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RÉSUMÉ
Bien que les dossiers médicaux de patients (DMP) fournissent des informations cliniques essentielles,
leur complexité rend la modélisation prédictive difficile (Lovón-Melgarejo et al., 2025). Les grands
modèles de langue (GML) atténuent en partie ces limitations en enrichissant les représentations des
DMP grâce à des connaissances médicales. Toutefois, les méthodes sous-jacentes sont indépendantes
des tâches et n’exploitent pas pleinement les signaux spécifiques aux objectifs prédictifs de ces tâches.
Dans cet article, nous présentons Rewrite-To-Predict (ReToP), une approche fondée sur des LLM qui
réalise un entraînement bout-à-bout d’un modèle de réécriture de DMP et d’un modèle de prédiction
clinique. ReToP réalise un alignement de la réécriture avec la prédiction via un score Classifier
Supervised Contribution (CSC) permettant la génération de réécritures cliniquement pertinentes qui
renforce directement la performance prédictive. Sur trois tâches cliniques issues de MIMIC-IV, ReToP
dépasse les modèles de référence et démontre une forte généralisabilité à de nouveaux ensembles de
données et tâches avec un ajustement minimal. Ce travail est paru dans les actes de la conférence
Web Search and Data Mining Conference WSDM ’26 et sera présenté à l’atelier LLM@Hopital’26.
Pour une description détaillée se référer à l’article Lovón-Melgarejo et al. (2026).

ABSTRACT
ReToP : Learning to Rewrite Electronic Health Records for Clinical Prediction

Although Electronic Health Records (EHRs) provide crucial clinical information, their complexity
challenges predictive modeling. Large Language Models (LLMs) mitigate these issues by enhancing
EHR representation with medical knowledge. However, existing approaches are mainly task-agnostic
and do not adequately integrate task-specific signals. In this work, we propose Rewrite-To-Predict
(ReToP), an LLM-based framework that addresses this limitation through an end-to-end training of
an EHR rewriter and a clinical predictor. ReToP aligns the rewriter with prediction objectives using a
novel Classifier Supervised Contribution (CSC) score that enables the rewriter to generate clinically
relevant rewrites that enhance prediction. Our ReToP framework surpasses strong baseline across
three clinical tasks on MIMIC-IV and demonstrates generalizability to unseen datasets and tasks with
minimal fine-tuning while preserving faithful rewrites and emphasizing task-relevant features. This
work has been published in proceedings of Web Search and Data Mining Conference WSDM ’26
and will be presented at the worshop LLM@Hopital’26. For a detailed description of the work, see
Lovón-Melgarejo et al. (2026)
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1 Contexte et défis scientifiques

Les modèles prédictifs cliniques s’appuient fortement sur les dossiers médicaux électroniques de
Patients (DMP), qui codifient les caractéristiques médicales longitudinales des patients (par exemple,
maladies, procédures) afin d’estimer les risques de développer ou de présenter une pathologie.
La prédiction clinique est confrontée à plusieurs défis, parmi lesquels l’hétérogénéité, la haute
dimensionnalité et l’aspect "creux" des DME (Landi et al., 2020; Zhu et al., 2024). D’importants
efforts de recherche ont été consacrés à relever ces défis grâce au développement de modèles
d’apprentissage automatique pour un large éventail de tâches de prédiction clinique, notamment la
prédiction du diagnostic (Madhumita et al., 2018; Dligach & Miller, 2018; Hur et al., 2023; Kim
et al., 2024), la prédiction de la mortalité (Choi et al., 2020; Madhumita et al., 2018; Hur et al.,
2023; Naik et al., 2022), la prédiction des réadmissions (Jiang et al., 2024; Hur et al., 2023) et la
prédiction de la durée du séjour (K et al., 2022; Hur et al., 2023). L’une des principales conclusions
de ces études est que l’exploitation des connaissances d’experts associées aux informations issues
des données des patients améliore la modélisation des DSE, ce qui se traduit par une amélioration
significative de la précision des prédictions. Les études précédentes intégraient principalement
les connaissances symboliques des experts sous la forme de graphes de connaissances cliniques
représentant les caractéristiques médicales (par exemple, les codes de diagnostic CIM-10) et leurs
relations afin de modéliser des informations contextuelles utiles pour compléter les données des DSE
(Choi et al., 2018, 2020; Tamine & Goeuriot, 2021; Xu et al., 2024).

Par la suite, les grands modèles de langue (LLM) sont apparus comme des modèles marquant la
transition des connaissances symboliques vers les connaissances paramétriques, nous rapprochant
ainsi des graphes de connaissances potentiels dotés de capacités impressionnantes de compréhension
et de génération du langage (Petroni et al., 2019). À ce jour, de nombreux travaux démontrent le
potentiel des LLMs pour effectuer des tâches médicales (Wu et al., 2024; Li et al., 2024; Kweon
et al., 2024). Dans la littérature relative à la prédiction clinique basée sur les LLMs, les modèles
s’appuient sur l’une des approches suivantes illustrées dans la figure 1 : (a) l’utilisation de LLMs
pré-entraînés et affinés, spécialisés dans les corpus textuels médicaux (par exemple, Llamacare (Li
et al., 2024), Llemr (Wu et al., 2024)). Bien qu’ils démontrent de solides capacités d’interprétation
des caractéristiques complexes des DMP, ces travaux ont été évalués en particulier sur des tâches de
compréhension des connaissances médicales (par exemple, la réponse à des questions médicales) et
nécessitent généralement un coût d’ajustement important pour atteindre une capacité de généralisation
(Liu et al., 2024b) ; (b) compléter les DMP avec des connaissances cliniques issues de LLMs, soit de
manière agnostique (Xu et al., 2024), soit en fonction des données des DMP avant d’entrainer le
modèle prédictif (Jiang et al., 2024).



FIGURE 1 – Comparaison de trois approches basées LLMs pour la prédiction clinique à partir des
DMP. Approche (a) fondées sur des LLMs comme des encoders de DMP. Approche (b) fondée sur
des LLMs qui complètent des DMP. Notre approche, ReToP (c), utilise un LLM entrainé pour la
réecriture des DMP de façon alignée alignée avec la tâche extrinsèque de prédiction clinique.

Cependant, ces travaux existants présentent deux limites principales :

1. Ils offrent une faible flexibilité pour déterminer dans quelle mesure une connaissance est
utile ou bruitée lors de la fusion naïve entre les connaissances paramétriques des LLMs et les
connaissances KG (Chen et al., 2024; Liu et al., 2024a) ;

2. Ils ne relient pas la complétion des DMP à la prédiction clinique. Étant donné que les graphes
de connaissances contiennent une grande quantité d’informations relationnelles, compléter les
DMP avec des données bruitées peut nuire à la précision des prédictions.

Inspirés par la manière dont les experts humains établissent leurs diagnostics, nous nous posons une
question clé : « Compte tenu du DMP du patient, quels sont les fondements cliniques qui justifient
la prédiction? » Notre travail répond à cette question tout en apportant des solutions aux limites
susmentionnées.

Nous proposons un modèle de réécriture de DMP basé sur le LLM, qui agit comme source unique de
connaissances expertes, capable de générer des descriptions fidèles et pertinentes du DMP original
du patient. Le module de réécriture du DMP basé sur le LLM est ensuite affiné afin de réviser les
réécritures du DMP pour s’aligner avec la prédiction clinique. Cependant, la mise en œuvre de cette
réponse pose les deux défis suivants :

— C1 : À partir d’un DMP patient, le modèle de réécriture basé sur un LLM pourrait être
capable de rappeler fidèlement, parmi un grand nombre de caractéristiques cliniques, les plus
pertinentes pour toute tâche de prédiction. Une solution potentielle consiste à utiliser un
module de réécriture de DMP basé sur un LLM disponible. Cependant, des travaux antérieurs
ont montré que les LLM ont encore du mal à comprendre les données tabulaires, y compris



les DMP (Sui et al., 2024; Singha et al., 2023; Lovón-Melgarejo et al., 2025). Étant donné
que les caractéristiques cliniques pertinentes d’un DMP sont a priori inconnues, l’alternative
consistant à concevoir un LLM entraînable pour la réécriture de DMP pose le défi d’un
manque de supervision de référence.

— C2 : Les caractéristiques cliniques pertinentes des DMP sont susceptibles de dépendre de la
tâche. Ainsi, la précision des prédictions pourrait servir d’évaluation indirecte de la qualité de
la réécriture des DMP. Cependant, la précision ne peut être mesuré qu’à partir de données de
référence spécifiques à la tâche , qui ne concernent pas les réécritures des DMP des patients,
mais les DMP originaux des patients.

Dans ce travail, nous soulevons ces limites par une approche d’apprentissage joint de la récriture des
DMP et de la tâche de prédiction clinique détaillée dans la section suivante. La Figure 1 présente les
différences entre notre notre approche et celles des travaux de l’état de l’art.

2 Description de l’approche

Dans cet article, nous proposons Rewrite To Predict (ReToP), un modèle de prédiction clinique basé
sur les LLMs. Comme montré sur la Figure 1 (approach c), ReToP est composé de deux modèles. Le
premier est un LLM pour la réecriture du DMP et le second est un prédicteur de tâche clinique. Cette
architecture est généralisable à différentes tâches prédictive avec un coût limité au réentraînement du
prédicteur sans totalement réentraîner le modèle de réécriture.

Pour faire face à la haute dimensionnalité et à l’aspect "creux" des caractéristiques cliniques et être en
mesure de générer des descriptions fidèles des DMP (défi C1), nous entraînons le module de réécriture
des DMP à l’aide d’un ensemble de pseudo-étiquettes synthétiques de réécriture de patients en deux
étapes. Nous échantillonnons d’abord les caractéristiques des DMP afin de construire des paraphrases
diverses pour réduire la dimensionnalité tout en couvrant les caractéristiques saillantes des DMP
originaux. Ensuite, nous sélectionnons les K meilleurs DMP paraphrasés comme pseudo-étiquettes
en fonction d’un score de pertinence qui quantifie leur utilité clinique pour un ensemble de tâches
cliniques représentatives. Les pseudo-étiquettes sélectionnées sont ensuite utilisées pour affiner le
module de réecriture du DMP basé sur le LLM. Afin d’aligner la qualité de la réécriture des DMP
des patients sur la précision des prédictions cliniques (défi C2), nous proposons un entrainement
supervisé de bout en bout du modèle de réecriture de DMP et du prédicteur clinique. Le prédicteur
clinique fournit une supervision itérative au modèle de réécriture de DMP basé sur le LLM, qui peut
alors optimiser ses paramètres afin de générer des réécritures de patients qui facilitent la prédiction.
La supervision du prédicteur quantifie l’impact de chaque réécriture de patient sur la précision de la
prédiction en utilisant un score CSC (Classifier Supervised Contribution) inspiré de la mesure LSR
(LM Supervised Retriever) (Shi et al., 2024).

Le modèle d’apprentissage joint de réécriture-prédiction est présenté sur la Figure 2.



FIGURE 2 – Aperçu de l’entraînement et de l’inférence de ReToP : entraînement du modèle de réécriture avec
les réécritures synthétiques DRw (1), puis entraînement conjoint avec le prédicteur sur la tâche cible (2–3).

Modèle MIMIC-IV

MOR RA LOS

ROC(↑) PRC(↑) ROC(↑) PRC(↑) ROC(↑) PRC(↑)

EHR-oriented models
(a) RNN (Cho et al., 2014)) 63.33 ± 3.4 3.38 ± 0.7 65.76 ± 1.2 72.49 ± 1.3 73.02 ± 0.7 58.01 ± 1.3
(b) RETAIN (Choi et al., 2016) 59.13 ± 3.9 4.06 ± 1.8 64.57 ± 1.2 70.74 ± 1.4 72.91 ± 0.7 58.21 ± 1.3
(c) GRASP (Zhang et al., 2021) 58.94 ± 3.6 2.68 ± 0.5 63.95 ± 1.2 68.92 ± 1.4 70.48 ± 0.8 53.85 ± 1.3
(d) Llemr (Wu et al., 2024) 52.07 ± 4.1 3.17 ± 1.3 59.20 ± 1.1 64.89 ± 1.3 75.36 ± 0.7 62.21 ± 1.3
(e) REMed (Kim et al., 2024) 52.40 ± 3.0 2.16 ± 0.5 68.26 ± 1.3 75.31 ± 1.9 80.15 ± 1.9 68.06 ± 2.9

Serialized Classifiers
(f) BioMedBERT (Gu et al., 2021) 64.24 ± 3.6 3.38 ± 0.7 70.36 ± 1.0 76.66 ± 1.0 77.59 ± 0.7 64.42 ± 1.3
(g) Qwen (Yang et al., 2024) 53.87 ± 4.1 3.12 ± 0.9 61.06 ± 1.1 66.15 ± 1.3 73.78 ± 0.7 60.75 ± 1.3
(h) Llama (Dubey et al., 2024) 59.45 ± 4.0 2.86 ± 0.6 64.93 ± 1.1 70.39 ± 1.3 75.09 ± 0.7 62.42 ± 1.2
(i) ModernBERT (Warner et al., 2024) 58.01 ± 3.7 3.26 ± 1.2 70.98 ± 1.0 77.25 ± 1.0 80.40 ± 0.6 68.42 ± 1.2

Rewrite-then-Predict models
(j) self-gen (Sui et al., 2024) 58.38 ± 3.6 2.95 ± 0.9 69.19 ± 1.0 76.24 ± 1.0 79.02 ± 0.6 67.04 ± 1.2

(k) πh
t 61.00 ± 4.2 3.58 ± 1.0 65.25 ± 1.0 73.77 ± 1.1 70.04 ± 0.7 54.74 ± 1.3

(l) πh
v 56.05 ± 3.7 2.57 ± 0.5 64.47 ± 1.0 70.06 ± 1.3 66.63 ± 0.8 50.79 ± 1.3

(m) πd
mi (Lewis, 1992) 56.39 ± 3.8 2.93 ± 0.7 67.98 ± 1.0 74.57 ± 1.1 76.13 ± 0.7 60.57 ± 1.2

(n) πd
mrmr (Ding & Peng, 2005) 60.00 ± 3.6 3.21 ± 0.8 63.08 ± 1.1 68.10 ± 1.3 79.48 ± 0.6 68.53 ± 1.2

(o) πd
rfe (Guyon et al., 2002) 62.54 ± 3.5 3.69 ± 1.3 62.03 ± 1.0 67.55 ± 1.3 76.84 ± 0.7 63.22 ± 1.2

(p) πr
f 55.82 ± 3.7 2.63 ± 0.7 66.60 ± 1.0 72.34 ± 1.2 73.33 ± 0.7 59.29 ± 1.3

(q) πr
v 59.37 ± 3.8 3.73 ± 1.5 68.03 ± 1.0 74.37 ± 1.1 77.51 ± 0.7 63.41 ± 1.2

ReToPQwen (ours) 69.75 ± 3.8 4.61 ± 1.0 71.45 ± 0.9 77.92 ± 1.0 80.38 ± 0.6 68.91 ± 1.2
ReToPLlama (ours) 71.92 ± 3.6 6.20 ± 2.2 72.05 ± 0.9 78.25 ± 1.0 80.62 ± 0.6 69.05 ± 1.2

TABLE 1 – AUC-ROC (ROC) et AUC-PRC (PRC) scores sur MIMIC-IV. Gras = meilleur score, et le souligné
= 2e meilleur score.



Modèle MIMIC-IV −→eICU −→EFEMERIS

MOR RA LOS MALF

ModernBERT 81.30/21.86 86.71/23.80 93.19/56.67 49.79/6.44
ReToPLlama 81.42/22.29 86.72/23.78 93.16/56.78 51.53/6.93
ReToPQwen 81.40/21.93 86.79/23.91 93.17/56.80 50.41/7.08

TABLE 2 – Performances de généralisabilité avec les mesures AUC-ROC/AUC-PRC.

3 Expérimentations et Principaux Résultats

Nous avons mené des expérimentations sur plusieurs corpus de données DMP, notamment MIMIC-IV
(Johnson et al., 2023), eICU (Pollard et al., 2018) et EFEMERIS (I et al., 2009), ainsi qu’une série de
tâches de prédiction clinique représentatives : prédiction de la mortalité, prédiction des réadmissions,
prédiction de la durée du séjour et prédiction des malformations congénitales. Les résultats montrent
que le cadre ReToP surpasse les modèles de l’état de l’art les plus récents pour ces tâches cliniques,
avec des améliorations pouvant atteindre 23% du score AUC-ROC et un effet positif de chacun de ses
composants (voir Table 2).

De plus, nous montrons que notre cadre est généralisable à des données et des tâches hors do-
maine,collections eICU(Pollard et al., 2018) et EFEMERIS(I et al., 2009), avec un coût de calcul
faible lors du réglage fin du prédicteur clinique, sans réglage fin supplémentaire du modèle de
réécriture du DMP (voir Table 2).

4 Conclusion

Nous avons présenté ReToP, un nouveau modèle qui exploite les LLM pour améliorer les perfor-
mances de prédiction clinique. ReToP surpasse de façon significative un ensemble représentatif
de modèles de base dans des tâches de prédiction clinique. Le cadre que nous proposons présente
une capacité de transfert raisonnable vers des ensembles de données et des tâches hors domaine.
Les travaux futurs pourraient explorer l’extension de ce cadre à un éventail plus large de tâches
cliniques, y compris les tâches de classification multi-étiquettes, et assurer le juste compromis entre
les performances du modèle l’ explicabilité de ses prédictions pour les experts du domaine.
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Abstract
Electronic Health Records (EHRs) provide crucial information for
clinical decision-making. However, their high-dimensionality, het-
erogeneity, and sparsity make clinical prediction challenging. Large
Language Models (LLMs) allowed progress towards addressing
this challenge by leveraging parametric medical knowledge to en-
hance EHR data for clinical prediction tasks. Despite the significant
achievements made so far, most of the existing approaches are fun-
damentally task-agnostic in the sense that they deploy LLMs as
EHR encoders or EHR completionmodules without fully integrating
signals from the prediction tasks. This naturally hinders task per-
formance accuracy. In this work, we propose Rewrite-To-Predict
(ReToP), an LLM-based framework that addresses this limitation
through an end-to-end training of an EHR rewriter and a clinical
predictor. To cope with the lack of EHR rewrite training data, we
generate synthetic pseudo-labels using clinical-driven feature selec-
tion strategies to create diverse patient rewrites for fine-tuning the
EHR rewriter. ReToP aligns the rewriter with prediction objectives
using a novel Classifier Supervised Contribution (CSC) score that
enables the EHR rewriter to generate clinically relevant rewrites
that directly enhance prediction. Our ReToP framework surpasses
strong baseline models across three clinical tasks on MIMIC-IV.
Moreover, the analysis of ReToP shows its generalizability to un-
seen datasets and tasks with minimal fine-tuning while preserving
faithful rewrites and emphasizing task-relevant predictive features.
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1 Introduction
Clinical predictive models heavily rely on electronic health records
(EHRs), which encode longitudinal patients’ medical features (e.g.,
disease, procedures) to estimate the risks of having or developing a
health-related outcome. Clinical prediction faces several challenges,
among which are heterogeneity, high dimensionality, and sparsity
of EHRs [24, 58]. Significant research effort has been dedicated
to tackle these challenges through the development of machine
learning models for a wide-range of clinical prediction tasks in-
cluding diagnosis prediction [8, 15, 22, 34], mortality prediction
[5, 15, 34, 36], readmission prediction [15, 18] and length of stay
prediction [15, 21]. One major agreed-upon finding from these stud-
ies is that leveraging expert knowledge with patient data insights
enhances EHR modeling, which leads to significant improvement
in prediction accuracy. Previous studies mostly integrated expert
symbolic knowledge in the form of clinical knowledge graphs that
represent medical features (e.g., ICD10 codes of diagnoses) and
their relationships to model valuable contextual information to
complement EHR data [4, 5, 47, 51].

Subsequently, Large Language Models (LLMs) have emerged as
a significant milestone in the transition from symbolic knowledge
to parametric knowledge, bringing us one step closer to potential
knowledge graphs with impressive capabilities of language under-
standing and generation [38]. To date, there is a large body of work
showing the potential of LLMs to perform medical tasks [23, 28, 49].
In the literature related to LLM-based clinical prediction, models
rely on either of the following approaches illustrated in Figure
1: (a) leveraging fine-tuned pre-trained LLM specialized on med-
ical textual corpora (e.g., Llamacare [28], Llemr [49]). Although
showing strong capabilities in interpreting complex EHR features,
these works have been evaluated particularly on medical knowl-
edge understanding tasks (e.g., medical question-answering) and
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Figure 1: Comparison of three LLM-based approaches for
clinical prediction from EHRs. Approach (a) relies on fine-
tuned LLMs as EHR encoders. Approach (b) relies on LLMs to
complement EHRs. Our approach, ReToP (c), uses a trainable
LLM-based EHR rewriter aligned with clinical tasks.

usually require a significant fine-tuning cost for achieving general-
ization ability [32]; (b) complementing EHRs with clinical kowledge
from LLMs either agnostically [51] or dependently of EHR data
before training the predictive model [18]. However, these existing
works have two main limitations: (1) they have low flexibility in
determining to what extent a certain knowledge is useful vs. noisy
when naively fusing between LLM parametric knowledge and KG
knowledge [1, 31]; (2) they do not link EHR completion with clini-
cal prediction. Since knowledge graphs contain a large amount of
relational information, complementing EHR with noisy data may
hinder the prediction accuracy.

Inspired by how human experts diagnose, we raise a critical
question: "Given the patient EHR, what are the clinical rationales to
support prediction?" Our work answers this question while tackling
the above-cited limitations. We design an LLM-based EHR rewriter,
acting as the unique source of expert knowledge, able to generate
faithful and salient descriptions of the original patient EHR. The
LLM-based EHR rewriter is further fine-tuned to revise the EHR
rewrites to better support the clinical prediction. However, the
implementation of this answer poses the two following challenges:
• C1: Given an input patient EHR, the LLM-based rewriter
might be able to faithfully recall among a huge number of
clinical features, the most salient ones, for any prediction
task. A potential solution is using an off-the-shelf LLM-based
EHR rewriter. However, previous work showed that LLMs
still struggle to comprehend tabular data, including EHRs
[33, 45, 46]. Since the gold relevant clinical features of an
EHR are a priori unknown, the alternative of designing a
trainable LLM-based EHR rewriter poses the challenge of a
lack of gold supervision.

• C2: The relevant clinical features of EHRs are likely to be
task-dependent. Thus, prediction accuracy might serve as
a proxy evaluation of the quality of the EHR rewrite. How-
ever, accuracy can only be measured on gold task-specific
data, which do not involve patient EHR rewrites but original
patient EHR instead.

In this work, we introduce Rewrite To Predict (ReToP), a new
LLM-based framework for clinical prediction. As shown in Figure 1
(approach c), ReToP is composed of two modules. The first module
represents an LLM-based EHR rewriter, and the second module is a
clinical task predictor. Our framework is generalizable to different
predictive clinical tasks at the light cost of fine-tuning the predictor
without fully re-training the LLM-based rewriter.

To cope with the high dimensionality and sparsity of clinical fea-
tures and be able to generate faithful EHR descriptions (challenge
C1), we train the EHR rewriter module using a set of synthetic
pseudo-labels of patient-rewrites in two stages. We first sample
EHR features to build diverse paraphrases to reduce dimensionality
while covering salient features of the original EHR. Then, we select
the top-K paraphrased EHRs as pseudo-labels based on a relevance
score that quantifies their clinical utility to a set of representative
clinical tasks. The selected pseudo-labels are then used for fine-
tuning the LLM-based EHR rewriter. To align patient EHR rewrite
quality to clinical prediction accuracy (challenge C2), we propose
an end-to-end supervised training of the EHR rewriter and clinical
predictor. The clinical predictor iteratively provides supervision to
the LLM-based EHR rewriter, which can then optimize its parame-
ters to generate patient rewrites that help prediction. The predictor
supervision quantifies the impact of each patient rewrite on predic-
tion accuracy by using a Classifier Supervised Contribution (CSC)
score inspired by the LM Supervised Retriever (LSR) measure [43].

We conduct extensive experiments across multiple EHR datasets,
including MIMIC-IV [20], eICU [39], and EFEMERIS [16], as well as
a set of representative clinical prediction tasks: mortality prediction,
readmission prediction, length of stay prediction, and congenital
malformation prediction. The results show that the ReToP frame-
work outperforms recent state-of-the-art baselines across these
clinical tasks, achieving improvements up to 23% in AUC-ROC
score with a positive effect of each of its components. Furthermore,
we show that our framework is generalizable to out-of-domain
data and tasks with light computational cost during fine-tuning of
the clinical predictor, without additional fine-tuning of the LLM-
based EHR rewriter. Finally, qualitative analysis reveals that our
EHR rewriter preserves faithfulness to the original EHR, and that
KL alignment can emphasize serendipitous clinical features, not
expected by experts, although valuable for accurate prediction.

2 Related Work
2.1 Clinical prediction
Clinical decision-making has made significant progress since de-
ploying deep learning models on EHRs [50]. Early models have
particularly tackled the challenge of domain-specific adaptation
and demonstrated their ability to improve the effectiveness of a
wide range of predictive clinical tasks, including health failure pre-
diction [3, 4, 55], mortality prediction [5, 15, 34, 36], and diagnosis
prediction [8, 15, 22, 34, 36].
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The follow-up rise of pre-trained language models (LMs) has
led to a vast amount of research investigating their capabilities
to tackle the challenge of EHR data scarcity and clinical language
understanding tasks. Among these models, BEHRT [29], MedBERT
[40], TransformEHR [54] and ClinicalBERT [14] have particularly
led to progress in disease prediction. Recently, REMED [22] pro-
posed a retrieval-based filtering approach to address the sequence
length limitations of LMs when processing EHR events.

In the same line of transformer-based models, but with more im-
pressive transfer capabilities, decoder-only LLMs have emerged as
promising tools for predictive healthcare. The first category of work
focused on the design of foundation models on EHRs to tailor their
inherent abilities of multi-tasking and reasoning to clinical applica-
tions [23, 28, 49]. For instance, Llemr [49] is an instruction-tuned
multimodal model based on Llama [30] that jointly encodes vector-
ized EHR event representations with natural language questions,
evaluated on EHR-based question-answering tasks, and adapted for
clinical prediction tasks, including mortality, readmission, length-
of-stay, and diagnosis prediction. The second category of work inte-
grates LLMs in the pipeline of a clinical predictive task by achieving
various roles such as supporting clinical reasoning [37, 44] or com-
pleting EHR descriptions to improve the prediction [18, 32, 37, 51].
Especially, Jiang et al. [18] propose a framework that relies on LLMs
prompted to build a graph-based patient representation, which is
then used to train a deep neural healthcare predictive model based
on a graph neural network (GNN). Unlikely, Nuguyen et al. [37]
adopt a retrieval-augmented approach to enhance patient repre-
sentations using multiple domain-specific resources. The authors
leverage the LLMs to generate a local patient representation, a
summary of knowledge resulting from a retriever queried with
concepts from the EHR. This representation is then complemented
by a patient-visit representation, and both are trained to achieve a
predictive task.
Our work is significantly different in that we attempt to improve
clinical prediction by fine-tuning, instead of zero-shot prompting,
LLMs to generate the patient EHR rewrites without any external
knowledge. Furthermore, instead of using task-agnostic enhanced
EHR representations as input, we show how to train an LLM-based
EHR rewriter using clinical prediction outcomes as supervision.

2.2 LLMs as feature selectors
Recent work has increasingly explored the application of LLMs as
feature selectors [6, 17, 27], leveraging their multi-task ability to
shift from traditional statistical methods toward more semantically-
aware feature selection approaches. Early work [6] introduced a
prompt-based approach that formulates feature selection as a binary
classification problem. The models generate “Yes” or “No” responses
based on log-probability differences between these tokens to indi-
cate feature importance given task descriptions, target features, and
feature descriptions. LLM-Select [17] extensively explored zero-shot
and few-shot approaches across multiple paradigms, using score-
based, rank-based, and dialogue-based methods to elicit feature
relevance. Moreover, to address challenges in specialized domains
where LLMs may have limited knowledge of domain-specific fea-
tures, such as healthcare, RAFS [27] proposed a retrieval-augmented

generation (RAG) approach that retrieves relevant feature descrip-
tions from external knowledge sources.

However, these approaches mainly rely on feature descriptions,
which require specialized domain knowledge that becomes resource-
intensive when handling large feature sets. Additionally, few-shot
approaches remain highly susceptible to prompt variations [42, 56].
In contrast, our work leverages the LLM’s internal knowledge
through controlled generation by fine-tuning an LLM-based EHR
rewriter that implicitly operates on feature importance derived
from statistical feature selection heuristics applied to raw EHR
descriptions, rather than relying on EHR feature descriptions.

3 Background and Notations
An EHR is an individual patient record of a sequence of visits. In
this section, we introduce the notions and notations used in our
work and formulate the clinical prediction task.

3.1 Basic notions
• Patient EHR. A patient’s EHR 𝑃𝑖 is composed of demo-
graphic information and longitudinal representation of the
health conditions recorded during a sequence of hospital vis-
its 𝑉 1 . . .𝑉 |𝑁𝑖 | . Each visit 𝑉 𝑒 includes a set of feature-value
tuples T 𝑒𝑖 = {(𝑓 𝑡

𝑘
, 𝑣𝑎𝑙𝑡

𝑘
)𝑒𝑖 }𝑇𝑡=1 where 𝑡 = {1..𝑇 } are discrete

timestamps during the visit 𝑉 𝑒 , and feature 𝑓𝑘 ∈ F with
F = {𝑓1, . . . 𝑓𝑛} a reference set of 𝑛 features from different
modalities (e.g., demographic, disease, medication).
• Clinical prediction task. We consider standard healthcare
prediction tasks 𝑠 ∈ S, where the input space is a population
of patient EHRs P with each EHR 𝑃𝑖 ∈ P in the form of tu-
ples sampled from

⋃𝑇
𝑡=1 T 𝑡𝑖 with 1..𝑇 discrete timestamps,

and the output space is Y with 𝑦𝑖 ∈ Y is a binary label,
i.e., 𝑦𝑖 = {0, 1}. Given a patient EHR 𝑃𝑖 and a clinical task
𝑠 , a predictive function 𝑓 outputs the clinical outcome 𝑦𝑖 .
Without loss of generality, we consider the mortality predic-
tion, readmission prediction, length of stay prediction, and
congenital malformation prediction tasks (§5.2).
• Patient EHR verbalisation. As done in previous work
[12, 33, 45, 46], a verbaliser function 𝑣 is used to convert EHR
feature-value tuples of a patient 𝑃𝑖 (i.e., 𝑃𝑖 = {

⋃𝑇
𝑡=1 T 𝑗

𝑖 (𝑡)})
into a natural language description P𝑖 . In this work, we ap-
plied markdown templates, verbalizing each tuple (𝑓𝑘 , 𝑣𝑎𝑙𝑘 )
into a string “- 𝑓𝑘 : 𝑣𝑎𝑙𝑘”. We concatenate different feature
modalities with headers “# {feature name}”.

To simplify the notation, we also refer to 𝑓 as the predictive
function that maps a text-based patient EHR P𝑖 = 𝑣 (𝑃𝑖 ) to the
clinical outcome 𝑦𝑖 .

3.2 Problem statement and solution overview
ReToP employs two trainable parametrizedmodels: a rewritemodel
M𝜃 and a task-specific predictor model 𝑓𝜙 . Formally, ReToP re-
frames the prediction function 𝑓 that supports the clinical task 𝑠 ,
as a joint Rewrite (M𝜃 )-To-Predict (𝑓𝜙 ) model that computes like-
lihood of outcome 𝑦𝑖 conditioned to patient EHR P𝑠𝑖 . To compute
this likelihood, we adopt an ensemble strategy as done in previous
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work [43]:

𝑝 (𝑦𝑠𝑖 |P𝑠𝑖 , 𝑅𝑤, 𝜃, 𝜙) =
∑︁
P̃𝑠𝑖 ∈𝑅𝑤

𝑝 (𝑦𝑠𝑖 |P𝑠𝑖 ⊕ P̃𝑠𝑖 , 𝜙) × 𝛿 (P̃𝑠𝑖 ,P𝑠𝑖 ) (1)

where 𝑅𝑤 includes all the possible rewrites of P𝑠𝑖 , limited in
practice to 𝑛𝑖 rewrites (§4.2.2), ⊕ denotes the concatenation of two
sequences, 𝑝 (𝑦𝑠𝑖 |P𝑠𝑖 ⊕ P̃𝑠𝑖 , 𝜙) is the 𝛼-weighted linear combination
computed by 𝑓𝜙 for outcome 𝑦𝑠𝑖 conditioned on patient EHR P𝑠𝑖 and
corresponding rewrite P̃𝑠𝑖 ,

𝑝 (𝑦𝑠𝑖 |P𝑠𝑖 ⊕ P̃𝑠𝑖 , 𝜙) = 𝛼 × 𝑝 (𝑦𝑠𝑖 |P̃𝑠𝑖 , 𝜙) + (1 − 𝛼) × 𝑝 (𝑦𝑠𝑖 |P𝑠𝑖 , 𝜙) . (2)

𝛿 (P̃𝑠𝑖 ,P𝑠𝑖 ), computed byM𝜃 , as the probabilityM𝜃 (P̃𝑠𝑖 |P𝑠𝑖 ) of
generating P̃𝑠𝑖 as a rewrite of P𝑠𝑖 , 𝜃 and 𝜙 are model parameters
trainable using task-specific training data D =

⋃
𝑠∈S D𝑠 with

D𝑠 = {(P𝑠𝑖 , 𝑦𝑠𝑖 )}1≤𝑖≤𝑚𝑠 of𝑚𝑠 patients P𝑠𝑖 sampled from population
P𝑠 ⊂ P with corresponding clinical outcomes 𝑦𝑠𝑖 .

We leverage the capabilities of LLMs for text generation [26, 35]
to support the patient rewriter modelM𝜃 and use any backbone
classifier model to support the prediction function 𝑓𝜙 .

To tackle challenge C1, we build a synthetic dataset D𝑅𝑤 across
tasks to fine-tuneM𝜃 .D𝑅𝑤 is composed of sets of𝑚𝑖 pseudo labels
of rewrites to each seed patientP𝑖 , such asD𝑅𝑤 = {(P𝑖 , P̃𝑖 𝑗 )}P𝑖 ∈P,1≤ 𝑗≤𝑚𝑖 .
D𝑅𝑤 is built-upon a top-K selection strategy over candidate patient
rewrites 𝑅𝑤 generated using paraphrasing-based methods over
original patient EHR P𝑖 .

To tackle challenge C2, ReToP is trained over a training task-
specific dataset D𝑠

𝑃𝑟 for end-to-end training of the patient rewriter
M𝜃 and the prediction function 𝑓𝜙 of task 𝑠 , such as:
D𝑠
𝑃𝑟 = {(P𝑠𝑖 , P̃𝑠𝑖 𝑗 , 𝑦𝑠𝑖 ) 𝑗=1...𝑛𝑖 | (P̃𝑖 𝑗 =M𝜃 (P̃𝑠𝑖 𝑗 |P𝑠𝑖 ) ∧ (P𝑠𝑖 , 𝑦𝑠𝑖 ) ∈ D𝑠 }.

Formally, the training of ReToP based on Eq. (1) can be reframed
as an optimization problem where we seek among all the patient
candidate rewrites P̃𝑠𝑖 𝑗 generated from the original patient P𝑠𝑖 by
modelM𝜃 , the patient rewrite P̃∗𝑖 𝑗 that maximizes the expectation
of the clinical prediction task 𝑠 as follows:

P̃𝑖 𝑗∗ = argmax
P̃𝑠𝑖 𝑗

ED𝑅𝑤 [M𝜃 (P̃𝑠𝑖 𝑗 |P𝑠𝑖 )] = argmax
P̃𝑠𝑖 𝑗

ED𝑠
𝑃𝑟
[𝑓𝜙 (𝑦𝑠𝑖 |P̃𝑠𝑖 𝑗 )]

(3)

4 Methodology
In this section, we describe the details of the procedure for building
the synthetic training dataset (D𝑅𝑤 ) used for fine-tuning the EHR
rewriter (§4.1) and our end-to-end training procedure of the patient
rewriter and the clinical prediction model (§4.2).

4.1 Fine-tuning the EHR rewriter
4.1.1 Synthetic training dataset generation. To enhance the LLM’s
ability to rewrite patient EHRs for clinical tasks, we deploy a
paraphrasing-based generation approach since it has been shown
to favor diversity and faithfulness [19, 26]. Unlike previous work,
we apply paraphrasing operators over the input patient EHR 𝑃𝑖
built upon feature-value tuples T 𝑒𝑖 = {(𝑓 𝑡

𝑘
, 𝑣𝑎𝑙𝑡

𝑘
)𝑒𝑖 }𝑡 . We aim to re-

duce feature dimensionality and improve clinical feature diversity
while remaining faithful to the original patient EHR. Specifically,

we consider a set of clinical tasks 𝑠 ∈ S and we generate for each
task and each seed patient 𝑃𝑖 sampled from population 𝑠P𝑠 ⊂ P𝑠 , a
set of 𝐾 feature-based paraphrases {𝑃𝑖 𝑗 } 𝑗 = 1 . . . 𝐾 using operators
dedicated to EHR data. In our work, we design 𝐾 = 8 feature-based
paraphrasing operators, inspired by previous work in prompt learn-
ing [27, 57], grouped by their feature selection strategy:

Heuristic-based 𝜋ℎ : we select clinical features based either on
the temporal or value criteria given the importance of such criteria
agnostic to task-specific outcome: 1) 𝜋ℎ𝑡 : selects the x% more recent
feature-value tuples such as 𝑃𝑖1 =

⋃𝑇𝑖
𝑡=𝑠 T 𝑒𝑖 (𝑡) with 𝑠 = (1−𝑥)∗𝑇𝑖 ; 2)

𝜋ℎ𝑣 selects clinical features with abnormal values based on reference
ranges such as 𝑃𝑖2 = {(𝑓 𝑡

𝑘
, 𝑣𝑎𝑙𝑡

𝑘
)𝑒𝑖 ∈ T 𝑒𝑖 | (𝑣𝑎𝑙𝑡𝑘 < 𝑀𝑖𝑛𝑘 ) ∨ (𝑣𝑎𝑙𝑡𝑘 >

𝑀𝑎𝑥𝑘 )} with [𝑀𝑖𝑛𝑘 . . . 𝑀𝑎𝑥𝑘 ] is the range reference of feature 𝑓𝑘 .
Data-driven 𝜋𝑑 : we apply traditional feature selection meth-

ods that identify task-relevant features: 1) 𝜋𝑑𝑚𝑖 : filtering by mutual
information [25], 2) 𝜋𝑑𝑚𝑟𝑚𝑟 : based on minimum redundancy max-
imum relevance selection [7], and 3) 𝜋𝑑

𝑟 𝑓 𝑒
: recursive feature elim-

ination [11]. Each method computes a score per feature, and we
select the top x% with the highest scoring features. Formally, for
𝑗 ∈ {3, 4, 5} corresponding to methods {𝜋𝑑𝑚𝑖 , 𝜋𝑑𝑚𝑟𝑚𝑟 , 𝜋𝑑𝑟 𝑓 𝑒 } respec-
tively, we define: 𝑃𝑖 𝑗 = {(𝑓 𝑡𝑘 , 𝑣𝑎𝑙𝑡𝑘 )𝑒𝑖 ∈ T 𝑒𝑖 | score𝑗 (𝑓 𝑡𝑘 ,D𝑠 ) ≥ x𝑠 },
where score𝑗 (𝑓 𝑡𝑘 ,D𝑠 ) denotes the score assigned to feature 𝑓𝑘 by
method 𝑗 given the datasetD𝑠 , and x𝑠 is the 𝑥𝑡ℎ percentile threshold
of all feature scores for task 𝑠 .

Random-based 𝜋𝑟 : to favor the diversity of candidate clinical
predictive features and values while reducing the dimensionality of
the EHR, we design two operators: 1) 𝜋𝑟

𝑓
randomly selects a sample

of clinical features and then corresponding feature-value tuples:
𝑃𝑖6 = {(𝑓 𝑡𝑘 , 𝑣𝑎𝑙𝑡𝑘 )𝑒𝑖 ∈ T 𝑒𝑖 |𝑓 𝑡𝑘 ⊂ F }; 2) 𝜋𝑟𝑣 randomly selects a subset
of feature-value tuples from 𝑃𝑖 such as 𝑃𝑖7 = {(𝑓 𝑡

𝑘
, 𝑣𝑎𝑙𝑡

𝑘
)𝑒𝑖 ∈ T 𝑒𝑖

Finally, we consider the trivial case of the identity operator 3) 𝜋𝑟𝐼
that simply copies and pastes the original EHR: 𝑃𝑖8 = 𝑃𝑖 .

For each patient EHR 𝑃𝑖 verbalized into P𝑖 , we transform each of
the corresponding paraphrases in {𝑃𝑖 𝑗 } 𝑗=1...8 into a natural language
patient description P𝑖 𝑗 using the verbalizer 𝑣 . For each patient P𝑖 ,
we generate 𝐾 input pairs (P𝑖 ,P𝑖 𝑗 ). Finally, we obtain for each
task 𝑠 the dataset 𝑅𝑤𝑠 of candidate patient rewrites with 𝑅𝑤𝑠 =
{(P𝑖 ,P𝑖 𝑗 )𝐾𝑗=1 |P𝑖 = 𝑣 (𝑃𝑖 ),P𝑖 𝑗 = 𝑣 (𝑃𝑖 𝑗 )}𝑃𝑖 ∈𝑠P𝑠 .

4.1.2 Fine-tuning the EHR rewriter. The Algorithm 1 presents the
pseudocode for building the synthetic training dataset D𝑅𝑤 and
fine-tuning the patient rewriterM𝜃 given a set of clinical tasks S.
For each pair (P𝑖 ,P𝑖 𝑗 ) ∈ 𝑅𝑤𝑠 , we evaluate the clinical relevance
of the candidate rewrite P𝑖 𝑗 for task 𝑠 using a task-specific scorer
𝑆𝑐𝑜𝑟𝑒𝑟𝑠 . In our work, we consider 𝑆𝑐𝑜𝑟𝑒𝑟𝑠 with the same architec-
ture as our predictor model 𝑓𝜙 , trained on D𝑠

𝑠𝑢𝑏
, a subset of task-

specific training data from D𝑠 involving patients with correspond-
ing rewrites in 𝑅𝑤𝑠 and their corresponding labels from the original
EHR, such as D𝑠

𝑠𝑢𝑏
= {(P𝑖 𝑗 , 𝑦𝑖 ) | (P𝑖 ,P𝑖 𝑗 ) ∈ 𝑅𝑤𝑠 , (P𝑖 , 𝑦𝑖 ) ∈ D𝑠 }.

Our intuition is that 𝑆𝑐𝑜𝑟𝑒𝑟𝑠 will assign higher predictive scores to
informative rewrites while penalizing less relevant ones. For each
patient P𝑖 , we select high-scoring rewrites as synthetic pseudo-
labels into D𝑅𝑤 , as follows:

D𝑅𝑤 =
⋃
𝑠∈S
{(P𝑖 , P̃𝑖 𝑗 )1≤ 𝑗≤𝑚𝑖 | 𝑆𝑐𝑜𝑟𝑒𝑟𝑠 (P̃𝑖 𝑗 ) ≥ 𝜏𝑠 }P𝑖 ∈D𝑠

𝑠𝑢𝑏
(4)
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Input: Task-specific rewrites {𝑅𝑤𝑠 }, scorer datasets {D𝑠
𝑠𝑢𝑏 }, base

LLM rewriterM0
𝜃 , selection percentile 𝑘%, number of

rewrites per patient 𝐾
Output: Fine-tuned EHR rewriterM𝜃

D𝑅𝑤 ← ∅;
foreach task 𝑠 ∈ S do

𝑆𝑐𝑜𝑟𝑒𝑟𝑠 ← Train(𝑓𝜙 ,D𝑠
𝑠𝑢𝑏 ) // Train scorer

𝑆𝑠 ← {𝑆𝑐𝑜𝑟𝑒𝑟𝑠 (P𝑖 𝑗 ) | (P𝑖 , P𝑖 𝑗 ) ∈ 𝑅𝑤𝑠 } // Compute scores

𝜏𝑠 ← min{𝑥 ∈ 𝑆𝑠 : rank(𝑥 ) ≤ |𝑆𝑠 |𝑘/100} // Fix threshold

foreach (P𝑖 , P𝑖 𝑗 ) ∈ 𝑅𝑤𝑠 do
P̃∗𝑖 ← ∅ // Initialize candidate list

if 𝑆𝑐𝑜𝑟𝑒𝑟𝑠 (P𝑖 𝑗 ) ≥ 𝜏𝑠 then
P̃𝑖 𝑗 ← P𝑖 𝑗 ;
D𝑅𝑤 ← D𝑅𝑤 ∪ { (P𝑖 , P̃∗𝑖 ) };

end
end

end
M𝜃 ← Fine-tune(M0

𝜃 ,D𝑅𝑤 ) ;
returnM𝜃 ;

Algorithm 1: Fine-Tuning the EHR rewriter

with𝑚𝑖 ≤ 𝐾 is the number of high-quality rewrites selected as
pseudo labels for patient P𝑖 , 𝜏𝑠 is the score threshold obtained by
𝑆𝑐𝑜𝑟𝑒𝑟𝑠 to keep the top-k% rewrites. As a result, we generate the
unified dataset D𝑅𝑤 containing filtered rewrites across the set S of
clinical prediction tasks.
Finally, we fine-tune the patient EHR rewriterM𝜃 on D𝑅𝑤 using
causal language modeling with a task-agnostic instruction.

4.2 End-to-End training of the EHR rewriter
and the clinical predictor

In this section, we detail the calculation of the clinical prediction
likelihood 𝑓𝜙 followed by the co-trainingmethodology of the patient
rewriterM𝜃 and the clinical predictor 𝑓𝜙 .

4.2.1 Computing the clinical prediction likelihood. The ReToP
framework is trainable using task-specific dataD𝑠 = {(P𝑠𝑖 , 𝑦𝑠𝑖 )}1≤𝑖≤𝑚𝑠

where P𝑠𝑖 is sampled from population P𝑠 and 𝑦𝑠𝑖 ∈ Y is the cor-
responding binary label. To enhance the clinical predictor within
the rewrite-to-predict framework, we augment D𝑠 with training
examplesD𝑠

𝑎 composed of rewrites from both paraphrase operators
and our fine-tuned EHR rewriter, with all rewrites P𝑠𝑖 𝑗 inheriting
labels 𝑦𝑠𝑖 from their original EHR P𝑠𝑖 .

D𝑠
𝑎 ={ (P𝑠

𝑖 𝑗 , 𝑦
𝑠
𝑖 ) | (P𝑠

𝑖 , P𝑠
𝑖 𝑗 ) ∈ 𝑅𝑤𝑠 , (P𝑠

𝑖 , 𝑦
𝑠
𝑖 ) ∈ D𝑠 }

∪ { (M𝜃 (P𝑖 𝑗 | P𝑖 ), 𝑦𝑠𝑖 ) | (P𝑠
𝑖 , 𝑦

𝑠
𝑖 ) ∈ D𝑠 } (5)

We design the clinical predictive function as an encoder classifi-
cation model, optimized using Binary Cross-Entropy (BCE) loss:

L𝐶 = −
∑︁

(P𝑠𝑖 ,𝑦𝑠𝑖 ) ∈D𝑠
𝑎

[𝑦𝑖 log 𝑝 (𝑦𝑖 |P𝑖 , 𝜙) + (1−𝑦𝑖 ) log(1−𝑝 (𝑦𝑖 |P𝑖 , 𝜙))]

(6)

4.2.2 Alignment of the EHR rewriter with clinical prediction. As we
formulate the overall clinical prediction task as an optimization
problem of the EHR rewriter (§3.2), we propose a further fine-tuning
of the EHR rewriterM𝜃 to align its generation with the likelihood
of the clinical predictor 𝑓𝜙 , as presented in Figure 2. Specifically, we

Figure 2: Overview of ReToP training and inference. We train
the EHR rewriter on D𝑅𝑤 (step 1). Then, jointly end-to-end
train the rewriter and predictor on the target task (steps 2-3).

build a dual training dataset D𝑠
𝑃𝑟 = {(P𝑠𝑖 , P̃𝑖 𝑗 , 𝑦𝑠𝑖 ) 𝑗=1...𝑛𝑖 | (P𝑠𝑖 , 𝑦𝑠𝑖 ) ∈

D𝑠 ∧ (P̃𝑖 𝑗 = M𝜃 (P̃𝑖 𝑗 |P𝑠𝑖 )}. This fine-tuning aims to align the
patient EHR rewriter with the clinical prediction performance, re-
sulting in more relevant patient rewrite generation. Inspired by
previous work [41, 43], we introduce the Classifier Supervised Con-
tribution (CSC) score, an adaptation of the LM-Supervised Retrieval
(LSR) score [43], for clinical prediction tasks. Given a training triplet
(P𝑠𝑖 , P̃𝑖 𝑗 , 𝑦𝑠𝑖 ) ∈ D𝑠

𝑃𝑟 , the CSC score quantifies the relative effective-
ness of patient rewrite P̃𝑖 𝑗 to help accurately predicting the target
clinical outcome 𝑦𝑠𝑖 regarding all the candidate rewrites {P̃𝑖 𝑗 }𝑛𝑖𝑗=1 of
patient P𝑠𝑖 :

𝑝𝐶𝑆𝐶 (P̃𝑖 𝑗 | P𝑠𝑖 , 𝑦𝑠𝑖 ) =
𝑒𝑥𝑝 (𝑝 (𝑦𝑠𝑖 | P̃𝑖 𝑗 , 𝜙)/𝜏)

Σ (P𝑠𝑖 ,P̃𝑖 𝑗 ,𝑦𝑠𝑖 ) ∈D𝑠
𝑃𝑟
𝑒𝑥𝑝 (𝑝 (𝑦𝑠𝑖 |P̃𝑖 𝑗 , 𝜙)/𝜏)

(7)

where 𝜏 is a temperature scaling parameter. The CSC score mea-
sures the contribution of a patient rewrite P̃𝑖 𝑗 to the correct classifi-
cation outcome 𝑦𝑠𝑖 . To make the patient rewriter modelM𝜃 guided
by the clinical predictor 𝑓𝜙 we minimize the Kullback-Leibler (KL)
divergence between the language model’s output distribution and
the CSC-weighted probability:

L𝐾𝐿 = ED 𝐾𝐿
(
𝑝𝐿𝑀 (P̃𝑖 𝑗 |P𝑠𝑖 , 𝜃 ) ∥ 𝑝𝐶𝑆𝐶 (P̃𝑖 𝑗 |P𝑠𝑖 , 𝑦𝑠𝑖 )

)
(8)

where 𝑝𝐿𝑀 (P̃𝑖 𝑗 | P𝑠𝑖 , 𝜃 ) represents the rewriter’s probability
distribution over candidate rewrites, defined as:

𝑝𝐿𝑀 (P̃𝑖 𝑗 | P𝑠𝑖 , 𝜃 ) =
𝑒𝑥𝑝 (𝑝 (P̃𝑖 𝑗 | P𝑠𝑖 , 𝜃 )/𝜅)

Σ (P𝑠𝑖 ,P̃𝑖 𝑗 ,𝑦𝑠𝑖 ) ∈D𝑠
𝑃𝑟
𝑒𝑥𝑝 (𝑝 (P̃𝑖 𝑗 | P𝑠𝑖 , 𝜃 )/𝜅)

(9)

with 𝜅 as a temperature scaling factor. The final training objective
combines the KL loss with the standard language modeling loss:

L𝑡𝑜𝑡𝑎𝑙 = 𝜆 × L𝐿𝐿𝑀 + (1 − 𝜆) × L𝐾𝐿 (10)
where L𝐿𝐿𝑀 is the causal language modeling loss and 𝜆 balances

the two objectives. To complete the alignment process, we perform
a final inoculation step of our clinical predictor 𝑓𝜙 on a small sample
of rewrites generated by our KL-trained EHR rewriter.

5 Experimental Design
5.1 Datasets
We use three EHR datasets in our study: MIMIC-IV [20], a pub-
licly available dataset from Beth Israel Deaconess Medical Center.
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MIMIC-IV contains clinical data from hospital and ICU stays, and is
widely adopted in healthcare research. To assess the generalization
of our approach, we additionally consider two other datasets: eICU
[39], which gathers ICU data from many critical care units through-
out the U.S, and EFEMERIS [16], a private clinical dataset containing
the medical history of pregnant women as well as their neonatal
outcomes regarding baby congenital malformation at birth.

5.2 Clinical tasks and evaluation metrics
Mortality prediction (MOR) predicts whether the patient will
die in the next hospital visit, based on tuples from the current visit.
Formally, 𝑓 : {⋃T𝑡=1 T 𝑒𝑖 (𝑡)} ↦→ 𝑦𝑖 [T 𝑒+1𝑖 ] with 𝑦𝑖 [T 𝑒+1𝑖 ] ∈ {0, 1}
denotes the patient’s mortality status.

Readmission prediction (RA) predicts if a patient will be read-
mitted into hospital within 15 days. Formally, 𝑓 : {⋃𝑇

𝑡=1 T 𝑒𝑖 (𝑡)} ↦→
𝑦𝑖 [T 𝑒+1𝑖 ] with 𝑦𝑖 [T 𝑒+1𝑖 ] is equal to 1 if Δ𝑇 (𝑉 𝑒+1,𝑉 𝑒 ) ≤ 15, 0 other-
wise, with Δ𝑇 is a time-interval function.

Length-of-stay prediction (LOS) predicts whether the pa-
tient’s hospital stay will be longer than 7 days, using the first 48
hours of the current visit. Formally, 𝑓 : {⋃≤48ℎ𝑡=1 T 𝑒𝑖 (𝑡)} ↦→ 𝑦𝑖 [T 𝑒𝑖 ]
with 𝑦𝑖 [T 𝑒𝑖 ] ∈ {0, 1} denotes if the stay is longer than 7 days.

Congenitalmalformation prediction (MALF) predicts whether
a newborn will present major malformation based on maternal EHR
data. Formally, 𝑓 : {T 1

𝑖 ,T 2
𝑖 ,T 3

𝑖 } ↦→ 𝑦𝑖 , where T 𝑗
𝑖 represents the

maternal EHR data from month 𝑗 , and 𝑦𝑖 ∈ {0, 1} indicates the
presence of major malformation at birth.

We prepare task-specific cohorts as follows. For MOR and RA
tasks, we omit patients who are deceased in the current hospital
admission. For the LOS prediction task, we exclude patients with a
length-of-stay shorter than 48 hours. Table 1 shows the final cohort
statistics per task. We followed previous work pre-processing [49]
for data preparation across all datasets. First, we exclude patients
with more than two ICU stays per hospital admission, and with
negative ICU or hospital length-of-stay, and patients under 18 years
old. We then build our EHR by selecting the following tables: (1) for
MIMIC-IV, we use hosp/patients, hosp/admissions, hosp/diagnosis,
hosp/labevents, hosp/microbiologyevents, hosp/prescriptions, and
hosp/transfers; (2) for eICU, diagnosis, microlab, lab, patient, medi-
cation, and treatment; and (3) EFEMERIS, demographics and pre-
scriptions tables. We omit tables capturing dense bedside monitor
signals or with substantial overlap with other tables[20, 49]. Finally,
we randomly split each dataset into train, val, test sets (80/10/10).

To evaluate prediction effectiveness, we use the standard metrics
for binary classification problems: the Area Under the Receiver
Operating Characteristic Curve (ROC) and the Area Under the
Precision-Recall Curve (PRC) scores. We report mean scores and
standard deviations computed via bootstrap sampling with replace-
ment over 1000 iterations.

5.3 Baselines
We compare our approach with three main groups of baselines: (1)
EHR-oriented models, including classical methods such as RNN [2],
RETAIN [3], and GRASP [55], which require particular hand-crafted
features pre-processing following established protocols [18, 49]. We
also consider foundation models that can process raw EHR with-
out particular pre-processing, including REMED [22], and Llemr

Table 1: Cohort statistics for each task and dataset.

Dataset Task (𝑠 ) Size (𝑚𝑠 ) # Neg. # Pos. (%)

MIMIC-IV
MOR 29091 28506 585(2.01%)
RA 29091 12738 16353(52.21%)
LOS 53771 32637 21134(39.30%)

eICU
MOR 32750 31750 1000(3.05%)
RA 32750 31840 910(2.78%)
LOS 197174 185224 11950(6.06%)

EFEMERIS MALF 134843 131623 3220(2.39%)

[49]; (2) Serialized Classifiers, which convert EHR data into text and
fine-tune pre-trained language models with classification heads,
including ClinicalBERT [14], Llama (Llama3-8B) [9], Qwen (Qwen
2.5-7b) [52], and ModernBERT (base) [48]; (3) Rewrite then predict
models, which transform the original EHR input before classifica-
tion. We evaluate all the proposed feature selection methods (𝜋ℎ ,
𝜋𝑑 , 𝜋𝑟 ), including state-of-the-art ones 𝜋𝑑𝑚𝑖 [25], 𝜋𝑑𝑚𝑟𝑚𝑟 [7], and
𝜋𝑑
𝑟 𝑓 𝑒

[11] as well as self-gen [46], an LLM-based feature selector
using Qwen2.5-7B as the backbone LLM.

5.4 Implementation details
Hardware and software configurations. All training and evalua-

tions are performed using CUDA 12.4, PyTorch 2.6.0 and the Hug-
gingFace Transformers library. We train our models with 4 NVIDIA
H100 80GB GPUs. To implement the baselines, we use PyHealth
1.1.6 framework [53] when available. For efficient rewrite genera-
tion, we use the vLLM 0.8.3 library for accelerated inference. We
perform grid search optimization for learning rates across all exper-
iments, exploring values in the range {1𝑒 − 3, 1𝑒 − 4, 1𝑒 − 5, 1𝑒 − 6}.

Feature selector (𝜋). We implement the data-driven feature se-
lection methods 𝜋𝑑 using the scikit-learn feature selection library.
For the heuristic-based approaches 𝜋ℎ , we rely on the available
clinical normal range values provided within each dataset. Across
all approaches, following [17], we select the top-𝑥 = 30% of fea-
tures based on their computed relevance scores, and we add missing
features among the top 10, to complement EHR information.

EHR rewriter. We evaluate our framework using two recent in-
struction tuned LLMs: Llama3-8B and Qwen2.5-7B. We construct
our D𝑅𝑤 dataset by fixing a top-𝑘 = 25% for the quality threshold
𝜏𝑠 . We fine-tune the rewriter using LoRA [13] with learning rate
2𝑒 − 4, 3 training epochs, rank 𝑟 = 8, LoRA 𝛼 = 16, dropout rate of
0.05, bfloat16 precision, weight decay of 0.1, batch size of 4 and gra-
dient accumulation steps of 4. For KL fine-tuning, we constructD𝑠

𝑃𝑟
using 𝑛𝑖 = 8 rewrites per patient and train up to 4000 steps using
batch size 16, learning rate 2𝑒 − 6, 𝜅 = 0.01, 𝜏 ∈ {0.01, 0.1, 0.2, 0.3} ,
and 𝜆 ∈ {0, 0.25, 0.5, 0.75}. Optimal parameters are selected based
on task-specific evaluation every 1000 steps.

Clinical predictor. We employ identical hyperparameters for both
the Scorer𝑠 classifier and clinical predictor. We sample 20% of
training patients to build D𝑠

𝑠𝑢𝑏
and generate D𝑠

𝑎 with 3 additional
rewrites per patient. Both models use ModernBERT-base as the
encoder backbone with a classification head, learning rate 2𝑒 − 5,
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Table 2: Results on the MIMIC-IV clinical tasks. Bold and Underline show best and 2nd best scores. Metrics multiplied by 100.

Model MIMIC-IV

MOR RA LOS

ROC(↑) PRC(↑) ROC(↑) PRC(↑) ROC(↑) PRC(↑)
EHR-oriented models

(a) RNN (Choi et al., 2014 [2]) 63.33 ± 3.4 3.38 ± 0.7 65.76 ± 1.2 72.49 ± 1.3 73.02 ± 0.7 58.01 ± 1.3
(b) RETAIN (Choi et al., 2016 [3]) 59.13 ± 3.9 4.06 ± 1.8 64.57 ± 1.2 70.74 ± 1.4 72.91 ± 0.7 58.21 ± 1.3
(c) GRASP (Zhang et al., 2021 [55]) 58.94 ± 3.6 2.68 ± 0.5 63.95 ± 1.2 68.92 ± 1.4 70.48 ± 0.8 53.85 ± 1.3
(d) Llemr (Wu et al, 2024 [49]) 52.07 ± 4.1 3.17 ± 1.3 59.20 ± 1.1 64.89 ± 1.3 75.36 ± 0.7 62.21 ± 1.3
(e) REMed (Kim et al., 2024 [22]) 52.40 ± 3.0 2.16 ± 0.5 68.26 ± 1.3 75.31 ± 1.9 80.15 ± 1.9 68.06 ± 2.9

Serialized Classifiers
(f) BioMedBERT (Gu et al., 2020 [10]) 64.24 ± 3.6 3.38 ± 0.7 70.36 ± 1.0 76.66 ± 1.0 77.59 ± 0.7 64.42 ± 1.3
(g) Qwen (Yang et al., 2024 [52]) 53.87 ± 4.1 3.12 ± 0.9 61.06 ± 1.1 66.15 ± 1.3 73.78 ± 0.7 60.75 ± 1.3
(h) Llama (Dubey et al., 2024 [9]) 59.45 ± 4.0 2.86 ± 0.6 64.93 ± 1.1 70.39 ± 1.3 75.09 ± 0.7 62.42 ± 1.2
(i) ModernBERT (Warner et al, 2024 [48]) 58.01 ± 3.7 3.26 ± 1.2 70.98 ± 1.0 77.25 ± 1.0 80.40 ± 0.6 68.42 ± 1.2

Rewrite-then-Predict models
(j) self-gen (Sui et al, 2024 [46]) 58.38 ± 3.6 2.95 ± 0.9 69.19 ± 1.0 76.24 ± 1.0 79.02 ± 0.6 67.04 ± 1.2
(k) 𝜋ℎ𝑡 61.00 ± 4.2 3.58 ± 1.0 65.25 ± 1.0 73.77 ± 1.1 70.04 ± 0.7 54.74 ± 1.3
(l) 𝜋ℎ𝑣 56.05 ± 3.7 2.57 ± 0.5 64.47 ± 1.0 70.06 ± 1.3 66.63 ± 0.8 50.79 ± 1.3
(m) 𝜋𝑑𝑚𝑖 (Lewis et al, 1992 [25]) 56.39 ± 3.8 2.93 ± 0.7 67.98 ± 1.0 74.57 ± 1.1 76.13 ± 0.7 60.57 ± 1.2
(n) 𝜋𝑑𝑚𝑟𝑚𝑟 (Ding et al, 2005 [7]) 60.00 ± 3.6 3.21 ± 0.8 63.08 ± 1.1 68.10 ± 1.3 79.48 ± 0.6 68.53 ± 1.2
(o) 𝜋𝑑𝑟 𝑓 𝑒 (Guyon et al, 2002 [11]) 62.54 ± 3.5 3.69 ± 1.3 62.03 ± 1.0 67.55 ± 1.3 76.84 ± 0.7 63.22 ± 1.2
(p) 𝜋𝑟

𝑓 55.82 ± 3.7 2.63 ± 0.7 66.60 ± 1.0 72.34 ± 1.2 73.33 ± 0.7 59.29 ± 1.3
(q) 𝜋𝑟

𝑣 59.37 ± 3.8 3.73 ± 1.5 68.03 ± 1.0 74.37 ± 1.1 77.51 ± 0.7 63.41 ± 1.2
ReToPQwen (ours) 69.75 ± 3.8 4.61 ± 1.0 71.45 ± 0.9 77.92 ± 1.0 80.38 ± 0.6 68.91 ± 1.2
ReToPLlama (ours) 71.92 ± 3.6 6.20 ± 2.2 72.05 ± 0.9 78.25 ± 1.0 80.62 ± 0.6 69.05 ± 1.2

context length 8192 tokens, 10 training epochs with early stopping
patience 3, batch size 32, and gradient accumulation steps 4. For the
inoculation, we reduce the learning rate to 2𝑒 − 6 and 4000 input
samples to ensure optimal integration with the rewriter outputs.

6 Experimental Results and Analysis
6.1 Main results
Overall, Table 2 shows that the ReToP framework achieves a sig-
nificant performance increase (t-test) over all the baselines and
across all the clinical tasks. The performance increase ranges are
respectively up to 38.12%, 33.51%, and 28.84% over respectively the
EHR-oriented, Serialized classifiers and Rewrite-Then-Predict base-
line models. Notably, we can see that among the Rewrite-then-
predict models, all the feature selector operators ((𝑘) . . . (𝑞)) do not
show consistent performance improvements. In contrast, our frame-
work with theReToP𝐿𝑙𝑎𝑚𝑎 model achieves the highest performance
across all the tasks, with improvements up to +23% compared to the
best-performing baseline (ModernBERT). Specifically, ReToP𝐿𝑙𝑎𝑚𝑎
obtains improvements of 13.92 for MOR, 1.07 RA, and 0.22 for LOS
tasks. ReToP𝑄𝑤𝑒𝑛 shows similar improvements, demonstrating the
robustness of our framework.

Finally, performance analysis across all the tasks raises an im-
portant observation: imbalanced tasks such as MOR with only 2%
positive cases (§ Table 1), leverage greater benefit from the Re-
ToP framework (+23%) compared to more balanced tasks like RA
and LOS tasks with larger training sets (with nearly twice the size

of RA and MOR sets). This trend suggests that our rewrite-based
approach provides greater value for rare clinical events, where
high-quality synthetic representations can effectively address data
scarcity, which is a common challenge in clinical prediction tasks.

6.2 Ablation study
We conduct comprehensive ablation studies to analyze the impact
of different components of our ReToP framework at the training
stage, with the following scenarios:

(1) w/o D𝑅𝑤 : we replace our synthetic dataset generation D𝑅𝑤
with zero-shot LLM rewriting. Specifically, we replace D𝑅𝑤
by

⋃
𝑠∈S{(P𝑖 ,M0

𝜃
(P𝑖 𝑗 |P𝑖 ))1≤ 𝑗≤4}P𝑖 ∈P𝑠 , with 4 rewrites per

EHR (w/o Algorithm 1).
(2) w/o Rewriter : we use an off-the-shelf LLM,M0

𝜃
, instead of

theM𝜃 EHR rewriter (w/o step 1, Fig. 2).
(3) w/o KL: we train the LLM rewriter without the KL divergence

loss, removing the alignment between the rewriter and the
clinical prediction objectives (w/o step 3, Fig. 2).

We report our results in Table 3. Consistent with our main re-
sults, Llama3-8B demonstrates marginally superior performance
compared to Qwen2.5-7B across all the ablation scenarios. We can
observe that ablating the EHR alignment component (w/o KL) causes
the most important performance degradation across both backbone
LLMs, with the most pronounced effects on the imbalanced MOR
prediction task. Specifically, we can see that substantial PRC drops
of 31.5% and 41.8% for Qwen and Llama, respectively. Similarly,
for the RA task, we observe a degradation between 4.7% and 6.3%.
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Table 3: Ablation study results. Bold and Underline indicate the best and 2nd best performance respectively. Values in paren-
theses () indicate percentage degradation relative to the complete ReToP framework, if any. All metrics are multiplied by 100.

Qwen2.5-7B Llama3-8B

MOR RA LOS MOR RA LOS

Scenario ROC PRC ROC PRC ROC PRC ROC PRC ROC PRC ROC PRC

w/o D𝑅𝑤 64.92(6.9%) 5.22 69.49(2.7%) 76.11(2.3%) 78.78(2.0%) 66.42(3.6%) 70.03(2.6%) 4.48(27.7%) 68.88(4.4%) 75.38(3.7%) 76.98(4.5%) 65.08(5.7%)
w/o Rewriter 58.83(15.7%) 3.16(31.5%) 68.69(3.9%) 74.67(4.2%) 79.06(1.6%) 67.18(2.5%) 65.42(9.0%) 4.93(20.5%) 68.86(4.4%) 73.48(6.1%) 79.37(1.6%) 67.27(2.6%)
w/o KL 64.93(6.9%) 3.16(31.5%) 67.22(5.9%) 74.25(4.7%) 78.29(2.6%) 66.44(3.6%) 59.00(18.0%) 3.61(41.8%) 67.40(6.5%) 73.33(6.3%) 79.09(1.9%) 67.38(2.4%)
ReToP 69.75 4.61 71.45 77.92 80.38 68.91 71.92 6.20 72.05 78.25 80.62 69.05

Table 4: Transferability performance with ROC/PRCmetrics.

Model MIMIC-IV −→eICU −→EFEMERIS

MOR RA LOS MALF

ModernBERT 81.30/21.86 86.71/23.80 93.19/56.67 49.79/6.44
ReToP𝐿𝑙𝑎𝑚𝑎 81.42/22.29 86.72/23.78 93.16/56.78 51.53/6.93
ReToP𝑄𝑤𝑒𝑛 81.40/21.93 86.79/23.91 93.17/56.80 50.41/7.08

For the LOS task, we observe a more modest degradation between
2.4% and 3.6%, suggesting that KL training provides critical value,
particularly for tasks with severe class imbalance.

Ablating the fine-tuning of the EHR rewriter (w/o Rewriter) fol-
lows similar degradation patterns, with the MOR task suffering
from a decrease of 31.5% and 20.5%, for Qwen and Llama in PRC
scores, respectively. This proves that fine-tuning the EHR rewriter
is an equally crucial step in our pipeline.

Finally, we observe that removing our synthetic training dataset
(w/o D𝑅𝑤 ) has the most pronounced impact on the LOS task, indi-
cating that pseudo-label augmentation provides greater value for
tasks with larger training sets where diverse synthetic examples
can capture broader clinical patterns.

6.3 Model transferability
We evaluate the transferability of the ReToP framework on unseen
data, namely, eICU1 and unseen task, namely, MALF with the EFE-
MERIS dataset. We use the rewriter of each corresponding task2.
We adopt a low-cost adaptation approach, implementing efficiency
measures at both model and data levels. Rather than fine-tuning the
complete ReToP framework (> 8𝐵 params.), we train only the clin-
ical predictor with 149𝑀 params. (1.8% of total). For data efficiency,
we limit rewritten data to the test set and 4000 training samples
(equivalent to 3.6% of the largest dataset) for predictor inoculation.
We use our best baseline classifier (ModernBERT). Due to computa-
tional constraints, we evaluate on 20% of the test set for LOS and
MALF tasks. As shown in Table 4, ReToP𝑄𝑤𝑒𝑛 and ReToP𝐿𝑙𝑎𝑚𝑎 im-
prove PRC scores up to +1.97%, +0.46%, and +9.94% for MOR, RA,
and MALF tasks, correspondingly, while maintaining competitive
LOS performance. These results demonstrate generalization with
minimal adaptation cost, particularly for highly imbalanced tasks
(MOR, RA, and MALF) with up to 3.05% positive examples.

1We defined our clinical task at the ICU visit instead of the hospital visit following [53]
2For MALF, we select the best EHR rewriter among the 3 tasks.

Figure 3: ROC scores across 𝛼 values for inference level (§ Eq.
2) using ReToP𝐿𝑙𝑎𝑚𝑎 on MIMIC-IV, shown for MOR (left), RA
(center), and LOS (right) tasks. Curves are stratified by EHR
length: overall (blue), short EHR < 2048 (green), medium
EHR in [2048, 4096] (yellow), and long > 4096 (red).

6.4 Model analysis
Effect of interpolated prediction. We evaluate the impact of the

interpolation parameter 𝛼 (§ Eq. 2) for leveraging original EHRs and
rewrites at the inference stage. Figure 3 shows ROC performance
across different 𝛼 values (blue curves), where 𝛼 = 0 represents
the inference with no rewrites, and 𝛼 = 1, using the EHR rewriter.
Aligned with our previous findings, optimal values are task depen-
dent. MOR benefits more from rewrite-only input, showing that
our EHR rewriter mitigates sparsity and noise characteristics of
mortality-related EHR data. Conversely, RA and LOS benefit from
no rewrites (𝛼 = 0), suggesting that preserving full clinical detail
is more valuable than noise reduction. Figure 3 further stratifies
performance by EHR length. For the MOR task, rewrites (𝛼 = 1)
consistently outperforms across all the input lengths. However, for
RA and LOS, short EHRs show little differences between original
and rewritten versions, while medium and longer EHRs exhibit de-
graded performance when using rewrites, suggesting that rewrite
quality decreases with increasing EHR length for these tasks.

Effect of KL training. We analyze KL divergence training across
training steps and balancing parameter 𝜆 (§ Eq. 10) using ReToP𝐿𝑙𝑎𝑚𝑎
without inoculation. Figure 4 shows that that models with 𝜆 ≥ 0.5
do not further improve after 3000 − 4000 steps, suggesting early
stopping. For 𝜆 ≤ 0.25, training is noisy with early overfitting ex-
cept for RA. MOR is more sensitive to 𝜆, benefiting from stronger
regularization early on, while RA and LOS remain robust across
𝜆 values. Our results suggest regularization should consider class
imbalance.
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Figure 4: Effect of 𝜆 on KL training (up to 4k steps, eval. every
1000 steps) for MOR, RA, LOS using ReToP𝐿𝑙𝑎𝑚𝑎 .

7 Case Study
Our aim here is to check and then get insights into the faithfulness
and clinical value under the expert perspective of the best ReToP
setting. To achieve this goal, we qualitatively analyze a sample of
15 patient EHRs where ReToP accurately predicts the MOR task.
For each case, we collect rewrites from self-gen, ReToP w/o KL, and
full ReToP using Llama backbone model. Annotators blindly evalu-
ate each rewrite on two criteria using three labels (’Yes’, ’Partially’,
’No’): (1) Faithfulness: whether the rewrite is entailed by the original
EHR, judged by three reviewers including one expert, and (2) Ac-
tionability: whether the rewrite includes clinical features that likely
support the clinical decision-making, annotated by one expert.

Table 5 shows the results in terms of ratios for each label and each
model on Faithfulness and Actionability criteria. Overall, ReToP w/o
KL shows higher faithfulness thanReToP and self-gen (based on the
’Y’ annotation) and lower faithfulness after KL, leading to a decrease
of the ’Y’ and an increase of the ’P’ and ’N’ annotations. This trend is
consistent with the expert annotation on the actionability, showing
an opposite pattern onActionability criteria.We can see that self-gen
is more likely to include expected predictive features by the experts
than the w/o KL model and, more importantly, the full ReToP
scenario, with nearly half of the annotations (46) revealing the
increasing presence of unexpected features for the expert. All these
results bring two important insights of the ReToP framework: (1)
the EHR rewriter (w/o KL) intrinsically outputs EHR rewrites that
are faithful to the original ones, as targeted in addressing challenge
C1; (2) the KL alignment between the EHR rewriter and clinical
predictors revises the rewriter by emphasizing predictive clinical
features, in addressing C2, but which are seemingly serendipitous
for the expert regarding the clinical task at hand.

We dig into these results with a qualitative analysis on Figure 5.
Examining faithfulness across all the rewrites, self-gen preserves all
the original features but introduces unfaithful information (high-
lighted in yellow). For instance, while the original EHR indicates
“Alcohol abuse, unspecified, the self-gen rewrite adds complemen-
tary information stating that “... alcohol abuse may impact his
medication, not present in the source data. In contrast, both Re-
ToP-based rewrites lean to filter features rather than adding new
spans, which preserves their faithfulness. Interestingly, we can see
that ReToP w/o KL reduces diagnoses from 30 to 24 and laboratory
tests from 51 to 40, while ReToP further reduces tests to 34, re-
taining only task-relevant features that optimize prediction. This
would explain the decrease in actionability according to the expert
perspective and opens avenues of research for model explanability
about the underlying reasons to filter.

Table 5: Qualitative analysis of ReToP (w/o andw/ KLmodels)
vs. self-gen on MOR based on faithfulness and actionability.

Model % Faithfulness % Actionability
Y P N Y P N

self-gen 60 40 0 80 20 0
ReToP (w/o KL) 73 27 0 0 100 0

ReToP 71 22 7 7 47 46

# Demographics: gender: M, age: 91
# Diagnosis: (30 diagnosis) Atrial flutter, 
Syncope and collapse, Arthropathy, 
unspecified..,Ulcer of other part of foot, 
Alcohol abuse, unspecified, Injury to 
bladder and urethra, without mention of 
open wound into cavity.
# Procedures: (2 procedures)
# Prescriptions: (24 prescriptions) Rifampin 
(300mg Capsule), Bisacodyl ..
# Laboratory:  (51 tests) Blood White Blood 
Cells Hematology, Blood Sedimentation 
Rate Hematology ..
# Microbiology: (4 tests) …

# Demographics: Gender: Male, Age: 91
# Diagnosis: (30 diagnosis) Atrial flutter, 
Syncope and collapse…, Alcohol abuse, 
unspecified, Injury to bladder and urethra, 
without mention of open wound into cavity.
# Procedures: (2 procedures)
# Prescriptions: (24 prescriptions) Rifampin 
(300mg Capsule), Bisacodyl ..
# Laboratory:  (51 tests) Blood White Blood 
Cells Hematology, Blood Sedimentation 
Rate Hematology ..
# Microbiology: (4 tests) …
# Additional Considerations: ...The patient’s 
history of alcohol abuse may affect his 
medication adherence and overall health. ...

# Demographics: gender: M, age: 91
(Diagnosis and procedures omitted)
# Prescriptions: (24 prescriptions) Bisacodyl 
(10mg Suppository), FoLIC Acid 
(5mg/mL-10mL), Cephalexin (500 mg 
Cap), Vancomycin (1g Frozen Bag), ... 
Multivitamins (1 Tablet), Lorazepam (1mg 
Tablet), Rifampin (300mg Capsule) …
# Laboratory:  (40 tests) Blood Platelet 
Count Hematology, Blood Hematocrit 
Hematology..
# Microbiology: (3 tests) Urine culture on 
urine, MRSA screen on MRSA screen, 
Aerobic Bottle Gram Stain on blood culture

# Demographics: gender: M, age: 91
(Diagnosis and procedures omitted)

# Prescriptions: (24 prescriptions) 
OxycoDONE (Immediate Release)  (5mg 
Tablet), Multivitamins (1 Tablet), Bisacodyl 
(5 mg Tab), FoLIC Acid (5mg/mL-10mL), 
Sodium Chloride 0.9%  Flush (Syringe), 
Rifampin (300mg Capsule)... 
# Laboratory:  (34 tests) Blood Platelet 
Count Hematology, Blood Hematocrit 
Hematology, Urine Epithelial Cells …
# Microbiology: (2 tests) Blood culture, 
urine culture on urine

Rewrite self-genOriginal EHR

Rewrite ReToP w/o KL Rewrite ReToP

Figure 5: Example patient EHR for the MOR task. Red text
shows main content-based differences across rewrites, while
highlighted text shows generated unfaithful information.

8 Conclusion
We introduced ReToP, a new framework that leverages LLMs to
enhance clinical prediction performance. ReToP trains an LLM-
based EHR rewriter using synthetic EHR rewrites built upon health-
related feature selection methods. Then, ReToP refines the EHR
rewriter through an end-to-end training guided by the clinical pre-
dictor supervision using a KL loss.ReToP significantly outperforms
a set of state-of-the-art baselines across representative clinical pre-
diction tasks. Our proposed framework exhibits reasonable transfer
ability to out-of-domain datasets and tasks. By designing EHR
rewriters that can be efficiently aligned with downstream clinical
tasks, ReToP opens up potential directions for effective healthcare
AI systems. Future work could explore extending this framework
to a wider range of clinical tasks, including multi-label classifica-
tion tasks, and investigating the right compromise between model
performance and model explainability for domain experts.
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