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Abstract
Large language models (LLMs) show strong reasoning abilities, but full retraining for the medical domain is often
infeasible because of lacking data or compute resources. We present DeeplCD-R1, a framework for efficient medical
reasoning fine-tuning that unites hierarchical rewards with distilled supervision. We reformulate ICD-10-CM prediction
as a reinforcement learning problem and design a hierarchical outcome-based reward that reflects the ICD code
structure across chapter, category, and full-code levels. In parallel, we publish a large-scale distilled dataset of
over 90k reasoning traces derived from MIMIC-IV admission notes, integrating clinical validation and official coding
guidelines. Fine-tuning smaller instruction-tuned LLMs with this data and GRPO reinforcement yields consistent
gains in diagnostic accuracy and reasoning coherence. Extensive ablations confirm that hierarchical supervision and
verifiable outcome rewards enable competitive, domain-specialized reasoning models without additional pretraining,

providing a reproducible foundation for clinical NLP research.
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1. Introduction

Large language models (LLMs) currently define the
state of the art across a wide range of NLP tasks.
However, only a few institutions possess the compu-
tational resources required to train such monolithic
foundation models. As an alternative, reasoning-
and test-time compute strategies offer scalable
pathways for domain specialization. These meth-
ods allow adaptation of existing LLMs, leveraging
the extensive world knowledge already embedded
in their parameters. Consequently, large reasoning
models (LRMs) have become a new frontier in lan-
guage model intelligence, achieving breakthroughs
in domains such as mathematics and programming
(Ye et al., 2025; Muennighoff et al., 2025; Zhou
et al., 2023).

Reinforcement-based post-training methods rep-
resent a promising direction, shifting the focus
from static pretraining data to tasks with verifiable
rewards. Verifiable rewards allow automatic cor-
rectness checking, enabling models to iteratively
explore solution spaces and overcome the limita-
tions of fixed datasets. A central open question is
whether such reasoning capabilities can generalize
beyond formal domains toward clinical reasoning
(Wu et al., 2025; Chen et al., 2025; Wang et al.,
2024), in which interpretability and verifiability are
crucial. In clinical settings, diagnostic reasoning
processes typically follow a hierarchical structure,
progressing from the identification of a general dis-
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Figure 1: Structure of the ICD-10-CM code hierar-
chy. Each code can contain up to seven characters,
with additional digits indicating progressively higher
diagnostic specificity.

ease area to increasingly specific diagnostic cate-
gories.

Building on this clinical reasoning hierarchy, this
work introduces DeeplCD-R1, a framework for effi-
cient medical reasoning using fine-tuning and re-
inforcement learning with verifiable hierarchical re-
wards. We demonstrate, for the first time, that
without additional domain-specific pretraining and
using verifiable rewards derived from structured di-
agnostic codes, reasoning-oriented post-training
successfully improves a model’s capabilities on the
clinical core task of outcome prediction (van Aken
et al., 2021; Réhr et al., 2024). Figure 2 shows
an overview of our complete framework. We make
three key contributions:
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Figure 2: Overview of the full framework. We train a large base LLM on MIMIC-IV admission notes using
GRPO, guided by dedicated reward functions and evaluation tasks. This process yields DeeplCD-R1-
zero-32B. Leveraging this model and external ICD knowledge, we construct a novel reasoning dataset.
Smaller models are then fine-tuned on this dataset and further optimized with our reward functions,

resulting in DeeplCD-R1-7B.

1: Hierarchical outcome-based reward design.
We design a hierarchical reward function that mir-
rors the structured nature of ICD codes. It reflects
partial correctness across chapter, category, and
full code levels, enabling interpretable performance
analysis along the ICD hierarchy, see also Figure
1.

2: Distilled dataset for reasoning fine-tuning.
We construct a large-scale reasoning dataset de-
rived from MIMIC-1V admission notes, combining
hierarchical reasoning with clinical validation and
additional ICD coding information. This MIMIC-
Reason dataset provides 93k reasoning samples
over 6k unique codes and supports supervised fine-
tuning that substantially improves both diagnostic
accuracy and reasoning coherence.

3: Reinforcement learning design study for
clinical outcome prediction. We systematically
evaluate reinforcement-based fine-tuning for clin-
ical reasoning using Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024b). Through
ablation experiments on reward components and
response length, combined with qualitative and
descriptive analyses, we identify key design chal-
lenges specific to outcome prediction from admis-
sion notes. All code, including data processing
pipelines and reward functions, as well as trained
models and the SFT dataset, will be publicly re-
leased via GitHub, HuggingFace, and PhysioNet
to ensure reproducibility.!

"https://github.com/DATEXIS/DeepICD-R1

2. Related Work

Large Reasoning Models (LRMs). Large lan-
guage models have recently evolved into large rea-
soning models (LRMs) that explicitly optimize for
multi-step reasoning. Chain-of-thought prompting
improves problem solving by eliciting intermediate
steps (Wei et al., 2022). Reinforcement-based
post-training methods, including Reinforcement
Learning from Human Feedback (RLHF) (Ouyang
et al.,, 2022) and Proximal Policy Optimization
(PPO) (Schulman et al., 2017), further align models
with reasoning-oriented objectives. While PPO re-
mains a standard approach, its actor-critic design in-
curs high computational cost, limiting scalability for
reasoning-heavy objectives. Recent work such as
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024a) and DeepSeek-R1 (DeepSeek-Al
et al., 2025) reduces the cost of policy optimiza-
tion while maintaining reasoning fidelity, demon-
strating that structured reasoning traces and veri-
fiable rewards can replace full re-training. GRPO
substitutes the critic with a group-relative reward
estimator. Given a prompt, the actor generates mul-
tiple candidate outputs that are scored using static
reward functions. Each output’s advantage is com-
puted relative to the group mean, and the model is
updated toward higher-performing outputs. Thus,
GRPO eliminates the need for a value network,
substantially reducing computational demand while
maintaining stable learning. These developments
form the foundation for scalable reasoning adapta-
tion, motivating our use of GRPO-based fine-tuning
for clinical reasoning with verifiable rewards.
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Medical Reasoning and Clinical Alignment.
Adapting LRMs to medicine requires factual ground-
ing, interpretability, and safety. Foundation models
such as Med-PaLM (Singhal et al., 2023, 2025)
achieve strong QA performance after supervised
and feedback-based tuning but remain limited
by static supervision. More recent efforts like
HuatuoGPT-01 (Chen et al., 2025), MedReason
(Wu et al., 2025), and DiReCT (Wang et al., 2024)
incorporate reasoning traces through LLM genera-
tion, medical knowledge graphs, or human annota-
tion. While these works improve interpretability for
multi-hop question answering, they rely on curated
reasoning data or heuristic verification. In contrast,
our approach introduces hierarchical, automatically
verifiable rewards based on ICD-10-CM structure,
enabling reinforcement learning without domain-
specific pretraining or costly human evaluation for
a single label differential diagnosis setting (Pearn,
2022).

Outcome Prediction vs. ICD Coding. Predicting
discharge diagnoses from admission information
extends beyond automated ICD coding (Mullen-
bach et al., 2018). Unlike ICD Coding, which maps
completed clinical notes to known diagnoses, out-
come prediction requires reasoning about uncertain
disease trajectories (van Aken et al., 2021; Réhr
et al., 2024). Existing approaches rely on encoder-
based or metric-learning architectures (van Aken
et al., 2022; Figueroa et al., 2024) but lack inter-
pretable reasoning traces. Grundmann et al. (2025)
recently assessed generative models for this task,
yet without post-training. By framing outcome pre-
diction as a reinforcement problem aligned with the
ICD hierarchy, we provide structured intermediate
supervision that fosters both interpretability and
verifiable evaluation.

Positioning DeepICD-R1. Our framework,
DeeplCD-R1, unifies for the first time reasoning-
based post-training with 1CD-10-CM clinical
outcome prediction. It introduces (i) hierarchical
outcome rewards reflecting ICD structure and (ii)
a distilled reasoning dataset built from admission
notes and external medical knowledge. Unlike prior
medical LRMs that depend on static QA datasets
or heuristic verifiers, DeeplCD-R1 leverages
verifiable, structured signals to guide reasoning.
Therefore, it represents the first integration of
reasoning-oriented reinforcement learning and
hierarchical outcome-grounded supervision in the
clinical domain.

3. Diagnostic Reasoning Model

This section introduces the methods and resources
used to study reasoning-oriented ICD-10-CM di-

agnosis prediction at admission time. We first out-
line, the objective and reward functions used during
post-training, followed by the hierarchical prediction
tasks, and finally describe our novel data resources.

3.1.

We extend the work from van Aken et al. (2021)
and reformulate clinical outcome prediction as a
multi-class generation task in the ICD-10-CM code
space using MIMIC-IV admission notes (Johnson
et al., 2024, 2023; Goldberger et al., 2000). We
use only records from the hosp split and exclude
sections containing diagnostic or treatment informa-
tion to prevent label leakage. The first annotated
diagnosis code is taken as the outcome target, as
the ordering of codes in MIMIC-IV approximately
reflects their relative clinical relevance (Johnson
et al., 2023).

To enable GRPO post-training, we implement
three complementary rewards: a format reward,
a hierarchical outcome reward, and a LLM-as-a-
judge reward.

Reward Functions and Tasks

Format reward. The model is rewarded for pro-
ducing reasoning traces enclosed in <think>
tags, followed by a diagnosis enclosed in
<diagnosis> tags. To obtain a positive reward
the outputs needs to satisfy two regular expres-
sions: The first regular expression checks for
exactly one <think>...</think> block and
one <diagnosis>...</diagnosis> block, al-
lowing arbitrary text inside each tag. Sec-
ond, text within the <diagnosis> tags must
further match the ICD-10-CM format pattern
~"[A-Z]1[0-9]1{2}[A-20-9]{0,4}s.

Hierarchical outcome reward. As Equation 1
shows, we leverage the ICD hierarchy (Figure 1) to
compute partial credit based on prefix digit overlap
opre iz DEtWeEenN prediction p and ground truth g:

T:M+| Opreﬁx(g7p)_2| (1)
9]

Note that we award special bonuses for reaching
three and more correct digits, since the first three
digits already encapsulate important diagnostic in-
formation in an ICD code (Hirsch et al., 2016). To
encourage the model to predict more than three dig-
its, we linearly scale this bonus for each additional
digit after.

LLM-as-a-judge reward. To improve reasoning
clarity and consistency, an external LLM from a dif-
ferent model family scores outputs on a 1-5 scale
based on the admission note, predicted diagnosis,
and our auxiliary ICD-10-CM information. Instead
of the ground-truth diagnosis, we use the predicted
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diagnosis to retrieve the symptom explanation and
specific guidelines chapter. This ensures that the
auxiliary signal encourages concise, interpretable
reasoning aligned with clinical expectations, in re-
spect to the predicted diagnosis.

Hierarchical ICD-10-CM prediction tasks. To
evaluate reasoning quality, we introduce three hier-
archical prediction tasks based on the same MIMIC-
IV admission notes: chapter-, category-, and full-
code prediction (Table 1). Each task is multi-class,
with an added NIL label for out-of-distribution pre-
dictions at non-chapter levels.

Task ICD Level # Classes
Chapter 1-2 digits 21
Category 3 digits 1115
Full Diagnosis ~ 4-7 digits 6369

Table 1: ICD-10-CM hierarchical prediction tasks.

3.2. Data Resources

General instruction-tuned models lack the clini-
cal grounding, hierarchical structure, and domain-
specific reasoning patterns required for reliable out-
come prediction. To overcome these limitations,
we construct dedicated data resources that pro-
vide factual grounding and verifiable supervision:
enriched ICD-10-CM metadata and a supervised
fine-tuning (SFT) dataset of reasoning traces de-
rived from the MIMIC-1V admission notes. These
resources enable GRPO to operate on structured,
clinically meaningful signals.

ICD-10-CM symptom descriptions and coding
guidelines. We compile public symptom explana-
tions and official coding guidelines to enrich reason-
ing and reward functions. Symptom descriptions
were scraped from a verified national health por-
tal® after confirming scraping permissions. These
cover 11,788 ICD-10-CM codes (163 three-digit,
6,562 four-digit, and 5,063 five-digit entries) with an
average of 132 words per description. While there
is at least one description for each ICD chapter, Fig-
ure 3 shows a distribution skewed toward Chapter
Xl (musculoskeletal diseases) and Chapter XIX
(injuries and poisoning). Official ICD-10-CM cod-
ing guidelines® were parsed into structured JSON
format by chapter for efficient retrieval during rea-
soning and data generation.

Supervised Fine-Tuning (SFT) dataset. Stan-
dalone GRPO training may degrade reasoning flu-

2https://gesund.bund.de/
Shttps://www.cms.gov/files/document/
fy-2025-icd-10-cm-coding-guidelines.pdf
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Figure 3: Distribution of scraped symptom descrip-
tions across ICD-10-CM chapters. The highest
variance occurs in Chapters Xl and XIX, indicat-
ing uneven coverage of diagnostic domains.

ency or produce malformed traces (DeepSeek-
Al et al.,, 2025). To alleviate these problems,
DeepSeek-Al et al. (2025) propose to initialize
GRPO fine-tuning from a supervised model trained
for the same reasoning objective. Following the
same approach, we train an initial GRPO model
to produce structured reasoning and predictions
as described in subsection 3.1. We then use this
checkpoint to generate reasoning traces for admis-
sion notes paired with their first annotated diagno-
sis code. To increase validity and consistency, we
incorporate the code specific scraped symptom de-
scription and chapter guidelines to the prompt dur-
ing generation. The dotted lines within the Training
block in Figure 2 indicate this process. The result-
ing dataset contains 93,142 samples across 6,368
unique codes, with an average reasoning length of
477 words, as shown in Table 2.

Metric Value
Samples 93,142
Unique codes 6,368
Mean trace length 477.3 words

Min / Max trace length 31 / 883 words

Table 2: Statistics of the SFT dataset for reasoning-
based ICD-10-CM prediction.

4. Experimental Setup

This section outlines the experimental configuration
for the ICD-10-CM diagnosis prediction (subsec-
tion 3.1) using both reinforcement learning (GRPO)
and supervised fine-tuning (SFT). We apply strati-
fied sampling (Parsons, 2017) to produce train, test,
and validation splits and report 65,228, 18,654, and
9,260 samples within each split, respectively.

4.1. Training Environment

GRPO. Reinforcement learning experiments are
conducted with the open-source framework Ver/
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(Sheng et al., 2025), following hyperparameter rec-
ommendations from its official repository.* Each
model is trained with an effective batch size of 64
and 8 rollouts per update, with the temperature set
to 0.9. The KL regularization term is disabled, con-
sistent with the open-source DAPO setup (Yu et al.,
2025). We retain the default entropy coefficient and
learning rate schedule provided by Verl.

SFT. Supervised fine-tuning is performed using
the trl library (von Werra et al., 2020). Models are
trained for one epoch with an effective batch size of
32 and a learning rate of 2 x 10~° using the AdamW
optimizer (Loshchilov and Hutter, 2017). A linear
warm-up of 100 steps is applied.

To ensure consistent generation behavior across
settings, training and inference are executed with
vLLM (Kwon et al., 2023) using identical decoding
parameters.

4.2. Models

We evaluate models from two widely used open-
source families, namely Qwen2.5 and Llama3.1,
alongside derivatives fine-tuned for medical reason-
ing and clinical question answering. All models are
instruction-tuned, since base versions were found
unable to follow the required reasoning—diagnosis
output format.

From the Qwen series, we use Qwen2.5-7B-
Instruct and Qwen2.5-32B-Instruct (Qwen et al.,
2025). We omit Qwen3 due to computational con-
straints and to maintain comparability across ex-
periments conducted before its release. Qwen2.5
remains a strong baseline for reasoning-oriented
tasks and has extensive open-source support.

Within the Llama family, we include Llama3.1-
8B-Instruct (Grattafiori et al., 2024).

In addition, we evaluate two reasoning-
specialized medical models: HuatuoGPT-01-7B
(Chen et al. (2025), based on Qwen2.5-7B) and
MedReason-8B (Wu et al.,, 2025), based on
HuatuoGPT-01-8B, which in turn is based on
Llama3.1-8B. Although these models were not
designed for ICD prediction, their training on
clinical reasoning tasks provides an informative
test of transfer to structured diagnostic prediction.

5. Experimental Results and
Discussion

In this section we report the quantitative results
for hierarchical ICD-10-CM prediction and analyze
how reasoning-oriented fine-tuning affects diagnos-
tic performance. Additional studies examine hier-

*https://github.com/volcengine/verl/
tree/main/examples/grpo_trainer

archical performance trends, the impact of reason-
ing traces in supervised-finetuning, and qualitative
properties of generated traces.

5.1.

We evaluate performance at chapter, category, and
full code level of the ICD-10-CM hierarchy using
macro-averaged precision, recall, and F1.

Table 3 summarizes all metrics across all tasks.
Overall, reasoning-oriented post-training substan-
tially improves diagnostic accuracy compared to
instruction-tuned baselines.

Quantitative Results

Baseline comparison. Among instruction-tuned
models, Qwen2.5-32B-Instruct achieves the high-
est baseline F1 across all hierarchy levels, fol-
lowed by Qwen2.5-7B-Instruct. HuatoGPT-o1-
7B, which is based on Qwen2.5-7B, ranks third.
Llama3.1-8B-Instruct and MedReason-8B per-
form considerably worse, since they often do not
adhere to the required <think>-<diagnosis>
structure.

Joint SFT + GRPO yields highest performance.
The Llama3.1-8B-Instruct (SFT + GRPO) model
achieves the best results across all hierarchy levels,
surpassing its baseline by +42.4 F1 at the chapter
level, +14.2 F1 at category level, and +4.3 F1 at
the full-code level. Once fine-tuned with reasoning
supervision, the Llama model learns to follow the
structured output format and excels. The Qwen2.5-
7B-Instruct (SFT + GRPO) model ranks second,
confirming the consistency of improvements across
architectures.

SFT is essential for detailed code prediction.
Within the Qwen2.5 family, shown here as a repre-
sentative example, we observe that the 7B model
performs moderately at the chapter level (39.4 F1)
but nearly fails for category (3.4 F1) and full-code
(0.2 F1) prediction. The larger 32B variant of-
fers only limited gains for chapter- and full-code
level (10.4 F1 and 0.9 F1). Supervised fine-tuning
achieves gains of up to 17.5x relative to instruction-
tuned baselines and markedly outperforms GRPO-
only training (+255.8% vs. +44.1% F1 at the Cate-
gory level), underscoring that fine-grained diagnos-
tic prediction requires explicit supervision beyond
instruction or reward optimization.

Effect of domain-specific pretraining. Medical
reasoning models such as MedReason-8B and
HuatuoGPT-01-7B perform worse than their non-
medically-fine-tuned counterparts Qwen2.5-7B and
Llama3.1-8B, despite their strength in clinical QA
tasks. Their focus on factual question answering
rather than forward reasoning limits transferability
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Chapter Category Full Code
Model Name R P F1 R P F1 R P F1
Baselines
Qwen2.5-7B-Instruct | 39.0 44.8 39.4 | 4.0 47 34 |03 05 0.2
Qwen2.5-32B-Instruct | 42.2 491 435 | 120 134 104 |13 14 0.9
Llama3.1-8B-Instruct | 14.6 43.0 17.1 1.2 42 14 |01 0.2 01
MedReason-8B 151 433 178 | 1.9 65 25 |01 0.2 01
HuatuoGPT-01-7B 372 419 376 | 3.9 46 33 [ 02 03 0.2
GRPO
Qwen2.5-7B-Instruct | 45.6 49.6 439 | 6.4 60 49 |05 06 04
Qwen2.5-32B-Instruct | 49.6 56.1 498 | 151 139 126 |15 14 1.1
SFT
Qwen2.5-7B-Instruct | 48.3 57.3 48.9 | 13.1 13.0 121 |43 36 3.5
Llama3.1-8B-Instruct | 51.1 61.5 529 | 146 162 14.0| 51 4.0 3.9
SFT + GRPO
Qwen2.5-7B-Instruct | 55.0 61.4 545 | 161 156 144 |56 39 3.9
Llama3.1-8B-Instruct | 59.1 64.6 595 | 171 18.0 156 | 6.4 4.2 43

Table 3: Recall-, Precision-, and F1-macro results for non-finetuned models, as well as models fine-tuned
in a supervised manner (SFT) and through reinforcement learning (GRPO). Training with both SFT and
GRPO outperforms models using only one training scheme. Both models trained with SFT consistently
match or outperform a model 4x their size trained with GRPO. SFT is especially helpful for full code
prediction, where GRPO lacks. Overall, the more specific the ICD code, the more performance declines

over all settings.

to diagnostic forecasting. This emphasizes the
need for specialized diagnostic large reasoning
models.

Ablation study results. We conducted ablation
experiments to assess the contribution of individual
reward components and response length settings.
The following observations summarize their effects:

Outcome and format rewards are essential.
GRPO training fails to converge when either com-
ponent is removed. Without the format reward, pre-
dictions cannot be properly structured or evaluated;
without the outcome reward, the model receives no
meaningful learning signal for accurate ICD-10-CM
code generation.

LLM-as-a-judge enhances reasoning quality.
Models trained solely with outcome and format
rewards achieve competitive quantitative perfor-
mance but exhibit a collapse in reasoning quality.
Their reasoning traces often degenerate into super-
ficial or even nonsensical outputs, offering no inter-
pretive value for medical professionals. Incorporat-
ing the augmented LLM-as-a-judge reward restores
coherent and structured reasoning while maintain-
ing predictive accuracy, as the model learns to sat-
isfy both outcome- and reasoning-oriented objec-
tives.

Longer traces add redundancy rather than di-
versity. Increasing the maximum response length
leads to repetitive reasoning rather than novel in-
sights, reducing both readability and performance
on evaluation tasks. These observations are con-

sistent with similar findings in Zhang and Zuo
(2025), Huang et al. (2025), and Hassid et al.
(2025).

5.2. Discussion

Impact of Chapter Imbalance on Model Perfor-
mance. Figure 4 shows the distribution of sam-
ples across ICD-10-CM chapters in our generated
reasoning dataset and the corresponding model
performance. As in the original MIMIC-IV dataset,
we observe a pronounced class imbalance: the
two most frequent chapters account for one third of
all samples, while the least frequent tercile spans
13 chapters. Model performance mirrors this dis-
tribution, with markedly lower F1 for less frequent
chapters, like rare congenital or genetic conditions
(Chapter XVII). This pattern aligns with findings
from previous encoder-based approaches (Réhr
et al., 2024; Figueroa et al., 2024) and indicates
that the extensive pre-training of LLMs alone does
not mitigate long-tail effects. We conjecture that
a modular architecture of models trained on tar-
geted subsets may outperform the single, central-
ized model of current approaches.

Reasoning traces improve supervised fine-tun-
ing. To test whether performance gains stem from
reasoning supervision or outcome-only tuning, we
fine-tuned baseline models on (i) reasoning + out-
come and (ii) outcome-only targets. Table 4 shows
that removing reasoning traces leads to large F1 de-
clines, in some cases below baseline performance.
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Figure 4: Distribution of samples per ICD-10-CM
chapter in the MIMIC-Reason dataset. The imbal-
ance is evident: one third of all cases stem from
only two chapters, while the final third spans 13
chapters with considerably worse performance.

Chapter | Category | Full Code
Model \ F1 F1 F1
Baselines
Qwen 39.0 3.4 0.2
Llama 171 1.4 0.1
SFT - Trace + Outcome
Qwen 48.9 12.6 3.5
Llama 52.9 14.0 3.9
SFT - Outcome only
Qwen 19.6 1.1 0.1
Llama 23.9 1.0 0.1

Table 4: Comparison of Qwen2.5-7B-Instruct and
Llama3.1-8B-Instruct as baseline, supervised fine-
tuned on outcome with traces, and on outcome only.
The results strongly suggest that models benefit
from our traces in supervised fine-tuning. In the
case of Qwen, training without traces even harms
the model.

This indicates that explicit reasoning steps guide
models toward more reliable diagnostic represen-
tations and calibration.

Descriptive review of reasoning coverage. Fig-
ure 5 illustrates the relation between an input ad-
mission note and the reasoning trace produced by
DeeplCD-R1-7B for a synthetic case from MTSam-
ples.®

The model captures most patient information but
omits several details relevant for clinical assess-
ment. We see in Figure 5 that the reasoning fol-
lows a structured progression resembling human
diagnostic logic (Réhr et al., 2025): initial aggre-
gation of subjective symptoms (steps 1-2 in Fig-
ure 5), integration of objective examination findings

Shttps://www.mtsamples.com

(3), and final synthesis into a diagnostic conclu-
sion (4). Descriptively, this output demonstrates
strong grounding between the extracted evidence
and the predicted diagnosis. However, without ex-
ternal verification or expert review, some reasoning
segments may only appear plausible rather than
clinically valuable.

Qualitative clinician assessment. A qualitative
evaluation with clinicians compared DeeplCD-R1-
7B (SFT+GRPO), DeeplCD-R1-zero-32B (GRPO
only), and the Qwen2.5-32B-Instruct baseline, fo-
cusing on cases in which DeeplCD-R1-7B under-
performed quantitatively. Clinicians provided struc-
tured feedback on reasoning quality, interpretability,
and clinical plausibility. Key observations include:

Premature diagnostic closure. As illustrated
in Figure 5, DeeplCD-R1-7B frequently infers a di-
agnosis at the beginning of its reasoning process.
Clinicians confirmed that in incorrect cases, sub-
sequent reasoning tends to retroactively justify this
early hypothesis, occasionally introducing minor
hallucinations or inconsistent causal links.

Emergent clinical reasoning in DeeplCD-R1-
zero-32B. Clinicians indicated that DeeplCD-R1-
zero-32B often produces coherent reasoning traces
that identify and contextualize symptoms, despite
lacking supervision. In contrast, the Qwen2.5-32B
baseline generates denser textual summaries but
provides less interpretive linkage between symp-
toms and diagnosis.

Lack of awareness of diagnostic significance.
Across all reviewed cases, clinicians observed that
the models often failed to recognize the clinical
severity or implications of a diagnosis. For instance,
the model may predict angina when the described
symptoms clearly indicate unstable angina, a more
critical condition requiring urgent care.

Preference for concise reasoning. Clinicians
consistently favored shorter, well-structured traces,
citing improved interpretability and a lower risk of
hallucinated content.

Overall, while DeeplCD-R1-7B achieves the
highest quantitative accuracy, it performs less fa-
vorably in qualitative evaluation due to its tendency
toward premature diagnostic closure and limited
awareness of diagnostic severity. Clinicians gen-
erally preferred the DeeplCD-R1-zero-32B model
for its concise, contextually grounded reasoning,
despite its more limited diagnostic depth. These
findings suggest that future reasoning-oriented clin-
ical models must not only improve interpretability
and factual grounding but also develop a calibrated
understanding of disease severity and clinical sig-
nificance.
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https://www.mtsamples.com

Admission Note input

CHIEF COMPLAINT: Chest pain and fever.

PRESENT ILLNESS: This 65-year-old female
presents in the emergency room after two days
of increasing fever with recent diagnosis of
urinary tract infection on outpatient treatment
with nitrofurantoin. The patient noted feeling
weak earlier on Monday morning, had an
episode of substernal chest discomfort that was
associated with nausea, dizziness, and
sweating. The patient does have a past medical
history of DMII. In addition, the patient
complained of some neck and head discomfort
for which she underwent a lumbar puncture in
the emergency room; this was normal, causes
turned out to be normal as well. The patient
denies nosebleed, visual changes, nausea,
vomiting, diarrhea or changes in bowel habits.
She has not had any musculoskeletal or
neurological deficits. She denies any rashes or
skin lesions.

PHYSICAL EXAMINATION: On  admission,
temperature 99.4 degrees F., blood pressure
137/60, pulse 90 and regular without ectopy,
respiratory rate 20 without unusual respiratory
effort.

SOCIAL HISTORY: She is married and does not
smoke or drink nor did she ever.

I:l: Directly supported by Admission Note

I:l: Novel clinical interpretation
I:l : Not covered by model

DeepICD-R1 output

<think>

The ICD-10-CM code A419 is assigned for sepsis, [...], let's break
down the relevant evidence and clinical reasoning:

1. **Chief Complaint and Symptoms**:

- The patient presents with chest pain and fever. [...] The fever
is a critical sign pointing towards sepsis. Additionally, the chest
pain described could be due to the inflammatory response seen in
sepsis, which can cause chest discomfort.

2. **Medical History and Presentation**:

- The patient has a history of urinary tract infection (UTI),
currently on treatment with nitrofurantoin. [...]

- The symptoms described (fever, dizziness, sweating, nausea)
are all consistent with the body's inflammatory response to a
systemic infection. [...]

- The patient's vital signs [...] are indicative of a systemic
inflammatory response syndrome, which is typical in sepsis.

- The lack of specific neurological, musculoskeletal, or
gastrointestinal deficits further supports that the symptoms are
due to systemic infection rather than localised issues.

3. **Laboratory Findings and Diagnostic Procedures**:

- Although the lumbar puncture was normal, this rules out
meningitis as a cause of the systemic symptoms [...].

- The normal lumbar puncture results also suggest that the
patient's symptoms are not due to a central nervous system
infection [...].

4. **Clinical Inference and Code Assighment**:

- The patient's clinical presentation with fever, weakness, chest
pain, and the known history of urinary tract infection strongly point
towards a systemic infection originating from a urinary source. [...]

- The symptoms and clinical progression described fit well with
the progression of a urinary tract infection to sepsis.[...]

- The patient's history and presentation point directly to the
specific infectious source and subsequent systemic involvement
consistent with sepsis.

[...]

In conclusion, the evidence strongly supports the assignment of
the ICD-10-CM code A419, which corresponds to sepsis,
unspecified, due to a urinary tract infection, in this patient. This
code accurately reflects the clinical picture as described in the
admission note.

</think>

<diagnosis>

A419

</diagnosis>

Figure 5: Analysis of a synthetic admission note and the corresponding reasoning trace generated by
DeepICD-R1-7B. Text directly supported by the admission note is highlighted in green, model-generated
clinical inferences in blue, and information from the note not reflected in the reasoning trace in red. The
model successfully grounds most extracted evidence in the source text, though certain clinically relevant

details remain unaddressed.

6. Conclusion

We introduced DeepICD-R1, a dataset and frame-
work for training large reasoning models (LRMs)
on hierarchical ICD-10-CM outcome prediction.
Our approach combines Group Relative Policy
Optimization (GRPO) with outcome- and process-
based reward functions to enable verifiable, clini-
cally grounded reasoning without domain-specific
pretraining. We further curated complementary
resources to enhance reward computation and su-
pervised fine-tuning (SFT) data generation.
Through extensive experiments, we demon-
strated that models only trained with both, our SFT
data and hierarchical rewards, outperform all base-
lines in both reasoning quality and diagnostic accu-
racy. We analyzed the effects of class imbalance

on performance, highlighting the need for data-
aware training strategies. Our results further show
that reasoning traces, rather than fine-tuning alone,
drive substantial performance improvements. Fi-
nally, we presented examples of model-generated
reasoning traces and discussed qualitative charac-
teristics, like premature diagnostic closure and lack
of awareness for diagnostic significance.

Future Work Future research on DeeplCD-R1
should address several remaining challenges in
diagnostic reasoning.

« Clinician feedback revealed that generated ex-
planations can appear plausible while omitting
critical differential diagnoses; incorporating in-
reasoning verification modules to assess diag-
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nostic validity during generation could enhance
trustworthiness.

» While the model performs strongly at the chap-
ter level, performance declines for fine-grained
category and full-code prediction due to data
imbalance. Addressing this limitation may re-
quire improved supervised fine-tuning initial-
ization, more diverse reward formulations, and
further data augmentation.

+ Extending the framework toward multi-label
reasoning, where models infer interdependent
comorbidities rather than a single diagnosis,
would better reflect real-world clinical complex-
ity and move clinical LRMs closer to practical
utility.

7. Ethical Considerations

All data used in DeeplCD-R1 come from de-
identified MIMIC-IV records under the PhysioNet
data-use agreement. No identifiable patient infor-
mation was accessed or generated. The model
is a research prototype and must not be used for
real-world diagnosis or clinical decision-making.
Generated reasoning traces can appear plausible
but may contain clinically incorrect statements. Bi-
ases inherent in MIMIC-IV—including demographic
and disease-frequency skew—may propagate to
model outputs. Future work should include bias
auditing and fairness-aware fine-tuning. All code,
reward functions, and processing scripts will be re-
leased for transparency and reproducibility, while
derived reasoning data will remain under research-
only terms to ensure privacy compliance.

8. Limitations

Despite its convincing results, DeeplCD-R1 has
several limitations. First, all experiments rely
on English-language MIMIC-IV admission notes.
While this corpus is widely used, its institutional and
demographic bias limits generalizability to other
healthcare settings and languages. Second, the
ICD-10-CM label space is highly imbalanced. Rare
codes receive limited supervision, and although hi-
erarchical rewards mitigate this effect, long-tail con-
ditions remain difficult to model reliably. Third, the
reasoning traces, while coherent and interpretable,
are not guaranteed to be clinically correct. Some
explanations may contain subtle factual errors or
reflect confirmation bias toward early diagnostic hy-
potheses. Fourth, the reinforcement learning signal
is derived from automatically verifiable rewards and
an LLM-as-a-judge metric. These scalable prox-
ies lack the depth of expert clinical feedback and
may overlook safety-critical reasoning flaws. Fi-
nally, GRPO fine-tuning, though more efficient than

full retraining, still demands significant compute
and parameter tuning, which may limit accessibility
for smaller research groups.
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