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Abstract

Early disease prediction remains a critical challenge in healthcare, with traditional diagnostic
approaches often detecting conditions only after significant progression. This study introduces
ML-MedScan, a novel transformer-based architecture designed to predict disease onset from
multimodal medical data including clinical records, laboratory results, imaging data, and
genomic information. Our approach leverages the self-attention mechanism of transformers to
capture complex relationships across heterogeneous data modalities, enabling early identification
of disease patterns. The model was evaluated on a comprehensive dataset of 45,000 patients
across five major disease categories: cardiovascular disease, diabetes, cancer, neurological
disorders, and respiratory diseases. ML-MedScan achieved superior performance with an
average accuracy of 89.3%, sensitivity of 91.2%, and specificity of 87.8% across all disease
categories, outperforming existing state-of-the-art methods by 12.5% in early prediction
accuracy. The transformer architecture's ability to handle sequential and non-sequential data
simultaneously while maintaining interpretability through attention weights makes it particularly
suitable for clinical applications. Our findings demonstrate that multimodal integration
significantly enhances prediction accuracy, with the combination of all data modalities yielding
15.7% improvement over single-modality approaches. This work represents a significant
advancement in personalized medicine and preventive healthcare, offering clinicians a powerful

tool for early intervention strategies.

Keywords: transformer architecture, early disease prediction, multimodal medical data, deep

learning, personalized medicine, healthcare analytics

5143 Shashi Raj et al 5143-5161



Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.48047/jocaaa.2024.33.08.169
1. Introduction

The paradigm shift from reactive to predictive healthcare has become increasingly crucial as
healthcare systems worldwide face mounting pressures from aging populations and rising
chronic disease prevalence. Early disease prediction represents a cornerstone of preventive
medicine, enabling timely interventions that can significantly improve patient outcomes while
reducing healthcare costs (Chen et al., 2023). Traditional diagnostic approaches often rely on
symptomatic presentations, by which point diseases may have progressed beyond optimal

treatment windows.

Recent advances in artificial intelligence and machine learning have opened new avenues for
predictive healthcare analytics. However, medical data presents unique challenges due to its
heterogeneous nature, temporal dependencies, and the need for interpretable results in clinical
settings . Electronic health records (EHRs) contain vast amounts of structured and unstructured
data, including clinical notes, laboratory results, imaging studies, and genomic information, yet

integrating these diverse data sources remains a significant challenge.

Transformer architectures, originally developed for natural language processing, have
demonstrated remarkable success in handling sequential data and capturing long-range
dependencies (Vaswani et al., 2017). Their self-attention mechanism enables the model to weigh
the importance of different input elements, making them particularly suitable for medical
applications where various data points may have different relevance for disease prediction . The
ability to process multimodal data simultaneously while maintaining interpretability through

attention weights addresses key requirements for clinical deployment.

This study introduces ML-MedScan, a transformer-based architecture specifically designed for
early disease prediction from multimodal medical data. Our approach addresses several critical
limitations of existing methods: (1) the inability to effectively integrate heterogeneous data
modalities, (2) lack of interpretability in prediction outcomes, and (3) insufficient performance in
early-stage disease detection. The proposed architecture incorporates specialized attention
mechanisms for different data types while maintaining computational efficiency suitable for

clinical deployment.
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2. Literature Review

2.1 Traditional Approaches to Disease Prediction

Early disease prediction has historically relied on statistical models and rule-based systems.
Logistic regression and survival analysis have been cornerstone methods in epidemiological
studies, providing interpretable results but limited in their ability to capture complex, non-linear
relationships (Johnson et al., 2022). The Framingham Risk Score for cardiovascular disease and
the QRISK calculator represent successful implementations of traditional approaches, yet these
models are limited by their reliance on predetermined risk factors and inability to adapt to

individual patient characteristics.

Machine learning techniques have progressively been adopted to address these limitations.
Random forests, support vector machines, and gradient boosting methods have shown improved
performance over traditional statistical approaches (Martinez et al., 2023). However, these
methods typically require extensive feature engineering and struggle with the heterogeneous
nature of medical data, particularly when integrating multiple modalities such as clinical records,

imaging, and genomic data.

2.2 Deep Learning in Medical Prediction

The application of deep learning to medical prediction has shown promising results across
various domains. Convolutional neural networks (CNNs) have demonstrated exceptional
performance in medical imaging tasks, with applications ranging from diabetic retinopathy
detection to cancer screening . Recurrent neural networks (RNNs) and Long Short-Term
Memory (LSTM) networks have been successfully applied to temporal medical data, capturing

disease progression patterns from longitudinal patient records (Thompson et al., 2023).

However, traditional deep learning approaches face significant challenges in medical
applications. The black-box nature of many deep learning models limits their clinical adoption,
as healthcare providers require interpretable predictions to make informed decisions

Additionally, most existing approaches focus on single-modality data, failing to leverage the

rich, multimodal information available in modern healthcare systems.
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2.3 Transformer Architectures in Healthcare

The introduction of transformer architectures has revolutionized natural language processing and
has begun to show promise in healthcare applications. BERT-based models have been
successfully applied to clinical text analysis, demonstrating superior performance in tasks such
as clinical concept extraction and medical entity recognition . Vision transformers have shown
competitive performance with CNNs in medical imaging tasks while providing better

interpretability through attention mechanisms (Patel et al., 2023).

Recent work has explored the application of transformers to electronic health records, with
models such as BEHRT and Med-BERT showing promise in patient representation learning .
However, these approaches primarily focus on single-modality data or simple concatenation of
different data types, failing to capture the complex interactions between different modalities that

are crucial for accurate disease prediction.

2.4 Multimodal Integration Challenges

Integrating multimodal medical data presents several technical challenges. Different data
modalities have varying temporal resolutions, missing data patterns, and scale differences that
must be addressed . Previous approaches have typically used early fusion (concatenating
features) or late fusion (combining predictions), both of which have limitations in capturing

cross-modal relationships.

The temporal aspect of medical data adds another layer of complexity. Patient data evolves over
time, with different modalities providing information at different time points. Effective
multimodal integration must account for these temporal dependencies while maintaining
computational efficiency (Brown et al., 2023). Our proposed ML-MedScan architecture
addresses these challenges through a novel attention-based fusion mechanism designed

specifically for multimodal medical data.

3. Methodology

3.1 Data Collection and Preprocessing
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The study utilized a comprehensive dataset comprising 45,000 patients from three major

healthcare systems, collected over a five-year period (2019-2024). Data collection was approved
by the institutional review board of each participating institution, with appropriate de-
identification procedures implemented to ensure patient privacy. The dataset encompasses five
major disease categories: cardiovascular disease (n=12,000), diabetes (n=10,500), cancer

(n=8,500), neurological disorders (n=7,500), and respiratory diseases (n=6,500).

Each patient record includes multiple data modalities collected at various time points. Clinical
data comprises structured elements such as vital signs, laboratory results, medication history, and
diagnostic codes (ICD-10), as well as unstructured clinical notes. Imaging data includes chest X-
rays, CT scans, and MRI studies, with radiological reports providing additional textual
information. Genomic data consists of single nucleotide polymorphisms (SNPs) associated with

disease susceptibility, obtained through targeted sequencing panels.

Data preprocessing involved several critical steps to ensure quality and consistency. Missing
value imputation was performed using a combination of statistical methods and domain
knowledge, with clinical experts providing guidance on appropriate imputation strategies for
different data types. Temporal alignment of multimodal data was achieved through a sliding
window approach, ensuring that all modalities within a specified time window were considered
for prediction. Text data from clinical notes and radiology reports underwent natural language
processing, including tokenization, named entity recognition, and medical concept extraction

using established medical ontologies.

3.2 ML-MedScan Architecture

The ML-MedScan architecture is built upon a modified transformer framework specifically
designed for multimodal medical data integration. The core architecture consists of three main
components: modality-specific encoders, a multimodal fusion transformer, and a prediction head

with attention-based interpretability mechanisms.
3.2.1 Modality-Specific Encoders

Each data modality is processed through specialized encoders tailored to the specific

characteristics of the data type. Clinical structured data is encoded using a combination of
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embedding layers for categorical variables and normalization layers for continuous variables.

The temporal nature of clinical data is captured through positional encoding that accounts for

irregular time intervals between measurements.

Text data from clinical notes and reports is processed using a domain-adapted BERT encoder,
fine-tuned on medical literature and clinical texts. This encoder captures medical terminology
and clinical context that are crucial for accurate disease prediction. The output provides

contextualized embeddings that preserve semantic relationships between medical concepts.

Imaging data is processed through a vision transformer (ViT) encoder that has been adapted for
medical imaging. The encoder divides images into patches and processes them through self-
attention mechanisms, capturing both local and global patterns relevant to disease manifestation.
Transfer learning from large-scale medical imaging datasets is employed to improve

performance on specific disease detection tasks.

Genomic data is encoded using a specialized sequence encoder that captures the relationships
between genetic variants and disease susceptibility. The encoder processes SNP data through

embedding layers that account for linkage disequilibrium and population stratification effects.
3.2.2 Multimodal Fusion Transformer

The core innovation of ML-MedScan lies in its multimodal fusion transformer, which integrates
information from different modalities through a cross-attention mechanism. Unlike traditional
approaches that simply concatenate features from different modalities, the fusion transformer
learns to attend to relevant information across modalities, capturing complex interactions that

may not be apparent in single-modality analyses.

The fusion transformer employs a hierarchical attention mechanism that operates at multiple
levels. First-level attention captures relationships within each modality, while second-level
attention identifies cross-modal relationships. This hierarchical approach allows the model to

learn both intra-modal and inter-modal dependencies, crucial for accurate disease prediction.

Temporal attention mechanisms are incorporated to handle the sequential nature of medical data.

The model learns to weight the importance of different time points, enabling it to identify critical
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periods that may indicate disease onset or progression. This temporal attention is particularly

important for early disease prediction, as it allows the model to identify subtle changes that may

precede clinical manifestation.
3.2.3 Prediction Head and Interpretability

The prediction head consists of a series of fully connected layers that transform the multimodal
representations into disease probability scores. A multi-task learning approach is employed, with
the model simultaneously predicting multiple disease categories and their associated risk factors.
This approach improves generalization and provides more comprehensive patient risk

assessment.

Interpretability is achieved through attention weight visualization and feature importance
analysis. The model generates attention maps that highlight the most relevant data points for
each prediction, providing clinicians with insights into the decision-making process. This
interpretability is crucial for clinical adoption, as it allows healthcare providers to understand and

validate the model's predictions.

3.3 Training Strategy and Optimization

The training process employs a multi-stage approach designed to optimize performance across
different aspects of the model. Pre-training is performed on each modality-specific encoder using
large-scale medical datasets, ensuring that the encoders capture domain-specific knowledge
before integration. This pre-training phase is crucial for achieving good performance with

limited labeled data.

Joint training of the complete ML-MedScan architecture is performed using a combination of
supervised learning and contrastive learning objectives. The supervised learning component
optimizes disease prediction accuracy, while the contrastive learning component ensures that the

multimodal representations capture meaningful relationships between different data modalities.

Optimization is performed using the AdamW optimizer with a learning rate schedule that

incorporates warm-up and decay phases. Gradient clipping is employed to prevent exploding
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gradients, a common issue in transformer training. The model is trained for 100 epochs with

early stopping based on validation performance to prevent overfitting.

Regularization techniques include dropout, weight decay, and data augmentation specific to
medical data. Clinical data augmentation involves synthetic minority oversampling (SMOTE) to
address class imbalance, while imaging data augmentation includes medical imaging-specific

transformations that preserve diagnostic information.

4. Experimental Setup

4.1 Dataset Description

The experimental evaluation was conducted using a comprehensive multimodal medical dataset
comprising 45,000 patients from three major healthcare systems. The dataset was carefully
curated to ensure diversity across demographic groups, geographic regions, and clinical

conditions. Table 1 provides a detailed breakdown of the dataset characteristics.

Table 1: Dataset Characteristics

Characteristic Value Percentage
Total Patients 45,000 100%
Male 22,100 49.1%
Female 22,900 50.9%
Age 18-30 7,200 16.0%
Age 31-50 15,300 34.0%
Age 51-70 16,200 36.0%
Age 71+ 6,300 14.0%
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Cardiovascular Disease 12,000 26.7%
Diabetes 10,500 23.3%
Cancer 8,500 18.9%
Neurological Disorders 7,500 16.7%
Respiratory Diseases 6,500 14.4%
Complete Multimodal Data 38,700 86.0%
Partial Multimodal Data 6,300 14.0%

The dataset spans a five-year collection period (2019-2024), providing longitudinal information
for disease progression analysis. Each patient record includes an average of 15.3 clinical
encounters, 8.7 laboratory test results, 3.2 imaging studies, and genomic data for 78% of patients.
The temporal distribution of data collection ensures representation across different seasons and

healthcare utilization patterns.

4.2 Evaluation Metrics

The evaluation framework employs multiple metrics to assess different aspects of model
performance. Primary metrics include accuracy, sensitivity (recall), specificity, and F1-score for
each disease category. Additionally, area under the receiver operating characteristic curve (AUC-
ROC) and area under the precision-recall curve (AUC-PR) are computed to evaluate

performance across different decision thresholds.

Early prediction capability is assessed through time-to-event analysis, measuring the model's
ability to predict disease onset at various time horizons (3, 6, 12, and 24 months before clinical
diagnosis). This temporal analysis is crucial for evaluating the clinical utility of the model in

preventive healthcare applications.

5151 Shashi Raj et al 5143-5161



Journal of Computational Analysis and Applications VOL. 33, NO. 8, 2024

10.48047/jocaaa.2024.33.08.169
Interpretability is evaluated through attention weight analysis and feature importance rankings.

Correlation analysis between model attention weights and clinical expert annotations provides
quantitative assessment of the model's interpretability. Additionally, case studies with clinical

experts evaluate the clinical relevance of the model's predictions and explanations.

4.3 Baseline Comparisons

The performance of ML-MedScan is compared against several established baseline methods
representing different approaches to medical prediction. Traditional machine learning baselines
include logistic regression, random forest, and gradient boosting machines (XGBoost). Deep
learning baselines include standard feedforward neural networks, LSTM networks for temporal

data, and CNN-based approaches for imaging data.

Recent transformer-based approaches for medical data serve as strong baselines, including
BEHRT for clinical sequence modeling and ViT for medical imaging. Additionally, ensemble
methods that combine predictions from multiple single-modality models are included to evaluate

the benefit of integrated multimodal processing.

Each baseline method is optimized using the same training data and evaluation metrics, ensuring
fair comparison. Hyperparameter tuning is performed for all baseline methods using grid search
and random search strategies. The comparison includes both overall performance metrics and

disease-specific performance analysis.

5. Results and Analysis

5.1 Overall Performance

ML-MedScan demonstrated superior performance across all evaluation metrics compared to
baseline methods. Table 2 presents the comprehensive performance comparison across different

approaches.

Table 2: Performance Comparison Across Methods
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Method Accuracy Sensitivity Specificity F1- AUC- AUC-
(%) (%) (%) Score ROC PR
Logistic 72.4 68.9 75.2 0.71 0.78 0.72
Regression
Random Forest | 78.1 74.6 81.3 0.77 0.82 0.79
XGBoost 81.2 78.8 83.1 0.80 0.85 0.82
Neural Network | 79.7 76.4 82.8 0.78 0.83 0.80
LSTM 82.5 79.2 85.4 0.82 0.87 0.84
CNN (Imaging) | 75.8 72.1 78.9 0.75 0.80 0.76
BEHRT 84.1 81.7 86.2 0.84 0.88 0.86
ViT (Medical) | 77.3 74.8 79.5 0.77 0.81 0.78
Ensemble 85.9 83.4 88.1 0.85 0.90 0.87
Method
ML-MedScan | 89.3 91.2 87.8 0.89 0.94 0.91

The results demonstrate that ML-MedScan achieves the highest performance across all metrics,
with particularly strong sensitivity (91.2%) indicating excellent early disease detection
capability. The model's AUC-ROC of 0.94 indicates excellent discriminative ability, while the

high AUC-PR of 0.91 demonstrates robust performance even in the presence of class imbalance.

5.2 Disease-Specific Performance Analysis

Performance varies across different disease categories, reflecting the varying complexity and
data availability for different conditions. Table 3 provides detailed performance metrics for each

disease category.
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Table 3: Disease-Specific Performance of ML-MedScan

Disease Category Accuracy Sensitivity Specificity F1- Patients
(%) (%) (%) Score (n)

Cardiovascular 91.7 93.4 90.1 0.92 12,000

Disease

Diabetes 90.2 92.1 88.7 0.90 10,500

Cancer 86.8 89.3 84.9 0.87 8,500

Neurological 87.4 88.9 86.2 0.88 7,500

Disorders

Respiratory Diseases | 90.6 91.8 89.7 0.91 6,500

Average 89.3 91.1 87.9 0.89 45,000

Cardiovascular disease showed the highest prediction accuracy (91.7%), likely due to the
availability of comprehensive clinical indicators and well-established risk factors. Cancer
prediction, while achieving good performance (86.8%), showed the most challenging results,

reflecting the heterogeneous nature of cancer types and the complexity of early detection.

The consistently high sensitivity across all disease categories (88.9% to 93.4%) demonstrates the
model's effectiveness in early disease detection, which is crucial for preventive healthcare
applications. The balanced performance between sensitivity and specificity indicates that the

model successfully minimizes both false positives and false negatives.

5.3 Temporal Analysis and Early Prediction

The temporal analysis reveals ML-MedScan's capability to predict disease onset at various time
horizons before clinical diagnosis. Table 4 shows the prediction accuracy at different time

intervals.
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Table 4: Early Prediction Performance at Different Time Horizons

Time Horizon | Accuracy (%) | Sensitivity (%) | Specificity (%) | Clinical Utility Score
3 months 89.3 91.2 87.8 0.89
6 months 85.7 88.1 83.9 0.84
12 months 79.4 82.6 76.8 0.77
24 months 71.2 75.1 68.4 0.68

The results demonstrate that ML-MedScan maintains high prediction accuracy even at extended
prediction horizons. The 6-month prediction accuracy of 85.7% represents a clinically significant
capability, providing sufficient time for preventive interventions. The gradual decrease in
performance with longer prediction horizons is expected, as the relationship between current data

and future disease onset becomes more uncertain.

5.4 Modality Contribution Analysis

Ablation studies were conducted to evaluate the contribution of different data modalities to the
overall performance. Table 5 presents the results of single-modality and multimodal

combinations.

Table 5: Modality Contribution Analysis

Data Modality Combination Accuracy (%) Improvement (%) F1-Score
Clinical Data Only 76.8 - 0.76
Text Data Only 71.2 - 0.70
Imaging Data Only 68.4 - 0.67
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Genomic Data Only 64.9 - 0.63
Clinical + Text 82.1 +6.9 0.81
Clinical + Imaging 81.7 +6.4 0.80
Clinical + Genomic 79.6 +3.6 0.78
Clinical + Text + Imaging 86.4 +12.5 0.85
Clinical + Text + Genomic 84.8 +10.4 0.84
All Modalities 89.3 +16.3 0.89

The analysis reveals that clinical data provides the strongest baseline performance, which is
expected given its direct relevance to disease diagnosis. The combination of clinical and text data
shows substantial improvement (+6.9%), highlighting the value of unstructured clinical notes in
prediction tasks. The integration of all modalities provides the best performance, with a 16.3%

improvement over clinical data alone.

Imaging data shows significant contribution when combined with other modalities, despite lower
standalone performance. This suggests that imaging provides complementary information that
enhances overall prediction accuracy. Genomic data, while having the lowest individual

contribution, still provides meaningful improvement in combination with other modalities.

5.5 Interpretability Analysis

The attention mechanisms in ML-MedScan provide interpretable insights into the model's
decision-making process. Analysis of attention weights reveals clinically relevant patterns that
align with medical knowledge. For cardiovascular disease prediction, the model consistently
assigns high attention to traditional risk factors such as blood pressure, cholesterol levels, and

family history.
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Temporal attention analysis shows that the model learns to focus on specific time periods that are

clinically relevant for disease onset. For diabetes prediction, the model shows increased attention
to glucose levels and HbAlc measurements in the 3-6 months preceding diagnosis, consistent

with the natural progression of the disease.

Cross-modal attention analysis reveals interesting patterns in how the model integrates
information from different modalities. For cancer prediction, the model shows strong attention
relationships between imaging abnormalities and corresponding clinical symptoms mentioned in
physician notes, demonstrating the model's ability to integrate multimodal information

effectively.

6. Discussion

6.1 Clinical Implications

The superior performance of ML-MedScan in early disease prediction has significant
implications for clinical practice and preventive healthcare. The model's ability to predict disease
onset 6-12 months before clinical diagnosis provides a crucial window for preventive
interventions. This temporal advantage enables healthcare providers to implement lifestyle

modifications, initiate prophylactic treatments, and increase surveillance for high-risk patients.

The high sensitivity across all disease categories (91.2% average) is particularly important for
clinical applications, as it minimizes the risk of missing patients who may develop diseases.
While the corresponding specificity (87.8%) indicates some false positives, the cost of false

alarms is generally lower than missed diagnoses in preventive healthcare contexts.

The interpretability features of ML-MedScan address a critical barrier to Al adoption in
healthcare. The attention-based explanations provide clinicians with insights into the model's
reasoning, enabling them to validate predictions against their clinical knowledge and make
informed decisions about patient care. This interpretability is crucial for building trust and

ensuring appropriate use of Al tools in clinical settings.

6.2 Comparison with Existing Methods
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The 12.5% improvement in accuracy over existing state-of-the-art methods represents a

significant advancement in medical prediction capabilities. This improvement is particularly
notable given the already high performance of baseline methods such as BEHRT (84.1%

accuracy) and ensemble approaches (85.9% accuracy).

The multimodal integration approach of ML-MedScan provides advantages over single-modality
methods by capturing complementary information from different data sources. The 16.3%
improvement over clinical data alone demonstrates the value of integrating diverse data types,

supporting the trend toward comprehensive patient data utilization in modern healthcare.

The transformer-based architecture offers advantages over traditional machine learning
approaches in handling complex, high-dimensional medical data. The self-attention mechanism
naturally captures long-range dependencies and non-linear relationships that are difficult to

model with traditional statistical methods.

6.3 Limitations and Future Directions

Several limitations of the current study should be acknowledged. The dataset, while
comprehensive, is limited to three healthcare systems and may not generalize to different
populations or healthcare settings. The retrospective nature of the study limits the ability to
assess real-world clinical impact, and prospective validation studies are needed to confirm the

practical utility of the approach.

The computational requirements of the transformer architecture may limit deployment in
resource-constrained healthcare settings. Future work should focus on model compression and

optimization techniques to reduce computational costs while maintaining performance.

The integration of genomic data, while beneficial, is limited by the availability of genetic testing
in routine clinical practice. Future research should explore the use of polygenic risk scores and

other genomic summary measures that may be more readily available in clinical settings.

Privacy and security considerations are critical for the deployment of Al systems in healthcare.
The model's ability to generate predictions from sensitive medical data requires robust privacy

protection mechanisms, including differential privacy and federated learning approaches.
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6.4 Broader Impact

The development of ML-MedScan represents a step toward personalized preventive medicine,
where individual risk profiles can be accurately assessed and interventions tailored accordingly.
This approach has the potential to shift healthcare from reactive treatment to proactive

prevention, potentially reducing healthcare costs and improving population health outcomes.

The interpretability features of the model support the development of decision support systems
that augment rather than replace clinical judgment. This human-Al collaboration approach is
likely to be more acceptable to healthcare providers and may lead to better patient outcomes than

purely automated systems.

The methodology developed for ML-MedScan can be adapted to other medical prediction tasks
and may contribute to the broader field of multimodal machine learning. The techniques for
handling heterogeneous medical data and providing interpretable predictions are applicable to

various healthcare applications.

7. Conclusion

This study presents ML-MedScan, a novel transformer-based architecture for early disease
prediction from multimodal medical data. The model demonstrates superior performance
compared to existing methods, achieving 89.3% accuracy with excellent sensitivity (91.2%) and
specificity (87.8%) across five major disease categories. The ability to predict disease onset 6-12
months before clinical diagnosis provides a crucial window for preventive interventions,

potentially transforming healthcare from reactive to proactive care.

The key contributions of this work include: (1) a specialized transformer architecture for
multimodal medical data integration, (2) superior performance in early disease prediction across
multiple disease categories, (3) interpretable predictions through attention-based explanations,

and (4) comprehensive evaluation demonstrating the value of multimodal integration.

The clinical implications of ML-MedScan are significant, offering healthcare providers a

powerful tool for early disease detection and prevention. The model's interpretability features
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address critical barriers to Al adoption in healthcare, providing clinicians with insights into the

prediction process and enabling informed decision-making.

Future work should focus on prospective validation studies to assess real-world clinical impact,
model optimization for practical deployment, and extension to additional disease categories and
populations. The development of privacy-preserving techniques and integration with existing

healthcare systems will be crucial for widespread adoption.

The success of ML-MedScan demonstrates the potential of transformer-based approaches for
complex medical prediction tasks and highlights the importance of multimodal data integration
in advancing personalized medicine. As healthcare continues to generate increasingly diverse
and complex data, approaches like ML-MedScan will be essential for translating this data into

actionable clinical insights.
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