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Abstract

Improving large language models (LLMs) for electronic
health record (EHR) reasoning is essential for enabling accu-
rate and generalizable clinical predictions. While LLMs excel
at medical text understanding, they underperform on EHR-
based prediction tasks due to challenges in modeling tempo-
rally structured, high-dimensional data. Existing approaches
often rely on hybrid paradigms, where LLMs serve merely as
frozen prior retrievers while downstream deep learning (DL)
models handle prediction, failing to improve the LLM’s in-
trinsic reasoning capacity and inheriting the generalization
limitations of DL models. To this end, we propose EAG-RL,
a novel two-stage training framework designed to intrinsi-
cally enhance LLMs’ EHR reasoning ability through expert
attention guidance, where expert EHR models refer to task-
specific DL models trained on EHR data. Concretely, EAG-
RL first constructs high-quality, stepwise reasoning trajecto-
ries using expert-guided Monte Carlo Tree Search to effec-
tively initialize the LLM’s policy. Then, EAG-RL further op-
timizes the policy via reinforcement learning by aligning the
LLM’s attention with clinically salient features identified by
expert EHR models. Extensive experiments on two real-world
EHR datasets show that EAG-RL improves the intrinsic EHR
reasoning ability of LLMs by an average of 14.62%, while
also enhancing robustness to feature perturbations and gen-
eralization to unseen clinical domains. These results demon-
strate the practical potential of EAG-RL for real-world de-
ployment in clinical prediction tasks.

Code — https://github.com/devilran6/EAG-RL

1 Introduction
Large Language Models (LLMs) have shown strong capa-
bilities across a wide spectrum of unstructured medical text
processing tasks such as clinical note classification and re-
port summarization (Jahan et al. 2024; Chen et al. 2023;
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<Final Subquestion> What is the Likeli-
hood of in-hospital death?  </Final 
Subquestion> <Final Answer> 
High risk (0.75) </Final Answer>
<Important Features> Hypotension, 
Heart Rate , … </Important Features> 

<Subquestion1> Signs of sepsis or 
hemodynamic instability? </Subquestion1>
<Answer> Fever, tachycardia, hypotension 
suggests sepsis </Answer> 

<Subquestion2> Any respiratory failure 
or deterioration? </Subquestion2>
<Answer>Tachypnea, bradypnea, O₂ drop 
despite support Respiratory
compromise</Answer> 
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</Subquestion> and <Answer>...</Answer>
. When ready, conclude with
<Final subquestion>...</Final subquestion> 
and output Important features in 
<Important Features>...</Important 
Features>, Final prediction in <Final 

Answer>...<Final Answer>…

Figure 1: (a) Physician-inspired subquestioning, (b) Guiding
attention via expert.

Zhou et al. 2023), showing potential to assist physicians in
accurate diagnosis (Zhang et al. 2025; Liu et al. 2024; Xu
et al. 2025c) and treatment planning (Jiang et al. 2023b).

While effective in above tasks, LLMs still underperform
on clinical prediction tasks based on Electronic Health
Records (EHR) (Brown et al. 2024; Chen et al. 2024a; Liao
et al. 2025), which contain time-series values prevalent in
healthcare systems and convey crucial physiological sig-
nals of patient health. Recent studies (Brown et al. 2024;
Chen et al. 2024a; Wang et al. 2023; Fang et al. 2023) show
that conventional deep learning models, referred to as expert
EHR models due to their task-optimized architectures, re-
main the dominant choice for clinical prediction. Although
significantly outperforming LLMs on EHR tasks (Zhu et al.
2024a), their reliance on fixed input schemas renders them
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brittle to variations in feature order, availability, and encod-
ing, which are common across institutions with heteroge-
neous EHR systems and ultimately limit their generalizabil-
ity. LLMs, by contrast, exhibit stronger generalization and
hold promise as unified reasoning engines capable of learn-
ing transferable paradigms for robustly interpreting hetero-
geneous EHR data. Yet most existing approaches (Jiang
et al. 2023a; Xu et al. 2025b, 2024; Nguyen et al. 2024;
Zhu et al. 2024b) adopt hybrid, tool-using paradigms, where
LLMs serve primarily as static prior retrievers, while down-
stream expert models handle final prediction, failing to im-
prove the LLM’s intrinsic reasoning capacity and inheriting
traditional models’ generalization limits. This gap highlights
the urgent need to intrinsically strengthen LLMs’ EHR
reasoning capacity for clinical decision-making.

Recently, Reinforcement Learning (RL) (Sutton, Barto
et al. 1999; Kaelbling, Littman, and Moore 1996) has
emerged as a powerful paradigm to enhance reasoning ca-
pacity, with models like OpenAI-O1 (OpenAI 2025) and
DeepSeek-R1 (Guo et al. 2025a) achieving strong perfor-
mance through learned stepwise reasoning policies. Inspired
by these advances, we ask: Can RL similarly benefit LLMs
in EHR-based clinical prediction tasks? Notably, real-world
clinical prediction reflects a hypothetico-deductive reason-
ing process (Norman and Eva 2010), where physicians iter-
atively pose diagnostic subquestions and integrate evidence
through stepwise reasoning to reach a well-supported con-
clusion. This leads to our first motivation(Figure 1(a)): M#1.
To enhance LLMs’ EHR reasoning capacity via RL by im-
itating physicians’ hypothesis refinement through stepwise
subquestioning and evidence integration.

However, the high-dimensional and temporally evolving
nature of EHR demands reasoning policies that can dy-
namically attend to clinically salient features, similar to
how physicians iteratively analyze important features by as-
sessing their trends and clinical implications. Yet, sparse
outcome rewards provide limited guidance for learning
such fine-grained attention behaviors. Interestingly, prior
works (Ma et al. 2023; Xu et al. 2023a,b) show that
transformer-based expert EHR models can capture clinically
salient features through attention mechanisms. This insight
motivates us to distill the attention patterns of expert EHR
models as auxiliary reward signals, guiding LLMs to assign
greater focus to clinically salient features during training.
This leads to our second motivation(Figure 1(b)): M#2. To
distill attention from expert EHR models to guide LLMs in
attending to clinically salient features.

These dual motivations give rise to our central goal: to
enhance LLMs’ EHR reasoning capabilities via expert-
attention guided RL. However, realizing this goal remains
unexplored and faces substantial challenges:
❶ Challenge#1: How to construct high-quality step-
wise trajectories for effective policy initialization? RL
on reasoning tasks often suffers from unstable convergence
and poor sample efficiency when initialized from a weak
policy (Wang et al. 2025; Xu et al. 2025a). Prior work
demonstrates that strong initialization via Supervised Fine-
Tuning(SFT) can substantially improve RL efficiency (Chu
et al. 2025; Chen, Gao, and Wu 2025; Wang et al. 2025).

However, the scarcity of real-world multi-step SFT data
showing how clinicians reason over patient records poses
a major obstacle. The challenge lies in constructing high-
quality, stepwise trajectories that capture realistic clinical
reasoning patterns for effective policy initialization.
❷ Challenge#2. How to extract reliable supervision from
expert attention to guide EHR reasoning? Although ex-
pert EHR models can highlight clinically salient features
via attention (Yang et al. 2023; Ma et al. 2020; Xu et al.
2023a,b), directly aligning LLM attention with expert mod-
els is nontrivial due to semantic and architectural mis-
matches (Hao et al. 2023b), which risks introducing spurious
supervision and leading to suboptimal policy updates. Addi-
tionally, extracting attention from LLMs imposes prohibitive
computational overhead (Dao et al. 2022), making it imprac-
tical for frequent RL sampling. This calls for a scalable and
semantically coherent alignment strategy that bridges model
discrepancies while preserving training efficiency.
❸ Challenge#3. How to encourage exploration of in-
formative clinical patterns? Recent studies indicate that
RL algorithms like GRPO (Shao et al. 2024) are prone to
entropy collapse, which leads to converging prematurely
on low-entropy reasoning trajectories while failing to ex-
plore diverse, high-entropy alternatives, trapping in local op-
tima (Yu et al. 2025). In EHR reasoning, LLMs risk converg-
ing on attending to a narrow set of high-confidence clini-
cal features while overlooking truly critical ones. The chal-
lenge lies in designing reward mechanisms that adaptively
amplify the influence of under-attended yet clinically mean-
ingful features, thereby encouraging the model to explore
high-entropy but clinical meaningful reasoning patterns.

To address these challenges, we propose Expert-Attention
Guided RL (EAG-RL), a two-stage framework designed
to intrinsically strengthen LLMs’ EHR reasoning capac-
ity via expert-guided policy optimization. For Challenge#1,
we introduce Expert-Guided Trajectory Distillation, which
constructs high-quality, stepwise reasoning trajectories via
Expert-guided Monte Carlo Tree Search, enabling effec-
tive policy initialization. For Challenge#2, we introduce
Attention-Aligned Policy Optimization, an RL-based stage
that leverages expert attention as auxiliary reward through
a lightweight alignment strategy, which quantifies the over-
lap between clinically salient features identified by the LLM
and expert model via Jaccard similarity. For Challenge#3,
we introduce Entropy-Aware Adaptive Up Clipping, which
adaptively adjusts the clipping bound based on the entropy
of salient features within reasoning trajectories, encouraging
exploration of high-entropy yet meaningful reasoning pat-
terns. In summary, our contributions are as follows:
• Insightfully, we demonstrate that expert EHR models can

serve as effective policy supervisors for LLM, and propose
EAG-RL as the first framework leveraging expert attention
for enhancing LLMs’ EHR reasoning capacity.

• Technically, we design a novel two-stage optimization
framework: (1) a warm-up stage utilizing expert-guided
MCTS to distill high-quality reasoning trajectories for ef-
fective policy initialization, and (2) a reinforcement stage
integrating expert attention alignment and entropy-aware
adaptive up clipping to encourage exploration of clinically
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meaningful reasoning patterns.
• Experimentally, we conduct extensive experiments to

validate EAG-RL on two real-world EHR datasets,
demonstrating superior performance over state-of-the-art
baselines. Further ablation and analysis substantiate the
reasonableness and generalizability of EAG-RL.

2 Task Definition
Definition 1 (EHR Dataset). A patient’s EHR is
represented as a sequence of T time-ordered vis-
its X = [x1,x2, · · · ,xT ], where each visit xt =
{lt,1, lt,2, · · · , lt,nt

} contains nt lab test features.
Definition 2 (Mortality Prediction). Given X, predict
whether the patient will survive the hospital stay. The label
y ∈ {0, 1} denotes death (y = 1) or survival (y = 0).
Definition 3 (Readmission Prediction). Given X, predict
whether the patient will be readmitted within 30 days after
discharge. The label y ∈ {0, 1} indicates readmission (y =
1) or not (y = 0).

3 Methodology
3.1 Overview
As illustrated in Figure 2, EAG-RL includes two stages:
• # Stage 1: Expert-Guided Trajectory Distillation con-

structs high quality, step-wise expert-guided reasoning tra-
jectories to effectively initialize the LLM’s policy.

• # Stage 2: Attention-Aligned Policy Optimization fur-
ther optimizes LLM’s policy via RL, guided by attention
alignment with the expert EHR model.

3.2 Expert-Guided Trajectory Distillation
This stage aims to initialize the LLM’s EHR reasoning abil-
ity through expert-guided, high-quality reasoning trajecto-
ries. To achieve this, we first generate multi-step trajectories
using Expert-Guided Monte Carlo Tree Search, followed by
Trajectory-Level Supervised Fine-Tuning to instill clinical
reasoning patterns into the model.
Prompt-based Question Decomposition. Clinical reason-
ing often follows a hypothetico-deductive process (Nor-
man and Eva 2010), where clinicians iteratively pose sub-
questions to refine diagnostic hypotheses. Inspired by this,
we design prompt PQD(X) to guide LLMs in decompos-
ing complex EHR tasks into a sequence of subquestions
and intermediate answers, simulating step-by-step clini-
cal reasoning. Each step is represented using standard-
ized tags: <Subquestion> and <Answer>, forming a
structured reasoning unit. Once the model determines suf-
ficient evidence has been gathered, it generates a final pre-
diction using <Final subquestion>, <Important
Features>, and <Final answer>. A reasoning tra-
jectory is defined as an ordered sequence of subquestion-
answer pairs, τ = {(q1, a1), (q2, a2), . . . , (qT , aT )}, where
each ai is either an intermediate reasoning output S(qi) for
i < T , or a final prediction (y, C) at step i = T . Here, y
denotes the predicted outcome, and C = {c1, c2, . . . , cK} is
a set of salient clinical features explicitly identified by the
LLM as salient evidence in support of the prediction.

Expert-Guided Monte Carlo Tree Search. To construct
high-quality reasoning trajectories aligned with clinical
logic, we adopt Monte Carlo Tree Search (MCTS) (Koc-
sis and Szepesvári 2006; Coulom 2006), which explores the
space of subquestion-answer paths defined by PQD and ef-
ficiently balances exploration and exploitation to identify
high-reward inference traces. To guide exploration toward
salient clinical features, we further incorporate attention sig-
nals from a pretrained expert EHR model Mexp, instantiated
as Concare (Ma et al. 2020), a lightweight Transformer-
based model specifically designed for EHR prediction and
capable of capturing clinically salient features. The expert
model’s attention serves as an interpretable proxy for clini-
cal relevance, steering MCTS toward salient clinical features
and diagnostically meaningful subquestions. Specifically,
Expert-Guided MCTS iteratively constructs a reasoning tree,
where each node represents a reasoning state s ∈ S defined
by a partial trajectory τ1:t = {(q1, a1), . . . , (qt, at)}. An
edge corresponds to adding a new subquestion-answer pair,
extending the trajectory to τ1:t+1. At each state s, the action
space A(s) consists of candidate subquestions qt+1 gener-
ated by the LLM, conditioned on the current trajectory. The
goal is to discover a complete trajectory τ1:T that yields an
accurate and clinically meaningful prediction.

• Selection. At each iteration, we select a leaf node for
expansion by traversing the tree using the Upper Con-
fidence Bound (UCT) criterion (Kocsis and Szepesvári
2006), which balances exploitation and exploration. For
a node s and action a ∈ A(s), the next subquestion is
chosen by maximizing:

UCT(s, a) = Q(s, a) + λ ·

√
logN(s)

N(s, a)
, (1)

where Q(s, a) is the estimated action value, N(s) is the
visit count of node s, N(s, a) is the count for action a,
and λ controls exploration strength.

• Expansion. If the selected node is non-terminal, we gen-
erate d candidate subquestions {q(j)t+1}dj=1, each condi-

tioned on the current trajectory τ1:t. For each q
(j)
t+1, the

LLM produces an answer a(j)t+1, which is either an inter-
mediate reasoning output or a final prediction, based on
a termination indicator δ(j) ∈ {0, 1}:

a
(j)
t+1 =

{
S(q(j)t+1), if δ(j) = 1,
(y(j), C(j)), if δ(j) = 0,

(2)

Each resulting pair (q
(j)
t+1, a

(j)
t+1) extends the trajectory

and is added as a new child node. If the selected node is
terminal, expansion is skipped.

• Simulation. To estimate the expected future reward of
an expanded node efficiency, we perform a single-step
rollout, recursively extending the trajectory until reach-
ing a terminal state. At each step, the LLM generates
d candidate subquestions and selects the most helpful
one based on a local reward signal, following (Hao et al.
2023a) to reduce noise and cost. The local reward evalu-
ates the usefulness of a candidate qt+1 under the current
prefix τ1:t, using a dedicated evaluation prompt PH:

r(s, a) = MPH (τ1:t ∪ {(qt+1,∅)}) , (3)
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Figure 2: Illustration of EAG-RL.

where M denotes the LLM and ∅ indicates the subques-
tion is scored without an answer. This encourages explo-
ration of informative, clinically relevant reasoning paths.

• Backpropagation: After reaching a terminal node,
Expert-Guided MCTS backpropagates the cumulative
reward to update all visited nodes. We integrate two
complementary reward signals:
(1) Classification reward Rcls ∈ R captures the model’s
prediction confidence and its directional margin. Let ŷ ∈
(0, 1) denote the predicted probability, y⋆ ∈ {0, 1} the
ground-truth label, and θ = 0.5 the decision threshold:

Rcls = log (y⋆ · ŷ + (1− y⋆)(1− ŷ)) + ∆, (4)

where ∆ is a margin-aware bonus:

∆ =

β(ŷ − θ), if y⋆ = 1 ∧ ŷ > θ,
β(θ − ŷ), if y⋆ = 0 ∧ ŷ < θ,
0, otherwise.

(5)

(2) Attention alignment reward Ratt ∈ [0, 1] provides a
semantically coherent and computationally lightweight
strategy to guide the model’s attention toward clinically
meaningful information. Formally, Ratt is computed as
the Jaccard similarity between the model-extracted fea-
tures C and the expert-highlighted features Cexp:

Ratt =
|C ∩ Cexp|
|C ∪ Cexp|

. (6)

This reward encourages alignment with expert insight
while maintaining training efficiency.
The final reward is computed as a convex combination:

R = λ · Rcls + (1− λ) · Ratt, (7)

where λ ∈ [0, 1] balances predictive accuracy and clin-
ical alignment. The reward R is backpropagated along
the search path to promote trajectories that are both
outcome-correct and clinically meaningful.

Trajectory-Level Supervised Fine-Tuning. To distill high-
quality reasoning behavior, we construct a SFT dataset
DSFT by selecting the top-k reward trajectories from Expert-
Guided MCTS. Each trajectory τ represents a complete step-
by-step reasoning path. Given the original clinical question
PQD(X), the model M is trained to generate the entire tra-
jectory:

LSFT = −
∑

τ∈DSFT

logM(τ | PQD(X)), (8)

3.3 Attention-Aligned Policy Optimization
This stage aims to further optimize the LLM’s reasoning
policy through RL, guided by expert model’s attention. To
achieve this, an Attention-Aligned Reward is introduced to
encourage the LLM to focus on meaningful features identi-
fied by the expert, and an Entropy-Aware Adaptive Up Clip-
ping mechanism is applied to amplify learning signals for
high-entropy reasoning paths, promoting exploration of un-
certain but potentially informative clinical features.
Attention-Aligned Reward Modeling. To supervise pol-
icy optimization, we employ a composite reward that en-
courages both accurate predictions and clinically grounded
reasoning. Specifically, we combine the outcome-based re-
ward Rcls, reflecting prediction confidence and correctness
(Eq. 4), and the attention alignment reward Ratt, quantify-
ing consistency with expert-highlighted features from Mexp
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(Eq. 6). The total reward R is computed as a convex combi-
nation (Eq. 7) and provides fine-grained feedback to guide
clinically meaningful trajectory refinement.
Entropy-Aware Adaptive Up Clipping. While DAPO par-
tially mitigates entropy collapse by decoupling the clipping
mechanism to encourage exploration (Yu et al. 2025) , it
still applies static upper and lower bounds across all trajec-
tories, lacking adaptation to individual uncertainty. Conse-
quently, it fails to strengthen learning signals for trajecto-
ries that are rare yet clinically informative. To address this,
we introduce Entropy-Aware Adaptive Up Clipping to adap-
tively adjust the clipping bound based on token-level entropy
over model-attended clinical features. This adaptive strategy
enables trajectory-specific modulation of update strength,
amplifying learning signals for uncertain, promising paths
while constraining updates for overconfident ones.

For each trajectory τ , let C denote the set of key clinical
tokens. We compute the average predictive entropy:

H̄(τ) =
1

|C|
∑
t∈C

Ht, Ht = −
∑
v∈V

pt(v) log pt(v), (9)

where V is the vocabulary and pt(v) the predictive distribu-
tion at token t. Then, we map H̄(τ) to a trajectory-specific
clipping bound ϵ(τ) ∈ [ϵmin, ϵmax] using min-max normal-
ization across all g sampled trajectories:

ϵ(τ) = ϵmin + (ϵmax − ϵmin) ·
H̄(τ)−Hmin

Hmax −Hmin
, (10)

where Hmin and Hmax denote the minimum and maximum
entropy values in the group. We use ϵmin = 0.2, ϵmax = 0.4
in our implementation.
RL Training. Building on the reward design and entropy-
adaptive clipping strategy, we optimize the model policy
using a GRPO-style objective (Shao et al. 2024), further
enhanced with trajectory-level adaptive clipping. Following
DAPO (Yu et al. 2025), we adopt an asymmetric clipping
scheme. However, instead of using static bounds, we intro-
duce a trajectory-specific adaptive upper bound ϵ(τ) (de-
fined in Eq. 10). The clipping function is:

ϕ(rt; ε, ϵ(τ)) = max (1− ε, min(rt, 1 + ϵ(τ))) , (11)

where ε is a fixed lower bound and rt is the token-level im-
portance ratio. Based on this, the optimization objective is:

J (θ) = Eτ∼πθold

 |τ|∑
t=1

min
(
rt · Â, ϕ(rt; ε, ϵ(τ)) · Â

) , (12)

where Â denotes the group-normalized advantage.

4 Experiments
In this section, we provide detailed information on the exper-
imental setup, further analysis to validate the performance
and rationality of EAG-RL.

4.1 Experimental Setup
Datasets. We conduct experiments on two real-world pub-
lic EHR datasets: MIMIC-IV (Johnson et al. 2023), contain-
ing de-identified ICU records (2008–2019), and TJH (Yan

et al. 2020), comprising structured inpatient data with clini-
cal annotations. Following prior work (Gao et al. 2024; Zhu
et al. 2024c), we apply temporal aggregation, LOCF impu-
tation (Wells et al. 2013), and sequence visits at the patient
level. We select patients with at least two visits and use the
last visit for prediction. Stratified train/validation/test splits
are used.
Baselines. We compare EAG-RL with a wide range of base-
lines from three perspectives.
• Prompt-based methods. We include a Vanilla baseline,

where the model directly outputs the final answer without
any intermediate reasoning. We also include Think then
Answer (Guo et al. 2025b), which prompts the model to
reason inside <think> tags before outputting a final an-
swer in <answer>, and our proposed Question Decom-
position prompting, which encourages sub-question gen-
eration to support progressive reasoning.

• Training-based methods. We include standard
SFT (Ding et al. 2024; Zhang et al. 2023; Zelikman
et al. 2022) as a strong baseline for aligning models with
task-specific data. To evaluate the benefit of Stage-1, we
compare against SFT directly. Additionally, to ensure a
fair comparison in the RL stage, we compare EAG-RL
with GRPO(Shao et al. 2024) and DAPO (Yu et al. 2025)
under the same Stage-1 initialization, allowing us to
isolate the effect of our reinforcement phase.

• Open-source LLMs and backbone variants. To as-
sess the generality of our method, we instantiate
EAG-RL on multiple backbone models, including
Qwen2.5-7B-Instruct (Yang et al. 2024), LLaMA3.1-
8B-Instruct (Dubey et al. 2024), and Qwen2.5-3B-
Instruct (Yang et al. 2025). We also compare against
several powerful open-source medical and reasoning
LLMs such as HuatuoGPT-o1-7B (Chen et al. 2024b),
OpenBioLLM-8B (Pal and Sankarasubbu 2024), and
DeepSeek-R1-7B (Guo et al. 2025b).

Evaluation Metrics and Strategy. We employ two widely
used evaluation metrics to measure the performance,
namely, Area Under the Receiver Operating Characteristic
Curve (AUROC) and the Area Under the Precision-Recall
Curve (AUPRC). Higher scores in these metrics indicate bet-
ter predictive performance. Model selection is performed on
the validation set. To assess variability, we apply bootstrap-
ping with 100 resamples on the test set and report the mean
and standard deviation in Table 1.

4.2 Experimental Results
Performance Comparison. Table 1 presents the perfor-
mance of EAG-RL and baselines across two datasets. Over-
all, across all evaluation metrics on the two datasets, es-
pecially AUPRC, which is the most informative primary
evaluation metric when dealing with highly imbalanced
datasets, EAG-RL consistently outperforms the current
state-of-the-art methods. Compared to prompt-based ap-
proaches, EAG-RL achieves an average improvement of
14.62% across models and tasks, validating the intrinsic
EHR reasoning enhancement from our two-stage frame-
work. Notably, our Question Decomposition also surpasses
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Method TJH Mortality MIMIC-IV Mortality MIMIC-IV Readmission
Category Variant AUROC (↑) AUPRC (↑) AUROC (↑) AUPRC (↑) AUROC (↑) AUPRC (↑)

Qwen2.5-7B-Instruct

Prompt-based
Vanilla 71.99±2.78 64.27±4.44 53.90±2.74 10.68±2.58 57.76±4.29 26.53±3.91
Think & Answer 79.83±2.68 70.87±4.61 61.57±7.12 13.58±3.17 55.86±3.98 25.32±4.02
Question Decomposition 81.66±2.85 73.26±4.53 63.49±6.14 15.08±4.48 59.29±3.85 26.26±3.68

SFT SFT 81.20±3.06 75.14±4.39 64.70±6.63 16.99±5.96 51.93±4.81 23.25±3.84
EAG-RL(Stage-1) 83.64±2.75 77.60±4.16 69.33±5.74 17.90±5.20 60.00±4.67 28.00±4.47

RL
EAG-RL(Stage-1)+GRPO 85.82±2.72 78.52±4.40 65.78±6.62 19.53±6.87 53.67±4.62 26.03±4.39
EAG-RL(Stage-1)+DAPO 85.67±2.62 77.88±4.38 73.93±5.18 19.71±5.71 57.80±4.25 26.74±3.94
EAG-RL(Stage-1+Stage-2) 87.70±2.49 82.95±3.64 77.21±5.04 23.99±6.97 61.09±4.48 29.92±0.46

LLaMA3.1-8B-Instruct

Prompt-based
Vanilla 71.98±3.58 67.75±4.59 58.73±6.33 11.77±3.26 52.88±5.06 25.75±4.36
Think & Answer 57.34±3.75 50.26±4.18 60.79±6.29 10.33±2.99 55.41±6.51 10.85±2.91
Question Decomposition 74.15±3.41 64.88±4.83 58.88±6.84 12.71±3.70 54.90±5.18 27.06±4.53

SFT SFT 76.45±3.36 67.84±4.91 47.24±7.69 9.79±3.19 52.49±4.85 24.11±3.92
EAG-RL(Stage-1) 80.67±3.03 74.39±4.37 57.31±7.39 13.16±3.83 55.45±3.87 27.04±4.44

RL
EAG-RL(Stage-1)+GRPO 80.49±3.08 72.17±4.75 56.82±4.37 15.64±5.80 52.98±4.24 25.52±3.94
EAG-RL(Stage-1)+DAPO 78.89±3.20 72.19±4.40 59.26±6.43 13.82±4.08 55.12±3.99 26.83±4.30
EAG-RL(Stage-1+Stage-2) 84.34±2.71 76.36±4.64 62.17±5.26 12.51±3.00 55.65±4.28 27.99±4.51

Qwen2.5-3B-Instruct

Prompt-based
Vanilla 66.27±2.74 57.63±4.11 51.10±6.33 10.06±3.41 54.76±3.79 26.27±4.19
Think & Answer 59.35±4.04 53.42±4.88 54.88±5.88 10.88±2.74 57.92±4.85 27.09±4.58
Question Decomposition 70.97±3.34 59.07±4.52 57.88±7.78 12.69±5.60 56.82±4.96 28.35±5.29

SFT SFT 69.01±3.24 59.55±4.60 55.60±6.38 13.47±5.27 51.84±4.72 24.83±4.39
EAG-RL(Stage-1) 77.49±6.88 67.91±10.08 67.87±4.95 14.62±4.04 61.15±4.46 29.62±4.75

RL
EAG-RL(Stage-1)+GRPO 75.78±5.76 68.70±8.11 67.95±5.87 16.18±4.45 56.23±4.53 26.17±3.83
EAG-RL(Stage-1)+DAPO 79.33±4.90 72.32±7.30 65.64±6.43 15.42±4.57 57.68±4.83 28.14±4.32
EAG-RL(Stage-1+Stage-2) 80.31±4.89 73.46±7.48 70.40±5.46 17.95±0.51 61.23±4.91 31.76±5.21

Table 1: Performance comparison on TJH and MIMIC-IV datasets. We report AUROC and AUPRC (%) for each task. Bold
indicates the best-performing method, and underline denotes the second-best across all methods.

Method TJH Mortality MIMIC-IV Mortality
AUROC (↑) AUPRC (↑) AUROC (↑) AUPRC (↑)

EAG-RL 87.70±2.49 82.95±3.64 77.21±5.04 23.99±6.97

w/o Stage-1 85.34±2.58 79.03±4.06 76.23±4.26 20.83±5.85
w/o Stage-2 83.64±2.75 77.60±4.16 69.33±5.74 17.90±5.20
w/o Ratt 85.20±2.62 76.64±4.40 75.58±4.28 20.32±5.61
w/o ϵ(τ) 80.84±2.96 72.71±4.53 66.24±5.12 14.82±4.03

Table 2: Ablation study results of our proposed EAG-RL.

Think then Answer baseline, suggesting that guiding rea-
soning via subquestion decomposition is a more effective
prompting strategy in clinical contexts. Secondly, compared
to vanilla SFT, the warm-up stage of EAG-RL using expert-
guided MCTS trajectories leads to consistent improvements.
This underscores the importance of high-quality, stepwise
initialization for aligning the LLM’s policy with clinical rea-
soning patterns. Finally, given the same Stage-1 initializa-
tion, EAG-RL consistently outperforms state-of-the-art RL
methods. This fair comparison underscores the effectiveness
of our reinforcement stage, which integrates expert attention
and Entropy-Aware Adaptive Up Clipping to guide explo-
ration toward uncertain but informative clinical features.

Ablation Study. To investigate the effectiveness of each
component in EAG-RL, we construct several ablated vari-
ants. In w/o Stage-1, we removes Expert-Guided Trajec-
tory Distillation and trains the model directly via RL. In
w/o Stage-2, we remove Attention-Aligned Policy Optimiza-
tion. In w/o Ratt, we removes the Attention-Alignment Re-
ward. In w/o ϵ(τ),we disable the Entropy-Aware Adaptive
Up Clipping during policy optimization. As shown in Ta-
ble 2, removing either Stage-1 or Stage-2 leads to substantial
performance degradation, confirming that both the expert-
guided warm-up and the reinforcement refinement are es-
sential for achieving strong EHR reasoning. In particular,
the removal of Stage-2 causes a larger drop, indicating that
reward-based policy refinement plays a critical role beyond
trajectory initialization. Furthermore, removing Ratt results
in a noticeable decline in performance, validating the impor-
tance of leveraging expert attention as auxiliary supervision
to guide the model’s focus toward clinically meaningful fea-
tures. Similarly, without ϵ(τ), the model fails to sufficiently
explore uncertain yet informative patterns, leading to lower
robustness and reduced predictive accuracy. Overall, the ab-
lation results highlight the necessity of each component in
EAG-RL and demonstrate the synergistic benefits of expert-
guided initialization and reward-aware policy optimization.
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Method TJH Mortality MIMIC-IV Mortality MIMIC-IV Readmission
AUROC (↑) AUPRC (↑) AUROC (↑) AUPRC (↑) AUROC (↑) AUPRC (↑)

Qwen2.5-7B-Instruct 79.83 70.87 61.57 13.58 55.86 25.32
HuatuoGPT-o1-7B 85.34 77.31 70.39 20.33 50.54 24.30
Deepseek-R1-7B 52.70 47.89 40.94 9.43 53.19 24.53
LLaMA3.1-8B-Instruct 57.34 50.26 60.79 10.33 55.41 10.85
OpenBioLLM-8B 56.75 49.76 58.69 12.85 50.21 24.23

Ours + LLaMA3.1-8B-Instruct 84.34 76.36 62.17 12.51 55.65 27.99
Ours + Qwen2.5-7B-Instruct 87.70 82.95 77.21 23.99 61.09 29.92

Table 3: Performance comparison across open-source models. Best results for each metric are highlighted in bold.
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Figure 3: Robustness to feature order perturbation measured
by AUROC (left) and AUPRC (right).

4.3 Analysis
EXP#1: Intrinsic EHR Reasoning Capability. To quan-
tify how much our method enhances LLMs’ intrinsic EHR
reasoning, we compare EAG-RL with several competitive
open-source models on mortality and readmission prediction
tasks across TJH and MIMIC-IV datasets. As shown in Ta-
ble 3, EAG-RL consistently outperforms all competitive
models across tasks and metrics. Notably, EAG-RL signif-
icantly surpasses HuatuoGPT-o1-7B and OpenBioLLM-8B,
both trained on medical corpora or enhanced via domain-
specific RL, demonstrating the effectiveness of EAG-RL in
intrinsically strengthening EHR reasoning.
EXP#2: Robustness Against Feature Order Perturba-
tion. To evaluate whether EAG-RL captures clinically
meaningful reasoning beyond superficial feature ordering,
we conduct a robustness test on the mortality prediction task
by perturbing feature order at inference. This simulates real-
world deployment scenarios where EHR features may arrive
in inconsistent orders due to variability in data collection,
preprocessing, or integration pipelines. We compare against
Concare, the expert EHR model, and Qwen2.5-7B, the un-
trained LLM backbone. For each MIMIC-IV test case, we
randomly shuffle a proportion (p%) of features while keep-
ing the rest fixed. As shown in Figure 3, Concare’s perfor-
mance drops sharply under moderate perturbations, indicat-
ing its reliance on fixed input order. In contrast, EAG-RL
maintains robust performance across all disruption levels
and continues to outperform the base model even under full
permutation. These results suggest that EAG-RL learns se-
mantically grounded, order-invariant reasoning strate-
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Figure 4: Cross-Dataset generalization from MIMIC-IV to
TJH on mortality.

gies, enabling stronger generalization.
EXP#3: Cross-Dataset Generalization. We assess EAG-
RL’s generalization via an out-of-distribution (OOD) test,
training on MIMIC-IV and evaluating on TJH for mortal-
ity prediction. TJH differs from MIMIC-IV in patient de-
mographics and coding schemas, simulating deployment
across heterogeneous medical environments. We compare
against Concare, the untrained base model (Qwen2.5-7B),
and Vanilla SFT. As shown in Figure 4, EAG-RL achieves
the highest performance, significantly outperforming all
baselines in both AUROC and AUPRC. These results sug-
gest that EAG-RL captures transferable clinical patterns
instead of relying on dataset-specific artifacts.

5 Conclusions and Future Works
We present EAG-RL, a novel two-stage training frame-
work that enhances the intrinsic EHR reasoning ability of
LLMs through expert-guided attention. Experiments show
that EAG-RL achieves an average improvement of 14.62%
across multiple EHR prediction tasks, while also improv-
ing robustness to input perturbations and generalization to
unseen clinical domains. These results highlight the poten-
tial of EAG-RL for real-world clinical deployment. In fu-
ture work, we plan to explore richer forms of supervision
beyond attention from expert EHR models, and extend our
framework to incorporate multi-expert distillation to better
capture diverse clinical reasoning patterns.
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