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The digitization of healthcare has led to the accumulation of vast amounts of patient data through Electronic
Health Records (EHRs) systems, creating significant opportunities for advancing intelligent healthcare. Recent
breakthroughs in deep learning and information fusion techniques have enabled the seamless integration of
diverse data sources, providing richer insights for clinical decision-making. This review offers a comprehensive
analysis of predictive modeling approaches that leverage multimodal EHR data, focusing on the latest
methodologies and their practical applications. We classify the current advancements from both task-driven and
method-driven perspectives, while distilling key challenges and motivations that have fueled these innovations.
This exploration examines the real-world impact of advanced technologies in healthcare, addressing issues
from data integration to task formulation, challenges, and method refinement. The role of information fusion
in enhancing model performance is also emphasized. Building on the discussions and findings, we highlight
promising future research directions critical for advancing multimodal fusion technologies in clinical predictive
modeling, addressing the complex challenges of real-world clinical environments, and moving toward universal

intelligence in healthcare.

1. Introduction

Over the past two decades, the adoption of Electronic Health
Records (EHR) systems has grown significantly. This growth has been
driven by several factors. Policy initiatives, such as the HITECH Act
in the United States [1], have supported their adoption. Global de-
mographic changes, including an aging population [2], have also
contributed. In addition, advancements in technology, like cloud com-
puting and the Internet of Things (IoT), now allow for real-time health
monitoring and large-scale data storage [3]. Together, these factors
have made EHR systems a cornerstone of modern healthcare.

EHR systems not only serve as repositories of vast patient data but
also play a pivotal role in advancing precision medicine, a healthcare
model designed to tailor medical care to individual patient charac-
teristics (see Fig. 1). By integrating structured data (e.g., diagnoses,
treatments, and lab results) with unstructured data (e.g., medical im-
ages [4,5], clinical notes [6], and genomic information [7,8]), EHRs
provide a comprehensive foundation for tasks such as medical event
prediction [9,10], biomarker discovery [11,12], and patient-specific
modeling [13,14].
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Deep learning enhances these applications by extracting complex
features from multimodal data and predicting clinical outcomes [15—
17], enabling highly targeted interventions that optimize individual
health outcomes, improve resource utilization, and reduce overall
healthcare costs [18-20]. Building on these advancements, the tran-
sition from traditional machine learning methods to deep learning
has marked a significant evolution in clinical predictive modeling.
While conventional methods, such as linear regression [21], logis-
tic regression [22], decision trees [23], and random forests [24],
have been widely used, their limitations in capturing the complex,
nonlinear relationships inherent in EHR data have become appar-
ent. Deep learning and fusion strategy address these challenges by
leveraging the rich, multimodal nature of EHR data, enabling tasks
such as accurate diagnostics, personalized treatment, and tracking pa-
tient trajectories and disease progression [25]. Despite these advances,
challenges persist [26], such as data heterogeneity [27,28], data imbal-
ance [29,30], and issues of model interpretability and reliability [31,
32]. Tackling these challenges has spurred the development of innova-
tive approaches, such as information fusion techniques, which integrate
diverse data sources to provide a more holistic view of patients.
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Fig. 1. Illustration of clinical predictive modeling in healthcare, from perspectives of
medical data input and modeling technologies to downstream tasks.

These techniques enhance predictive accuracy, facilitate advanced
representation learning [33,34], and optimize healthcare outcomes by
enabling targeted treatments, faster disease detection, and efficient
resource allocation. Numerous studies have investigated this area
from various perspectives, revealing deep learning’s transformative
potential in clinical predictive modeling. For instance, Wang et al. [35]
center their review on the predictive modeling of Electronic Health
Record (EHR) data using deep learning techniques, emphasizing both
the rigor of theoretical frameworks and methodologies as well as the
practical tools and evaluation systems employed. In contrast, Nasarudin
et al. [36] underscored the broad applications of deep learning in
healthcare by focusing on its data-driven capabilities while omitting
detailed technical methodologies. Si et al. [13] presented advanced
techniques for developing patient profiles from EHR data, whereas
Amirahmadi et al. [37] explored models designed to analyze complex
medical trajectories. Addressing critical challenges, Shickel et al. [38]
investigated issues such as model interpretability and data heterogene-
ity. Furthermore, innovations such as natural language processing have
extended the role of deep learning in EHR-based research, as evidenced
in immunology and allergy studies [39] and during the COVID-19 pan-
demic [40], thereby highlighting its broader impact on public health
and crisis management. Unlike reviews that predominantly concentrate
on machine learning algorithms or model performance, Ali et al. [41]
focus specifically on the contribution of big data platforms and tools
for managing massive heterogeneous datasets, and they discuss how
these technologies facilitate efficient data management and real-time
processing.

While the aforementioned surveys have made significant strides
in categorizing studies by methodologies or tasks, they often provide
fragmented perspectives that overlook the evolving interplay between
research tasks, methodological innovations, and their implications for
healthcare decision-making. Recognizing this gap, our review adopts a
broader perspective that not only categorizes research by task typolo-
gies and methodologies but also critically examines the motivations,
evolution, and correlation between methods. This approach highlights
the transformative role of deep learning in healthcare by integrating
datasets, methodologies, and practical applications, offering a unique
perspective on both challenges and opportunities in the field (see Fig.
2). To the best of our knowledge, this is the first comprehensive review
that holistically examines the datasets, techniques, challenges, and
future directions of deep learning-driven clinical predictive modeling,
aiming to inspire interdisciplinary innovations in healthcare. Impor-
tantly, our review identifies and categorizes the key motivations behind
methodological innovations which can be grouped into the following
key aspects: (1) Data Quality — Issues such as data scarcity, noise, and
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the complexity of multimodal and imbalanced datasets remain critical
barriers to model performance. (2) Time-Series Data Processing —
Irregular intervals and missing values in time-series data complicate
accurate health predictions. (3) Complex Relationships — The nonlin-
ear and intricate nature of medical data requires sophisticated models
to effectively interpret relationships. (4) Domain Knowledge Inte-
gration — Incorporating domain-specific knowledge enhances model
accuracy and interpretability, providing critical clinical context. (5)
Optimization Strategies — Techniques such as pre-training and ad-
vanced loss functions are essential for handling limited data and novel
patient scenarios. (6) Model Transparency and Uncertainty — En-
suring interpretability and improving uncertainty estimation are vital
for building trust among clinicians and patients, ultimately enhancing
decision-making reliability. By addressing these challenges, our review
not only highlights the current limitations but also sets the stage for
future innovations, aligning with our aim to unlock the full potential
of EHR data in clinical predictive modeling.

In addition to the aforementioned topics, our review also investi-
gates the application of foundation models (FMs) and large language
models (LLMs) in EHR-based clinical predictive modeling [42-45].
These advanced models demonstrate significant potential for capturing
complex patterns in multimodal medical data, enabling a new era
of intelligent healthcare analytics [46-49]. Furthermore, we explore
the integration of EHR data with multi-omics datasets, which include
genomics, transcriptomics, and metabolomics [50,51]. This integration
offers a complementary perspective by combining clinical and molec-
ular insights, enhancing the understanding of disease mechanisms,
biomarker discovery, and personalized medical interventions [52-55].
Building on these findings, we have identified seven critical challenges
and corresponding future directions that are essential to unlocking the
potential of EHR data and driving innovations in clinical predictive
modeling. These challenges encompass data quality and heterogeneity,
multimodal data integration, model scalability, transparency, ethical
considerations, and computational infrastructure. By addressing these
challenges, our review aims to provide a comprehensive roadmap that
fosters interdisciplinary collaboration and opens new opportunities for
advancing the field of clinical predictive modeling.

To analyze advancements in deep learning methodologies for EHR
data processing, we retrieved literature published between 2016 and
October 2024 from Web of Science,! Google Scholar,” and PubMed.*
Our search included studies with terms such as “Electronic Health
Records (EHRs)” or “electronic medical records (EMRs)”, and the se-
lection process was systematically conducted following PRISMA guide-
lines [56], as illustrated in Fig. 3. Based on the screened literature, the
key contributions of our review are as follows:

» We present a detailed and systematic review of clinical predic-
tive modeling methods based on EHR data, offering a valuable
reference for researchers and healthcare practitioners. Our re-
view highlights the evolution of data mining methods and their
diverse applications in academic research and clinical practice,
addressing significant gaps in previous reviews.

We propose a comprehensive review framework that maps the
intricate relationships between EHR data, data mining techniques,
problem-solving motivations, and biomedical applications. Our
framework provides a systematic lens to understand the complex-
ity of medical data, the integration of information fusion methods,
and their transformative potential in biomedicine.

We analyze influential research that has significantly advanced
the application of information fusion techniques in the biomed-
ical domain, including insights into the practical challenges and
uncovering the transformative potential of these techniques.

1 http://apps.webofknowledge.com
2 https://scholar.google.com
3 https://pubmed.ncbi.nlm.nih.gov


http://apps.webofknowledge.com
https://scholar.google.com
https://pubmed.ncbi.nlm.nih.gov

J. Wu et al.

1 Electronic Health Records — Data Quality and Processing

Clinical Predictive Modeling —  Data Insufficiency and Noisy Data

—

. . -— Handling Imbalanced Data
— Information Fusion and Relevance

=

L—  Mult-modal and Missing Modality
3 Predictive Learning Flow J

- Time Series Data Processing
Multimodal Data Input J

— Patient Trajectories Modeling
Preprocessing and Feature Extraction |
J

L—  Time Interval and Data Imputation
Methods and Fusion Strategies |

Evaluation Task ‘ —  Hidden or Higher Complex Relationship

—— Datasets, Evaluation Metrics, and Toolkits ‘ — Domain Knowledge Utilization

J

1 Model Optimization and Improvement o

—i EHR Foundation Models

— Integrating EHR with Multi-Omics Data

Information Fusion 123 (2025) 103283

Data Quality and Consistency
— Pre-training and Loss Function
—— Data Integration and Hidden Relationship

— Cold-Start Problems

m— Data Privacy and Security
= Personalization

— Model Interpretability and Trustworthiness —  Model Generalization and Robustness

—  Interpretability and Trustworthiness
—  Real-Time Prediction and Interpretability

— Uncertainty Estimate

— Health Assessment

Ethical and Legal Issues

Fig. 2. Organizational framework of the content.

Database Search Additional sources

* Medline, + Google Scholar,

+ Scopus, + Citation Snowballing

*  Web of Science, Keywords:

+ ACM Digital Library, Electronic health (medical) records,

- |EEE Xplore Digital Library Deep learning, Representation learning

\7Z
n = 2376
Records identified
,,,,,,,,,,,,, > n =150
Records excluded at deduplication
n=2226 n = 2060
Records screened by title and abstract Records excluded at screening
+ Not English
+ Not research paper
,,,,,,,,,,,,, > + Not machine / deep learning
+ Not EHR data
+ Not precision medicine
+ Outof scope
n =166
Full-text studies assessed by eligibility
n=50
Records excluded at full-text
« Poor quality
_____________ > + Not related to this work
*  Not full-text access
+ Only abstract

- Only medical imaging task

n=116 - Only omics modality

Records included in systematic review

Fig. 3. PRISMA flowchart of the study selection process.

This review is structured as depicted in Fig. 2, beginning with an
exploration of the foundational knowledge and key challenges associ-
ated with EHR data and predictive modeling. It then categorizes and
critically analyzes the deep learning techniques employed in this field,
highlighting significant advancements and identifying gaps that hinder
further progress. By providing a systematic overview of methods, chal-
lenges, and opportunities, this review aims to serve as a roadmap for
future innovations, offering actionable insights to amplify the potential
of deep learning in transforming healthcare outcomes and advancing
health informatics.

2. Background

EHRs serve as a cornerstone for advanced clinical predictive model-
ing by facilitating data-driven insights. Deep learning has significantly
improved prediction accuracy and clinical decision-making through
sophisticated techniques for patient representation and modeling. A key
element in this progress is information fusion, which combines multi-
level data to capture complex health trajectories. This section shows
how the integration of deep learning with EHRs drives healthcare
innovation, focusing on enhanced data integration, modeling strategies,
and clinical applications.

2.1. Electronic Health Records (EHRs)

The transition to EHR systems marks a transformative shift in
healthcare, replacing paper-based records with digital systems that im-
prove accuracy, efficiency, and research capabilities. EHR systems min-
imize errors through consistent and accurate documentation, stream-
line data processes to enhance clinical decision-making, and provide
comprehensive data for evidence-based research, advancing medical
knowledge and policy-making.

Electronic Health Record (EHR) systems manage a diverse array of
patient information, encompassing both structured and unstructured
data [57] (see Fig. 4). Structured data can be further divided into
tabular EHR and time-series EHR. Fig. 4 specifically depicts the tabular
component — comprising dates, numerical values, and categorical
variables (e.g., diagnoses and medication classes) — which, along with
time-series data that captures sequential information, is organized using
predefined models for efficient analysis [58]. In contrast, unstructured
data such as free-text clinical notes, medical images, and physiological
signals require advanced processing techniques [4,59]. Moreover, al-
though genomics data is sometimes integrated into EHR systems, it is
more accurately classified as multi-omics data, derived from biological
samples and necessitating specialized analytical approaches.

Despite their advantages, EHR systems face challenges due to the
heterogeneity of coding systems used across institutions, as shown in
Fig. 5. Standards like ICD, CPT, LOINC, and RxNorm support consistent
data documentation and exchange but require integration tools like
UMLS and SNOMED CT to address variations and promote interoper-
ability [60]. Fig. 6 provides examples of these standards. Advances in
technology and Al enable EHR systems to integrate multimodal data
for personalized care and early disease detection, improving patient
outcomes and resource allocation. Building on this foundation, we
formalize EHR data representations to facilitate subsequent analysis
and applications.

Definition 2.1 (EHR Data). The EHR system in hospitals organizes
detailed medical data for each patient in a systematic manner. Let
P = {p,,....p,} represent the set of patients within the EHR system.
Each patient p; has a chronological sequence of medical events, denoted
as E; = {r;,rp, ..., 1y}, where r;; is the medical record at the jth time
point for patient p;. Each record r;; consists of structured and unstruc-
tured data, expressed as r;; = (S;;,U;;). Structured data .S;; includes
key medical details such as diagnoses (d; j), symptoms (s; ; ), procedures
;) and medications (m; i) Unstructured data U; ; comprises medical
images (i; j) and textual notes (7 j).

The integration of structured and unstructured components forms
a comprehensive EHR, offering a multidimensional view of the pa-
tient’s medical history and health condition. This approach provides
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healthcare providers with a holistic understanding of the patient’s med-
ical journey, enabling better clinical decision-making and personalized
care.

2.2. Clinical predictive modeling

Clinical predictive modeling applies data analysis and machine
learning to extract insights from complex healthcare data, enabling
accurate predictions of patient health trajectories, treatment outcomes,
and disease risks. By leveraging structured and unstructured EHR data,
it identifies potential health risks and treatment opportunities, en-
hances diagnostic accuracy, supports early interventions, optimizes
resource allocation, and facilitates personalized treatment plans, ul-
timately improving patient outcomes and quality of life. Here, we
provide the mathematical definitions and symbolic representations of
clinical predictive modeling.

Definition 2.2 (Clinical Predictive Modeling). Clinical predictive model-
ing involves using predictive models to forecast future medical events.
The input is the longitudinal visit records of the ith patient, represented
as: E; = {r;.ri,..--Fim}, Where r;,, denotes the medical record at the
mth visit. The model aims to predict future health states or events,
mathematically expressed as: c,,,; = f(E;;0), where ¢, is the pre-
dicted clinical event, f(-) is the prediction model, and 6 denotes the
model parameters.

Deep neural networks provide a powerful framework for achieving
these predictive objectives. By minimizing prediction errors through
backpropagation, they iteratively optimize model parameters, enhanc-
ing their ability to accurately forecast future health states and events.

2.3. Information fusion and its relevance to clinical predictive modeling

Integrating deep learning methods with EHRs significantly improves
clinical prediction performance by effectively leveraging diverse data
sources through systematic information fusion strategies. These strate-
gies can be broadly categorized based on the level of fusion, includ-
ing basic data fusion, intermediate feature fusion, high-level decision
fusion, multimodal fusion, and user feedback fusion.

Basic Data Fusion involves preprocessing and merging raw data
from heterogeneous clinical sources, ensuring data consistency through
standardization, normalization, and noise removal. For instance, labo-
ratory results obtained from different medical institutions may undergo
uniform scaling and imputation techniques to manage missing or in-
consistent values, thereby preparing reliable data inputs for predictive
models.

Intermediate Feature Fusion integrates extracted features from dis-
tinct data modalities at intermediate layers within deep learning mod-
els, preserving essential semantic details while embedding contextual
relevance. By combining structured clinical data (e.g., vital signs and
laboratory tests) with unstructured data (e.g., physician notes or med-
ical imaging features), models can better capture complex clinical
scenarios and improve prediction accuracy.

High-Level Decision Fusion typically employs advanced modeling
strategies, including ensemble learning, multi-task learning, and trans-
fer learning. These methods integrate predictions from various
modality-specific models or tasks to enhance the model’s generalization
and robustness. For example, an ensemble approach may aggregate de-
cisions from independently trained classifiers focusing on radiological
images and textual clinical notes, improving predictive reliability and
reducing model bias.

Multimodal Fusion explicitly targets the integration of different data
types — structured (e.g, numerical lab results), textual (e.g, clinical
narratives), and imaging data (e.g., X-rays or MRI scans) — to achieve
comprehensive patient representation. Such integration can substan-
tially enhance diagnostic precision and clinical decision-making. To
effectively manage multimodal data, three primary fusion strategies are
widely utilized, as illustrated in Fig. 7: early fusion, late fusion, and
mid-level (joint) fusion.

Early Fusion combines multimodal features at the initial stage of
model training, enabling direct interaction across data modalities dur-
ing the entire training process [61,62]. Conversely, Late Fusion
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(decision-level fusion) trains separate models for each modality inde-
pendently, then integrates their final predictions using methods such as
majority voting, weighted averaging, or meta-classifiers [63,64]. This
approach allows each modality-specific model to specialize in its own
domain, with the final decision made by combining the outputs from
all models. Mid-level (Joint) Fusion merges intermediate representations
generated by different modality-specific networks within shared hidden
layers. This method facilitates joint optimization across modalities
via backpropagation, effectively enhancing modality-specific feature
extraction and model interpretability [65-67]. Empirical studies have
demonstrated that multimodal fusion surpasses unimodal models in
clinical predictive tasks. For instance, in the prediction of survival out-
comes for non-small cell lung cancer (NSCLC) patients, Deng et al. [68]
proposed a cross-modality attention-based multimodal fusion approach
that integrates histopathological image data and RNA sequencing data.
The results indicated that, compared to unimodal models, the multi-
modal fusion model improved the concordance index (C-index), signi-
fying a substantial enhancement in predictive performance. Similarly,
Braman et al. [69] developed a Deep Orthogonal Fusion (DOF) model
that integrates radiological, pathological, genomic, and clinical data

to predict overall survival in glioma patients. This multimodal model
significantly outperforming the best unimodal model’s C-index, fur-
ther corroborating the advantage of multimodal fusion in clinical
prediction.

Despite their effectiveness, fusion techniques encounter challenges
such as data heterogeneity, computational complexity, and reduced
interpretability. Variations in data formats, scales, and missing values
necessitate advanced preprocessing strategies for effective integration.
The computational resources required for multimodal fusion can lead
to increased training times, prompting researchers to explore model
compression, parallel processing, and hardware acceleration solutions.
Moreover, complex multimodal models often sacrifice interpretability,
challenging clinical trust. To mitigate this, methods such as attention
visualization, feature importance analysis, and explanatory model com-
ponents are increasingly utilized to improve transparency and clinician
confidence. Future research should further refine data handling, com-
putational efficiency, and interpretability to develop robust, clinically
actionable predictive systems.

2.4. Clinical predictive learning flow

The integration of EHR with deep learning offers transformative
potential for improving diagnostic accuracy and treatment efficiency.
This process involves several stages, including consolidating structured
and unstructured data with domain knowledge, preprocessing the data
to ensure quality, training deep learning models with optimized fea-
tures, and evaluating model performance for clinical predictions (Fig.
8). By leveraging this streamlined workflow, deep learning significantly
enhances medical analysis and decision-making.

2.4.1. Data input

Data input is foundational for healthcare modeling, involving struc-
tured data, unstructured data, and domain knowledge.

Structured data, such as patient information, diagnostic codes, and
test results, facilitates statistical analysis but often requires cleaning
and standardization to address issues like inconsistency and missing
values. Models such as AdaCare [70], INPREM [71], and GNDP [72]
focus on disease diagnosis using structured inputs, while GAMENet [73]
and SafeDrug [19] incorporate drug data for medication prediction,
while 4SDrug [74] and DPGNN [75] integrate symptom data into their
predictive frameworks.

Unstructured data, including physicians’ notes and medical im-
ages, presents challenges like heterogeneity and complexity, requir-
ing techniques like natural language processing (NLP) and convolu-
tional neural networks (CNN) for feature extraction. Examples include
CGL [76] and MedRetriever [77], which use text embeddings, and
SCNet [66], which analyzes medical images.
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(SVM), Random Forest (RF), XGBoost
Deep Learning Methods:
RNN-based methods: GRU, LSTM
CNN-based methods: ResNet, U-Net
Attention-based methods: Transformer, ViT, SwinT
Graph-based methods: GCN, GAT, MPNN
Pre-trained Models:
Domain-specific models: BERT, Bio-BERT

General Strategies:

Structured Data

Dataset

MIMIC-III, -1V, -CXR,
elCU, PhysioNet, IQVIA,
I1BM, PPMI, ADNI

Innovative Learning Strategies

Contrastive Learning, Self-supervised Learning

Few-shot, Zero-shot Learning

Meta-Learning, Transfer Learning

Federated Learning

Adversarial Learning, Generative Models T

Reinforcement Learning, Causal Inference
Clinical-Specific Adaptations:

Semi-Supervised Learning: unlabeled clinical data

Unstructured Data
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Evaluation Metrics Visualization
Top - k Accuracy, Precision, t-SNE,
F1-score, Jaccard Heatmap,

AUROC, AUPRC Attention weight

Domain-Specific Optimizations

Multi-Modal Learning and Data Integration
Knowledge-Augmented Learning
Trustworthy Al and Uncertainty Estimation

| Data and eli

Domain Adaptation and Transfer

Personalized and Patient-Centric Modeling

7 y

Domain Knowledge
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« Demographics, Diagnoses, Procedures, « Clinical notes, Clinical reports + SNOMED-CT, ICD Hierarchical Coding

Medications, Lab Results, Vital Signs Imaging data + Medical Code Formal Description
Sequence data « X-rays, CT scans, MRIs, Pathology WSls « DrugBank, Drug Interaction
- Time-series data, electrocardiograms Omics data *  Drug Molecular Information

(ECG), electroencephalograms (EEG) « Genomics, Transcriptomics, Proteomics « Clinical Guidelines, Biomedical Literature

o’ 4 &

Challenges Challenges Challenges

« Data Heterogeneity, High-Dimension, | .
Missing Data, Data Quality, Complexity

Methods Methods

« Data Cleaning, Integration, Imputation, i .
Dimensional Reduction |

Unstructured Formats, Noise, Semantic
Understanding, Annotation and Labeling

Word Embeddings, Ontology Mapping,
Augmentation, Classification, Segmentation | o

Semantic inconsistency

+ Knowledge update and maintenance
Methods

« Semantic mapping and alignment
Automatic update mechanism

Fig. 8. Overview of EHR learning flow. The figure illustrates a general flow of steps for clinical decision support systems learning EHR data. The typical data analysis pipeline

consists of data input, learning methods, and model evaluation.

Domain knowledge enhances model accuracy and interpretability.
ICD coding hierarchies improve understanding of disease relationships,
as seen in ADORE [78] and JMRL [79]. Semantic descriptions of med-
ical codes, utilized in models like MEGACare [80], aid in processing
detailed medical information. Drug molecular data from sources like
DrugBank [81] supports treatment reliability, exemplified by Safe-
Drug [19] and MoleRec [82]. Clinical guidelines and biomedical lit-
erature provide evidence-based insights, leveraged by MMORE [83],
HAP [84], and UNITE [85]. Integrating domain knowledge as data
input poses challenges, notably semantic inconsistencies arising from
diverse coding systems and terminologies across data sources [86,87].
Additionally, the fast-paced evolution of medical knowledge necessi-
tates continuous updates to maintain data accuracy and relevance [88—
90]. Robust integration of these data inputs is essential for accurate and
reliable predictions.

2.4.2. Data preprocessing
Data preprocessing and feature extraction are critical steps to opti-
mize model performance, tailored to different data types:

(D) Structured data processing. (1) Handling missing data is essential for
maintaining the validity of healthcare analyses [91]. Approaches range
from basic imputation methods (mean, median) to more advanced ones
like multiple imputation and regression. Chen et al. [92] highlight how
interpretable machine learning can effectively address this issue.

(2) Data normalization is also crucial for ensuring consistent scaling
across variables, thus improving model accuracy. Techniques such as
z-score normalization, min-max scaling, and mean normalization are
commonly used, with Butwall’s study showing its impact on healthcare
model performance [93].

(3) Detecting and addressing outliers is important to prevent skewed
analyses. Methods like box plots and isolation forests are used, and Cao
et al. [94] propose a robust algorithm that combines outlier detection

and data scaling for improved biomedical classification. For categorical
data, encoding methods like One-Hot and Label Encoding are standard,
although research on healthcare-specific encoding remains limited.

(4) Feature selection and transformation are vital for enhancing model
performance, with techniques such as correlation analysis, variance
filtering, and L1 regularization. Liu et al. [95] review deep learning-
based imputation methods, emphasizing the importance of feature
selection in handling missing healthcare data.

(I) Unstructured data processing. (1) Text Data Processing encompasses
several key stages: First, text cleaning and normalization refine raw
clinical data by removing noise (e.g., special characters, excess spaces)
and standardizing text (e.g., stemming, lemmatization). This ensures
uniformity, essential for clinical NLP, as highlighted by Kreimeyer
et al. [96]. Second, tokenization and representation transform text
into semantic vectors using techniques like Word2Vec, GloVe, and
BERT. Methods like BPE and SentencePiece optimize embeddings for
LLMs, as shown by Alsentzer et al. with clinical BERT [97]. Domain-
specific preprocessing involves standardizing terminology (e.g., UMLS,
SNOMED CT), correcting spelling errors, and applying NER to ex-
tract entities like diseases and medications. Syntactic parsing enhances
sentence-level understanding, aiding concept extraction and relation-
ships. Demner-Fushman et al. demonstrate its role in clinical decision
support systems [98]. Finally, LLM preparation tailors data for biomed-
ical models like BioBERT, as shown by Lee et al. emphasizing tasks such
as prompt design and fine-tuning [99].

(2) Image Data Processing improves quality and consistency through
contrast enhancement techniques like histogram equalization and
CLAHE, along with deep learning-driven noise reduction methods,
such as Denoising Autoencoders [100]. Data augmentation enhances
robustness using traditional methods (e.g., rotation, scaling) and au-
tomated strategies (e.g., AutoAugment), with generative models like
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GANs and Diffusion Models enriching datasets [101]. Feature extrac-
tion employs CNNs, pre-trained models, and Transformer architectures,
incorporating self-supervised learning and multimodal integration for
comprehensive analysis [102]. Deep learning-based segmentation en-
sures precise anatomical delineation, while reinforcement learning-
driven registration aligns images across times or devices for accurate
spatial correspondence [103].

(3) Physiological Signals Processing, such as Butterworth filters,
wavelet transformations, and Independent Component Analysis (ICA),
improve the clarity of medical signals like ECG and EEG for clinical
use [104]. Clinically significant features are extracted using methods
like wavelet decompositions to enhance diagnostic accuracy [105].
Noise-robust solutions, including adaptive filters and deep learning-
based denoising networks, enable precise and real-time medical signal
processing [106]. Signal standardization and Principal Component
Analysis (PCA) further ensure consistency and efficiency in processing
medical data [107].

(4) Genomics Data Processing encompasses critical tasks such as
sequence alignment, multi-omics integration, epigenomic analysis, and
comparative genomics. Li and Durbin’s work [108] on the Burrows—
Wheeler transform revolutionized short-read alignment, ensuring speed
and accuracy. Multi-omics integration, as reviewed by Picard et al.
[109], enhances the holistic understanding of biological interactions.
Kundaje et al. [110] provide valuable insights into regulatory mech-
anisms through an analysis of 111 human epigenomes. Comparative
genomics, highlighted by Alkan et al. [111], underscores structural
variations’ role in genome diversity and evolution.

In summary, effective data preprocessing and feature extraction are
critical for optimizing model performance across various data types.
While structured data emphasizes data quality, unstructured data —
including text and images — requires specialized transformations. Phys-
iological signals benefit from robust noise reduction techniques, and
genomics data processing focuses on sequence alignment, the integra-
tion of multi-omics data, and regulatory analysis, all of which enable
the derivation of accurate and meaningful clinical insights.

2.4.3. Model learning approaches

Structured and unstructured data preprocessing underpins clini-
cal prediction by converting healthcare datasets into analyzable for-
mats. Beyond this, selecting appropriate learning methods is crucial
for extracting actionable insights. This section reviews key learning ap-
proaches tailored to diverse data types and tasks and critically discusses
the rationale behind employing each methodology.

() Fundamental learning methods provide the backbone for clinical
predictions and are selected based on the nature of the data and
specific clinical tasks. Their use is motivated by their interpretability,
efficiency, and the ability to capture key patterns in structured and
unstructured EHR data. (1) Machine learning methods, such as Logis-
tic Regression (LR), Support Vector Machines (SVM), Random Forest
(RF), and XGBoost, are typically employed for structured clinical data
(e.g., demographics, lab results, and diagnostic codes). LR is often
favored for risk assessment due to its straightforward interpretabil-
ity through coefficient analysis. SVMs are chosen when dealing with
high-dimensional spaces, offering robust classification boundaries for
disease state discrimination. RF and XGBoost, on the other hand, excel
in capturing nonlinear interactions and complex relationships in het-
erogeneous data, though they may require extensive hyperparameter
tuning to mitigate overfitting in noisy clinical datasets [112-115]. (2)
Deep learning approaches have transformed the analysis of unstructured
data by automating feature extraction. For example, RNN variants
(e.g., GRU [116] and LSTM [117]) are widely adopted in clinical
predictive tasks due to their ability to model temporal dependencies
in sequential EHR data such as visit histories or time-stamped lab
results. Their sequential nature aligns well with the inherently chrono-
logical structure of medical records. However, they often struggle with

Information Fusion 123 (2025) 103283

long-range dependencies, which has led to the adoption of attention-
based architectures for capturing long-term contextual information more
effectively. CNNs, including ResNet [118] and U-Net [119], are pri-
marily chosen for medical image analysis because of their ability to
capture spatial hierarchies and local patterns in imaging data. They are
highly effective for tasks such as disease detection and segmentation.
Nonetheless, CNNs may fall short when it comes to processing data
with strong temporal dependencies, where sequential context is cru-
cial. (3) Attention-based methods (e.g., Transformers [120], ViT [121],
and SwinT [122]) have emerged as powerful alternatives to RNNs
by enabling models to focus on the most relevant parts of the input
data, thereby overcoming some limitations of traditional sequential
models. Their ability to handle long-range dependencies and integrate
multimodal information makes them particularly suitable for tasks
that involve combining clinical notes with imaging data. (4) Graph-
based methods, including GCN [123], GAT [124], and MPNN [125],
are selected when the clinical task involves relational or network data,
such as modeling interactions among patients, drugs, and diseases.
These methods excel in capturing the underlying graph structures
inherent in biomedical data. However, their computational complexity
can be high, and constructing an effective graph representation from
heterogeneous clinical data can be challenging. (5) Pre-trained models,
such as BERT [126] and Bio-BERT [99], leverage large-scale biomedical
corpora to achieve superior performance in natural language processing
tasks, including clinical note summarization and entity recognition.
Their ability to transfer knowledge from vast amounts of text data is
invaluable; however, fine-tuning these models to specific clinical do-
mains is often necessary to achieve optimal performance. In summary,
the choice among these methods is largely determined by the specific
characteristics of the clinical data and the targeted predictive task. Each
method offers distinct strengths and faces unique challenges, necessitat-
ing careful consideration of their suitability for different applications in
clinical predictive modeling.

(ID Innovative learning strategies are adopted to overcome challenges
associated with high-dimensional, sparse, or limited clinical data, and
to enhance model adaptability in dynamic healthcare settings. These
strategies are particularly valuable when traditional supervised meth-
ods are constrained by the scarcity of labeled data or the complexity of
EHR-derived tasks. (1) Contrastive learning and self-supervised learning
leverage unlabeled data to reduce reliance on manual annotations.
Contrastive learning, by bringing similar samples closer in the feature
space while pushing dissimilar ones apart, is especially effective in
tasks like medical image segmentation and patient clustering, where
subtle differences can be crucial [127,128]. Self-supervised learning,
on the other hand, generates pseudo-labels directly from inherent
data structures, which is advantageous for tasks with limited labeled
examples [127,129]. However, while these methods can significantly
improve feature representation, they require careful design of the
pretext tasks to ensure that the learned representations are clinically
relevant. (2) Few-shot and zero-shot learning approaches are critical
when dealing with rare diseases or emerging clinical conditions that
lack ample labeled data. These methods allow models to generalize
from minimal examples or even to predict unseen classes by lever-
aging inter-class relationships or external knowledge [130,131]. Their
strength lies in the ability to quickly adapt to new scenarios, but they
often face challenges in maintaining robustness and accuracy when
the available examples are extremely limited. (3) Meta-learning and
transfer learning enhance model adaptability by enabling rapid learning
across diverse tasks. Meta-learning frameworks train models to quickly
adjust to new, unseen tasks—a property that is particularly beneficial
in the dynamic environment of clinical prediction where data distribu-
tions can vary significantly over time. Transfer learning, which often
involves fine-tuning pre-trained models like BERT for EHR analysis,
allows models to benefit from knowledge acquired on large external
datasets [132-134]. However, both strategies can be sensitive to do-
main shifts, and their success often depends on the degree of similarity
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between the pre-training and target domains. (4) Federated learning
addresses data privacy concerns by allowing multiple institutions to
collaboratively train models without sharing raw data. This approach is
well-suited for multi-institutional studies where patient data privacy is
paramount [135,136]. While federated learning enhances privacy and
leverages a broader dataset, it introduces challenges related to data het-
erogeneity and communication overhead, which can affect convergence
and model performance. (5) Adversarial learning and generative models,
such as GANs, are utilized to improve data robustness and diversity.
These methods are particularly effective for augmenting scarce datasets
and addressing class imbalances in medical imaging [137,138]. The
adversarial framework encourages the generation of realistic synthetic
data, which can enrich training sets. Nonetheless, these methods often
require complex training procedures and careful balancing of generator
and discriminator dynamics to avoid mode collapse and maintain data
fidelity. (6) Reinforcement learning and causal inference contribute to
decision-making in clinical pathways by optimizing treatment strategies
and uncovering causal relationships. Reinforcement learning models
are designed to learn optimal policies through trial and error, making
them ideal for sequential decision tasks such as treatment planning.
Causal inference methods, meanwhile, help in identifying underlying
cause-effect relationships, which are essential for risk prediction and
therapeutic evaluations [139-141]. The primary challenge with these
approaches is ensuring that the learned policies or inferred causal
relationships are both reliable and interpretable in a clinical context.
Each of these innovative strategies is selected based on the specific
characteristics of the data and the clinical tasks at hand. While they
offer substantial advantages in terms of flexibility and performance,
they also bring challenges related to model complexity, interpretability,
and robustness that must be carefully managed.

(II) Domain-specific optimizations tailor predictive models to the unique
characteristics of clinical data, enhancing reliability, interpretability,
and overall applicability. Below, we discuss several specialized strate-
gies, providing motivation, data/task matching, and a balanced view
of their strengths and challenges. Multimodal Learning and Data Inte-
gration leverages heterogeneous sources such as clinical text, imag-
ing, and multi-omics data to construct a comprehensive patient view.
This approach is motivated by the need to capture complementary
information—while clinical notes offer contextual details, imaging and
omics data can provide objective biomarkers. Models like vision—
language frameworks (e.g., BLIP and CLIP) are specifically chosen
because they can correlate visual patterns with textual descriptions,
thereby enhancing diagnostic accuracy [142-144]. However, integrat-
ing diverse data types poses challenges in terms of data alignment,
normalization, and increased computational complexity. Knowledge-
Augmented Learning incorporates medical ontologies and expert-curated
rules into the modeling process to improve performance in tasks such
as disease classification and treatment recommendation [145]. By em-
bedding structured domain knowledge (e.g., from ICD, SNOMED CT),
these methods offer enhanced interpretability and context awareness
that purely data-driven models might lack. While rule-based systems
can refine predictions, they may require constant updates to remain
current with evolving clinical guidelines, and overly rigid structures
can sometimes limit the model’s flexibility to learn novel patterns.
Trustworthy AI and Uncertainty Estimation address the critical need for
model transparency in clinical settings. Techniques such as attention
maps, SHAP values, and LIME provide insights into model decision-
making, which are crucial for clinician acceptance and trust [146,
147]. Bayesian uncertainty estimation quantifies prediction confidence,
guiding risk assessment in treatment planning. The trade-off, however,
is that these methods can add layers of complexity and sometimes
reduce computational efficiency, necessitating a balance between in-
terpretability and performance. Temporal Data and Sequence Modeling
focuses on capturing the dynamic aspects of clinical data, such as vitals
and medication histories, which are inherently sequential. Transformer-
based models and sequence-to-sequence architectures are preferred for
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their ability to model long-term dependencies, overcoming limitations
seen in traditional RNNs that struggle with long-range contextual
information [148,149]. Despite their superior performance in capturing
temporal dynamics, these models typically require larger datasets and
more computational resources, and they may be less interpretable
compared to simpler models. Domain Adaptation and Transfer Learning
are employed to ensure that predictive models remain robust and
generalizable across different institutions and datasets. This strategy is
particularly important given the variability in EHR systems and coding
practices. By leveraging pre-trained models and fine-tuning them on
domain-specific data, researchers can bridge discrepancies between
diverse datasets [150,151]. However, adapting models to new domains
often involves challenges in aligning feature spaces and may require ad-
ditional calibration to maintain high accuracy in low-resource settings.
Personalized and Patient-Centric Modeling aims to customize predictions
based on individual patient characteristics, thus advancing precision
medicine. This approach is motivated by the recognition that clinical
decisions benefit from models that account for patient-specific vari-
ables. Techniques in this domain focus on tailoring outputs to reflect
personal risk profiles and treatment responses [152,153]. The main
challenge lies in effectively integrating individualized data without
compromising model robustness or overfitting to idiosyncratic patterns.
Together, these domain-specific optimizations enhance the capability of
predictive models by aligning methodological choices with the specific
needs of clinical data and tasks. They provide a more nuanced and
targeted approach, although each comes with its own set of challenges
that must be carefully managed to maximize clinical utility.

2.4.4. Downstream tasks

Building on the foundational concepts of Clinical Predictive Learn-
ing Flow, this section explores advanced predictive applications that
tackle critical clinical challenges, such as disease diagnosis and person-
alized treatment recommendations.

Diagnosis prediction aims to determine the presence of specific
conditions like diabetes or heart disease through EHR analysis, enabling
preventive care and timely interventions. Notable works in this area in-
clude Dipole [154], which uses bidirectional recurrent neural networks
(RNNs) and attention mechanisms to enhance predictive accuracy by
analyzing temporal data; KAME [155], which integrates knowledge
graph embeddings to incorporate external medical information; Strad-
egy [156], which applies convolutional neural networks to transform
online medical descriptions into vector embeddings for disease pre-
diction; and MEGACare [80], which builds an EHR hypergraph and
multi-view learning framework to improve patient representations and
model robustness by identifying high-order correlations.

Risk prediction estimates the likelihood of adverse events, such as
heart attacks or hospital readmissions, to guide preventive measures
and chronic disease management. ConCare [157] handles irregular
EMR data by extracting inter-feature relationships for personalized risk
prediction. StageNet [158] uses a stage-aware LSTM and stage-adaptive
convolutional modules to improve predictive performance by modeling
health stage transitions and progression patterns. UNITE [85] enhances
disease risk prediction by integrating multi-sourced health data and
incorporating uncertainty estimation. SCEHR [159] refines clinical risk
prediction with supervised contrastive learning applied to longitu-
dinal EHR data, improving representation learning. Furthermore, Al
et al. [160] applies deep learning methods to analyze the Haberman’s
survival dataset in order to predict the long-term survival prospects
of breast cancer patients following surgery, thereby providing a basis
for tailoring treatment plans. In contrast, researchers utilize advanced
ensemble classifiers combined with feature selection strategies to metic-
ulously classify tumor viability in osteosarcoma histological slides,
aiming to enhance diagnostic accuracy and robustness for optimized
therapeutic decision-making [161].
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Mortality prediction estimates patient survival probabilities, par-
ticularly in critical care settings, helping with resource allocation and
prioritization. Several approaches have been proposed: GRASP [162]
identifies patient similarities to learn from comparable cases, SA-
FARI [163] applies a sparsity prior for compact, interpretable repre-
sentations that improve generalizability, and CTCL [164] integrates
multi-view graph convolutional networks to combine structured and
unstructured data, offering a unified patient representation for more
accurate mortality predictions.

Readmission Prediction assesses the probability of disease recur-
rence or hospital readmission, aiding post-treatment monitoring and
personalized care plans. HVec [165] uses multitask learning with a
hierarchical vectorizer model to predict both mortality and readmis-
sion by leveraging shared patient information. TADEL [20] focuses on
trajectory-based readmission prediction by modeling dynamic medical
histories, offering insights into patient trajectories.

Medication prediction is essential for personalized therapy and
drug recommendations. GAMENet [73] combines a drug-drug inter-
action graph with graph convolutional networks and longitudinal pa-
tient records to predict medications and ensure safe prescribing. Safe-
Drug [19] uses a global message-passing neural network and a lo-
cal bipartite learning module to encode drug molecular connectivity
and functionality. DAPSNet [166] leverages historical patient records
to predict accurate drug combinations by evaluating diagnoses, pro-
cedures, and medications. PROMISE [167] integrates structured and
unstructured data streams in a multimodal framework, improving med-
ication prediction through separate but complementary learning path-
ways.

Length-of-Stay Prediction estimates the duration of a patient’s
hospitalization, which helps optimize hospital resource allocation and
management strategies. Doctor Al [168] uses RNNs to analyze time-
stamped EHR data for predicting hospital stay durations. RAIM [169]
incorporates an attention mechanism to analyze continuous monitoring
data like ECG signals, guided by discrete clinical events such as medica-
tion usage. CRXMDL [170] combines data from multiple modalities and
uses an attention-based 1D convolutional neural network for accurate
hospitalization duration predictions.

Similar Patient Retrieval helps identify historical cases that resem-
ble the current patient, supporting clinical decisions and personalized
treatment plans. GRASP [162] customizes patient similarity metrics
for various tasks, aiding in knowledge extraction from relevant cases.
Temporal Tree [171] employs a temporal hierarchical structure to
capture multi-level information from temporal co-occurrence in EHR
data, allowing for detailed patient comparisons.

2.4.5. Real-world case studies

Multimodal EHR integrates structured data, unstructured text, imag-
ing features, and omics data, thereby significantly enhancing the per-
formance of clinical prediction models across various application sce-
narios. In the field of oncology, the joint modeling of pathological
images and pathology report texts not only captures immune infiltra-
tion and proliferative activity within the tumor microenvironment but
also augments the biological interpretability of risk stratification for
breast cancer recurrence [172]. Moreover, integrating metabolomics,
transcriptomics, and genomics data further improves the sensitivity
and specificity for detecting recurrent cases, with particularly notable
enhancements in predicting high-risk subgroups such as patients with
lymph node metastasis [173]. In addition, for gastric cancer treatment
response prediction, the fusion of endoscopic images, histopathological
reports, and patient baseline characteristics enables more accurate
forecasts of response to anti-HER2 therapy, thereby reducing patients’
exposure to ineffective treatments. Cross-cancer prognostic modeling,
achieved through constructing cross-modal knowledge graphs that in-
terrelate clinical records, genomic mutations, and imaging features, sig-
nificantly enhances the robustness of overall survival predictions [174].
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In the domains of cardiovascular medicine and critical care, data fu-
sion based on chest imaging and dynamic vital signs (e.g., NT-proBNP,
oxygen saturation) has effectively improved the early detection of
acute heart failure, thereby shortening diagnosis time and reducing
misdiagnosis rates [175]. Furthermore, analysis of long-sequence EHR
data — including medication adjustment records, progression of com-
plications, and wearable device monitoring — has yielded dynamic risk
assessment models that perform exceptionally well in predicting long-
term cardiovascular event risks, thus providing real-time support for
clinical interventions [176].

In the area of infectious diseases and public health, the integration
of mobile phone location trajectories, environmental sensor data, and
symptom reports from EHR not only facilitates the early identification
of epidemic hotspots and close-contact populations but also signifi-
cantly enhances the responsiveness of public health departments during
emergencies. Simultaneously, combining wearable device monitoring
data with clinical history enables digital twin models to simulate indi-
vidual responses to specific interventions (e.g., medication dosage ad-
justments), thereby optimizing personalized treatment strategies [172].

In summary, the integration of multimodal EHR data across various
clinical applications, achieved through the collaborative and synergistic
combination of heterogeneous data sources, substantially improves the
accuracy of risk assessment, treatment response prediction, and prog-
nostic evaluation, thereby providing a robust foundation for clinical
decision support and healthcare resource optimization.

2.5. Datasets, evaluation metrics, and toolkits

This section outlines key publicly available EHR datasets and high-
lights essential toolkits and libraries designed to aid deep learning
applications in healthcare.

2.5.1. Publicly available EHR datasets

Publicly available EHR datasets are essential in clinical research,
offering extensive data for various studies. Key datasets include MIMIC-
I, MIMIC-IV, MIMIC-CXR, eICU, IBM MarketScan, PCORnet, THIN,
PPMI, and ADNI, each playing a significant role in advancing health-
care research. A summary of these datasets can be found in Table 1,
with further details in the supplementary materials. These datasets pro-
vide invaluable resources for biomedical research, facilitating progress
in understanding, preventing, and treating complex diseases. With data
spanning ICU records to biomarker studies, they support innovation
in fields like machine learning, epidemiology, and precision medicine,
driving clinical research forward.

2.5.2. Eyaluation metrics

Evaluation of predictive models in medical contexts relies on several
key metrics tailored to different tasks. For disease prediction, AUROC
(Area Under the Receiver Operating Characteristic Curve) [177], AUPRC
(Area Under the Precision—Recall Curve) [178], and accuracy are com-
monly used to assess discriminative ability, performance under class
imbalance, and overall prediction accuracy, respectively. Top K recall
and precision further evaluate the model’s ability to identify correct pos-
itives among the top predictions. Mortality prediction includes F1 score
alongside the above metrics to balance precision and recall. For length-
of-stay prediction, MSE (Mean Squared Error) [179] and MAPE (Mean
Absolute Percentage Error) [180] are used to evaluate continuous predic-
tion accuracy. Readmission prediction uses AUROC, AUPRC, accuracy,
and Top K metrics. Prescription prediction additionally utilizes the
Jaccard Index [181] to measure set similarity. For multi-class or multi-
label tasks, macro and micro averaging provide a balanced view across
classes. These metrics, collectively, offer a comprehensive framework
to assess model performance in EHR-based predictive modeling.



J. Wu et al.

Information Fusion 123 (2025) 103283

Table 1
Overview of healthcare datasets.
Dataset Count Modalities Period Applications Region
MIMIC-IIT 60,000 ICU admissions Demographics, vital signs, lab tests 2001-2012 Epidemiology, machine learning, USA
(e.g., hematology, biochemistry), clinical decision-making, ICU outcomes
medications, clinical notes
MIMIC-IV 60,000 ICU admissions Demographics, vital signs, lab tests 2008-2019 Epidemiology, machine learning, USA
(e.g., microbiology, blood gases), predictive analytics, ICU research
medications, clinical notes,
out-of-hospital mortality
MIMIC-CXR 65,079 patients Chest X-ray images, radiology reports, 2001-2008 Medical imaging, USA
metadata (e.g., age, gender, hospital ID) diagnostic algorithm development,
imaging quality assessment
elCU 200,000 ICU admissions Demographics, diagnoses, 2014-2015 ICU practices, patient outcomes, USA
treatments, outcomes, procedures multi-institutional benchmarking
IQVIA 100+ million patients Prescription trends, medical claims, Ongoing Epidemiology, health economics, Global
real-world evidence, healthcare costs, treatment patterns, market analysis
demographics, treatment pathways
IBM MarketScan 273 million patients Healthcare claims, patient demographics, 1995-present Health economics, outcomes research, USA
medical conditions, treatments, costs, payer-provider impact analysis
insurance enrollment data
PCORnet 30 million patients EHRs, claims, patient-reported outcomes, 2010-present Large-scale clinical research, USA
lab results (e.g., hematology, imaging), patient-centered outcomes research,
demographics, medications comparative effectiveness studies
THIN 69 million patients Diagnoses, treatments, 1994-present Epidemiological research, Europe
outcomes from primary care, health policy analysis, chronic disease
prescriptions, patient demographics tracking
PPMI 5000 participants Clinical, imaging, genetic, biomarker Ongoing Biomarker discovery, early diagnosis, Global
data, disease progression monitoring
longitudinal follow-ups
ADNI 1700 participants Clinical, imaging, biomarker, 2004-present Diagnostic tools, USA
cognitive assessments, genetic data treatment evaluation for Alzheimer’s
Table 2
Summary of various medical toolKkits.
Toolkit Primary focus Framework Key features Integration Deployment  User community Data handling License
PyHealth EHRs predictive Python Multiple modalities, EHRs, Local, Researchers, data Structured and MIT
modeling, signals, advanced ML physiological cloud scientists unstructured data,
text, and images signals, medical multimodal data
images
MedCAT Named Entity Python Self-supervised EHRs, Local, Biomedical Unstructured text Apache
Recognition and UMLS and SNOMED-CT  biomedical text cloud researchers, 2.0
Linking in biomedical integration clinicians
text
Fasten Health Personal and family Self-hosted  Self-hosted, Insurance Self- Individuals, Structured EHRs GPL
EMRs aggregation privacy-focused companies, hosted privacy advocates
healthcare
providers,
laboratories
MONAI Medical imaging PyTorch Data preprocessing, TensorBoard, Local, Researchers, High-dimensional Apache
AutoML, NVIDIA FLARE cloud developers, medical imaging 2.0
GPU acceleration clinicians
NiftyNet Medical imaging TensorFlow Modular pipeline, TensorFlow, Local, Researchers, High-dimensional Apache
regression, TensorBoard cloud developers medical imaging 2.0
image generation,
segmentation
MedPy Medical imaging Python Segmentation, Computing Local Researchers, High-dimensional GPL
feature extraction libraries developers medical imaging

2.5.3. Toolkits and libraries

Several specialized toolkits and libraries have been developed to
facilitate deep learning applications in EHR data analysis, addressing
both textual and imaging data. These toolkits, summarized in Table 2,
include PyHealth [182], MedCAT [183], Fasten Health, MONAI [184],
NiftyNet [185], and MedPy. PyHealth and MedCAT focus on process-
ing structured EHRs and clinical texts, employing advanced machine
learning and NLP techniques for tasks like patient risk prediction and
medical concept linking. On the other hand, MONAI, NiftyNet, and
MedPy specialize in medical imaging, offering tools for segmentation,
classification, and image synthesis. These toolkits are optimized for
different frameworks such as PyTorch (MONAI and MedPy) and Ten-
sorFlow (NiftyNet), and address unique challenges in their respective
domains. Fasten Health, distinct from the others, is a self-hosted plat-
form that emphasizes data security and HIPAA-compliant management
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of personal health records. These resources collectively support inno-
vation in healthcare, catering to diverse research needs and clinical
applications. To effectively support these high-level applications, robust
underlying big data platforms are essential [186].

2.5.4. Application of big data platforms and tools

The integration of big data platforms into personalized medicine
facilitates the management and analysis of vast amounts of hetero-
geneous healthcare data [41]. Hadoop Distributed File System (HDFS):
Used for distributed storage of massive healthcare data, ensuring data
persistence and high availability. Apache Spark: As a fast distributed
computing engine, Spark enables real-time processing and complex
computations on large datasets, supporting online analytics and rapid
feedback.
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Fig. 9. Motivation-Driven Sankey Diagram. The figure illustrates the relationship between different datasets, tasks, challenges, and methods. Datasets: Dataset1: MIMIC, Dataset2:
IQVIA, Dataset3: Physionet, Dataset4: eICU, Dataset5: Diabetes, Dataset6: Others. Tasks: Taskl: Diagnosis Prediction, Task2: Risk Prediction, Task3: Mortality Prediction, Task4:
Medication Prediction, Task5: Length-of-Stay Prediction, Task6: Readmission Prediction. Challenges: Challengel: Data Quality and Processing, Challenge2: Time Series Data
Processing, Challenge3: Hidden or Complex Relationships, Challenge4: Domain Knowledge Utilization, Challenge5: Model Optimization and Improvement, Challenge6: Model
Interpretability and Trustworthiness. Methods: Methodl: Recurrent Neural Networks (RNNs) and Variants, Method2: Convolutional Neural Networks (CNN), Method3: Attention
Mechanisms and Transformer Models, Method4: Knowledge Graphs and Graph Neural Networks (GNN), Method5: Generative Adversarial Networks (GANs), Method6: Other Methods
(e.g., Hierarchical Propagation, Memory Networks, Pre-training, Meta-Learning, Contrastive Learning).

Apache Hive: Through its SQL interface, Hive allows efficient query-
ing and analysis of data stored in HDFS, helping researchers extract key
indicators and uncover hidden patterns in the data.

3. Motivation and existing progress

In the previous section, we classified and summarized existing
research on model architectures and task types, providing a concise
overview of the field. This chapter builds on that foundation, exploring
recent advancements in predictive modeling through a motivation-
driven lens. Key motivations include improving data quality and pre-
processing, addressing time-series challenges, modeling complex rela-
tionships, integrating domain knowledge for accuracy, using advanced
optimization techniques, and prioritizing interpretability for ethical
deployment.

To organize these efforts, we created a hierarchical framework
that connects datasets to tasks, tasks to challenges, and challenges to
methods. This motivation-driven perspective clarifies the alignment of
methods with specific challenges, highlighting gaps and encouraging
targeted innovation. Unlike method-driven reviews, which focus on
technical details, or task-driven approaches, which isolate tasks, our
framework emphasizes the motivations behind research, enhancing
understanding of shared challenges like data heterogeneity, temporal
irregularities, and bias mitigation. By linking challenges across do-
mains, this approach fosters cross-disciplinary insights and connects
theoretical advancements with practical needs. It also improves inter-
pretability, providing a systematic roadmap for addressing complex
problems and guiding researchers toward impactful real-world appli-
cations. This framework offers a comprehensive view of the research
landscape, supporting the development of innovative, generalizable
methodologies.

This integrated representation is visualized through a Sankey dia-
gram (Fig. 9) and complemented by statistical summaries and classifica-
tions in Tables 3 and 4, providing a clear overview of the relationships
among datasets, tasks, challenges, and methods in predictive modeling
research.
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3.1. Insights from the sankey diagram

The Sankey diagram reveals key insights into dataset-task align-
ments, methodological trends, and research priorities. Datasets like
MIMIC (D1) and eICU (D4), rich in time-series data, are closely linked
to short-term prediction tasks like diagnosis (T1) and medication pre-
diction (T4). RNNs and Transformers (M1) are commonly used for these
tasks, highlighting their importance in medical predictions. Chronic
care tasks, such as medication prediction (T4) and readmission pre-
diction (T6), align with datasets like IQVIA (D2) and Diabetes (D5),
where domain knowledge (C4) is essential. Methods like GNNs and
knowledge graphs (M4) are ideal for capturing patient-drug interac-
tions and complex relationships. Versatile datasets, such as Physionet
(D3), support multiple tasks like ECG and glucose-level predictions,
leveraging techniques like meta-learning.

The analysis identifies several challenges and research priorities.
Time-series datasets, such as MIMIC (D1) and Physionet (D3), em-
phasize data quality (C1) and sequence processing (C2), requiring
RNNs and Transformers. Tasks involving hidden relationships (C3) and
domain knowledge (C4) rely on methods like GNNs and knowledge
graphs. Universal challenges, including model optimization (C5) and
interpretability (C6), are prevalent across tasks, highlighting their im-
portance for reliable healthcare solutions. These insights underscore the
field’s focus on both technical advancements and practical applications.

In summary, the Sankey diagram emphasizes the interplay between
datasets, tasks, and methods in shaping research priorities. In our
framework, short-term predictions refer to forecasting immediate out-
comes over a limited time horizon — such as acute patient events —
by leveraging time-series data and recurrent neural networks (RNNs).
In contrast, long-term predictions encompass forecasting outcomes over
extended periods, often within chronic care scenarios. These tasks
typically require the incorporation of domain knowledge and the use
of graph neural networks (GNNs) to capture complex, long-range in-
teractions. Cross-cutting challenges such as model optimization and
interpretability continue to drive ongoing efforts to enhance health-
care applications. The following subsections explore the innovations,
practical relevance, and future directions of each research motivation,
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Summarization of recent work on predictive modeling in healthcare (Part 1). C1: Data Quality and Processing , C2: Time Series Data Processing, C3: Hidden or Higher Complex
Relationship, C4: Domain Knowledge Utilization, C5: Model Optimization and Improvement, C6: Model Interpretability and Trustworthiness. M1: Recurrent Neural Networks (RNNs)
and Variants, M2: Convolutional Neural Networks (CNN), M3: Attention Mechanisms and Transformer Models, M4: Knowledge Graph and Graph Neural Networks (GNN), M5:
Generative Adversarial Networks (GANs), M6: Other Methods (e.g., Hierarchical propagation, Memory network, Pre-training, Meta-Learning, Contrastive learning,). T1: Diagnosis
Prediction, T2: Risk Prediction, T3: Mortality Prediction, T4: Medication Prediction, T5: Length-of-Stay Prediction, T6: Readmission Prediction.

Model Venue Challenge Method Task

Cl c2 C3 C4 C5 C6 M1 M2 M3 M4 M5 M6 T1 T2 T3 T4 T5 T6
Dipole KDD v v v v v
C-MemNNs AAAL v v v v v
MiME NIPS v v v v
KAME CIKM v v v v
RAIM KDD v v v v v
MCA-RNN ICDM v v v
CAMP ICDM v v v v v v
MNN 1JCAI v v v v 4
MMORE 1JCAI v v v v
KSI WWwW v v v v
HAP KDD v v v
MedPath WWW 4 v v
CGL IJCAI v v v v
RAPT KDD v v v v
SETOR ICDM v v v v v
Sherbet Trans v v v 4 v v
MetaCare++ SIGIR v v 4
Chet AAAI v v v v
MEGACare InfFus v v v v 4 v
KerPrint AAAL v v v 4
SeqCare WWW v v v
RETAIN NIPS v v v v v
Flex-MoE NIPS v v v v v
Med-ST ICML v v v v v v
TRANS 1JCAI v v v v v
MPRE ICDM v v v v v v v
GRAM KDD v v v v v v
GCT AAAI v v v v
PRIME KDD v v v
Health-ATM SDM v v v v v
DG-RNN ICDM v v v v v v v
KnowRisk ICDM v v v v v v
HiTANet KDD v v v
ConCare AAAL v v v v
AdaCare AAAI v v v v 4
StageNet Www v v 4 v
INPREM KDD v v v
LSAN CIKM v v v v v
CONAN AAAI v v v
MaskEHR SDM v v v
SCEHR ICDM v v v
UNITE WWWwW v v v v
MedRetriever CIKM v v v v 4
LDAM ICDM v v v v v
MendMKG ICDM v v v 4
INPLIM Trans v v v v v
T-ContextGAN Trans v v v v v
GRACE KDD v v v v
FlexCare KDD v v v v v v v

providing deeper insight into the evolving landscape of predictive
modeling.

3.2. Data quality and processing

High-quality, integrated data are crucial for accurate healthcare pre-
dictions. However, EHR data often suffer from issues like insufficiency,
noise, and heterogeneity, limiting model performance. Addressing these
challenges requires strategies to improve data completeness, reduce
noise, and integrate multimodal data effectively.

3.2.1. Data insufficiency and noisy data

Healthcare predictive models often struggle with insufficient and
noisy data due to incomplete records, subjective reporting, system
inconsistencies, and the impact of emerging diseases with limited his-
torical data. Noise also arises from misdiagnoses, equipment errors,
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and inaccuracies. To tackle these issues, solutions like data cleaning,
augmentation, and advanced preprocessing are employed.

GRAM [187] enhances sparse datasets by incorporating hierarchical
medical ontologies and graph-based attention. MiME [188] improves
small datasets by training on auxiliary tasks to generate robust em-
beddings. DistCare [189] employs knowledge distillation and transfer
learning to align features across datasets. For further data enhance-
ment, GRACE [190] combines GANs with contrastive learning to gen-
erate synthetic EHR data, and GNDP [72] integrates graph structures
and external knowledge to boost accuracy. MendMKG [191] addresses
high dimensionality and sparsity by leveraging medical knowledge
graphs, GCNs, and RNNs. Additionally, models like DG-RNN [18] in-
corporate medical knowledge graphs and attention mechanisms to
improve predictions in data-scarce situations, while KAME [155] and
KnowRisk [192] enhance robustness and interpretability with attention
mechanisms. SAFARI [163] tackles feature sparsity by using sparse
priors and graph-based aggregation.
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Table 4
Summarization of recent work on predictive modeling in healthcare (Part 2).
Model Venue Challenge Method Task
Cl C2 C3 C4 Cc5 C6 M1 M2 M3 M4 M5 M6 T1 T2 T3 T4 T5 T6
GRASP AAAI v v v
MIAM JBHI 4 v 4 4
SAFARI Trans v v v v
MUSE ICLR v v v
CTCL Trans v 4 v 4
DNA-T JBHI v v v 4
Warpformer KDD v v v v v v 4
FuseMoE NIPS v v 4 v 4 4 v
GAMENet AAAI v v v v v v
G-BERT 1JCAI v v 4 4 v v
CompNet CIKM v v v v v v
SafeDrug 1JCAI v v v v
SARMR 1JCAI v v v
MICRON 1JCAI v v v v v
DrugRec NIPS v v v v 4 v
CSEDrug CIKM v 4 v 4 v
PREMIER TOIS v v v v v v
MoleRec WWwW v v v
4SDrug KDD v 4 v
DRMP JBHI v v
COGNet WWw v v v 4
REFINE NIPS v 4 v
MK-GNN Trans v v 4 v
OntoPath Trans v v v
Carmen AAAL v 4 v
SHAPE JBHI v v v 4
VITA AAAI v v v v
DistCare Www v v v v
SAnD AAAI v v v v v
DLFS Trans 4 v v v
DFL JBHI v 4 4 v v
PTGHRA JBHI v 4 v v
DoctorAl PMLR v v v
TaGiTeD AAAI v v v v v
Patient2Vec IEEE v 4 v 4 v 4
CONTENT SciRep v 4 v v
MedCSP ACL v v v 4 v v

3.2.2. Handling imbalanced data

Data imbalance in healthcare datasets, exacerbated by long-tailed
distributions, noise, and rare event detection challenges, leads to bi-
ased predictions and reduced model performance [193]. Solutions like
oversampling, synthetic data generation, and advanced architectures
address these issues.

Several models tackle these challenges. SeqCare [194] balances
class representations using self supervised graph contrastive learning.
StratMed [195] improves learning for underrepresented entities with
relevance stratification and dual-property networks. SASMOTE [196]
enhances synthetic sample quality by adapting neighbor selection and
reducing uncertainty. NNBRM [197] generates realistic synthetic sam-
ples to improve sensitivity to rare cases via a back-propagation neural
network (BPNN). GAN-based methods further improve data fidelity.
MedGAN [198] generates synthetic medical images while preserving
structural and textural integrity. SynTEG [199] maintains temporal
correlations and visit patterns in synthetic EHRs. MedDiffusion [200]
captures temporal dependencies in patient sequences using a Denois-
ing Diffusion Probabilistic Model (DDPM) with step-wise attention.
PromptEHR [201] generates realistic synthetic EHRs by conditioning
on patient features and integrating privacy measures. These models
not only address class imbalance but also tackle noise, long-tailed
distributions, and privacy concerns. SeqCare refines graph structures
to exclude irrelevant information, StratMed strengthens learning for
sparse data, and SASMOTE and NNBRM ensure class balance with-
out artifacts. GAN-based solutions guarantee structural and temporal
coherence, while PromptEHR facilitates multimodal data generation.
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3.2.3. Multimodal and missing modality

Integrating multimodal data is challenging due to differences in
structure, distribution, and feature representations, with missing modal-
ities adding further complexity. To address this, approaches like multi-
modal deep learning, multi-task learning, and imputation strategies are
commonly used.

MNN [202] integrates clinical notes and medical codes using
attention-based bidirectional RNNs, enhancing prediction accuracy.
Health-ATM [203] combines RNNs, CNNs, and time-aware attention
to process noisy, incomplete data. PREMIER [204] uses a graph-based
framework and recommender system for safe, personalized medica-
tion recommendations, while 4SDrug [74] improves symptom-drug
interaction safety through set-oriented representations. More advanced
models focus on missing modalities and consistency. MUSE [205]
applies graph contrastive learning to model patient-modality relation-
ships, while DrFuse [206] employs disentangled representations and
disease-specific attention to enhance robustness. M3Care [207] ensures
task-specific imputation through latent space alignment and kernel
similarity metrics. FlexCare [208], a Hierarchical Transformer-based
model, leverages attention mechanisms and hierarchical propagation
to capture complex temporal dependencies in irregular EHR time
series data, effectively addressing time series processing challenges and
enhancing clinical risk prediction. FuseMoE [209] employs a mixture-
of-experts transformer architecture — with sparse MoE fusion layers
and an innovative Laplace gating function — to effectively fuse Flex-
iModal data, thereby addressing challenges of missing, irregular, and
heterogeneous modalities for improved clinical predictive performance.
Flex-MoE [210] employs a flexible mixture-of-experts framework that
integrates a learnable missing modality bank with a sparse MoE layer
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and Transformer-based architecture to effectively fuse arbitrary com-
binations of modalities, thereby addressing the challenge of missing
and incomplete data in multimodal medical settings. In addition to
handling missing data, these models address secondary challenges:
Health-ATM captures temporal dynamics, PREMIER and 4SDrug pri-
oritize safety, MUSE mitigates modality collapse, and DrFuse enhances
consistency. Collectively, these methods exemplify significant progress
in integrating multimodal data for healthcare predictive modeling.

3.3. Time series data processing

Processing time series data in EHRs is crucial for tracking pa-
tient health and aiding clinical decisions. However, challenges such
as irregular visit intervals, sparse entries, and missing values must be
addressed for reliable modeling and accurate predictions. Techniques
like memory-aware models, attention mechanisms, and knowledge-
infused frameworks have improved the robustness and scalability of
patient trajectory modeling.

3.3.1. Patient trajectories modeling

Patient trajectory modeling in EHRs faces challenges such as ir-
regular data intervals, sparse entries, and integrating heterogeneous
data. Advanced models offer solutions, such as the Attentive State—
Space model [211], which improves temporal modeling by handling
sparse data with memoryful dynamics. CAMP [212] and ICU-Sim [213]
utilize co-attention, memory networks, and graph-based learning to
capture long-term dependencies. PROMISE [167] incorporates multi-
modal data and pre-training to manage noisy and incomplete data.
DNA-T [214] is a novel deformable neighborhood attention transformer
that dynamically adjusts its receptive field using missing patterns to
flexibly aggregate local features from irregular medical time series,
thereby improving the prediction of patient mortality risk. MPRE [215]
utilizes wavelet-based frequency transformation to extract multi-scale
trend and variation information from dynamic EHR features, and then
employs a 2D multi-extraction network together with a first-order dif-
ference attention mechanism to capture the correlations between these
signals. TRANS [216] presents a novel approach that models EHRs
as a temporal heterogeneous graph and employs a temporal Graph
Transformer to integrate temporal dynamics and structured relation-
ships among medical events, thereby improving diagnosis prediction
accuracy.

Despite improvements, challenges remain. Real-time analysis is
crucial for clinical interventions, requiring scalable architectures like
CAMP’s temporal encoding [212] and PROMISE’s modular integra-
tion [167]. Scalability is key for handling large EHR datasets, en-
suring efficiency as data volumes grow. Addressing missing or noisy
data remains a priority, with methods like robust data imputation
(Attentive State-Space model [211]) and auxiliary data integration
(PROMISE [167]) enhancing reliability.

3.3.2. Visit interval and data imputation

Irregular visit intervals and missing values are common in time
series data, complicating predictive modeling. To address this, im-
putation methods — from basic interpolation (e.g, linear, spline) to
advanced machine learning techniques — are essential for improv-
ing data reliability. Models like ATTAIN and HiTANet tackle these
challenges with time-aware mechanisms. ATTAIN [217] captures tem-
poral dependencies by encoding time gaps between events and ap-
plying attention within its LSTM architecture to focus on key past
events, enhancing accuracy and interpretability. HiTANet [218] en-
hances this approach with a hierarchical attention mechanism, using
local-level Transformers and global key-query attention to adjust the
influence of past events based on temporal relevance. Both models
excel in predicting patient trajectories and clinical outcomes. Zhang
et al. [174] tackles the irregularity in both multivariate time series
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and clinical note sequences by dynamically integrating handcrafted im-
putation embeddings with learned interpolation and fusing them with
interleaved self- and cross-attention mechanisms, thereby enhancing
predictions such as in-hospital mortality and phenotype classification.
Warpformer [219] introduces a multi-scale modeling framework that
leverages an adaptive warping module and a customized doubly self-
attention mechanism to unify irregular clinical time series at various
granularities, effectively addressing both intra-series irregularity and
inter-series discrepancy for improved clinical predictions. These models
also enhance robustness: ATTAIN uses advanced imputation to handle
missing data, while HiTANet’s attention mechanism captures event im-
pacts across multiple time scales, providing a deeper understanding of
disease progression. Together, they set new benchmarks for predictive
modeling in clinical settings, addressing the complexities of EHR data.

3.4. Hidden or higher complex relationship

Medical data involve complex, nonlinear dependencies across tem-
poral, relational, and heterogeneous dimensions, making them difficult
to model. Advanced techniques like CNNs, RNNs, and Variational Au-
toencoders (VAEs) are effective at capturing these patterns. Attention
Mechanisms and GNNs further enhance the ability to model structured
dependencies and uncover hidden insights within EHRs. Addressing
these complexities requires tailored strategies in four key areas: tem-
poral dynamics, complex relationships, heterogeneous data integration,
and high-dimensional feature extraction.

For temporal dynamics, time-aware models, T-LSTM [220] capture
short-term and long-term dependencies, while RAIM [169] integrates
continuous monitoring data with discrete clinical events through at-
tention mechanisms. SETOR [221] incorporates medical ontologies
and attention-based graph representations to improve sequential pre-
dictions. Capturing complex relationships is critical. GCT [222] com-
bines transformers and graph convolutional networks, and Chet [223]
models disease progression using dynamic disease graphs and neu-
ral ODEs to capture the correlation. For heterogeneous data integra-
tion, MCA-RNN [224] improves diagnosis accuracy by incorporating
patient-specific information with CVAEs, while DASNet [225] cap-
tures intra- and inter-correlations in heterogeneous temporal sequences
through attention mechanisms. In high-dimensional feature extrac-
tion, MEGACare [80] enhances features using multi-view hypergraphs
and medical knowledge, while CTCL [164] integrates diverse data
types through cross-modal contrastive learning and multi-view GCNs,
employing cross-attention to improve outcome predictions.

3.5. Domain knowledge utilization

Integrating domain knowledge into healthcare models improves
accuracy, interpretability, and reliability by guiding feature selection,
model design, and interpretation. Pharmacological insights, for ex-
ample, help focus on relevant features in drug prediction, enhanc-
ing the understanding of complex interactions. Additionally, struc-
tured representations like knowledge graphs and ontologies system-
atize medical knowledge, improving reasoning and prediction. This
integration enables transparency, trust among clinicians, and better
decision-making.

However, the challenge remains in effectively combining diverse
data sources to capture complex relationships, reduce data sparsity, and
maintain efficiency. Models such as GAMENet [73] and G-BERT [226]
combine EHRs with graph-based embeddings using dual-RNNs and
GNNs with transformers, respectively. MMORE [83] and UNITE [85]
integrate multiple ontologies and data sources, while CompNet [227]
uses reinforcement learning to predict drug combinations. SafeDrug
[19] integrates molecular structures, and MK-GNN [228] and On-
toPath [229] model dependencies hierarchically. MoleRec [82] and
CSEDrug [230] focus on molecular substructures for drug recommen-
dations, and C-MemNNs [231] and SATexMCE [232] enhance diag-
nostic inference and text integration. KSI [233] and DPGNN [75]
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use graph-based methods to integrate online knowledge for disease
prediction.

Addressing biases in medical data integration is another significant
challenge. DrugRec [234] applies causal inference and longitudinal
data for personalized treatment, while Carmen [235] combines molec-
ular and DDI graphs with patient history for context-aware recommen-
dations. Fine-grained interaction modeling is tackled by REFINE [236],
which uses deep learning for personalized drug interaction modeling,
in contrast to Carmen’s graph-based method. Temporal event predic-
tion, as seen in CGL [76], integrates text and graph learning, while
HAP [84] uses hierarchical attention for healthcare representation
learning, offering a distinct approach from MMORE’s ontological focus.

3.6. Model optimization and improvement

Model optimization is essential for overcoming challenges in EHR
analysis, such as temporal dynamics, data imbalance, heterogeneous
integration, and adapting predictions to new patient scenarios. This
section discusses three main areas: pre-training and improved loss
functions, addressing cold-start issues, and achieving personalization.
These strategies enhance the robustness, adaptability, and accuracy of
predictive models.

3.6.1. Pre-training and enhanced loss function

Pre-training and enhanced loss functions play a key role in address-
ing challenges in EHR analysis, such as temporal dynamics, data im-
balance, heterogeneous data integration, and robustness. By leveraging
large-scale datasets, pre-training helps initialize model parameters, en-
hancing generalization to downstream tasks. Meanwhile, enhanced loss
functions improve stability and prediction accuracy by tackling noisy,
imbalanced data through class weighting and contrastive learning.

For temporal dynamics, which often involve irregular visit inter-
vals and short sequences, RAPT [237] uses a time-aware transformer
with pre-training tasks like similarity and masked prediction to cap-
ture robust temporal representations. Its composite loss function im-
proves generalization across various applications. In dealing with class
imbalance, SCEHR [159] applies supervised contrastive learning to
maximize inter-class separation and minimize intra-class variation, en-
hancing robustness and accuracy by weighting imbalanced classes.
MedCSP [238] is a collaborative pre-training framework that employs
modality-specific aggregation and cross-source contrastive learning to
unify multimodal medical data, thereby alleviating data scarcity and
enhancing the model’s applicability across diverse downstream tasks.
Med-ST [239] is a multimodal pre-training framework that employs a
Mixture-of-View Experts (MoVE) architecture, modality-weighted local
alignment, and bidirectional cycle consistency to capture fine-grained
spatial and temporal features from chest radiographs and radiological
reports, addressing the challenge of modeling both multi-view spatial
details and temporal dynamics. To integrate structured and unstruc-
tured data, MedRetriever [77] uses an attention-based retrieval mecha-
nism, aligning pre-training with specific prediction tasks. Its composite
loss function optimizes both text retrieval and health risk prediction.
Lastly, BEHRT [240] and Med-BERT [241] showcase the power of
large-scale pre-training, with BEHRT modeling temporal sequences
using positional encodings and self-attention, and Med-BERT lever-
aging 28.5 million patient records for robust contextual embeddings.
Both models utilize composite loss functions to handle multi-task pre-
dictions, achieving strong performance even with limited fine-tuning
data.

3.6.2. Cold-start problems

Cold-start problems occur when predicting outcomes for new pa-
tients with limited or no historical data, especially in rare diseases. To
address this, transfer learning and multi-task learning have been widely
adopted to improve model adaptability in data-scarce contexts.
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GraphRet [242] and MetaCare [243] provide effective solutions.
GraphRet utilizes inductive graph convolutional networks and hetero-
geneous graphs to model relationships between diverse entities, with
meta-learning enabling rapid adaptation to new patients and handling
sparse data. MetaCare, through hierarchical subtyping, clusters pa-
tients based on shared traits, facilitating knowledge transfer specific
to subtypes, while fine-tuning adjusts predictions for individual pa-
tients even with minimal records. Both models go beyond cold-start
issues. GraphRet improves prediction accuracy by integrating heteroge-
neous data via relational graphs, and MetaCare enhances robustness by
leveraging shared patterns across subpopulations through hierarchical
subtyping.

3.6.3. Personalization

Personalization in healthcare prediction tailors recommendations
based on individual characteristics such as genetic data, lifestyle, and
medical history, enhancing treatment planning and clinical decisions.
This approach addresses the heterogeneity and dynamics of clinical
data, leading to more accurate, context-aware predictions and im-
proved patient outcomes. However, managing data heterogeneity and
capturing dynamic, interdependent clinical features remain key chal-
lenges.

Models like ConCare [157], MedPath [244], and ProCare [245]
address these challenges using complementary strategies. ConCare em-
ploys a time-aware attention mechanism and multi-channel GRU to
manage temporal irregularities and feature correlation. MedPath in-
corporates medical knowledge graphs and path reasoning to contex-
tualize electronic medical records (EMRs) and capture complex re-
lationships. ProCare focuses on disease progression, using pathway
analysis and dynamic embeddings to model disease trajectories over
time. Despite their differences, these models share the common goal
of personalizing predictions through attention mechanisms and exter-
nal knowledge. ProCare’s dynamic modeling complements MedPath’s
contextual reasoning, while ConCare’s temporal embeddings address
irregular time-series data. By capturing individual characteristics, these
models enhance predictive accuracy. Future work should explore mul-
timodal data integration and real-time adaptation to further advance
personalized medicine.

3.7. Model interpretability and trustworthiness

Machine learning models in healthcare must be interpretable, trust-
worthy, and capable of estimating uncertainty to support reliable clin-
ical decision-making. Transparent predictions help clinicians under-
stand the rationale behind model outputs, while uncertainty estima-
tion quantifies confidence in predictions, guiding diagnosis and treat-
ment. Addressing these challenges requires methods that integrate do-
main knowledge, manage complex data, and provide robust, actionable
insights.

3.7.1. Interpretability and trustworthiness

Interpretability and trustworthiness are key for clinical adoption.
Transparent models align predictions with clinical reasoning, making
decisions understandable for clinicians and patients. Models like RE-
TAIN [246] and GRAM [187] use attention mechanisms and medical
ontologies to highlight relevant features, while DG-RNN [18] integrates
domain-specific knowledge graphs to improve interpretability.

To address temporal complexity and irregular data in EHRs, models
like ATTAIN [217] and AdaCare [70] employ time-aware attention and
dynamic recalibration, while KerPrint [247] incorporates knowledge
graphs to capture temporal dynamics and reduce information decay.
For heterogeneous data integration, Sherbet [248] and LDAM [249]
combine unstructured text with time-series data, while KnowRisk [192]
and MedRetriever [77] leverage domain knowledge and visualization
tools to enhance interpretability. These models enhance transparency
and robustness by integrating attention mechanisms, domain knowl-
edge, and adaptive data handling, supporting clinically meaningful
predictions.
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Table 5
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Summary of recent work on clinical language models. In the Task column, NER refers to Named Entity Recognition, RE refers to Heart Failure, QA refers to Question Answering,

DC refers to Document Classification, and Pre. refers to Clinical Prediction.

Models DataSet Task

Unique innovations and limitations

MIMIC PubMed Others NER RE QA

DC

Pre Others

AlphaBERT v

BERT-MIMIC v v

BERT-XML v

BioBERT
BlueBERT v v v v

ClinicalBERT v

Clinical KB-ALBERT v v v

Clinical-longformer v v v

Clinical-T5 v v v
Clinical XLNet v

CharacterBERT v v v

CXR-BERT v v

EHR-BERT v v

RadBERT v

UMLSBERT v v v

v Character-level tokens, optimized for low-resource
environments
X Limited performance on complex tasks, high domain
dependency
Sentence-agnostic temporal relation extraction, silver data
augmentation
x Focuses on temporal tasks, limited generalizability
v Multi-label attention for ICD coding, domain-specific
vocabulary
X Primarily for ICD coding, lacks task versatility
v Biomedical pretraining, optimized for NER, RE, QA tasks
X Requires domain-specific corpora, limited generalization
v Domain transfer learning on PubMed and MIMIC datasets
x Less effective for clinical-specific tasks
Clinical note representation, focus on 30-day readmission
prediction
X Relies on MIMIC dataset, high computational complexity
v Joint training with UMLS knowledge, enhanced semantic
understanding
X Complex training, dependent on UMLS knowledge base
v Sparse attention for long sequences, efficient memory usage
X Limited improvements for short-text tasks, high training
complexity
v Decoder architecture for clinical text generation tasks
X Restricted access due to privacy, resource-intensive
v Temporal sequence modeling for clinical notes
X Narrow application scope, lacks versatility
v Character-level CNN for open vocabulary, robust word
representation
X Increased complexity for character-level processing
Self-supervised contrastive learning for vision-language
tasks
X Limited to radiology benchmarks, data-intensive
v Sequential masked token prediction for anomaly detection
in EHRs
X Dependent on EHR quality, limited modality support
Radiology-specific language adaptation for NLP tasks
X Domain-specific scope, requires substantial annotated data
UMLS knowledge augmentation for improved contextual
embeddings
X Highly domain-dependent, complex training process

3.7.2. Uncertainty estimate

Uncertainty estimation quantifies prediction confidence, enhanc-
ing decision-making in ambiguous situations. Models like Bayesian
neural networks and deep ensembles offer confidence intervals, sup-
porting anomaly detection and robustness. However, challenges such
as data imbalance, noisy inputs, and data heterogeneity remain. Ad-
vanced models, such as CONAN [250], UNITE [85], SeqCare [194], and
TrustSleepNet [251], address these issues with innovative techniques.

CONAN improves rare disease detection by using GAN-generated
balanced samples to enhance sensitivity. UNITE integrates multimodal
data with stochastic variational inference for robust uncertainty es-
timation. SeqCare employs medical knowledge graphs and adaptive
fusion to manage data variability, while TrustSleepNet combines CNNs
and attention mechanisms to provide reliable predictions in noisy
environments. These models share common strategies for handling
medical prediction challenges. CONAN and UNITE integrate diverse
data using hierarchical embeddings and multimodal fusion, while Se-
qCare and TrustSleepNet use graph-based frameworks and attention
mechanisms to manage complex inputs. For interpretability, SeqCare
and TrustSleepNet align predictions with clinically relevant features
through knowledge graphs and attention mechanisms. Regarding noisy
data, CONAN leverages GANs to generate robust representations, and
TrustSleepNet’s CNN-based approach ensures reliable feature extrac-
tion, maintaining accuracy despite irregularities. These techniques col-
lectively improve the robustness, interpretability, and adaptability of
healthcare models.
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4. Multimodal and LLMs

The previous review highlighted key research directions in medi-
cal data processing, focusing on task categorization and motivational
challenges. Task differences have led to diverse methodologies and
applications, while motivational challenges have driven technological
innovations. However, all tasks share a common foundation in EHR
data, which plays a crucial role in improving clinical decision-making
and enabling personalized treatment. As large-scale EHR datasets, es-
pecially when combined with multi-omics data, continue to grow,
foundational models like Clinical Language Models and EHRs FMs are
gaining prominence. These models are critical for precision medicine,
as they help extract actionable insights from complex healthcare data,
enhancing the accuracy and quality of medical decisions.

4.1. EHR-centric clinical foundation models

4.1.1. Clinical foundational models

Foundational Models (FM) represent a shift in machine learning
from task-specific models to pre-trained models that can be adapted
with minimal fine-tuning to a range of tasks [33,252]. These mod-
els, typically trained on large, unlabeled datasets, show strong poten-
tial in fields like natural language processing (NLP) and clinical data
analysis [34,253]. A prominent example of FM is the LLM, such as
ChatGPT [254,255]. Initially designed for word prediction, LLMs now
perform complex tasks, including passing medical exams, generating
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Table 6
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Summary of Recent Work on Foundation Models. In the Task column, Mor. refers to Mortality Prediction, HF. refers to Heart Failure, LOS refers to Length of Stay, Read. refers
to Readmission, Diag. refers to Diagnosis Prediction, and Tre. refers to Treatment Prediction.

Models DataSet Task Unique innovations and limitations
Public Private Mor. HF. LOS Read. Diag. Tre. Others
BEHRT v v Multimodal input; personalized prediction; scalable
X Limited for long sequence modeling
Med-BERT v v v Contextual embeddings boost performance on small
datasets
X Lacks support for unstructured EHR data
CEHR-BERT v v v v Incorporates temporal data with time/age embeddings
X Complex architecture; long training time
Hi-BEHRT v v v Hierarchical transformer for long sequence modeling
X High computational cost
AdaDiag v v v Adversarial domain adaptation for cross-domain
generalization
X Increased training complexity due to adversarial adaptation
DOCTORAI v v 4 RNN-based, general-purpose temporal model
X Limited flexibility compared to modern architectures
RETAIN v v v v v Reverse attention for interpretability and clinical relevance
X Slightly lower accuracy compared to complex DL models
GRAM v v v v Medical ontology alignment for sparse data
X High dependence on medical ontologies
CLMBR v v v v v NLP-inspired patient representation schemes
X Limited support for multimodal data
Patient2Vec v v Personalized interpretable embeddings
X Complex data preprocessing
DescEmb v v v v v Text-based code embedding to unify heterogeneous EHR
systems
X Limited applicability to structured data
MixEHR v v v 4 v Multi-view Bayesian topic model
X May struggle with highly noisy data
UniHPF v v v v v Zero domain knowledge requirement
X Generalized results may lack domain specificity
GenHPF v v v v v v v Effective multi-task, multi-source learning
X Pretraining-dependent; high computational needs
HAIM v v v Multimodal integration with Shapley value quantification
X Complex multimodal fusion methods
MedGPT v v v Utilizes free-text EHRs for detailed prediction

X Sensitive to noise in text data

radiology reports, and drafting research papers. While excelling in
text processing, these models have been extended to structured EHR
data, enabling clinical applications like predicting readmission risks,
recommending treatments, and diagnosing rare diseases.

Clinical foundational models can be divided into two types: Clinical
Language Models (CLMs) and Electronic Health Record Foundational
Models (EHR-FMs). CLMs (as shown in Table 5), specialized LLMs
trained on clinical texts such as physician notes and PubMed articles,
excel in tasks like drug name extraction and clinical entity recognition.
While CLMs outperform general-purpose LLMs in their domain, their re-
liance on limited datasets like MIMIC-III and PubMed poses challenges
in knowledge coverage and updates. EHR-FMs (as shown in Table 6)
transform longitudinal patient data into high-dimensional embeddings,
supporting tasks such as readmission prediction and length-of-stay
estimation. However, their reliance on structured data, like diagnostic
codes, limits their generalizability across diverse healthcare systems.

4.1.2. Current challenges of clinical FMs

(D) Data dependence and coverage gaps. The performance of clinical
foundational models, especially those based on EHR, depends on the
quality and scope of training data. General models like BioBERT [99]
and BlueBERT [256], pre-trained on large biomedical corpora such as
PubMed and MIMIC-III, offer strong multi-task adaptability and are
suitable for a broad range of biomedical NLP tasks. However, they
face limitations in rare diseases and up-to-date medical knowledge,
as MIMIC-III only includes data until 2012. In contrast, specialized
models like ClinicalBERT [257] and RadBERT [258], trained on clinical
notes and radiology reports, excel at specific tasks like readmission risk
prediction and report summarization, but struggle to generalize across
domains. Additionally, models like Clinical KB-ALBERT [259] and EHR-
BERT [260], which integrate domain-specific knowledge, perform well

17

in tasks such as named entity recognition and anomaly detection,
but are limited to narrow applications. This highlights the challenge
of balancing the versatility of general models with the precision of
domain-specific ones.

(ID Task sparsity and lack of cross-task comparability. Models like Clin-
ical KB-ALBERT [259] and EHR-BERT [260] excel in tasks such as
named entity recognition (NER) and anomaly detection, but their per-
formance is mainly assessed on isolated tasks, complicating cross-
task comparisons. The absence of standardized evaluation benchmarks
further limits comparisons. For example, Hi-BEHRT [261] uses hierar-
chical transformers for long time-series data in readmission prediction,
whereas RETAIN [246] applies reverse-time attention mechanisms for
interpretability. These methodological differences hinder direct com-
parisons and obscure the relative performance of models across clinical
tasks.

(IID) Interpretability and trust challenges. Despite the adoption of at-
tention mechanisms and graph-based structures in models like RE-
TAIN [246] and GRAM [187], many clinical models still lack inter-
pretability, limiting their practical use, especially in critical areas like
disease diagnosis where understanding model predictions is essential.
For instance, EHR-BERT [260] excels in anomaly detection but provides
no clear explanation for its predictions, making it difficult for clinicians
to trust its recommendations. Although RETAIN [246] improves inter-
pretability with reverse-time attention, its reliance on complex domain
knowledge and architecture limits its flexibility and generalizability.

(IV) Lack of standardized evaluation benchmarks. The lack of stan-
dardized evaluation benchmarks is a key challenge in comparing the
performance of clinical foundational models. Models like BEHRT [240]
and Med-BERT [241] are often tested on customized tasks with varying
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definitions, making cross-study comparisons difficult. For example,
binary classification tasks like mortality prediction can differ signifi-
cantly due to variations in sample selection and feature engineering.
This inconsistency in task definitions and evaluation criteria compli-
cates benchmarking. Standardized evaluation frameworks, including
widely used public datasets like MIMIC-IV, are essential to improve
reproducibility, comparability, and transparency in research.

(V) Resource efficiency and scalability issues. Resource efficiency is cru-
cial for deploying clinical foundational models in low-resource health-
care settings. Models like Clinical-Longformer [262] use sparse at-
tention mechanisms to reduce computational complexity but still de-
mand significant resources, limiting their use in smaller healthcare
institutions. Similarly, multimodal models such as HAIM [263] and
GenHPF [264], which integrate text, tabular, and imaging data, offer
higher performance but are resource-intensive. Optimizing models for
efficiency and scalability is essential, especially in resource-limited
environments.

4.2. Integrating EHRs and multi-omics data

The rise of EHRs and high-throughput technologies has paved the
way for precision medicine. By combining EHR and multi-omics data,
comprehensive analyses can optimize clinical practices with tools like
polygenic risk scores and big data analytics, improving patient care and
supporting personalized solutions. Advanced integration methods align
clinical and omics data, revealing disease mechanisms and enabling
evidence-based decisions. Biobanks are essential for integrating EHR
and omics data, offering valuable datasets for rare diseases and longi-
tudinal studies. For instance, the UK Biobank merges genomic, imaging,
and EHR data to explore the links between genetic variants and clinical
outcomes [265]. International initiatives like BBMRI-ERIC foster data
sharing and collaboration, enhancing biobank utility for biomedical
research [266,267].

The integration of EHRs with multi-omics data is crucial for ad-
vancing disease understanding and precision medicine. This integration
is driven by two complementary strategies: the Phenotype-First Strategy
and the Genotype-First Strategy.

The Phenotype-First Strategy begins with clinical disease traits to
define study cohorts, which are then used to investigate genetic fac-
tors. This strategy excels in disease characterization and is particularly
effective in leveraging EHR-linked biobanks. Ritchie et al. [268] used
population data to reduce recruitment costs, demonstrating the power
of biobank integration. Furthermore, Veturi et al. [269] utilized U.K.
Biobank data to identify lipid-associated genes and their pleiotropic
effects. The strategy is also effective for rare diseases, as shown by
Pena et al. [270], who identified causal genes. Additionally, advanced
methods like those discussed by Zhao et al. [271] enhance phenotype
definition and improve disease prediction. This strategy also aids in
therapeutic discovery, as demonstrated by Lessard et al. [272], who
integrated variant annotations to prioritize targets, and Su et al. [273],
who linked multi-omics and EHR data to uncover immune changes in
COVID-19.

In contrast, the Genotype-First Strategy starts with genetic variants
and links them to clinical phenotypes, uncovering pleiotropic effects.
This approach provides deep insights into genetic mechanisms and
is valuable for both rare and common diseases. Park et al. [274]
used U.K. Biobank data to study rare LMNA gene variants, uncovering
novel phenotype associations. Drivas et al. [275] explored the role
of ciliopathy genes in common diseases, while Guo et al. [276] inte-
grated genotype-phenotype data in small-sample multi-omics studies.
Wu et al. [277] introduced an Al-driven framework to predict causal
relationships, deepening our understanding of complex traits. These
studies illustrate the value of the genotype-first strategy in advancing
precision medicine, as highlighted by Park et al. [278]. Both strategies,
supported by biobanks, hold great promise for personalized medicine.
They enable precise analyses, improve patient care, and contribute to
the development of innovative treatments in precision healthcare.
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5. Challenges and future directions

Medical prediction holds great promise for improving patient out-
comes and advancing precision medicine. Recent studies have explored
methods to enhance prognostic, diagnostic, and therapeutic outcomes
in clinical practice. However, challenges remain in their practical im-
plementation. This section discusses the challenges and opportuni-
ties in integrating multimodal medical data and applying advanced
computational methods for precision medicine.

5.1. Data quality and consistency

Current intelligent healthcare models are data-centric [42], but vari-
ations in record-keeping across institutions increase EHR data hetero-
geneity, making integration and standardization difficult, thus limiting
model generalization [44,279]. These discrepancies lead to challenges
such as missing values, noise, and inconsistent visit intervals [280,281],
affecting model accuracy and reliability.

Future research should focus on improving data collection to
create high-quality, diverse datasets that enable the development of
flexible, context-adaptive models by integrating multimodal data. Ef-
forts should be directed toward aligning data with real-world contexts,
constructing user-oriented datasets, and ensuring fine-grained align-
ment with domain-specific knowledge. Additionally, advancements in
data cleaning and missing value imputation using machine learning
techniques are needed to automatically detect and correct data errors.
Novel time series analysis and interpolation methods should address
irregular visit intervals, while standardizing data formats and coding
systems is crucial to enhance consistency and interoperability, enabling
the development of more robust, widely applicable healthcare models.

5.2. Multimodal data integration and higher-order relationship capture

The integration of diverse modalities in EHRs is complex due to
the differences between structured and unstructured data, requiring
advanced processing techniques and model architectures to capture
implicit relationships. Current methods mainly focus on physiological
signals [282], radiological, and pathological images [283], but future
approaches should also incorporate medical audio and video data for
better diagnosis and intervention [284]. Combining EHR with genomic
and omics data could reveal disease-gene associations and molecular
mechanisms of comorbidities. Additionally, integrating medical knowl-
edge graphs, like UMLS and PrimeKG [285], into models remains a key
challenge.

To address these issues, future research should focus on devel-
oping multimodal data integration technologies and capturing higher-
order relationships [286]. This includes creating new data fusion tech-
niques for heterogeneous data and improving natural language process-
ing (NLP) tools, especially large pretrained language models (PLMs)
for medical texts. Knowledge-enhanced strategies can improve data
consistency and the model’s ability to process clinical information.
Specialized algorithms are needed to integrate genomic data with EHR,
addressing differences in data formats and accurately capturing their
interrelationships. Current methods that convert knowledge graphs into
token sequences often lose information, but learning universal semantic
tokens [281,287] could facilitate more efficient knowledge fusion.

5.3. Integrating genomic data into clinical workflows

Developing advanced analytics to extract actionable insights from
EHR and multi-omic datasets remains a formidable challenge. Although
recent computational advances have enabled routine interrogation of
genomic data, issues such as data volume, sparsity, and high dimen-
sionality continue to hinder traditional statistical approaches [288,
289]. Specifically, the curse of dimensionality — where the number
of features far exceeds available patient samples — often results in
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ill-conditioned feature matrices, complicating the integration of multi-
modal data. Moreover, reliably linking genotype to phenotype remains
elusive, impeding the translation of genomic discoveries into clinical
practice [290].

Future research should focus on developing robust dimensionality
reduction and feature selection techniques to filter out irrelevant vari-
ants effectively. The increasing availability of large datasets presents
a promising avenue for constructing clinical decision support systems
and personalizing treatment, thereby enhancing the establishment of
genetic links [291]. Innovative methodologies, such as the Base Pair
Network introduced by Avsec et al. [292], offer potential by im-
proving model interpretability through tracing output signals back to
input sequences to reveal specific sequence motifs. Advancements in
computational strategies and data integration techniques are essential
for bridging the gap between genomic discoveries and the practical
implementation of precision medicine.

5.4. Data privacy and security

EHR data contains sensitive personal health information, necessitat-
ing robust privacy and security measures. However, stringent privacy
regulations hinder data sharing, limiting cross-institutional collabora-
tion and model accuracy. Federated Learning (FL) offers a solution
by allowing medical institutions to train models locally and share
only model parameters, rather than raw data [293]. A central server
aggregates these updates, enhancing model generalization and reducing
the risk of data leakage [294-296].

Future research should focus on optimizing FL methods to im-
prove efficiency and security. This includes developing more efficient
algorithms to reduce communication and computational costs [297],
integrating differential privacy techniques to protect against data re-
construction, and standardizing data formats to improve interoperabil-
ity while ensuring privacy.

5.5. Model generalization and robustness

Generalization and robustness are key challenges for EHR clinical
prediction models. Models often perform well within specific hospitals
or patient groups but struggle to maintain performance across diverse
settings due to differences in overfitting and annotation paradigms
[298]. EHR data may also suffer from selection bias, limiting coverage,
especially for rare diseases, and hindering generalization. Additionally,
model stability and reliability under varying data distributions or noise
are critical for practical adaptability.

To improve generalization and robustness, unified models that
integrate various medical modalities and data types are essential.
Techniques like domain adaptation and domain generalization help
enhance stability across diverse data conditions, while methods such
as data augmentation and transfer learning improve performance,
particularly in data-scarce scenarios. Foundational models hold signif-
icant untapped potential. Research has shown that slight changes in
natural language prompts can notably affect model performance, lead-
ing to various prompt strategies like automatic, soft, and pre-trained
prompts [299,300]. The Chain-of-Thought (CoT) method improves
transparency and performance [301,302], while alternative methods
like Tree-of-Thought (ToT) and Graph-of-Thought (GoT) offer new opti-
mization approaches [303,304]. Retrieval-augmented methods, which
introduce external knowledge, have also shown promise [305]. Inte-
grating these techniques with medical domains could unlock the full
potential of foundational models in clinical applications.

5.6. Real-time prediction and interpretability

Real-time prediction and model interpretability are critical chal-
lenges in clinical applications. Clinicians require real-time or near-
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real-time predictions to support decision-making, which demands high
computational efficiency [306]. However, traditional deep learning
and complex machine learning models often require significant com-
putational resources and time, which may not be feasible in clinical
settings. Additionally, model interpretability is a key issue, as clinicians
must understand and trust the model’s predictions for clinical decision-
making [307]. Many advanced models, such as deep neural networks,
are considered “black boxes”, with complex internal mechanisms that
are difficult to interpret, limiting their clinical applicability.

To address these challenges, future research should focus on
improving both real-time prediction efficiency and model interpretabil-
ity. For real-time prediction, optimizing and accelerating existing mod-
els is essential. Techniques such as pruning, quantization, and knowl-
edge distillation can reduce computational complexity and enhance
inference speed [308,309]. Additionally, more efficient Transformer
variants, such as Longformer and Sparse Transformer, utilize sparse
attention mechanisms to reduce computation and memory usage, en-
abling faster processing of long sequences. Moreover, medical language
models can decompose problems into understandable sub-tasks, im-
proving interpretability. Integrating medical expertise further enhances
model transparency, helping clinicians understand the reasoning be-
hind model decisions and reducing reliance on “black-box” models.

5.7. Health assessment

Current evaluation methods for predictive models rely on prompt
engineering and benchmark datasets, where variations in prompts can
lead to significant result differences. Domain-specific datasets in expert
systems can introduce uncertainty, as models may encounter evaluation
data during training, causing bias and unfair comparisons [310,311].
In healthcare, inaccurate predictions can have serious consequences,
highlighting the need for reliable models. However, assessing model
trustworthiness remains a challenge.

To address these issues, future efforts should focus on four key
areas. First, trustworthiness assessment is critical, requiring advanced
tools to identify and correct errors, ensuring reliable model outputs
and supporting clinicians with trust scores and alerts. Second, compre-
hensive, multitask evaluation should assess models across diagnostic,
prognostic, and treatment tasks to provide a fuller understanding of
their capabilities. Third, multidimensional evaluation should consider
interpretability, robustness, hallucination rates, redundancy, and bias,
with new metrics developed to reflect real-world clinical performance.
Finally, fair and standardized protocols are necessary, as current met-
rics fail for open-ended tasks, and human evaluators may introduce
bias. Standardized, Al-based automated frameworks are crucial for
robust, objective assessments.

5.8. Ethical and legal issues

Algorithmic bias and legal responsibility are key challenges in
healthcare AL Bias in EHR data can worsen disparities, leading to
unfair treatment, especially when certain patient groups are under- or
overrepresented. Legal concerns also arise when Al recommendations
cause harm, raising questions of accountability in automated decision-
making. Future research should focus on using fairness algorithms,
such as reweighting and resampling, to address data bias and ensure
equity across patient groups, and establishing clear legal frameworks
that define responsibilities for developers, healthcare institutions, and
users, ensuring patient consent, data privacy, and model transparency
and accountability.
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6. Conclusion

In summary, the digitization of healthcare information through EHR
systems has enabled significant advancements in predictive modeling
within the medical field. Our review has highlighted the recent progress
in applying deep learning techniques to EHR data, particularly in
patient representation learning and clinical outcome prediction. We
have categorized various deep learning models, emphasizing their ad-
vancements and applications while identifying key challenges such as
data heterogeneity, model interpretability, and data imbalance. De-
spite these challenges, the potential for deep learning to transform
healthcare is evident, with improvements in diagnosis accuracy and
personalized treatment plans. Moving forward, it is essential to en-
hance model transparency, generalizability, and adaptability to fully
leverage Al’s benefits in healthcare. By addressing these challenges, we
can significantly advance medical informatics and improve healthcare
outcomes. Looking ahead, continued innovation and interdisciplinary
collaboration will be crucial in overcoming existing hurdles and un-
locking the full potential of deep learning in healthcare. This will
pave the way for more accurate, efficient, and personalized medical
care, ultimately improving patient outcomes and advancing the field
of medical informatics.
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