International Journal of

INTELLIGENT SYSTEMS AND APPLICATIONS IN
IJISAE ENGINEERING

ISSN:2147-6799 www.ijisae.org Original Research Paper

Predictive Modeling of Disease Progression Using Deep Learning on
Multimodal Medical Data

Vijay Kumar Meena
Lecturer,Govt. R.C Khaitan Polytechnic College,Jaipur

Email:-vijaysattawan22@gmail.com
Submitted: 05/01/2020 Revised: 20/02/2020  Accepted: 15/03/2020

Abstract: Early detection and monitoring of neurodegenerative diseases such as Alzheimer’s disease (AD) is crucial for improving
treatment outcomes and patient care. Traditional diagnostic approaches rely heavily on clinical symptoms, which often appear after
significant disease progression. Recent advances in deep learning (DL) provide new opportunities for integrating multimodal data—
including neuroimaging, genomics, and electronic health records (EHRs)—to improve predictive accuracy and provide personalized risk
assessments. This study develops convolutional neural network (CNN)-based architectures to analyze multimodal datasets for predictive
modeling of Alzheimer’s progression. Using data from the Alzheimer’s Disease Neuroimaging Initiative (ADNI), we integrate magnetic
resonance imaging (MRI), genomic biomarkers (e.g., APOE genotype), and longitudinal EHRs. Cross-validation experiments demonstrate
that the proposed multimodal CNN achieves an overall accuracy of 91.2% in predicting disease progression, outperforming unimodal
approaches by 14—19%. These findings highlight the potential of deep learning-driven multimodal integration for early disease detection
and prognosis in neurodegenerative disorders.
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I. Introduction This paper develops convolutional neural network
(CNN)-based architectures to model disease progression
using multimodal medical datasets. Using the
Alzheimer’s Disease Neuroimaging Initiative (ADNI)

Neurodegenerative diseases such as Alzheimer’s disease
(AD), Parkinson’s disease, and Huntington’s disease

represent a growing global health challenge. Among them, o
database, we evaluate predictive performance through

AD is the most prevalent, affecting over 55 million people ) .
stratified cross-validation and assess model robustness

worldwide as of 2021 [1]. Current diagnostic practices
rely primarily on neuropsychological assessments and
observable clinical symptoms, which often occur in later 1. We propose a multimodal CNN framework for
stages when neuronal damage is already extensive [2]. integrating imaging, genomics, and EHR data.
Consequently, early diagnosis remains one of the most
pressing challenges in Alzheimer’s research.

across modalities. Our contributions are as follows:

2. We evaluate predictive performance on ADNI,
comparing  unimodal and  multimodal

Recent advances in machine learning (ML), particularly approaches.

deep learning (DL), provide opportunities to predict

. . .. .. 3. We demonstrate that multimodal integration
disease  progression before  significant clinical

. . . . .. significantly improves early detection and
manifestations [3]. While single modalities such as

imaging or genomic biomarkers have been studied
extensively, combining multimodal medical data

disease progression modeling accuracy.

p.romlses a more hohstlc and accurat.e unders.tandlng. of IL Related Work
disease progression [4]. In particular, integrating
magnetic resonance imaging (MRI), genomic A. Deep Learning in Medical Imaging

biomarkers, and EHR-derived clinical features allows
models to capture structural, molecular, and clinical
dimensions of disease.

CNNs have achieved state-of-the-art results in imaging
tasks such as tumor detection, retinal disease analysis, and
neurodegenerative disease prediction [5]. In Alzheimer’s
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research, CNNs applied to MRI and PET scans have
demonstrated improved sensitivity in identifying early
pathological changes [6].

B. Genomics and Clinical Data in Predictive Modeling

In addition to imaging, genomic biomarkers such as
APOE ¢4 alleles are strong predictors of AD risk [7].
EHRs provide complementary insights into longitudinal
patient history, comorbidities, and cognitive assessments
[8]. However, standalone analysis of these modalities
often leads to incomplete representations of disease
progression.

C. Multimodal Deep Learning

Recent efforts to combine imaging, genomics, and clinical
data using DL architectures show improved diagnostic
performance [9]. However, challenges remain in
effectively fusing heterogeneous modalities with different
structures, dimensionalities, and noise levels [10]. Our
work addresses this gap by developing a CNN-based
multimodal  fusion  architecture = optimized for
neurodegenerative disease prediction.

II1. Methodology
A. Dataset

We used publicly available data from the Alzheimer’s
Disease Neuroimaging Initiative (ADNI), which
includes:

1. Neuroimaging (MRI scans): Preprocessed
structural MRI images of ~2000 participants
across cognitive normal (CN), mild cognitive
impairment (MCI), and AD groups.

2. Genomic Data: APOE genotype status and
selected single nucleotide polymorphisms
(SNPs).

3. EHR Data: Demographics, clinical scores
(MMSE, CDR), and comorbidity indicators.

Data preprocessing steps included intensity normalization
for MRI, one-hot encoding for categorical EHR variables,
and imputation for missing clinical values.

B. Model Architecture

The multimodal CNN integrates three parallel processing
streams:

1. Imaging Branch (CNN):

o 3D CNN layers process volumetric
MRI scans.

o Layers include convolution, batch
normalization, max pooling, and ReLU
activations.

2. Genomics Branch (Dense Network):

o Fully connected layers for genomic
inputs.

o Dropout applied for regularization.
3. EHR Branch (Dense + Temporal LSTM):

o Dense layers for static features (age,
sex).

o LSTM units for sequential -clinical
scores (MMSE, CDR).

The outputs of these branches are concatenated into a
fusion layer, followed by dense layers with softmax
classification.

C. Training and Evaluation
e Optimizer: Adam (learning rate = 0.001)
e Loss Function: Categorical cross-entropy
e Batch Size: 32

e Cross-validation: 10-fold stratified cross-
validation

e Evaluation Metrics: Accuracy, Precision,
Recall, F1-score, AUC

IV. Results
A. Predictive Accuracy

Table I: Performance Comparison Across Modalities
(ADNI Dataset)

F1-

Model T
odel Type Score

Accuracy|(Precision||Recall

1 i Onl
Magng Y7930 ([78.6%  |[77.9%[|78.2%

(CNN)

|Genomics Only [[72.5%  |[71.4%  [[70.8% |[71.1% |
[EHR Only [76.8% |[75.9% |[75.2%][75.5%
?;;im"dal 91.2%  [90.6%  |90.1%](90.3%

Multimodal CNN outperformed unimodal models,
showing a 12-19% accuracy improvement.

B. ROC-AUC Analysis

Receiver Operating Characteristic (ROC) curves
demonstrate an AUC of 0.93 for the multimodal CNN
compared to 0.82 (imaging only) and 0.76 (EHR only).

C. Cross-Validation Stability

Multimodal CNN performance was stable across folds,
with accuracy variance <2.1%, demonstrating robustness.
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D. Disease Progression Prediction

The model effectively distinguished between CN — MCI
and MCI — AD transitions. Predictive sensitivity for
MCI-to-AD progression was 88%, outperforming
unimodal imaging models (74%).

V. Discussion
Our findings highlight several key insights:

1. Multimodal Integration Benefits: Combining
MRI, genomic, and EHR data significantly
improves predictive modeling. While imaging
provides structural brain changes, genomics
captures risk factors, and EHRs provide
longitudinal clinical context.

2. Model Robustness: Cross-validation confirms

generalizability across subsets of ADNI,

addressing concerns of overfitting.

3. Early Detection Potential: The model achieves
high sensitivity in detecting MCI-to-AD
progression, supporting clinical interventions at
carlier stages.

4. Challenges: Data heterogeneity, preprocessing
complexity, and computational demands remain
limitations. Integrating real-world clinical
datasets may federated learning
frameworks to address privacy concerns.

require

VI. Conclusion

This paper proposed a multimodal CNN architecture for
predictive modeling of Alzheimer’s progression using
MRI, genomics, and EHR data. Experiments on the ADNI
dataset demonstrated significant improvements in
predictive accuracy, sensitivity, and robustness compared
to unimodal approaches.

extend this framework with
architectures, self-supervised
pretraining, and federated learning for secure, scalable
multimodal healthcare Al. These advancements may
accelerate the clinical adoption of Al-driven diagnostic
support systems for neurodegenerative diseases.

Future work will
transformer-based
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