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Abstract

Large Language Models (LLMs) have shown
strong promise for mining Electronic Health
Records (EHRs) by reasoning over longitu-
dinal clinical information to capture context-
rich patient trajectories. However, leverag-
ing LLMs for structured EHRSs (e.g., standard-
ized diagnosis and medication codes) presents
two key challenges. First, translating time-
stamped EHR sequences into plain text can ob-
scure both temporal structure and code identi-
ties, weakening the ability to capture code co-
occurrence and longitudinal regularities. Sec-
ond, unlike cohort-trained predictive models
that learn a shared, task-aligned representa-
tion space across patients, LLMs are often ap-
plied in a case-isolated inference setting where
each patient is processed independently with-
out leveraging population-level patterns. To
address these challenges, we introduce Re-
PrompT, a time-aware LLM framework that
integrates structured EHR encoders through
prompt tuning, without modifying underlying
architectures. Specifically, RePrompT recur-
rently incorporates latent states from prior vis-
its to preserve longitudinal information, and
injects population-level information through
trainable prompt tokens derived from a cohort-
trained, task-aligned EHR encoder. Experi-
ments on MIMIC-IIT and MIMIC-IV demon-
strate that RePrompT consistently outperforms
both EHR-based and LLM-based baselines
across multiple clinical prediction tasks.

1 Introduction

Electronic Health Records (EHRs) capture com-
prehensive information on patients’ diagnoses,
procedures, and treatments across longitudinal
clinical visits, and provide context-rich trajecto-
ries that enable data-driven clinical decision sup-
port systems (Choi et al., 2020; Jiang et al., 2023).
While Large Language Models (LLMs) (Team
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et al., 2023) have shown promising results in EHR
mining tasks, such as mortality and readmission
prediction (Goyal et al., 2024; Gebreab et al.,
2024), two significant challenges remain in effec-
tively applying LLMs to structured EHR signals.

The first challenge arises from the difficulty
LLMs face in capturing the temporal structure of
EHRs when longitudinal data are linearized into
plain text for input. A patient’s history typically
consists of multiple visits over time, and the evolv-
ing trajectory across these visits plays a critical
role in determining downstream outcomes (Yang
et al., 2021). For example, a history of chronic
kidney disease (CKD) increases the likelihood of
subsequent comorbidities such as cardiovascular
disease (CVD) appearing in later visits (Bozkurt
et al., 2016). However, converting sequential EHR
into textual descriptions can obscure both tempo-
ral dependencies and discrete identities of clini-
cal codes. Although inserting explicit separators
in prompts to verbally denote visit boundaries can
weakly encode temporality (Tan et al., 2024; Liu
and Lapata, 2019), the model’s ability to process
structured EHR (Zaghir et al., 2024) still remains
insufficient. A promising direction is to incorpo-
rate temporal awareness into prompt tuning by en-
abling the model to explicitly access latent states
from prior visits. This design strengthens visit dif-
ferentiation and supports modeling of longitudinal
progression, while avoiding substantial modifica-
tions to the existing LLM architecture.

The second challenge (Meskd, 2023; Maharjan
et al., 2024; Wang et al., 2025b) lies in the limited
ability of LLMs to explicitly leverage population-
level and task-specific representations for pre-
diction. In traditional cohort-trained approaches
(Choi et al., 2017; Zhang et al., 2020; Choi et al.,
2016), models are optimized on a population of
patients for a predefined clinical outcome. As a
result, a shared, task-aligned representation space
across patients enables the discovery of meaning-
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Figure 1: Illustration of the difference between exist-
ing approaches based on hard prompting and the pro-
posed RePrompT framework. Unlike prior methods,
RePrompT integrates both hard and soft prompting,
with the soft prompts implemented through two strate-
gies: struct-encoder and state-recurrent prompting.

ful patterns, such as disease co-occurrence, lon-
gitudinal progression, and ontology relationships
that recur across peers for prediction support. In
contrast, LLMs typically encode EHR informa-
tion in a general-purpose manner and perform in-
ference for each patient in a case-isolated setting.
Without a shared, task-aligned patient representa-
tion space, LLMs lack an explicit mechanism to
aggregate information from other patients to sup-
port prediction for a given individual.

A naive solution is to directly include sim-
ilar patient profiles in the prompt, for exam-
ple, via few-shot learning. However, the large
scale and high dimensionality of modern EHR
datasets make this approach impractical. A more
promising direction is to integrate the complemen-
tary strengths of cohort-trained EHR models into
LLMs. However, simple post-hoc fusion of em-
beddings from independently trained models is
often suboptimal, as the representations are not
jointly aligned. Recent advances in prompt tun-
ing (Lester et al., 2021; Wu et al., 2023) pro-
vide an effective alternative. By introducing train-
able prompt tokens grounded in representations
learned from cohort-trained EHR encoders (Vu
et al., 2021), LLMs can be adapted to incorporate
patient-shared embeddings alongside context-rich
clinical reasoning, which enables more principled
structured EHR modeling.

To this end, as illustrated in Figure 1, we pro-
pose RePrompT, an adaptable LLM-based pre-
dictor that integrates structured EHR encoders
through Recurrent Prompt Tuning. Our proposed
approach makes the following contributions:

* We develop a recurrent prompt tuning mecha-
nism that allows an LLM to propagate visit-level

EHR representation by reusing hidden states

across time steps. This design mitigates the lim-
itation of standard LLM inference, where the
visit structure is only weakly encoded in plain
text.

* We propose a framework that integrates general-
purpose LLMs with cohort-trained, task-aligned
EHR encoders by injecting structured EHR
embeddings as trainable prompt tokens. By
grounding the LLM in a shared patient repre-
sentation space, our method enables population-
aware modeling, in contrast to existing inference
approaches that rely solely on text linearization.

* We conduct extensive experiments on two
large-scale public benchmarks, MIMIC-III and
MIMIC-1V, across readmission and mortality
prediction tasks. Results show that the proposed
approach consistently outperforms strong EHR-
based and LLM-based baselines across different
tasks and datasets.

2 Methodology

2.1 Problem Formulation

The EHR data for patient i is represented as a se-
quence of clinical visits {Vi,t}ﬁp where V; ; de-
notes the ¢-th visit in chronological order, and 7T;
is the total number of visits for patient ¢. Each
visit V;; consists of a set of medical codes, in-
cluding diagnoses, medications, and procedures.
Formally, the set of codes for visit ¢ is defined as
Vit = {mzt}‘]‘if |, where |V;.t| denotes the num-
ber of medical codes recorded during that visit. In
addition to medical codes, each visit also contains
discharge notes represented as textual summaries.
We denote the set of tokens in the discharge note
for patient ¢ at visit ¢ as C;; = {C§7t}‘]'(iiit|,
each cé»’t corresponds to a discrete token. In this
research, the terms “time-steps” and “visits” refer
to the same concepts.

Task: Given a patient ¢ with a sequence of vis-
its, where each visit contains a set of medical
codes {Vi,t}tTLP and a corresponding discharge

where

note {Ci’t}tT;'l, the objective is to predict a spe-
cific healthcare outcome (e.g., mortality, readmis-
sion, or medication) in the next visit at 7; +1. This
prediction is formulated as a binary or multi-label
classification task for the target Y; 7, 1.

2.2 Model Summary

As shown in Figure 2, the proposed approach con-
sists of three main modules: (1) Clinical Records
Synthesis: Given a patient’s medications, proce-
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Figure 2: The framework of the proposed method. Medical codes and discharge notes are first used to generate
patient summaries through Clinical Records Synthesis. Next, the structured medical codes in patient history are
encoded into embeddings through a classic EHR encoder. Meanwhile, the LLM’s hidden state in the previous time
step is recurrently taken as a soft prompt for the current time step to capture longitudinal dependencies. Outputs
from all prompting methods are combined as the input of the predictive LLM, and the LLM’s state at the final visit

is used for downstream binary classification tasks.

dures, diagnosis codes, and discharge notes, we
first prompt a powerful and general-purpose LLM
(e.g., DeepSeek) to synthesize a comprehensive
patient summary. (2) State-Recurrent Prompt Tun-
ing: We then use a local tunable LLM (e.g.,
Llama) to generate the hidden state from the pre-
vious time step and propagate it as a soft prompt
to guide the generation at the current time step
to capture longitudinal dependencies across visits.
(3) Struct-Encoded Prompt Tuning: In parallel,
we adopt a structured EHR encoder (Choi et al.,
2016) to encode the sequential history of medi-
cal codes into dense representations, which serve
as another set of soft prompts, allowing the tun-
able LLLMs to incorporate shared structured pat-
terns across different patient cases. Conditioned
on both the synthesized patient summary and the
two complementary soft prompting strategies, the
proposed model generates a final representation
for downstream classification tasks.

2.3 Clinical Record Synthesis

Structured EHRs consist of standardized medical
codes, including medications, diagnoses, and pro-
cedures across patient visits. In addition, each
visit (e.g., hospital stays) is accompanied by a dis-
charge note that summarizes the patient’s clinical
course (Johnson et al., 2016, 2023). These notes
are often verbose and noisy, containing redundant
information and templated sections, which limit
their usefulness for downstream modeling.

To address this, we employ a general-purpose
LLM to denoise and synthesize discharge notes

You are a clinical summarization assistant. Given structured medical data
across multiple visits and discharge documentation, generate a concise but
detailed patient summary. The summary must not exceed 700 tokens.
Write in a professional, clinical style suitable for healthcare documentation.
Explicitly address comorbidities, longitudinal trends across visits, and
mortality considerations. Note that Visit 1 is the first visits and Visit N is the
last visit and you should mainly focus on the last visit for its importance.
Patient data for summarization (spanning multiple visits): .

- ¥***1CD-9 or 10 Diagnosis Codes ****: {diagnosis_codes} @)

- ¥*** 1CD-9 or 10 Procedure Codes ****: {procedure_codes} a:

- *¥*** Medications NDC codes ****: {medication_codes} LLM Agent

- ¥*** Discharge Notes ****: {discharge_notes}

Please generate a structured output with the following sections:

1. Longitudinal Patient Summary (<500 tokens): Cohesive narrative
integrating diagnoses, procedures, medications, and discharge details
across multiple visits. Highlight disease progression or recurring conditions.
2. Risk & Mortality Considerations (<100 tokens): Emphasize comorbidities,
treatment history, complications, and longitudinal risk factors that may
influence mortality.

3. Overall Clinical Impression (€100 tokens): Concise synthesis of the
patient’s status, prognosis, and key follow-up considerations across visits.

Figure 3: The Prompt for clinical record synthesis.

together with structured medical codes into a
concise patient summary. Specifically, we use
DeepSeek-V3 (Liu et al., 2024) to summarize in-
formation from historical clinical notes and corre-
sponding visit-level codes, as illustrated in Figure
3. The same synthesis prompt is applied at each
visit ¢ to produce a unified patient representation:

Ci,t = LLMDeepSeek({‘/i,r; Ci,r|"" <= t}); (D
where C’Z-,t denotes the textual narratives of patient
7 at time step t.

2.4 Prompt Tuning for LLMs

In a standard language model, discrete input to-
kens are first mapped into continuous vectors
through an embedding layer, which are then pro-
cessed by the subsequent self-attention layers to
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produce the model outputs. Achieving strong
performance on a specific downstream task of-
ten requires adapting these models through fine-
tuning on task datasets. Beyond conventional ap-
proaches such as full fine-tuning or parameter-
efficient methods like LoRA (Hu et al., 2022),
prompt tuning (Lester et al., 2021) offers an effec-
tive alternative. Rather than updating the LLM’s
internal weights, prompt tuning focuses on gen-
erating a small set of trainable continuous vec-
tors, often called soft prompts, as the input embed-
ding sequence to steer the model toward the target
task. Because only the prompt parameters are op-
timized, prompt tuning reduces the cost and com-
plexity of adaptation and is particularly appealing
when the base LLM is large or not fully accessible,
while still retaining strong flexibility across tasks.
Another practical advantage of soft prompts lies
in their flexibility: since they are represented as
trainable continuous variables, this method helps
LLMs to be seamlessly integrated with existing
neural architectures, allowing modular extensions
without altering the original LLM parameters.
Formally, the LLM input at time step ¢ is:

P,; = {Gi4, Si s, Embedding(Ci)}, (2)

where G;; € REXD corresponds to the State-
Recurrent Prompt Tuning module, D is the hid-
den dimension of the LLM, and P represents the
number of soft prompts for each module. S;; €
RE*D is derived from the Struct-Encoded Prompt
Tuning module, and Embedding((i’,»7t) € RNiaxD
represents the token embedding associated with
the Clinical Record Synthesis, where N, is the
number of tokens for the patient summary for pa-
tient ¢ at visit £. As shown in Equation 3, the rep-
resentation P; ; is subsequently fed into a predic-
tor LLM, which produces the hidden state H;; €
R(2P+Nit)xD - This hidden state is then used for
the downstream classification.

Hi,t = LLMLlama(H,t) (3)

Since our primary focus is on embedding gen-
eration, we employ the Llama 3.1 1B model using
the LLM2Vec framework, which adapts the lan-
guage model specifically for high-quality embed-
ding extraction (BehnamGhader et al., 2024).

2.5 State-Recurrent Prompt Tuning

LLMs have proven effective at converting textual
information or prompts into high-level embedding
representations, which can then be utilized to gen-

erate the next token. In existing literature, the in-
put to an LLM is typically treated as a single doc-
ument that is processed through multiple layers of
self-attention, enabling the model to produce re-
sponses token by token. While powerful, this de-
sign introduces limitations in the context of EHR.

In EHR data, each patient has multiple visits,
and within each visit, there is often a correspond-
ing discharge note written by the physician. A
straightforward approach to formatting sequential
data for LLMs is to concatenate the visits into raw
text with markers such as “Visit 1: ... Visit 2:

”.  Although this method distinguishes visits
through text description, the LLM still inherently
treats the input as a single document and lacks an
explicit mechanism to associate tokens with spe-
cific temporal dependencies.

To address this limitation, we propose State-
Recurrent Prompt Tuning, an approach designed
to better capture the structure of the visit level
and longitudinal patient trajectories within EHR.
Instead of aggregating all visit information as a
single input to the LLM, we make the LLM pro-
cess only one visit at a time, and output the token-
level hidden state ; ; from the last layer, which is
then aggregated through average pooling to form
a visit-level hidden state .FAI” This state vector
serves as a soft prompt that will be recurrently
passed back to the same LLM to guide the gen-
eration of the hidden state for the subsequent visit,
thereby enabling temporal continuity across visits.

As formulated in Equation 4, we first apply a
linear transformation to the pooled hidden state,
where w; and b; are trainable parameters, and
Gi: € RP*D shows the soft prompt embeddings,
with P denoting the number of soft prompts.

Giir1 = ’wtﬁi,t + by 4)

The output of this module, together with the fol-
lowing prompt tuning component will construct
the soft prompt of the LLM.

2.6 Struct-Encoded Prompt Tuning

LLM-based prompting methods for EHR mining
typically linearize extensive patient histories span-
ning multiple visits into a single, exhaustive per-
patient input for LLMs to process (Mesko, 2023;
Zaghir et al., 2024). While this formulation al-
lows LLMs to access rich clinical narratives, it in-
troduces two fundamental limitations. First, col-
lapsing longitudinal records into static text hin-
ders the model’s ability to capture evolving patient
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trajectories and disease progression over time, as
temporal dependencies across visits are not ex-
plicitly represented (Zaghir et al., 2024). Sec-
ond, such per-patient text representations prevent
LLMs from effectively leveraging population-
level and task-specific patterns that are critical for
clinical prediction. Unlike cohort-trained EHR
models, LLMs optimized with token- or sequence-
level objectives do not enforce patient-centric
alignment across the cohort, making it difficult
to encode disease co-occurrence, shared ontolo-
gies, and longitudinal similarities among patients
(Meskd, 2023). Consequently, clinically similar
patients are not guaranteed to occupy nearby re-
gions in the representation space, which leads to
less contextually rich embeddings. Naively in-
corporating additional patient histories into the
prompt is infeasible due to window constraints.

Therefore, we leverage structured encoders that
learn patient representations from sequences of
medical codes. Such models compress a pa-
tient’s longitudinal history into a dense embedding
that captures clinically meaningful patterns shared
across patients. This representation can be in-
jected into the LLM as a soft prompt. Among ex-
isting approaches, we adopt RETAIN (Choi et al.,
2016) due to its effective use of dual-level at-
tention and recurrent modeling for summarizing
patient histories. Architectural details are pro-
vided in Appendix A.1. Given visit embeddings
{Vij }2:1 RETAIN produces a patient representa-
tion S; ¢+, which is used as input to the LLM.

2.7 Prediction and Optimization

The output layer of an LLM is designed for next-
token prediction. However, it can not reliably
provide the calibrated probabilities needed for the
classification tasks, as probabilities are treated as
tokens and often suffer from hallucinations (Wang
et al., 2024). To address this limitation, we in-
troduce a classification head on top of the LLM,
which takes the hidden state corresponding to the
last visit input and maps it directly to one or mul-
tiple binary classes. Formally, as expressed in
Equation 5, the model produces the outputy; 7, ,,
which is then passed through the linear layer to
generate scores. A threshold is then applied to
yield the prediction Y; 1, ;.

YiTiy1 = woutputHi,Ti + boutput (5)

For optimization, we employ the Adam opti-
mizer (Loshchilov and Hutter, 2017), and for the

Table 1: Statistics of the EHR datasets.

Metric MIMIC-IIT MIMIC-IV
# of patients 7537 15874

# of patients with 2 visits 3622 4991

# of drugs per patient 79.30 113.55

# of diagnosis per patient 28.98 65.99

# of procedures per patient 7.37 9.08

# of visits per patient 1.65 3.11

# of patients with 1 visit 3622 4991
Positive rate for readmission 53.7% 53.5%
Positive rate for mortality 6.6% 1.3%

loss function, we use Binary Cross-Entropy loss in
binary and multi-label classification tasks.

The trainable components include the EHR en-
coder, implemented using the RETAIN model
(Equations 6-11), the linear layer that transforms
the hidden representation at time 7; — 1 into the in-
put representation at time 7; (Equation 4), and the
output layer that maps the LLM output represen-
tation to the classification head (Equation 5). The
LLaMA model remains frozen during both train-
ing and inference.

3 Experimental Setup
3.1 Datasets

In this study, we employ two real-world datasets
to evaluate both mortality prediction and readmis-
sion prediction tasks:
e MIMIC-III (Johnson et al., 2016) is an open-
access database containing health records of over
40,000 patients admitted to critical care units be-
tween 2001 and 2012. In this study, we focus on
patients with multiple visits, aiming to predict the
binary outcome.
e MIMIC-IV (Johnson et al., 2020) is a pub-
licly available EHR dataset covering hospital ad-
missions at Beth Israel Deaconess Medical Cen-
ter from 2008 to 2019. It extends MIMIC-III with
a clearer modular structure, richer clinical detail,
and improved data provenance. MIMIC-IV con-
tains data on over 380,000 unique patients across.
Both datasets are publicly available and have
been thoroughly de-identified to comply with U.S.
HIPAA regulations, which mandate the removal
or modification of 18 types of personal identifiers.
Their use in this study was conducted under the
PhysioNet credentialed data use agreement.

3.2 Implementation Details

In this study, we focus on predicting two key
healthcare outcomes: hospital readmission and
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Model MIMIC-1V MIMIC-III
Readmission Mortality Readmission Mortality
AUROC PRAUC | AUROC PRAUC || AUROC PRAUC | AUROC PRAUC
Deepr 0.614  0.647 | 0.667  0.028 0.673  0.705 | 0.638  0.140
RETAIN 0.670  0.690 | 0.601 0.031 0.660 0.676 | 0.608  0.134
GRAM 0.578  0.609 | 0.633 0.028 0.627  0.660 | 0.626  0.139
GRASP 0.537 0572 | 0.666  0.029 0.617 0.639 | 0.632  0.137
AdaCare 0.608  0.641 0.643 0.029 0.640  0.681 0.609  0.141
StageNet 0.656  0.691 0.664  0.032 0.676  0.702 | 0.633  0.142
Adore 0.605  0.641 0.656  0.024 0.661 0.693 | 0.629  0.138
ARCI 0.663  0.692 | 0.611 0.034 0.652  0.671 0.618  0.129
RePrompT | 0.706  0.728 | 0.673  0.036 0.688 0.719 | 0.646  0.152

Table 2: Performance comparison on readmission and mortality prediction tasks using the MIMIC-III and MIMIC-
IV datasets. Evaluation is conducted based on AUROC and PRAUC metrics.

mortality. Specifically, given information up to
visit T, the model predicts the binary outcome at
visit T; 41 for patient ¢ with T} prior visits or rec-
ommends medications on visit 7; based on diag-
nosis and procedures available from time 1 to 7;.
Since these task requires longitudinal data, we ex-
cluded patients with only a single recorded visit.

For RePrompT and baselines, we use a greedy
search approach to find the best hyperparameters
for a comprehensive evaluation. We randomly
split the data into 70% training and 30% testing
sets and report the mean over three runs. We found
that the optimal number of soft prompts is P = 10
or both modules, based on experiments with vary-
ing numbers of soft prompts for each component,
which showed that this setting provides a favor-
able balance between performance and complex-
ity. We also set the hidden dimension for the EHR
model to 256 for the RETAIN model.

The dataset statistics are presented in Table 1.
All experiments are implemented in Python, with
PyTorch (Paszke et al., 2019) serving as the pri-
mary deep learning framework. In addition, Re-
PrompT is fully compatible with the PyHealth
framework (Yang et al., 2023), from which we use
EHR baselines implementations. For LLM tun-
ing we use the Hugging Face (Wolf et al., 2019)
framework. We utilize a high-performance server
equipped with three NVIDIA A6000 GPUs, 256
GB of RAM, and a 48-core CPU. We release the
source code.! The computation time for a batch of
patients is detailed in Appendix A.2.

In this research, we used two well-known
threshold-independent classification metrics to
comprehensively evaluate RePrompT, namely the
AUROC and the PRAUC scores for readmission

"https://github.com/KU-AI4H/RePrompT

and mortality prediction.

3.3 Baselines

In this research, we utilize both well-known
healthcare deep learning methods and LLM-based
approaches. For deep learning methods, we use
the following models (1) Deepr (Nguyen et al.,
2016) represents each patient record as a sequence
of coded events with time gaps and hospital trans-
fers, then applies a convolutional neural network
(2) RETAIN (Choi et al., 2016) incorporates a
dual-RNN network to capture the interpretable in-
fluence of the visits and medical features for the
prediction tasks. (3) GRAM (Choi et al., 2017) is
a graph-based attention model that enriches EHR
data with the hierarchical medical ontology, repre-
senting each concept as a weighted combination of
its ancestors. (4) GRASP (Zhang et al., 2021) is a
healthcare framework that improves EMR-based
prediction by finding clinically similar patients.
(5) AdaCare (Ma et al., 2020) is a health sta-
tus representation model that captures both short-
and long-term biomarker variations, adaptively
emphasizes patient-specific risk factors. (6) Sta-
geNet (Ma et al., 2020) is a stage-aware neural
network that learns disease progression via LSTM
and integrates them with stage-adaptive convolu-
tion. (7) ADORE (Cheong et al., 2023) uses at-
tention to adapt medical ontology category em-
beddings to EHR data for improved clinical pre-
diction. (8) ARCI (Hadizadeh Moghaddam et al.,
2024) disentangles coexisting temporal medical
intents across sequential visits.

We have also conducted experiments on three
different LLM-based baselines: (1) Zero Shot
(Zhu et al., 2024), where GPT-5 (Wang et al.,
2025a) is prompted to output probabilities for
mortality and readmission prediction. 2)
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MIMIC-1V MIMIC-III
Model Readmission Mortality Readmission Mortality
AUROC PRAUC | AUROC PRAUC || AUROC PRAUC | AUROC PRAUC
Zero-Shot 0.512 0.545 0.591 0.011 0.505 0.537 0.501 0.069
Prompt-Tuning | 0.575 0.608 0.607 0.019 0.634 0.663 0.611 0.132
COCONUT 0.581 0.611 0.605 0.021 0.639 0.670 0.612 0.136
RePrompT 0.706 0.728 0.673 0.036 0.688 0.719 0.646 0.152

Table 3: Performance comparison of LLM-based baselines on the MIMIC-III and MIMIC-IV datasets for both
readmission and mortality prediction tasks on PRAUC and AUROC.

Prompt-Tuning, which introduces trainable soft
prompts without relying on an EHR encoder and
gets the probability of the “Yes” token from next-
token prediction as the model output using the
Llama 3.1 1B model. (Lester et al., 2021) (3) CO-
CONUT (Hao et al., 2024), where a soft token is
generated prior to predicting “Yes” or “No” to in-
corporate temporal information with the Llama 3.1
1B model, similar to our proposed approach.

4 Results and Discussion

This section presents the experimental analysis of
comparisons between the proposed method and
EHR and LLM-based approaches, ablation studies
on the model and summarization, and evaluations
using different EHR encoders.

4.1 Performance Comparison with EHR
Baselines

Table 2 presents a comprehensive comparison be-
tween the proposed RePrompT framework and
several well-established EHR baselines on both
the MIMIC-III and MIMIC-IV datasets across two
binary classification tasks. The results consis-
tently highlight the superior performance of Re-
PrompT across all evaluation metrics. In partic-
ular, when compared to RETAIN on the mortal-
ity prediction task, RePrompT achieves a substan-
tial performance gain. This improvement stems
from the use of a time-aware prompt tuning strat-
egy that effectively links patient-specific EHR em-
beddings to the LLLM to have more accurate mod-
eling of longitudinal patient trajectories. Fur-
thermore, against StageNet, the strongest baseline
for MIMIC-IV mortality prediction, RePrompT
demonstrates clear advantages. By integrating
attention-aware RNNs with LLMs, our method
surpasses the hybrid RNN-CNN architecture of
StageNet, underscoring the benefit of incorporat-
ing language models into temporal EHR represen-
tations. Finally, the comparison with GRASP re-

0.72
0.71
0.7
0.69
0.68 -
0.67 -
0.66

mAUROC mPRAUC

RETAIN RNN Transformer

Figure 4: Performance comparison of different EHR
encoders integrated into RePrompT. Results are re-
ported using PRAUC and AUROC for the task of read-
mission prediction on the MIMIC-III dataset.

veals that the time-aware LLM approach captures
richer and more clinically meaningful information
than methods relying solely on patient similarity
during the embedding generation phase.

4.2 Performance Comparison for Different
Integrated EHR Models

As illustrated in Figure 4, we conducted a series of
complementary experiments focusing on the EHR
backbone integrated within RePrompT for read-
mission and mortality prediction in the MIMIC-
IIT dataset. In this analysis, patient embeddings
generated by the EHR model were extracted and
subsequently utilized as soft prompts within the
LLM component, providing a more fine-grained
examination of how different EHR architectures
influence overall performance. Among the eval-
vated models, RETAIN achieved the highest per-
formance, highlighting the effectiveness of its at-
tention mechanism in emphasizing clinically rel-
evant information from recent visits. For com-
parison, we also assessed two alternative config-
urations: one employing a standard LSTM ar-
chitecture and another using a Transformer En-
coder (Vaswani, 2017) as the EHR module. The
Transformer-based approach performed the worst,
likely because Transformer encoders have diffi-
culty in modeling temporal dependencies across
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MIMIC-1IV MIMIC-III
Model Readmission Mortality Readmission Mortality
AUROC PRAUC | AUROC PRAUC | AUROC PRAUC | AUROC PRAUC
RePrompT w/o Both Modules 0.673 0.698 0.635 0.028 0.646 0.692 0.616 0.127
RePrompT w/o State-Recurrent | 0.693 0.711 0.642 0.033 0.673 0.705 0.624 0.132
RePrompT w/o Struct-Encoded | 0.698 0.722 0.665 0.031 0.676 0.712 0.637 0.148
RePrompT 0.706 0.728 0.673 0.036 0.688 0.719 0.646 0.152

Table 4: Ablation Studies of the proposed method RePrompT on the MIMIC-III and MIMIC-IV datasets for both

readmission and mortality prediction tasks on PRAUC and AUROC.

successive patient visits, even when positional en-
codings are applied (Zhou et al., 2021).

4.3 Performance Comparison with LLM
Baselines

Table 3 presents a comparison between the
proposed approach and several well-established
LLM-based baselines across both datasets. When
the proposed approach is contrasted with the
Zero-Shot Prompt Engineering method, our time-
aware prompt tuning strategy achieves substan-
tially higher performance on EHR prediction
tasks, confirming that fine-tuned smaller models
outperform larger models in specific tasks (Gao
et al., 2023; Bucher and Martini, 2024). Fur-
thermore, comparisons with prompt-tuning base-
lines show the critical importance of integrating
soft prompts with the EHR model. Standard
LLMs lack explicit knowledge of medical code
co-occurrence patterns and thus fail to fully cap-
ture clinically meaningful embeddings. While
chain-of-thought reasoning methods, such as the
COCONUT approach, which also employs soft
prompts, are generally advantageous, their per-
formance here lags behind because conventional
chain-of-thought reasoning does not adequately
model temporal dependencies. In contrast, our
time-aware chain-of-thought variant more effec-
tively captures the evolving nature of patient tra-
jectories, leading to superior performance.

4.4 Ablation Studies on RePrompT

Table 4 reports the ablation results used to assess
the impact of each component in our framework.
Removing either module leads to consistent per-
formance degradation across all datasets and tasks,
indicating that both components contribute mean-
ingfully to the final model. The State-Recurrent
Network produces the larger performance drop
when excluded, suggesting that explicit modeling
of temporal dependencies at the textual level plays
a central role in improving predictive accuracy.

Meanwhile, the gains associated with the Struct-
Encoded module highlight the benefit of incor-
porating structured time-series information from
multi-level EHR data. Taken together, these re-
sults show that the two modules capture comple-
mentary signals and jointly strengthen the model’s
ability to use multimodal clinical information.

4.5 Ablation Study on Input Summarization

To verify whether the improvement is mainly due
to the DeepSeek-generated hard prompt, we re-
moved DeepSeek and used only clinical notes as
input to the Llama model. As shown in Table 5,
the proposed method without the DeepSeek sum-
marization still outperforms the RETAIN back-
bone, showing that the improvement comes from
the framework itself, not only from DeepSeek
summerization. The results also suggest that de-
noising the notes can improve performance.

5 Related Work

EHR-Based Predictive Models. Previous works
have explored transforming EHRs into predictive
representations for clinical decision support. Early
deep learning models such as Deepr (Nguyen
et al., 2016) bypass manual feature engineering by
encoding records as sequences of discrete events,
with convolutional networks detecting predictive
clinical motifs for readmission risk. RETAIN
(Choi et al., 2016) enhances interpretability with a
reverse-time attention mechanism that highlights
influential visits and variables, mimicking how
clinicians review patient histories. To address
data sparsity and domain alignment, subsequent
methods incorporate external knowledge. GRAM
(Choti et al., 2017) leverages hierarchical ontolo-
gies to produce knowledge-aligned embeddings,
improving prediction for rare conditions. Hi-
erarchical Attention Propagation (HAP) (Zhang
et al., 2020) extends this idea by propagating at-
tention bidirectionally across the ontology, cap-
turing relationships among ancestors and descen-
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MIMIC-1V MIMIC-IIT
Model Readmission Mortality Readmission Mortality
AUROC PRAUC | AUROC PRAUC || AUROC PRAUC | AUROC PRAUC
RETAIN 0.670 0.690 0.601 0.031 0.660 0.676 0.608 0.134
RePrompT (w/o DeepSeek) | 0.685 0.705 0.640 0.027 0.670 0.702 0.631 0.135
RePrompT 0.706 0.728 0.673 0.036 0.688 0.719 0.646 0.152

Table 5: Ablation Studies of input summerization on the MIMIC-III and MIMIC-IV datasets for both readmission

and mortality prediction tasks on PRAUC and AUROC.

dants. While effective, such approaches do not
naturally capture temporal dependencies across
visits. GRASP (Zhang et al., 2021) embeds med-
ical concepts into a unified semantic space us-
ing large language models, aligning semantically
similar codes across datasets and mitigating cod-
ing inconsistencies. Patient heterogeneity and dis-
ease progression have been addressed by AdaCare
(Ma et al., 2020), which models short- and long-
term biomarker variations with multi-scale convo-
lutions, and StageNet (Gao et al., 2020), which in-
corporates disease stage information with a stage-
aware LSTM and adaptive convolutional module.
Both improve prediction and interpretability but
largely operate on structured features without in-
tegrating broader knowledge or reasoning capabil-
ities. LINKO (Kerdabadi et al., 2025) uses LLM-
initialized embeddings and dual-axis knowledge
propagation, vertical within ontologies and hor-
izontal across them, to capture both intra- and
cross-ontology relationships. However, it does
not fully exploit LLMs’ potential for the related
healthcare tasks.

LLM-Based Approaches. The growing capabil-
ities of LLMs have motivated new approaches to
clinical prediction. GraphCare (Jiang et al., 2023)
constructs patient-specific knowledge graphs by
combining structured knowledge bases with LLM
outputs, using a bi-attention augmented GNN
to enhance predictions across various predictive
tasks. RAM-EHR (Xu et al., 2024) applies LLM-
powered dense retrieval over multiple knowledge
sources to augment patient representations, paired
with consistency regularization to improve robust-
ness. Previous works regarding zero-shot prompt-
ing (Zhu et al., 2024) show that prompts incor-
porating EHR-specific features enable LLMs to
make effective predictions in few-shot scenarios.
Instruction-based fine-tuning approaches, such as
LlamaCare (Li et al., 2024), align general-purpose
LLMs with clinical vocabulary and tasks, improv-
ing quality as judged by human evaluators. CO-

CONUT (Chain of Continuous Thought) (Hao
et al., 2024) enables reasoning directly in the
LLM’s latent space, exploring multiple inference
paths rather than committing to a single chain-of-
thought. This reduces premature commitment to
a single trajectory and is promising for complex,
high-stakes decision-making, such as differential
diagnosis or treatment planning. However, current
LLM methods still underutilize structured EHR
data and fail to jointly model temporal dependen-
cies and hierarchical relationships.

6 Conclusion

In this work, we addressed two fundamental limi-
tations that arise when applying Large Language
Models to Electronic Health Records: the lack
of temporal awareness and the inability to cap-
ture patient-to-patient similarity patterns from raw
text alone. To overcome these challenges, we in-
troduced RePrompT, a time-aware and adaptable
framework that integrates structured EHR rep-
resentations with pretrained LLMs through soft
prompt tuning. Experimental results on two large-
scale clinical datasets, MIMIC-III and MIMIC-
1V, demonstrate that RePrompT consistently out-
performs both traditional EHR-based and standard
LLM-based baselines.

7 Limitations

Despite promising experimental results, several
limitations remain. First, the framework relies
on the quality of the EHR data; domain shifts in
other healthcare systems may affect generalizabil-
ity. Second, future work is needed to extend the
approach to more clinical prediction tasks.

8 [Ethical Considerations

A potential risk and ethical consideration of this
approach is that using non-anonymized or insuf-
ficiently de-identified EHR data may compromise
patient privacy, underscoring the need for compli-
ance with relevant data protection regulations.
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A Appendix

Model Time (s)
Deepr 0.08
RETAIN 0.05
GRASP 0.14
AdaCare 0.03
GRAM 0.17
StageNet 0.07
Adore 0.19
ARCI 0.94
RePrompT 1.44

Table 6: Computational time analysis of the proposed
method when processing a batch of eight patients.

A.1 RETAIN Encoder Details

For the Struct-Encoded Prompt Tuning we adopt
RETAIN (Choi et al., 2016), a structured EHR en-
coder that summarizes sequential medical codes
into dense patient embeddings using a dual-level
attention mechanism.

Formally, RETAIN employs two sets of atten-
tion weights: visit-level attention {ai,j}é‘:l and
variable-level attention {8; ;}%_,. Visit-level at-
tention determines the relative importance of each
visit embedding {V; ;}’_;:

{gi,j }]lel = GRUO:({Vi,j }]T;1) (6)

{ai,j}z':l = SOftmaX(wa{gi,j}zzl +ba) (7)

Variable-level attention highlights the contribu-
tion of individual medical codes within each visit:

{hi;}i—1 = GRUs({Vi }io)) 3)

{Bij}i=1 = tanh(wg{hi ;Yo +bg)  (9)

Final patient representation is computed based on
both attention values:

t
kis =Y aijBi;© Vi, (10)
j=1

Si7t = wencki,t + benc (1 1)

In the equations, wq, ba, Wg, bg, Wene, and
benc are trainable parameters. The resulting em-
bedding S;; is used as a structured soft prompt
for the LLM.
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A.2 Computational Time Analysis

Table 6 reports the inference time required to gen-
erate predictions for a batch of eight patients. Al-
though our model incurs higher latency than con-
ventional deep learning baselines, the overall in-
ference time remains practical for real-world de-
ployment and is still fast enough to support timely
prediction in realistic clinical settings.

A.3 Performance Comparison on Medication
Recommendation Task

Table 7 presents the medication recommendation
results on the MIMIC-III and MIMIC-IV datasets.
Note that for medication recommendation, we do
not group medications according to the ATC on-
tology, as our goal is to directly recommend spe-
cific medications rather than medication classes.
RePrompT shows strong and competitive perfor-
mance against the baseline methods across the
reported metrics. These results show that inte-
grating patient-specific EHR embeddings with the
LLM through time-aware prompting provides use-
ful clinical context for multi-label medication rec-
ommendation.

MIMIC-IV MIMIC-III
F1  Jaccard | Fl1  Jaccard
Deepr 0.222 0.184 |0.249 0.156
RETAIN 0.344 0.251 |0.251 0.158
GRAM 0.236 0.168 | 0.197 0.122
GRASP 0.264 0.189 | 0.150 0.093
AdaCare 0.244 0.175 | 0.205 0.129
StageNet 0.270 0.194 |0.236 0.137
Adore 0.201 0.159 |0.147 0.123
ARCI 0.308 0.245 |0.285 0.187
RePrompT | 0.374 0.276 | 0.314 0.204

Model

Table 7: Performance comparison on the medication
recommendation task on the MIMIC-IV and MIMIC-
III datasets, evaluated by F1-score and Jaccard similar-

ity.
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