% G283
(s}
46% 47%
20% 38% 36%
31% 28%
21%
10%
0% T T T T T T T
5 5\ 3] . \
o 3,\5‘% >° o RS \,.’57'% AN® R © o x®
we® o> 2 & o A e e
Q a1 X ) «(\ﬁ RN W o < o =
o A Sl v B W
V,\ed S ’7‘?‘

Model

Figure 2. Corpus share across models. Each stacked bar represents the percentage breakdown of total search calls across corpora for a
given model, with segment labels indicating the corresponding share (%).
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