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Abstract

Synthesizing electronic health records (EHR) is essential
for addressing data scarcity, bias, and fairness in healthcare
models. EHR data are inherently multimodal and sequen-
tial, encompassing structured codes, clinical notes, medical
images, and irregular time intervals. Traditional generative
models like GANs and VAEs struggle to capture these com-
plexities, while diffusion-based models offer improvements
but remain limited to task-specific applications. To address
these challenges, two diffusion-based models, MedDiffusion
and EHRPD, have been developed. MedDiffusion enhances
health risk prediction by generating synthetic patient data
and capturing visit-level relationships, while EHRPD gener-
ates sequential, multimodal EHR data, incorporating tempo-
ral interval estimation to improve diversity and fidelity. Fu-
ture work aims to overcome limitations in multimodal data
generation by developing a generalized model capable of han-
dling diverse modalities simultaneously, expanding the appli-
cability of EHR data generation across healthcare tasks.

Introduction
Synthesizing electronic health records (EHR) has become
a crucial approach for overcoming challenges related to
data insufficiency, bias, and fairness in healthcare predictive
models. EHR data are inherently multimodal and sequen-
tial, encompassing structured codes (e.g., diagnosis, medica-
tion, and procedure codes), unstructured data (e.g., clinical
notes), and irregular time intervals between visits. Generat-
ing synthetic data that accurately reflects this complexity is
essential for building robust healthcare applications and im-
proving model performance.

Various generative modeling techniques have been pro-
posed to tackle this task. Early methods focused on gener-
ative adversarial networks (GANs), such as MedGAN (Ar-
manious et al. 2020) and ehrGAN (Che et al. 2017), which
aimed to generate patient data by learning from aggregated
visit-level representations. However, these models faced
limitations in capturing temporal dependencies between vis-
its, a key factor in modeling patient health progression.

To address these limitations, variational autoencoders
(VAEs) such as EVA (Biswal et al. 2021) and TWIN (Das,
Wang, and Sun 2023) introduced latent variable models for
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learning the structure of EHR data. While VAEs improved
the generation of visit-level details, they relied on simple
mapping functions that often overlooked the intricate tem-
poral relationships in EHR data. On the other hand, lan-
guage models like PromptEHR (Wang and Sun 2022) and
HALO (Theodorou, Xiao, and Sun 2023) introduced the
use of autoregressive and masked language modeling tech-
niques for EHR generation, though these models often com-
promised data diversity for quality, limiting their ability to
generate nuanced healthcare data.

More recently, diffusion-based models have emerged as
a promising solution for medical data generation. TabD-
DPM (Kotelnikov et al. 2023), Meddiff (He et al. 2023),
and ScoEHR (Naseer et al. 2023) represent early diffusion
models that improve the quality and diversity of synthetic
healthcare data by leveraging noise-based generation pro-
cesses. These models have demonstrated success in generat-
ing high-fidelity data across both categorical and numerical
forms, yet they remain focused on task-specific applications
and often fail to capture the full temporal and multimodal
characteristics of EHR data.

To further advance the field, diffusion-based models like
MedDiffusion (Zhong et al. 2024a) and EHRPD (Zhong
et al. 2024b) were introduced. MedDiffusion augments syn-
thetic patient data during training, using a step-wise atten-
tion mechanism to capture hidden relationships between vis-
its and improve predictive performance in health risk tasks.
EHRPD, on the other hand, expands the scope of EHR
generation by incorporating temporal interval estimation
into the diffusion process, ensuring that generated visit se-
quences accurately reflect both temporal dependencies and
multimodal relationships. These methods have shown that
diffusion-based approaches can successfully model the com-
plexity of EHR data while generating realistic and diverse
patient records.

However, despite the progress made by diffusion models,
a critical challenge remains: the generation of multimodal
data is often constrained to one-to-one or two-to-one modal-
ity combinations. Moreover, models developed for general
domains struggle to handle the nuanced relationships found
in medical data, where the alignment between modalities is
more subtle and difficult to capture.

Thus, there remains a significant need for advanced mul-
timodal EHR generation methods that can capture the tem-
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poral dynamics of patient data and generate across diverse
modalities, including EHR codes, clinical notes, medical im-
ages, and continuous sensor readings. Addressing this chal-
lenge will further enhance the applicability of synthetic EHR
data for a wide range of healthcare tasks.

Previous Work
Medical data generation addresses data scarcity, improves
quality, and promotes fairness in healthcare models. How-
ever, existing methods often suffer from task-unrelated de-
signs that limit their effectiveness in handling complex
healthcare data.

MedDiffusion, a diffusion-based model, enhances health
risk prediction by generating synthetic patient data during
training, expanding the sample space, and improving predic-
tive performance. Using a step-wise attention mechanism, it
uncovers hidden relationships between patient visits, signif-
icantly outperforming 14 baselines across multiple datasets.

To further address EHR data generation, EHRPD was in-
troduced. This model predicts the next patient visit while
incorporating time interval estimations, improving both the
quality and diversity of the generated data. Through a time-
aware visit embedding module and a predictive denoising
diffusion probabilistic model (P-DDPM), EHRPD signifi-
cantly outperforms existing approaches, advancing the field
in terms of fidelity, privacy, and utility.

Future Work

Overcoming Limitations in Multimodal EHR Data
Generation

While significant progress has been made in EHR data gen-
eration, current methods are constrained by their focus on
one-to-one or two-to-one modality generation. This limited
scope reduces the applicability of these models, preventing
them from fully leveraging the rich diversity of data in EHR
systems, including structured codes, unstructured medical
notes, medical images, and continuous sensor readings.

In the general domain, a few models c(Zhao et al. 2024;
Xu et al. 2023) have successfully achieved simultaneous
generation across different modalities. However, these mod-
els are tailored for general-purpose tasks and are difficult to
directly implement for medical data generation. The primary
challenge lies in the nuanced relationships in medical data,
where the match between modalities—such as EHR codes
and clinical notes—is more complex and subtle compared
to general domain tasks.

To address these gaps, my future work focuses on devel-
oping a method for generating multimodal EHR data that
optimally captures and integrates EHR codes, medical notes,
medical images, and continuous readings. By creating a gen-
eralized model capable of handling these varied modalities
simultaneously, this approach aims to broaden the scope of
EHR data generation, enabling more accurate and compre-
hensive synthetic data that can better serve healthcare appli-
cations.
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