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Abstract

Clinical Reasoning on Electronic Health
Records (EHRs) is a fundamental yet chal-
lenging task in modern healthcare. While
in-context learning (ICL) offers a promising
inference-time adaptation paradigm for large
language models (LLMs) in EHR reasoning,
existing methods face three fundamental chal-
lenges: (1) Perspective Limitation, where data-
driven similarity fails to align with LLM rea-
soning needs and model-driven signals are con-
strained by limited clinical competence; (2) Co-
hort Awareness, as demonstrations are selected
independently without modeling population-
level structure; and (3) Information Aggrega-
tion, where redundancy and interaction effects
among demonstrations are ignored, leading
to diminishing marginal gains. To address
these challenges, we propose GraphWalker,
a principled demonstration selection frame-
work for EHR-oriented ICL. GraphWalker (i)
jointly models patient clinical information and
LLM-estimated information gain by integrat-
ing data-driven and model-driven perspectives,
(ii) incorporates Cohort Discovery to avoid
noisy local optima, and (iii) employs a Lazy
Greedy Search with Frontier Expansion al-
gorithm to mitigate diminishing marginal re-
turns in information aggregation. Extensive ex-
periments on multiple real-world EHR bench-
marks demonstrate that GraphWalker consis-
tently outperforms state-of-the-art ICL base-
lines, yielding substantial improvements in
clinical reasoning performance. Our code is
open-sourced at https://anonymous.4open.
science/status/GraphWalker-4473.

1 Introduction

Clinical Reasoning on Electronic Health Records
(EHRs) is a fundamental yet challenging task in modern
healthcare, underpinning critical applications (Ma et al.,
2023; Xu et al., 2023a,b, 2024; Fang et al., 2023; Liao
et al., 2025) such as diagnosis support, risk stratification,
and treatment planning. With the rapid advancement
of large language models (LLMs), an increasing body
of work has explored leveraging LLMs for clinical rea-
soning over EHRs. Early efforts primarily relied on
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Figure 1: Illustration of existing ICL paradigms (top) and
challenges (bottom) in EHR-based clinical reasoning.

pre-training (Zhang et al., 2025a) or post-training (Ding
et al., 2025a; Fang et al., 2025; Ding et al., 2025b) strate-
gies to adapt LLMs to the clinical domain. However,
empirical evidence (Brown et al., 2024; Chen et al.,
2024) increasingly suggests that, due to their limited
sensitivity to temporal structure, LLMs struggle to reli-
ably activate clinically meaningful longitudinal patterns
stored in parametric memory (Zhu et al., 2024a), even
after domain adaptation. Inspired by clinical practice,
where physicians often reason about a patient by recall-
ing and comparing similar past cases (Ten Cate et al.,
2017), in-context learning (ICL) (Brown et al., 2020)
has emerged as a practical and effective alternative.

Existing ICL-based literature can be broadly catego-
rized into two paradigms.

e Semantic Neighbors from a Data Perspective: As
illustrated in Fig. 1(A), this paradigm (Liu et al., 2022;
Hongjin et al., 2022; Robertson et al., 2009) leverages
a pre-trained representation model(e.g., SMART) (Yu
et al., 2024) to embed instances into a latent space, and
then selects examples by retrieving instances whose
embeddings are most similar to that of the target input.

e Information Gain from a Model Perspective: As illus-
trated in Fig. 1(B), this paradigm (Gonen et al., 2023;
Peng et al., 2024; Liu et al.; Li et al., 2025) quanti-
fies the utility of candidate examples using internal
model signals, such as conditional entropy reduction
or gradient-based influence measures, and select the
top-k examples that are expected to maximally im-
prove the model’s predictive confidence.

Through an extensive review of prior literature, we
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conduct a systematic analysis of existing methods (De-
tails see Section. 2) and identify three core chal-
lenges challenges shared by existing works, as shown
in Fig. 1(C).

* Perspective Limitation: Semantic Neighbors implic-
itly assumes that embedding similarity aligns with
the LLM’s reasoning needs—an assumption that does
not consistently hold in practice. Empirical obser-
vations show that highly similar patient trajectories
may still contribute little to downstream predictions,
suggesting a mismatch between representation-level
similarity and reasoning-level utility. Although Infor-
mation Gain is more directly aligned with the target
model, these approaches are inherently constrained
by the LLM’s clinical competence; when the model
lacks sufficient domain knowledge, its internal uncer-
tainty signals may fail to reflect clinically meaningful
longitudinal patterns.

e Cohort Awareness: Both paradigms focus on retriev-
ing isolated similar patients, implicitly treating each
example as independent. However, clinical reasoning
is inherently population-driven. Selecting individ-
ual neighbors without modeling cohort structure can
amplify noise from idiosyncratic cases and lead to
unstable or biased reasoning contexts.

* Information Aggregation: Both paradigms typically
assume that the utility of selected demonstrations ac-
cumulates linearly. In practice, however, multiple
similar demonstrations often encode overlapping clin-
ical signals, resulting in diminishing marginal gains
when added to the context. Our analysis suggests that
ignoring redundancy and interaction effects among
demonstrations leads to inefficient use of the limited
context window.

These challenges motivate the need for a princi-
pled demonstration selection framework that is both
clinically-informed and model-aware. To this end, we
propose GraphWalker, a novel demonstration selection
algorithm designed to enhance LLM-based clinical rea-
soning on EHRs. GraphWalker explicitly integrates
data perspective and model perspective by encoding
patient clinical information using pre-trained EHR rep-
resentation models to construct a patient semantic graph,
while leveraging LL.M-estimated information gain to
guide traversal and selection. To capture cohort aware-
ness, GraphWalker replaces instance-level retrieval with
Cohort Discovery, enabling reasoning over clinically
coherent patient groups rather than isolated exemplars.
Finally, to address redundancy and interaction among
demonstrations, we introduce a Lazy Greedy Search
with Frontier Expansion, which formulates demonstra-
tion selection as a combinatorial optimization problem
and efficiently approximates locally optimal demonstra-
tion sets under a constrained context budget.

To summarize, our contributions are threefold:

* Insightfully, we conducted an in-depth review of
existing studies that leverage ICL to enhance LLM-
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Figure 2: Analysis of the Limitations of a Single Perspective.
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Figure 3: Analysis of Cohort Discovery vs. Instance Retrieval.

based clinical reasoning on EHR. Through a series of
experimental analyses and empirical investigations,
we systematically identify and address three key chal-
lenges: Perspective Limitation, Cohort Awareness,
and Information Aggregation.

¢ Technically, we design and implement GraphWalker,
a three-stage demonstration selection algorithm: it
(1) jointly models patient’s clinical information and
LLM’s information gain by integrating data-driven
and model-driven perspectives; (2) leverages Cohort
Discovery to avoid being trapped in local optima
caused by noisy nodes; and (3) introduces a Lazy
Greedy Search with Frontier Expansion algorithm to
address the diminishing marginal returns inherent in
information aggregation.

* Experimentally, we conduct extensive evaluations on
multiple real-world EHR benchmarks, demonstrating
consistent and substantial improvements over state-
of-the-art ICL baselines.

2 Observation & Motivation

In this section, we conduct an in-depth analysis of exist-
ing demonstration selection algorithms and present key
observations obtained from our preliminary investiga-
tions, which motivate the algorithmic design of Graph-
Walker. Detailed experimental settings can be found in
the Appendix. E

2.1 Motivation on Perspective Limitation

We introduce the following baseline methods: Zero-shot
(no demonstration selection), Random selection, two
Semantic Neighbor approaches—Qwen3-Embedding-
8B (Yang et al., 2025) and SMART (Yu et al., 2024) (a
model pre-trained on a large-scale EHR corpus)—and
two Information Gain methods, CONE (Peng et al.,
2024) and LMS3 (Liu et al.). The experimental results
are shown in Figure. 2. The results indicate that SMART
achieves the best performance in most cases, confirming
the importance of clinical knowledge in demonstration
selection. Moreover, we observe that, in the majority of
cases, methods based on CONE and LMS3 consistently
outperform Qwen3-Eembedding-8B. This suggests that,
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Figure 4: Analysis of Information Aggregation of Multiple Demonstrations using various Demonstration Selection Algorithm.

even in the absence of explicit clinical knowledge, infor-
mation gain serves as an effective criterion for demon-
stration selection. Overall, these findings lead to our
first key observation:

Observation I: Both clinical knowledge (Data Perspec-
tive) and information gain (Model Perspective) provide
valuable guidance for demonstration selection.

2.2 Motivation on Cohort Awareness

We further analyze traditional instance retrieval and our
proposed cohort discovery strategy. Specifically, we use
SMART as the representation encoder and construct a
graph over patients. Traditional instance retrieval selects
the most relevant instance solely based on embedding
similarity and then performs local walks around this
instance to select the remaining demonstrations. In con-
trast, our proposed cohort discovery approach identifies
the most similar cohort and selects demonstrations from
within that cohort.

The experimental results are shown in Figure. 3. The
results indicate that instance retrieval plays a critical role
when the number of demonstrations is small; however,
as the number of demonstrations increases, instance re-
trieval becomes less effective than cohort discovery. We
attribute this to the following reasons: although instance
retrieval can identify a single highly similar demonstra-
tion, this instance may be an outlier or belong to a small,
sparse cluster, which can adversely affect subsequent
demonstration selection and lead to a local optimum.
In contrast, cohort discovery accounts for the relational
structure among patients and provides a more robust
basis for selecting subsequent demonstrations. Based
on this analysis, we derive our second key observation:
Observation II: Instance retrieval strategies tend to
overemphasize a single most similar instance during the
initial demonstration selection, which can lead to lo-
cal optima; as the number of demonstrations increases,
their performance degrades relative to cohort discovery
approaches.

2.3 Motivation on Information Aggregation

We further analyze the performance of existing algo-
rithms in the multi-demonstration setting. In this ex-
periment, we additionally introduce the LLM’s condi-
tional entropy reduction (A H) as an analysis metric(see
details in Appendix. E). Beyond the results shown in

Figure. 4, we observe the following findings: (1) The
model performance closely follows the trend of AH,
indicating that AH can serve as an effective guiding
signal for demonstration selection. This observation
further strengthens our motivation to integrate both data-
driven and model-driven perspectives. (2) Semantic
Neighbor methods completely overlook the issue of in-
formation aggregation; in multi-demonstration settings,
their performance degrades due to information redun-
dancy or conflicts. In contrast, although Information
Gain methods maintain a monotonic performance im-
provement as the number of demonstrations increases,
they exhibit pronounced diminishing marginal returns
due to insufficient consideration of the information set
as a whole. Here, we derive our third key observation:
Observation I11: Both Semantic Neighbor and Informa-
tion Gain approaches insufficiently account for Informa-
tion Aggregation, leading to performance degradation
or diminishing marginal returns in multi-demonstration
settings.

Summary. Based on the above observations, we pro-
pose GraphWalker, which addresses three key chal-
lenges in demonstration selection through the design
of point-to-point strategies. Specifically, GraphWalker
(1) integrates data perspective and model perspective to
aggregate clinical knowledge and leverage information
gain as a guiding signal (for Observation I), (2) replaces
Instance Retrieval with Cohort Discovery, enabling rea-
soning over clinically coherent patient groups rather
than isolated exemplars (for Observation II), (3) intro-
duces a Lazy Greedy Search with Frontier Expansion,
which formulates demonstration selection as a combi-
natorial optimization problem to address Information
Aggregation (for Observation III).

3 Methodology

As illustrated in Figure 5, GraphWalker includes three

stages:

* # Stage 1: Patient Graph Construction and Cohort
Discovery. builds a population-level patient graph
and discovers coherent cohorts, enabling the capture
of shared clinical patterns beyond isolated cases.

* # Stage 2: Instance-aware Cohort Retrieval and
Anchor Initialization. retrieves clinically relevant
cohorts for target patient and initializes anchor nodes,
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Figure 5: Illustration of GraphWalker.

providing a reliable and informative candidate set.

# Stage 3: LLM-guided Lazy Greedy Search with
Frontier Expansion. iteratively searches over the
cohort subgraphs and constructs the demonstration set
by maximizing LLM-guided joint information gain.

3.1 Patient Graph Construction and Cohort
Discovery

This stage aims to capture shared clinical patterns be-
yond isolated patient cases, providing a structured prior
over patient clinical similarity to guide downstream rea-
soning. To this end, we perform Patient Representation
using a pretrained EHR model, construct a similarity-
based patient graph via Population-level Graph Con-
struction, and apply Graph-based Cohort Discovery to
capture shared clinical patterns.
Patient Representation. Due to the heterogeneous
and long-horizon nature of EHR data, semantic embed-
dings are insufficient for modeling clinically meaning-
ful patient similarity. We therefore adopt a pretrained
Transformer-based EHR encoder (e.g., SMART (Yu
et al., 2024)) to obtain representations that capture lon-
gitudinal clinical patterns. Formally, a patient’s EHR
record is represented as a sequence of 7' time-ordered
visits X = [x1,Xa2,...,X7]. Given a collection of pa-
tient records from the EHR base (i.e., the training set)
{X;}¥,, a pretrained encoder My, maps each longi-
tudinal record to a fixed-dimensional embedding:
{hi}l = Mep({Xi}i5,), hieR% ()
which serves as the patient representation for subsequent
graph construction.
Population-level Graph Construction. To capture
clinically meaningful relationships among patients be-
yond isolated representations, we construct a population-

level patient graph that explicitly encodes local simi-
larity structure in the representation space. Formally,
given patient embeddings {h;}¥ |, we define a graph
G = (V, &), where each node v; € V corresponds to
a patient. An edge (i,7) € £ is established if patient
Jj is among the k4 nearest neighbors of patient ¢ under
cosine similarity:

E ={(4,7) | rank,; (sim(h;, h;)) <k}, (2
where sim(-, -) denotes cosine similarity.
Graph-based Cohort Discovery. To move beyond iso-
lated patient cases and capture shared clinical patterns
at the cohort level, we further learn a partition of the
patient graph into coherent cohorts of similar patients.
Specifically, we apply the Leiden (Traag et al., 2019)
algorithm to learn a partition of the patient graph into a
set of cohort subgraphs {C,, }}_, by maximizing graph
modularity Q:
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where A;; denotes the adjacency matrix of G, d; is
the degree of node ¢, and I(-) indicates whether two
nodes belong to the same cohort. As a result, each
cohort subgraph exhibits dense internal connectivity,
while connections between different cohort subgraphs
are relatively sparse. For each cohort C,,, we compute a
cohort prototype by mean pooling patient embeddings:
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These prototypes summarize cohort-level clinical pat-
terns and serve as compact cohort representations for
subsequent instance-aware retrieval.
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3.2 Instance-aware Cohort Retrieval and Anchor
Initialization

This stage aims to locate the target patient within clini-
cally coherent population-level contexts and establish
principled starting points for subsequent demonstration
search. Specifically, we perform Instance-aware Co-
hort Retrieval by aligning the target patient representa-
tion with cohort centroids that capture shared clinical
patterns, followed by Anchor Initialization within the
selected cohorts to define a focused search frontier.
Instance-aware Cohort Retrieval. Given a target pa-
tient with EHR record X (9, we obtain its embedding
h(@ = My, (X(@) using the same pretrained EHR
encoder as in Stage 1. To account for cohort aware-
ness and avoid reasoning over isolated patient instances,
we retrieve clinically relevant cohorts by aligning h(®)
with cohort centroids, thereby grounding the subsequent
demonstration search in population-level shared clin-
ical patterns. Specifically, we compute the similarity
between h(?) and each cohort centroid Z., (Eq. (4)) and
select the top-K . cohorts:

Cr(e({) = Top-K. (sim(h(q), zm)), (5)

where sim(+, -) denotes cosine similarity. This step sit-
uates the test patient within clinically coherent regions
of the patient graph, providing a focused context for

subsequent anchor initialization.

Anchor Initialization. Given the retrieved cohorts Cr(e({),
we initialize the search frontier by selecting anchor
nodes within each cohort. For each cohort C,,, € Cr(e‘{),
we select the top- K, nodes whose embeddings are most

similar to the target patient embedding h(9):
VO = Top-K, (sim(h@ 1)), ©v; €Cn, (6)

where sim(-, -) denotes cosine similarity. The initial
search frontier is defined as

F@O= 1 v (7)

CmecCl?

3.3 LLM-guided Lazy Greedy Search with
Frontier Expansion

This stage formulates demonstration selection as a com-
binatorial optimization problem and aims to iteratively
construct a demonstration set that maximizes reasoning
utility under a constrained context budget. It jointly
leverages population-level clinical patterns encoded by
the patient graph and LLM-guided evaluation of rea-
soning utility to efficiently approximate locally optimal
demonstration sets. To achieve this, we alternate be-
tween LLM-guided Greedy Selection, which identifies
the most informative example conditioned on the current
demonstration composition, and Graph-based Frontier
Expansion, which progressively exposes clinically re-
lated candidates for subsequent selection.

LLM-guided Greedy Selection. At each iteration,
given the current frontier (4 and a partially con-
structed demonstration set S(q), we select the next

demonstration that maximizes the marginal informa-
tion gain on the target case, conditioned on the cur-
rent demonstration composition. Following prior
work (Peng et al., 2024), we quantify information gain
using an entropy-based formulation and extend it to
a composition-aware criterion that captures the joint
effect of multiple demonstrations.

Formally, let Hy(2s | S) denote the conditional
entropy of the model’s prediction on the test query Xiey
given a demonstration composition S, where T is
an unlabeled query input rather than a supervised tar-
get. This conditional entropy characterizes the model’s
degree of understanding of the target query under the
given demonstration composition. It can be written in a
difference form as

HG(xlest | S) = He(xteslas) - HG(S); ®)

where Hy(Zey, S) and Hy(S) denote the cross-entropy
of the full prompt and that of the demonstration composi-
tion alone, respectively. For a candidate node v; € F (¢ ),
we define its marginal information gain with respect to
the current demonstration composition S(@) as

AHp(v; | S(q)) = Hy(Teq | S(q))

9
— Hy(2eq | SO U {v;}). ®

A larger AHpy(+) indicates that v; provides more comple-
mentary information that enhances the collective reason-
ing capacity of the current demonstration composition.

Within each iteration, we select the frontier node that
maximizes the marginal information gain with respect
to the current demonstration set:

v* = arg max AHg(v; | S(q)). (10)

v; €F (D)
The selected node is then added to the demonstration
set, updating the current demonstration composition:

(11)

For computational efficiency, we implement this pro-
cedure using a lazy greedy strategy, which maintains a
priority queue over frontier nodes with cached marginal
information gains and recomputes them only when nec-
essary as S(@) evolves. Further details of this lazy
greedy strategy are provided in Appendix I. The up-
dated demonstration composition subsequently triggers
the graph-based frontier expansion step.

Graph-based Frontier Expansion. After each greedy
selection step, we expand the search frontier to intro-
duce new candidates that are conditionally relevant to
the current demonstration composition. Given a newly
selected node v*, we update the frontier by adding its
neighbors in the patient graph:

S@ 8@y {v*}.

F@  FO YN (v*), (12)

where V' (v*) = {v; | (v*,v;) € £} denotes the neigh-
bors of v*. This expansion exploits the local connec-
tivity of the patient graph, where neighboring nodes



are expected to share locally coherent clinical patterns.
Conditioned on the fact that v* yields high information
gain for the target case, its neighbors are more likely to
provide complementary clinical evidence that further en-
hances the reasoning utility of the current demonstration
composition. Previously selected nodes are excluded
from the frontier to avoid redundancy.

Stopping Criterion. By alternating between LLM-
guided greedy selection and graph-based frontier ex-
pansion, the algorithm incrementally explores clinically
related regions of the patient graph while continuously
optimizing the reasoning utility of the demonstration
composition. The procedure terminates when either (i)
a predefined budget of K demonstrations is reached, or
(i1) no candidate in the current frontier yields a positive
marginal information gain, thereby preventing the inclu-
sion of misleading or uninformative demonstrations.
LLM Inference with Selected Demonstrations. After
selection, the demonstration set S(?) is used to construct
a few-shot prompt(see Appendix J for details), which is
then used by the target LLM to generate the final pre-
diction. The full algorithm is provided in Appendix H.

4 Experiment

Datasets and Tasks. We evaluate our method on
two widely used, publicly available EHR benchmarks,
MIMIC-III (Johnson et al., 2016) and MIMIC-IV (John-
son et al., 2023), across standard clinical prediction
tasks including in-hospital mortality, length-of-stay
(LOS), and ICU readmission prediction. Following es-
tablished EHR benchmarks (Gao et al., 2024; Zhu et al.,
2024b), we adopt standard patient-level preprocessing
and visit sequencing protocols. We include patients
with at least two visits and use the last visit for predic-
tion. Stratified train/validation/test splits are employed.
Detailed dataset statistics, task definitions, and prepro-
cessing procedures are provided in Appendix B and C.
Baselines. We compare GraphWalker with representa-
tive baselines spanning multiple paradigms:

e Vanilla ICL baselines. Zero-shot is a special case
of ICL where no demonstration example is provided.
Random randomly samples a fixed number of exam-
ples as demonstrations.

* Supervised. Supervised fine-tuning(SFT) adapts
LLMs to downstream tasks by updating model pa-
rameters on task-specific labeled data.

e Data Perspective Selection. Semantic-emb and
EHR-emb select demonstrations as semantic neigh-
bors of the test query by performing top-k nearest-
neighbor retrieval in embedding space, using Qwen3-
Embedding-8B (Zhang et al., 2025b) (a general-
purpose semantic encoder) and SMART (Yu et al.,
2024) (an EHR-specific encoder), respectively.

¢ Model Perspective Selection. SPELL (Gonen et al.,
2023) selects demonstrations by calculating their per-
plexity. Influence (Nguyen and Wong, 2023) esti-
mates example importance via validation performance
differences. IDS (Qin et al., 2024) selects demonstra-

tions based on reasoning-path similarity. CONE (Peng
et al., 2024) selects examples by minimizing the con-
ditional entropy of the test input on a per-example
basis, ignoring the complementarity among selected
demonstrations. LMS3 (Liu et al.) leverages LLM
embedding similarity and gradient stability. Delta-
KNN (Li et al., 2025) selects demonstrations by prior-
itizing examples that were empirically observed to be
more helpful in past predictions.

See Appendix D for baselines implementation details.
Backbone Models. To evaluate the generality of our
method, we instantiate it on multiple LLM backbones,
including Qwen3-32B and /4B (Yang et al., 2025), as
well as LLaMA-3.1-8B-Instruct (Dubey et al., 2024).
Evaluation Metrics. For mortality and readmission pre-
diction, we employ three widely used evaluation metrics,
including the area under the receiver operating character-
istic curve (AUROC), the area under the precision—recall
curve (AUPRC), and the F1-score. For LOS prediction,
following Harutyunyan et al. (Harutyunyan et al., 2019),
we discretize LOS labels into multiple bins and evalu-
ate performance using macro-averaged ROC (ma-ROC)
and micro-averaged ROC (mi-ROC).

4.1 Experimental Results

Performance Comparison. As shown in Table 1,
GraphWalker consistently achieves the strongest and
most stable performance across backbones and tasks,
confirming its effectiveness in EHR reasoning. Con-
cretely, Compared to the second-best performance,
GraphWalker yield an average relative improvement
of 9.65%1 in AUROC, 12.98%1 in AUPRC, 7.89%7 in
F1, 3.35%7 in ma-ROC and 0.73%7 in mi-ROC across
all settings, confirming its strong performance. Notably,
GraphWalker consistently outperforms existing single-
perspective methods. This result empirically validates
the advantage of a dual-view demonstration selection
paradigm that bridges clinical similarity and LLM-
internal reasoning dynamics. Furthermore, in contrast
to SFT, GraphWalker attains comparable or superior
performance without parameter updates, underscoring
its lightweight and efficient inference-time adaptation
for EHR reasoning under data-scarce conditions.

Ablation Study. To examine the contribution of each
component in GraphWalker, we conduct ablation ex-
periments on two EHR benchmarks using Qwen3-14B.
The experimental results were presented in Table 2. In
w/o EHR-emb, replacing the EHR encoder with a se-
mantic embedding model (Qwen3-Embedding-8B) re-
sults in a pronounced performance drop(e.g., an average
18.63% F1), indicating that generic semantic similarity
fails to capture clinically meaningful patient relation-
ships required for effective graph-based search. In w/o
Cohort Discovery, we do not partition patients into clin-
ically coherent cohorts, but instead directly initialize an-
chors by selecting the top- K, nearest patients from the
graph, which leads to a noticeable performance degrada-
tion(e.g., an average 6.09%/| AUPRC). This result high-
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SPELL 63.26+£4.98 27264564 38.33£545 | 53.874376 75.06+£227 | 48.56+£477 25904411  40.1743.86
Influence 62454555 2928+641 40.184630 | 54244302 41.07£156 | 50454349 27.63+342  42.6943.94
Model Perspective | 1PS 56724564 28374691 35234503 | 52474312 45.824247 | 46.93+4.66 27714434  43.16%3.79
odel Ferspective | coNg 64284659 27.83£735 36.05+£690 | 56304373 68.90+2.64 | 45354483 27.854477 41.73£3.79
LMS3 62.03£5.12 25144503  36.684479 | 58.144373  73.154255 | 45284440 26.09+401 42794382
Delta-KNN 61.08£583 20414634 39364592 | 56.5544.09 64.86+£2.64 | 51.754£4.68 26.74+426  40.374£3.90
Ours Graph-Walker | 85.8843.16 59.19+£8.04 61.89+6.07 | 67.40+351 83.60+2.34 | 77.57+4.01 63.09+£6.27 59.51:4.46
Impro(%) +0.86 +0.63 +3.05 +4.38 +3.16 +16.25 +18.84 +13.27
Qwen3-14B
Vanilla Zero-shot 64.004£526  17.584398 31.624544 | 65224300 37.494248 | 41.114£477 27114451  41.6643.80
Random 66334512 31.04+689 43.004588 | 58.124198 61.28+335 | 49.98+447 24814363  40.7744.05
Supervised | SFT | 68344629 17.48+488 30434635 | 65.314380 86.51+185 | 53234261 27444391 39.36+387
Data P g Semantic-emb | 64.43+6.71 21784609 33.60+6.16 | 57.06+377  66.60+2.60 | 45764472 27.75+£4.60 41.89+3.79
ala Ferspective: | EHR-emb 75244586 20524820 42494888 | 62.0343.13 66.98+253 | 57.794437 32.73£501  44.8744.01
SPELL 75374483 32.23£655 50.324686 | 63.73+3.65 75.78+218 | 48.824437 24374338  40.03+3.98
Influence 60.54£564 27.20+659 36.10£688 | 50.03£2.64 62704230 | 52.85+£328 28.55+375 43.1943.85
Model Perspective | IPS 50.144453 19734393  32.974445 | 49.864206 37.41£1.11 | 47.414£451 25434348 42.68+3.79
P CONE 64.694474 27904544 38.824501 | 57.8443.66 67.914257 | 45.76+£472 27754460 41.8943.79
LMS3 66.54£561 26924655 39.074746 | 59.444321 31.8942.54 | 44344457 24.68+3.47 42284381
Delta-KNN 51524634 15.66+431 25224487 | 59.0443.61 63.43£251 | 47.114481 2441390  40.00+3.91
Ours Graph-Walker | 84.1943.35 59.46:£7.64 58.24+589 | 69.51+3.16 84.6442.14 | 75914411  60.61+£6.19 58.01-+5.33
Impro(%) +8.82 +27.23 +7.92 +4.20 1.87 +18.12 +27.88 +13.14
Llama3.1-8B-Instruct
Vanilla Zero-shot 65354490 21724461 35754522 | 43.16£425 T4.13£2.63 | 54.404£502 20.88+499 41244414
Random 52.04+555 18.81+478 28.90+4.11 | 45664424 80.14+231 | 48.63£503 27.06+468 39.85+3.85
Supervised | SFT | 67414536 26414611 35734594 | 52.60+386 81.49+226 | 45374341 22944322  37.25+4.00
Data Perspective | Semantic-emb | S6.90£544 2232469 3515510 | 5378387 81494226 | 43555433 23.69+£325 4237383
P EHR-emb 65.78£424 24304439 41.8945.14 | 45724408 74784263 | 63.75£478 46324637 49.81+4.88
SPELL 55434483 20924444 34514445 | 49484407 82.024224 | 48.1144.67 25034409 40.0943.86
Influence 61734531  31.80£655 38.3945.19 | 55.5744.39 82.63£237 | 49.6443.99 2840417  42.65+381
Model Perspective | TIPS 59.8045.52 2840+661 36.1145.13 | 42.1243.58 71.14£2.10 | 45254452 24.86+3.59 42.65+3.81
P CONE 50404529 18.93+397 32794454 | 38314382 76.94+253 | 51.674£473 20424445 42734386
LMS3 51.804£573 16414338 29.3744.67 | 39.6043.86 74.05+£2.68 | 54774481 30954455 45414473
Delta-KNN 57.424£491 21484412 33.614443 | 47.694382 75714260 | 51.23£4.62 26504415 41.134£4.00
Ours Graph-Walker | 76.714+3.58 35.09640 50.13+5.52 | 57.06+398 83.5542.16 | 68.3244.19 46.37+£6.65 51.54-:4.45
; Impro(%) +9.30 +3.29 +8.24 +1.49 +0.92 +4.57 +0.05 +1.73

Table 1: Performance comparison on MIMIC-IIT and MIMIC-IV datasets. All evaluation metrics are defined such that higher
values indicate better performance (7). The best results are highlighted in Bold, while the second-best results are underline. The
Impro(%) indicates the relative improvement of GraphWalker over the second-best performance.

Method MIMIC-III Mortality MIMIC-III LOS MIMIC-IV Readmission
AUROC 1T  AUPRC 1 F1 1 ma-ROC1T mi-ROC 1T | AUROC1T  AUPRC 1 F1 1
GraphWalker ‘ 84.19+£3.35 59.46+7.64 58.24+5.89 ‘ 69.51+£3.16 84.64+2.14 ‘ 7591+4.11  60.61+6.19 58.01+5.33
w/o EHR-emb 61.09+5.32 31.13+£6.81 37.50+5.73 | 62.03+3.40 72.63+2.46 | 45.30+£4.55 26.69+4.20 41.74+3.79
w/o Cohort 81.19+3.78 48.27+8.01 55.06+6.18 | 65.85+3.75 81.16%2.27 | 75.65+4.04 59.61+6.09 56.87+5.19
w/o Greedy & Frontier Expansion | 69.43+£5.80 46.72+8.24 55.34+7.22 | 60.93+330 53.334+252 | 62.43+£4.72 43.69+6.25 47.24+4.90
w/o Early Stop 81.34+£3.74 48.66+£7.91 55.99+6.18 | 66.31+£3.23 82.77+2.14 | 75.53+£4.09 59.13+6.12 57.38+5.22

Table 2: Ablation study of GraphWalker using Qwen3-14B as backbone LLM on MIMIC-III and MIMIC-IV datasets. All
evaluation metrics are defined such that higher values indicate better performance (1). The best results are highlighted in Bold.

lights the importance of cohort awareness: replacing
instance-level retrieval with Cohort Discovery enables
reasoning over clinically coherent patient groups, reduc-
ing noise from idiosyncratic cases and yielding more
stable demonstration contexts.

We further examine the role of greedy search with

frontier expansion. In w/o Greedy & Frontier Expan-
sion, demonstrations are selected solely based on their
individual A H scores within retrieved cohorts, implic-
itly assuming linear accumulation of utility. This results
in a clear performance drop (e.g., an average 14.83%.
AUPRC), indicating that independently scoring demon-



Method MIMIC-III Mortality

AUROCt AUPRCT  Fit

MIMIC-1V Readmission
AUROCT AUPRCt  F1t

SMART 80.64 45.40 47.18 74.41 54.62  57.38
+Ours 84.19 59.46 58.24 7591 60.61  58.01
Impro(%) +3.55 +14.06  +11.06 | +1.50 +5.99  +0.63
ConCare 69.19 36.01 40.65 70.30 41.87  50.26
+Ours 70.46 36.93 45.90 77.01 5949 5944
Impro(%) +1.27 +0.92 +5.25 +6.71 +17.62  +9.68
AdaCare 60.67 19.37 26.81 78.40 59.37  54.87
+Ours 65.61 27.13 37.89 80.45 62.72  60.04
Impro(%) +4.94 +7.76  +11.08 +2.05 +2.99  +5.17

Table 3: Performance of GraphWalker with different EHR
encoders on MIMIC-III and MIMIC-1V, using Qwen3-14B as
backbone LLM. Relative improvements (%) are reported w.r.t.
the corresponding encoder baselines.

Paradigm | Method | cMmB MedQA | Avg
Vanilla ICL Zero-shot 80.21£0.92  56.56%3.59 | 68.39
anita Random 81.50+2.78  52.96+3.53 | 67.23

Data Perspective | Semantic-emb | 80.52+2.70  59.5843.52 | 70.05

SPELL 81.98+2.73  54.10£3.49 | 68.04
Influence 83.50£2.64 53.0243.50 | 68.26
Model Perspective IDS 79.57+£2.81 52.59+3.57 | 66.08
CONE 80.41+2.82 59.17+3.51 | 69.79
LMS3 82.02+2.78  54.09+3.60 | 68.06
Delta-KNN 83.02+2.66 53.47+3.42 | 68.25
Ours | Graph-Walker | 84.05+2.58 61.10+3.46 | 72.58

Table 4: Performance comparison on MedQA and CMB
benchmarks using Qwen3-14B as the backbone LLM. Avg
denotes the arithmetic mean across tasks without variance.
Higher values indicate better performance (7).

strations fails to account for redundancy and interaction
effects, leading to diminishing marginal gains. More-
over, in w/o Early Stop, removing the early stopping
criterion allows demonstrations with negative marginal
gains to be included, which further degrades perfor-
mance. Together, these results highlight that effective
demonstration selection requires explicitly modeling re-
dundancy and interaction effects to efficiently utilize a
constrained context budget.

Effect of Different EHR Encoders. To assess the ro-
bustness of GraphWalker to the choice of EHR rep-
resentation, we evaluate it with multiple pretrained
EHR encoders of different architectures and capaci-
ties, including SMART, ConCare (Ma et al., 2020b),
and AdaCare (Ma et al., 2020a). Each EHR encoder is
also fine-tuned as a task-specific predictor on the cor-
responding downstream task, and its performance is
reported as the encoder baseline. As shown in Table 3,
GraphWalker consistently improves performance across
all encoders and tasks, indicating that its effectiveness
is not tied to any specific EHR representation. These
results suggest that the gains primarily stem from the
dual-view demonstration selection mechanism, rather
than from a particular encoder design.

Information Dynamics and Shot Scaling Analysis.
Figure 4 shows that GraphWalker uniquely achieves a
stable increase in A H with more demonstrations. By op-
timizing joint information gain at the composition level
rather than scoring examples independently, it avoids
misleading samples and alleviates information satura-

Random EHR-cmb M Influence B8 CONE B Delta-KNN
Semantic-emb 8 SPELL = DS BN LMS3 W GraphWalker

00T IRCOTT T T ) T |

One-shot Two-shot Three-shot Four-shot

@
=3

AUPRC (%) AUROC (%)
g o

°

__One-shot _ Three-shot __Four-shot

JRTT T T |

One-shot Two-shot Three-shot Four-shot

__Two-shot

@
3

F1 (%)

Figure 6: Shot scaling performance on MIMIC-III Mortality
with Qwen3-14B as the backbone LLM.

= AUPRC

60 60 60 e 1

aou
N ®  ©

Performance(%)

"3
)

== AUPRC == AUPRC
=de= F1 o= F1

«n
a
v
£
'3
>

4 6 8 10 1 2 3 4 1 2 3 4
kg K. Kq

Figure 7: Performance of GraphWalker over different hyper-
parameters on MIMIC-IV.

tion under shot scaling. Moreover, as shown in Figure 6
and Figure 8, GraphWalker consistently achieves the
best performance as the number of demonstrations in-
creases when compared with a broader set of baselines.
Additional shot-scaling results and detailed discussion
are provided in Appendix K.

Extended Investigations and Key Insights. We fur-
ther extend our evaluation to Additional Text-based
Medical Benchmarks. As shown in Table 4, Graph-
Walker consistently improves performance on these
benchmarks, achieving an average gain of 3.6%71 (see
Appendix L for details), highlighting its potential for
broader real-world clinical applications. In addition, we
conduct a Hyper-Parameter Analysis of GraphWalker
to support future applications and practical deployment.
The results are summarized in Figure 7, with detailed
analysis provided in Appendix M. We also report a run-
time analysis in Appendix N, which shows that although
GraphWalker incurs additional computation compared
to baseline selection strategies, the overhead is limited
and acceptable under typical clinical deployment set-
tings. Finally, we provide a Case Study in Appendix O
to further illustrate the advantages of GraphWalker in
clinical reasoning.

5 Conclusion

In this work, we propose GraphWalker, a dual-view
demonstration selection framework that bridges clini-
cally grounded similarity modeling with LLM-internal
reasoning dynamics, while explicitly incorporating co-
hort awareness and interaction-aware information aggre-
gation. Extensive experiments demonstrate that Graph-
Walker consistently improves clinical reasoning perfor-
mance across diverse benchmarks and settings. We ad-
vocate a broader perspective that principled, interaction-
aware demonstration selection is essential for reliable
and clinically aligned ICL with LLMs.




6 Limitations

While GraphWalker effectively addresses the limitations
of single-perspective demonstration selection in EHR-
based clinical reasoning, it has not yet been evaluated
on substantially larger LLMs due to limited computa-
tional resources. In this work, we conduct experiments
on LLMs with up to 8B and 14B parameters; extend-
ing the evaluation to larger-scale models would further
strengthen the empirical evidence and help assess the
scalability of our approach. In addition, GraphWalker
introduces extra inference-time computation for demon-
stration selection, which may become non-negligible
for extremely large LLMs or latency-sensitive clinical
applications. Future work may explore more efficient
exploration and pruning strategies to reduce selection
overhead while preserving the benefits of cohort-aware
and interaction-aware demonstration selection.

7 Ethical Considerations

Clinical decision-making is a complex and high-stakes
process that relies on comprehensive medical evidence
and professional judgment. Although LLMs can as-
sist clinicians by organizing information, highlighting
relevant patterns, or supporting exploratory reasoning,
there is a risk that their outputs may be misunder-
stood or inappropriately treated as definitive medical
advice. We emphasize that the system studied in this
work is not intended to function as a diagnostic tool,
nor to replace qualified healthcare professionals. Any
model-generated reasoning or suggestions should be
interpreted only as auxiliary information and must be
considered alongside established clinical records, ex-
aminations, and expert assessment. All experiments
in this study are conducted on publicly available and
de-identified datasets, and no personally identifiable
information or human subject data is involved. We ac-
knowledge that the underlying datasets may exhibit de-
mographic imbalances, including disparities across race,
ethnicity, age, and other population attributes, which
could potentially affect model behavior and generaliz-
ability. Our method is developed and evaluated solely
for research purposes and is not deployed in real-world
clinical settings. While the proposed approach improves
the reliability and coherence of in-context reasoning un-
der limited information, any future clinical application
would require extensive validation, careful safety evalua-
tion, and strict compliance with medical regulations and
ethical guidelines. We view this work as a step toward
more responsible and transparent medical Al systems,
rather than a substitute for human clinical expertise.
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A Related Work

LLMs for Clinical Reasoning on EHRs. Recent
years have witnessed growing interest in applying LLMs
to clinical reasoning over EHRs. Early efforts primar-
ily focused on adapting LLMs to the medical domain
through continual pre-training or post-training on clin-
ical corpora (Zhang et al., 2025a; Ding et al., 2025a;
Fang et al., 2025; Ding et al., 2025b). However, several
empirical studies have shown that, even after domain
adaptation, LLMs remain limited in modeling longi-
tudinal EHR data and activating clinically meaningful
temporal patterns stored in parametric memory (Brown
et al., 2024; Chen et al., 2024; Zhu et al., 2024a). These
limitations motivate the exploration of inference-time
adaptation strategies.

Demonstration Selection for ICL. In-context learn-
ing (ICL) (Brown et al., 2020) enables LLMs to adapt at
inference time by conditioning on a small set of demon-
strations, and has been widely studied in both general
NLP and domain-specific settings. Existing demon-
stration selection methods can be broadly grouped
into two paradigms. Data-perspective approaches re-
trieve demonstrations based on embedding similarity,
assuming that representation-level proximity correlates
with reasoning utility (Liu et al., 2022; Hongjin et al.,
2022; Robertson et al., 2009; Yu et al., 2024). Model-
perspective approaches instead leverage LLM-internal
signals, such as perplexity, conditional entropy, gradi-
ents, or influence estimates, to assess the usefulness of
individual demonstrations (Gonen et al., 2023; Peng
et al., 2024; Liu et al.; Li et al., 2025; Qin et al., 2024).
However, existing demonstration selection methods
largely lack a principled framework that jointly incor-
porates clinical knowledge and model-aware reasoning
signals for EHR-based clinical reasoning.

B Datasets

In this section, we provide a detailed introduction of the
datasets used in our study, along with the preprocessing
procedures applied to the structured EHR data.

Dataset Description Our experiments are conducted
on two real-world EHR benchmarks: MIMIC-III (John-
son et al., 2016) and MIMIC-IV (Johnson et al., 2023).
We use MIMIC-III v1.4 and MIMIC-IV v2.2, which are
large-scale, publicly available critical-care databases
collected at the Beth Israel Deaconess Medical Center.
Both datasets provide longitudinal, de-identified ICU
records with heterogeneous clinical events (e.g., vital
signs, laboratory tests, and medication administrations),
which naturally form irregular and long-horizon patient
trajectories. This setting poses substantial challenges for
clinical reasoning and makes MIMIC-III and MIMIC-IV
particularly suitable benchmarks for evaluating EHR-
oriented ICL methods.

Data Preprocessing We preprocess both datasets us-
ing a standardized open-source pipeline, following com-
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mon practices in recent EHR benchmarks (Gao et al.,
2024; Zhu et al., 2024b). For both MIMIC-III and
MIMIC-IV, time-stamped clinical events within each
ICU stay are temporally aggregated into daily records.
For long ICU stays, we retain the most recent seven days
to capture clinically salient trajectories, while summariz-
ing earlier records to control sequence length. Missing
values are handled using the Last Observation Carried
Forward (LOCF) strategy (Wells et al., 2013) to main-
tain temporal coherence. All patient records are then
chronologically ordered and organized into visit-level
sequences for downstream reasoning tasks. Due to com-
putational resource constraints, we randomly sample
2,000 patients from each dataset and partition them into
training, validation, and test sets with a ratio of 8:1:1
using stratified sampling. To ensure fair and consistent
evaluation, the test set is fixed and shared across all
experiments. Dataset statistics are reported in Table 5.

C Tasks

Definition 1 (EHR Dataset). A patient’s EHR is
represented as a sequence of 7' time-ordered vis-
its X = [x1,X2, -+ ,Xr], where each visit x; =
{li1, 12, ,lin, } contains n, 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, pre-
dict whether the patient will be readmitted within 30
days after discharge. The label y € {0,1} indicates
readmission (y = 1) or not (y = 0).

Definition 4 (Length-of-Stay Prediction). Given X,
predict the length of the patient’s hospital stay. Follow-
ing prior work (Harutyunyan et al., 2019), we formulate
this task as a classification problem, where the label
y € {1,2,--- ,C} indicates the length-of-stay category
corresponding to predefined time intervals.

D Baseline Implementation Details

We compare GraphWalker with representative baselines
spanning multiple paradigms. In this subsection, we
provide implementation details for each baseline. For
all methods, we strictly constrain the LLM to directly
output the final prediction in the task-specific format,
without generating any intermediate reasoning or expla-
nations, following the prompt templates described in
Appendix J.

¢ Vanilla ICL baselines. Zero-shot corresponds to a
special case of ICL where no demonstration exam-
ples are provided, and the LLM directly produces
predictions based on the task description and patient
EHR data. Random samples a fixed number of pa-
tient examples uniformly at random as demonstra-
tions. Both baselines adopt the same prompt structure
as described in Appendix J, differing only in whether
in-context examples are included.



Dataset MIMIC-III MIMIC-1V
Total  Alive Dead Avg.LOS Total Alive Dead Re. NoRe.
Test Set Statistics

# Patients 200 165 35 3.8 200 182 18 53 147

# Total visits 8791 7167 1624 - 679 610 69 170 507

# Avg. visits ~ 44.0 43.4 46.4 - 34 34 38 32 34
Training Set Statistics

# Patients 1600 1405 195 3.7 1600 1465 135 391 1209

# Total visits 70641 61713 8928 - 5848 5346 502 1430 4432

# Avg. visits ~ 44.2 43.9 45.8 - 3.7 3.6 3.7 3.7 3.7
Validation Set Statistics

# Patients 200 171 29 37 200 181 19 51 149

# Total visits 8918 7669 1249 - 712 652 60 178 537

# Avg. visits ~ 44.6 44.8 43.1 - 3.6 3.6 32 35 3.6

Table 5: Statistics of the MIMIC-III dataset and MIMIC-1V dataset. “Re.” stands for Readmission, indicating
patients who are readmitted to the ICU within 30 days of discharge, while “No Re.” represents patients who are not

readmitted.

* Supervised. SFT adapts LLMs to downstream tasks
by fine-tuning model parameters on task-specific data.
Specifically, we organize the training set into question—
answer pairs using the same prompt templates de-
scribed in Appendix J, and apply parameter-efficient
fine-tuning via LoRA (Hu et al., 2022) to update the
backbone LLM.

¢ Data Perspective Selection. Semantic-emb retrieves
top-k demonstrations based on similarity in the em-
bedding space of Qwen3-Embedding-8B (Zhang et al.,
2025b), a widely used and strong general-purpose
semantic model. For efficiency, we compute embed-
dings using vLLM (Kwon et al., 2023) to accelerate
large-scale embedding inference. EHR-emb retrieves
top-k demonstrations based on similarity computed
from embeddings generated by SMART (Yu et al.,
2024), a pretrained model specifically designed for
EHR data. We follow the hyperparameter settings
recommended in the original work and use the [CLS]
token embedding as the patient representation, as it en-
codes global semantic information of the longitudinal
EHR sequence.

¢ Model Perspective Selection. SPELL (Gonen et al.,
2023) selects demonstrations by ranking candidates
with LM perplexity (i.e., teacher-forced next-token
cross-entropy) and choosing the lowest-perplexity top-
k examples. In our implementation, we score all
training examples with the same causal LM and select
the top-k demonstrations by sorting the average loss in
ascending order. The resulting few-shot set is shared
across all test instances and inserted into the ICL
prompt as demonstrations, without per-test-instance
re-selection.

Influence (Nguyen and Wong, 2023) estimates the
importance of demonstrations by measuring their
marginal contribution to the model’s performance on
a validation set. It calculates influence scores based
on the average performance difference between sam-
pled subsets that include a specific example and those
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that exclude it.

IDS (Qin et al., 2024) selects demonstrations by calcu-
lating the semantic similarity between training exam-
ples and reasoning paths generated through Zero-shot
CoT. The framework iteratively refines the demonstra-
tion set by utilizing the model’s self-generated reason-
ing from the previous round as an updated query for
subsequent retrieval.

CONE (Peng et al., 2024) selects demonstrations by
minimizing the conditional entropy of the test input
on a per-example basis, without modeling comple-
mentarity among selected examples. Following the
original implementation, we first perform a semantic
pre-filtering step using Qwen3-Embedding-8B to re-
trieve the top-10 semantically similar candidates. We
then select the top-k demonstrations with the largest
reduction in conditional entropy, where the entropy is
computed independently for each candidate example.
LMS3 (Liu et al.) selects demonstrations by balanc-
ing LLM-oriented semantic similarity and inference
stability, derived from a theoretical bound on reason-
ing efficacy. It uniquely incorporates a demonstration
rejection mechanism that adaptively filters out unsuit-
able examples to prevent negative transfer.
Delta-KNN (Li et al., 2025) selects demonstrations
by prioritizing candidates that were empirically ob-
served to be most helpful for similar inputs, using
a cached example-to-example gain matrix. In our
implementation, we first take a fixed training subset
of examples to construct the Delta matrix via paired
zero-shot vs. one-shot inference, and cache the result-
ing matrix for each dataset/LLM setting. At test time,
we use Qwen3-Embedding-8B to retrieve the top-10
semantically similar candidates, then re-rank them
with the Delta-based scores and select the final top-k
demonstrations. The selected three demonstrations
are re-selected per test instance and inserted into the
ICL prompt as demonstrations for final inference.



E Experimental Setup of Pilot Study

To investigate the behavior of different ICL strategies
for EHR reasoning, we adopt Qwen3-14B (Yang et al.,
2025) as the backbone LLM for all pilot experiments.
We conduct experiments on two widely used, large-
scale public EHR benchmarks: MIMIC-III (Johnson
et al., 2016) and MIMIC-IV (Johnson et al., 2023), and
focus on two representative downstream tasks: mortal-
ity prediction and readmission prediction. For each task,
the LLM is prompted in a few-shot setting using demon-
strations selected by different ICL strategies. Detailed
dataset statistics, preprocessing procedures, task defini-
tions, and prompt templates are provided in Appendix B
and J.

Definition of Information Gain AH. To quantita-
tively analyze how different demonstration selection
strategies affect the model’s understanding of a test
query, we measure information gain using an entropy-
based criterion. Unlike the marginal gain formulation
used in our method, the A H reported in the pilot study
is defined relative to the zero-shot baseline.

Formally, let s denote an unlabeled test input, and
let Sy denote a demonstration set of size k selected by
a given ICL strategy. We define the conditional entropy
of the model’s prediction on g under a demonstration
composition Sy as

Hy(xes | Sk) = Ho(%west, Sk) — Ho(Sk),  (13)

where Hy(Zeq, Si) denotes the cross-entropy of the
full prompt (including both the demonstrations and the
test query), and Hy(S) denotes the cross-entropy of
the demonstration composition alone. This conditional
entropy reflects the model’s predictive uncertainty and
thus its degree of understanding of the test query under
the given context.

We then define the information gain of a demonstra-
tion composition Sy, relative to the zero-shot setting
as

AHy(Sk) = Hop(Test | 0) — Ho(wiest | Sk),  (14)

where () denotes the empty demonstration set (i.e., zero-
shot prompting). A larger A Hy(Sk) indicates that the
selected demonstrations reduce the model’s uncertainty
more effectively compared to the zero-shot baseline.

For each ICL strategy and each k € {1,2,3,4}, we
compute AHy(S}y;) for every validation instance and
report the average information gain over the validation
set.

F Implementation Details

For patient graph construction, we set the number of
nearest neighbors to k;, = 8. For instance-aware co-
hort retrieval, the number of retrieved cohorts is set to
K. = 3, and within each retrieved cohort, we select
K, = 3 anchor nodes to initialize the search frontier. A
detailed analysis and discussion of these key hyperpa-
rameters are provided in Appendix M. For graph-based
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cohort discovery, the resolution parameter of the Leiden
algorithm is set to 0.9. All experiments are repeated
three times with different random seeds, and we report
the mean performance along with the standard deviation.
To accelerate the computation of conditional entropy
during LLM-guided demonstration selection, we adopt
VvLLM (Kwon et al., 2023) for efficient inference.

G Computational Resources and
Software Environment

All experiments were conducted on a server equipped
with two NVIDIA H20 GPUs (96 GB memory each) and
503 GB system RAM, running Ubuntu 22.04.5 LTS. The
software environment was based on Python 3.11.11 with
Conda 23.5.2, and experiments were implemented using
PyTorch 2.6.0, HuggingFace Transformers 4.51.3, and
SpaCy 3.8.4, all with default settings unless otherwise
specified.

H Algorithm

Please see Algorithm 1. For clarity, Algorithm I
presents the full greedy implementation of Graph-
Walker. In practice, we adopt a lazy greedy strategy
to improve computational efficiency, which is discussed
in detail in Appendix I.

I Lazy Greedy Search

Motivation and Complexity. Algorithm | presents
a full greedy search, which recomputes the marginal
information gain for every candidate in the frontier at
each iteration. Let Ft(q) denote the frontier size at step ¢
and K be the ICL budget. Full greedy therefore requires
2K |F'9| exact evaluations of AH (- | S{”)), result-
ing in O(K F') LLM forward passes, where F' denotes
the average frontier size.

To reduce this cost, we adopt the standard lazy greedy
acceleration (Minoux, 2005), which maintains cached
upper bounds of marginal gains in a priority queue
and re-evaluates a candidate only when it reaches the
top. Unlike full greedy, lazy greedy avoids recom-
puting marginal gains for all frontier nodes at every
step. In practice, this reduces the number of exact
marginal evaluations from O(}, |Ft(q)|) to approxi-

mately O(|Féq)| + R), where R is the number of nec-
essary re-evaluations during the search and is typically
much smaller than ), |Ft(q)| when marginal gains ex-
hibit diminishing returns. The additional overhead intro-
duced by the priority queue is O(log |Ft(q) |) per update,
which is negligible compared to LLM inference.

Assumption (Monotone Submodularity on the Fron-
tier). Lazy greedy is exact when the set objective is
monotone submodular. In our setting, we define the
objective as the prompt-level information gain on the
test instance q:

fq(S)éAH(S;q)=€(S(‘” (Z))—é(S), (15)



where £(S) is the token-level cross-entropy of the test
case conditioned on demonstrations S. The marginal
gain is

By (0] 8) 2 F,(SUfv}) = f,(S) = £(S)—H(SUw}).

(16)
We assume Ay (v | S) is approximately diminishing as
S grows, ie., for A C B, Ay(v | A) > Agy(v | B).
This assumption is consistent with our empirical obser-
vations: adding demonstrations often yields diminishing
reductions in predictive uncertainty due to redundancy
among clinically similar cases. Even when submodular-
ity is only approximate, lazy greedy remains a widely

used heuristic for accelerating greedy selection.

Implementation Details (Frontier Expansion + Prior-
ity Queue). Our implementation follows the standard
lazy greedy template with a max-priority queue. At
each step, we pop the candidate with the largest cached
marginal gain (an upper bound under submodularity),
recompute its true marginal gain w.r.t. the current set
S and compare it with the next cached best. If it
remains the best, we accept it; otherwise, we update
its key and push it back. Upon selecting v*, we update
S  s@y {v*}, remove v* from the frontier, and
expand the frontier by adding its graph neighbors A (v*)
while excluding already selected nodes. We further ap-
ply early stopping when the best marginal gain becomes
non-positive (i.e., A, (v* | S(9) < 0), preventing mis-
leading demonstrations.

J Prompt Details

In this section, we detail the prompt designs used in
our framework. We implement two prompting schemes:
a zero-shot template, which provides no in-context ex-
amples and requires the LLM to directly produce the
task-specific output, and a few-shot template, which aug-
ments the prompt with a set of labeled patient demon-
strations to support ICL. Both templates share a unified
structure for presenting longitudinal EHR data. In ad-
dition, we specify task-specific instructions for each
prediction task, including in-hospital mortality, readmis-
sion, and length-of-stay prediction, ensuring consistent
and fair evaluation across different prompting settings.

Prompt for Mortality Prediction

You are tasked with predicting in-hospital mortality
based on patient EHR data.

Provide only a floating-point number between 0 and 1
representing the predicted probability of mortality (a
higher value indicates a higher likelihood of death).
Do neot provide any reasoning, explanation, or addi-
tional text. Output only the numerical value.
Example: 0. XX
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Prompt for Readmission Prediction

You are tasked with predicting whether a patient will
be readmitted within 30 days after hospital discharge
based on EHR data.

Provide only a floating-point number between 0 and
1 representing the predicted probability of 30-day
readmission after discharge (including cases where
the patient dies within 30 days, which are counted as
readmission events).

Do not provide any reasoning, explanation, or addi-
tional text. Output only the numerical value.
Example: 0. XX

\.

Prompt for Length-of-Stay (LOS) Prediction

You are tasked with predicting the patient’s length of
hospital stay based on EHR data.

Provide only a single letter (A, B, C, or D) represent-
ing the predicted length-of-stay category:

e A: Less than 3 days (< 3 days)

* B: 3 to 7 days (3-7 days)

e C:7to 14 days (7-14 days)

* D: More than 14 days (> 14 days)

Do net provide any reasoning, explanation, or addi-
tional text. Output only the letter (A, B, C, or D).
Example: B




Zero-shot Prompt Template Few-shot Prompt Template

You will be provided with longitudinal electronic
health record (EHR) data for a single patient. Each
clinical feature is represented as a time-ordered list
of measurements corresponding to the same hospital
stay. Missing values are denoted as NaN. Units and
reference ranges are provided where applicable.
Patient Information:

¢ Number of measurements: {LENGTH?}

* Measurement times (hours since admission):
[{RECORD_TIME_LIST}]

Task Description:
{TASK_DESCRIPTION}
Clinical Features Over Time:

¢ Heart Rate (Unit: bpm. Reference range: 60—
100):
[82, 86, 90, 95, NaN, 88, 84, .. .]

Systolic Blood Pressure (Unit: mmHg. Refer-
ence range: < 120):
[110, 118, 125, 132, 120, NaN, 115,

o J
* Oxygen Saturation (Unit: %. Reference range:
95-100):
[100, 99, 98, NaN, 96, 95, 97, ... ]

* Glasgow Coma Scale (Total) (Unit: /. Refer-
ence range: /.):
[15, 14, NaN, 12, 10, 8, .. .]

Your Answer:
{MODEL_OUTPUT}
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You will be provided with longitudinal electronic
health record (EHR) data for a single patient. Each
clinical feature is represented as a time-ordered list
of measurements corresponding to the same hospital
stay. Missing values are denoted as NaN. Units and
reference ranges are provided where applicable.
Patient Information:

¢ Number of measurements: {LENGTH}

¢ Measurement times (hours since admission):
[{RECORD_TIME_LIST}]

Task Description:

{TASK_DESCRIPTION}

Instructions & Output Format:
{RESPONSE_FORMAT }

In-context Examples:

Below are example patient records and their corre-
sponding labels. These examples are provided to
guide the prediction for the target patient.

e Example 1:
Clinical Features: [. . . ]
Label: {LABEL_1}

¢ Example 2:
Clinical Features: [. . . ]
Label: {LABEL_2}

.
© .

Target Patient:
Clinical Features Over Time:

* Heart Rate (Unit: bpm. Reference range: 60—
100):
[82, 86, 90, 95, NaN, 88, 84, .. .]

* Systolic Blood Pressure (Unit: mmHg. Refer-
ence range: < 120):
[110, 118, 125, 132, 120, NaN, 115,

o J
¢ Oxygen Saturation (Unit: %. Reference range:
95-100):
[100, 99, 98, NaN, 96, 95, 97, ... ]

¢ Glasgow Coma Scale (Total) (Unit: /. Refer-
ence range: /.):
[15, 14, NaN, 12, 10, 8, .. .1

.
.

Your Answer:
{MODEL_OUTPUT}

\.

K Shot Scale Analysis

To examine the effect of shot number on the behavior of
GraphWalker, we evaluate its performance under vary-
ing k-shot settings with k € {1, 2, 3,4}. Experiments
are conducted on MIMIC-III Mortality and MIMIC-1V
Readmission using Qwen3-14B as the backbone LLM,
and the results are visualized in Figure 6 and 8.

We observe that GraphWalker consistently outper-
forms all baselines across different k-shot settings,
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Figure 8: Shot scaling performance on MIMIC-IV Readmission with Qwen3-14B as the backbone LLM.

demonstrating strong robustness to the choice of shot
number. Meanwhile, the performance of existing
methods exhibits non-monotonic and dataset-dependent
trends as k increases, indicating that simply adding
more demonstrations does not necessarily improve
EHR reasoning performance. In contrast, indiscrimi-
nately adding demonstrations may introduce irrelevant
or misleading context, which can hinder coherent rea-
soning. We attribute this behavior to the inclusion of
inappropriate demonstrations, which may introduce ir-
relevant or misleading context and thereby disrupt co-
herent reasoning rather than enhancing it.

Notably, GraphWalker is the only approach whose
performance improves consistently with increasing
k. This indicates that, by grounding demonstration se-
lection in graph-based discovery of clinically similar pa-
tient groups and performing progressive, LLM-guided
search over a reliable candidate set, GraphWalker effec-
tively identifies in-context example combinations that
maximize information gain for the target LLM.

Another notable observation is that purely model-
perspective methods (e.g., CONE, LMS3, SPELL) con-
sistently struggle to achieve competitive performance
compared to EHR-emb and GraphWalker. This suggests
that relying solely on LLM-internal signals is insuffi-
cient to construct reliable and informative candidate
sets for EHR reasoning, as such signals lack grounding
in clinically meaningful patient distributions.

L Applicability to More Tasks

To further examine the generality of GraphWalker be-
yond EHR-centric prediction tasks, we extend our eval-
uation to two additional medical reasoning benchmarks:
MedQA (Jin et al., 2021) and CMB (Wang et al., 2024).

MedQA consists of medical examination questions
designed to assess diagnostic reasoning and clinical
decision-making, with each question grounded in a real-
istic patient case description. Although the full bench-
mark is multilingual, we focus on the English subset,
which contains approximately 12.7K case-based ques-
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tions and has been widely adopted for evaluating LLM-
based medical reasoning.

CMB is a large-scale Chinese medical benchmark
covering a wide range of clinical specialties and ques-
tion types. Following (Ding et al., 2025b), we filter the
dataset to retain only case-based questions involving
explicit patient scenarios, ensuring suitability for in-
context reasoning and demonstration-based evaluation.
Dataset statistics are summarized in Table 6.

In this experimental setting, both GraphWalker
and the Semantic-embedding baseline employ Qwen3-
Embedding-8B as the retrieval encoder, while Qwens-
14B is used as the backbone LLM for all methods. As
shown in Table 4, GraphWalker consistently achieves
the best performance on both MedQA and CMB, indicat-
ing that its effectiveness is not limited to structured EHR
prediction tasks, but also extends to medical reasoning
over unstructured clinical text, highlighting its poten-
tial for broader real-world clinical applications.

Split MedQA CMB
Train 10,178 15,465
Val 1,272 1,940
Test 1,273 1,935
Total 12,723 19,340

Table 6: Dataset statistics for MedQA and CMB.

M Detailed Hyper-Parameter Analysis

We conduct a detailed analysis of several key hyper-
parameters introduced in GraphWalker to assess its ro-
bustness and provide practical guidance for future ap-
plications. Specifically, we examine the impact of the
graph neighborhood size kg4, the number of retrieved
cohorts K, and the number of anchor nodes per cohort
K,. Unless otherwise specified, all results are reported
on the validation set of MIMIC-IV Readmission with
QOwen3-14B as the backbone LLM, while keeping all
other settings fixed.



M.1 Graph Neighborhood Size &,

We vary the graph neighborhood size k, from 4 to 10,
as shown in Figure 7. The results exhibit a clear non-
monotonic trend. Specifically, increasing k, from 4 to 8
consistently improves performance, indicating that mod-
erately enlarging the local neighborhood helps capture
richer population-level structure and clinically meaning-
ful similarity relations among patients. However, further
increasing k4 to 10 leads to a noticeable performance
degradation. We attribute this decline to the introduction
of weakly related or clinically heterogeneous neighbors
when the graph becomes overly dense. Such neighbors
may blur the local structure of the patient graph and
propagate less informative or misleading signals dur-
ing frontier expansion, thereby reducing the quality of
candidate demonstrations.

M.2 Number of Retrieved Cohorts K.

We analyze the effect of the number of retrieved cohorts
K. by varying it from 1 to 4, as shown in Figure 7.
When K. increases from 1 to 3, both AUPRC and F1
steadily improve. This indicates that retrieving multi-
ple cohorts enables GraphWalker to incorporate a more
diverse yet clinically relevant set of patient subpopula-
tions, thereby enriching the candidate pool for demon-
stration selection. In particular, aggregating information
across a small number of related cohorts helps mitigate
over-specialization to a single cohort and improves ro-
bustness to intra-cohort variability. However, further
increasing K. to 4 leads to a notable performance degra-
dation. We attribute this decline to the inclusion of
loosely related or heterogeneous cohorts, which may
dilute clinically meaningful signals and introduce con-
flicting patterns into the candidate set.

M.3 Anchor Nodes per Cohort K,

We investigate the effect of the number of anchor nodes
per cohort K, as shown in Figure 7. The results show
that performance peaks at K, = 3. This suggests that
selecting a moderate number of anchors per cohort pro-
vides a good balance between intra-cohort coverage
and candidate quality. With K, = 3, the anchors are
sufficient to represent diverse yet clinically consistent
patient profiles within each cohort, enabling the subse-
quent frontier expansion to explore informative neigh-
borhoods without being overwhelmed by redundant or
weakly relevant cases. In contrast, larger values of K,
tend to over-expand the initial frontier with marginal
or noisy anchors, which increases redundancy and het-
erogeneity in the candidate set and degrades the effec-
tiveness of interaction-aware demonstration selection.
These results indicate that a carefully chosen, moderate
anchor size is crucial for stable and effective frontier-
based search.

N Runtime Analysis

We report the end-to-end runtime of different ICL
demonstration selection methods on the MIMIC-IV
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Method Total Runtime
Influence 37min4l s
IDS 40 min 58 s
CONE 34 min 23 s
Delta-KNN 44 min 36 s
GraphWalker 46 min 33 s

Table 7: End-to-end runtime comparison of ICL demon-
stration selection methods on the MIMIC-1V Readmis-
sion task (3-shot). All results are obtained using Qwen3-
14B.

Readmission task under the 3-shot setting. The reported
time includes both offline preparation (e.g., score esti-
mation or candidate construction) and inference-time
demonstration selection. All methods are evaluated us-
ing Owen3-14B as the backbone LLM. We focus on
representative ICL methods that require multiple LLM
forward passes during selection.

Discussion. As shown in Table 7, GraphWalker exhibits
a runtime comparable to other ICL methods that require
multiple LLM forward passes for demonstration evalua-
tion. Although GraphWalker involves interaction-aware
selection with frontier expansion, its overall time cost re-
mains in the same order of magnitude as Influence, IDS,
CONE, and Delta-KNN. This suggests that the addi-
tional modeling of demonstration interactions does not
introduce prohibitive overhead, making GraphWalker
practically applicable in real-world inference settings.

O Case Study

To qualitatively illustrate why GraphWalker yields more
reliable in-context demonstrations for EHR prediction,
we present in Table 8 a representative case from the
MIMIC-III Mortality test set using Qwen3-14B as the
backbone LLM, where the Zero-shot baseline produces
a severely miscalibrated prediction, while GraphWalker
corrects it.



Algorithm 1 GraphWalker

Require: Training EHR dataset {X;} ,; test patient record X (9); pretrained EHR encoder Mey,; LLM Mp; graph
neighbor size k4; number of retrieved cohorts K; anchors per cohort K, ; demonstration budget K.

: # Stage 1: Patient Graph Construction and Cohort Discovery

: fori < 1to N do

h; + Mexp(Xi)

: end for

: Construct a (symmetrized) k,-NN patient graph G = (V, £) over {h;} using cosine similarity
{Cpn }M_, < LEIDEN(G)

: for m < 1to M do

Zp < ‘Ciinl ZiGCm h;

: end for

© 0 U AW

—
=]

: # Stage 2: Instance-aware Cohort Retrieval and Anchor Initialization
- h@ «— Mexp<X(Q)>

: Cr(e’i) + Top —Kc(sim(h(‘n,zm))

c Fl@)

: for each cohort C,, € C\?) do

Vﬁ,ff) +— Top-K, (sim(h(Q), hi)), v; € Cy

Flo) — Flaypld

: end for

: # Stage 3: LLM-guided Greedy Search with Frontier Expansion
: 8@

: Hy < Hp(X(@ | S(@))

. while |S(9| < K and F(9) £ () do

22: v* < None; A* + 0; H* + Hy

23: for each v; € F(@ do

[\ I N e e e e e

24: H; < Hp(X@ | 8@ U {v;})

25: AHg(v; | S9) + Hy — H;

26: if AHg(v; | S@9) > A* then

27: v* v A < AHp(v; | S9); H* « H;
28: end if

29: end for

30: if v* = None or A* < 0 then
31: break

32: end if

33 SW@ ¢« S@uy{v*}
34: Hy«+— H*

35:  Fl@) o Flo\ {v*}
36:  F@) « FlOyN(v¥)
37 F@)  Fla\ sla
38: end while

39: return S(9)
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Table 8: Case study on MIMIC-III Mortality.

Component Content
Prompt You will be provided with longitudinal electronic health record (EHR) data for a single patient. Each clinical
feature is represented as a time-ordered list of measurements corresponding to the same hospital stay. Missing
values are denoted as NaN.
Patient Information:
* Number of measurements: 19
¢ Measurement times (hours since admission): [4.68, 5.18, 6.18, 7.18, 8.18, ... ]
Task Description: You are tasked with predicting in-hospital mortality based on patient EHR data.
Instructions & Output Format: Provide only a floating-point number between 0 and 1 representing the
predicted probability of mortality. Do not provide any reasoning or additional text. Output only the numerical
value (e.g., 0. XX).
Target Patient Clinical Features Over Time:
« Heart Rate (bpm): [117.0, 110.0, 111.0, 107.0, 102.0, ..., 119.0, 122.0, 118.0]
« Systolic BP (mmHg): [99.0, 96.0, 92.0, 109.0, 87.0, ..., 127.0, 118.0, 120.0]
« Diastolic BP (mmHg): [39.0, 56.0, 44.0, 54.0, 47.0, ..., 87.0, 75.0, 67.0]
« Mean BP (mmHg): [59.0, 69.3, 60.0, 72.3, 60.3, ..., 100.3, 89.3, 84.7]
¢ SpO; (%): [97.0, 94.0, 95.0, 95.0, 94.0, ..., 96.0, 95.0, 95.0]
¢ GCS (Total): [NaN, 15.0, 15.0, 15.0, 15.0, ..., 15.0, 15.0, 15.0]
Ground Truth @ (Survival).

Zero-shot Output

Prediction: 0.72 —

GraphWalker Example 1 Label: o;
Examples
e Heart Rate: [78.0, 104.0, 81.0, 98.0, 74.0, ..., 73.0, NaN, 74.0, 72.0]
¢ Systolic BP: [119.0, 134.0, 111.0, 165.0, 149.0, ..., 107.0, 96.0, 112.0, 118.0]
* Diastolic BP: [62.0, 70.0, 79.0, 73.0, 66.0, ..., 43.0, 56.0, 62.0]
« Sp0,: [98.0, 94.0, 95.0, 98.0, 96.0, ..., 98.0, NaN, 97.0, 96.0]
« GCS (Total): [NaN, 14.0, NaN, 14.0, NaN, ..., 15.0, ... ]
Example 2 Label: 0;
« Heart Rate: [87.0, 92.0, 92.0, 97.0, 90.0, ..., 83.0, 77.0, 75.0, 74.0]
« Systolic BP: [138.0, 155.0, 143.0, 152.0, 131.0, ..., 136.0, 116.0, 133.0, 136.0]
« Diastolic BP: [62.0, 78.0, 69.0, 79.0, 57.0, ..., 59.0, 66.0, 61.0]
¢ Sp0,: [93.0, 93.0, 93.0, 95.0, 91.0, ..., 93.0, 97.0, 98.0, 98.0]
¢ GCS (Total): [NaN, 15.0, NaN, ..., 15.0, .. .]
Example 3 Label: 0;
* Heart Rate: [102.0, 105.0, 95.0, 91.0, 96.0, ..., 77.0, 79.0, 80.0, 81.0]
¢ Systolic BP: [122.0, 118.0, 115.0, 118.0, 106.0, ..., 132.0, 118.0, 129.0, 130.0]
- Diastolic BP: [62.0, 52.0, 65.0, 74.0, 63.0, ..., 84.0, 76.0, 79.0, 85.0]
* SpO,: [83.0, 95.0, 94.0, 95.0, 93.0, ..., 93.0, 93.0, 92.0, 91.0]
¢ GCS (Total): [NaN, NaN, 15.0, ..., 15.0, ... ]
GraphWalker Prediction: 0.0689 —
Output
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P Notations Table

This section summarizes the key notations used in the
GraphWalker framework.

Symbol Description

X EHR record of patient ¢

Mexp Pretrained EHR encoder

h; Patient embedding of patient ¢

N Number of patients in the EHR base

g Population-level patient graph

1% Set of patient nodes in the graph

E Set of edges constructed via kg-nearest
neighbors in the embedding space

kg Number of nearest neighbors used for
graph construction

sim(-, ) Cosine similarity function between em-
beddings

Cm Cohort subgraph discovered from the pa-
tient graph via Leiden algorithm

M Total number of discovered cohorts

Zm Centroid embedding of cohort C,, ob-
tained by mean pooling

Q Graph modularity objective optimized dur-
ing cohort discovery

X @ EHR record of the target patient

h(@ Embedding of the target patient

Cr(gg Set of top-K. cohorts retrieved for the
target patient

K. Number of cohorts retrieved for the target
patient

Vf,f) Set of anchor nodes selected from cohort

Cn, for the target patient
K, Number of anchor nodes selected per re-
trieved cohort

F@ Search frontier consisting of candidate
demonstration nodes for the target patient

S@ Current demonstration set constructed for
the target patient

K Maximum number of demonstrations

4 Candidate demonstration node corre-
sponding to patient %

v* Selected demonstration node that maxi-
mizes marginal information gain

Ttest Unlabeled test query constructed from the

target patient’s EHR record

Conditional entropy of the LLM’s predic-
tion on the test query given demonstration
set S

HO(wtest | 8)

AHg(vi | S) Marginal information gain obtained by
adding candidate v; to demonstration set
S

0 Parameters of the target LLM

N(v) Neighbor set of node v in the patient

graph, used for frontier expansion

Table 9: Key Notations Used in GraphWalker

Q Code and Data Availability

To support reproducibility and facilitate future research,
we will publicly release the full implementation of
GraphWalker along with the processed datasets used
in our experiments upon publication.
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R Use of Large Language Models

In this work, large language models (LLMs) were used
in a supportive role to assist with language refinement
and programming-related tasks, including improving
clarity, grammatical correctness, and presentation qual-
ity, as well as providing high-level guidance for code
structuring and debugging. All LLM-assisted outputs
were carefully reviewed, verified, and, when necessary,
revised by the authors prior to inclusion. The core
research ideas, methodological design, experimental
setup, and result analysis were conceived and carried
out entirely by the authors. LLMs did not contribute
to the formulation of scientific hypotheses, the design
of the proposed methods, or the derivation of research
conclusions.
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