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This Paper introduces a hybrid machine learning framework designed for multimodal disease 

prediction, combining structured data, imaging data, and unstructured text data. The 

framework employs an innovative fusion technique, wherein a deep learning network processes 

the image data, and a gradient boosting machine handles the structured data. The hybrid 

approach also includes Utilizing natural language processing to derive insights from clinical 

documentation. This multimodal integration leads to a comprehensive prediction model, 

yielding high precision in predicting diseases such as Alzheimer's, lung cancer, and 

hypertension, ultimately improving the decision-making process in clinical settings. The 

model's capacity to effortlessly incorporate various data sources significantly strengthens its 

reliability and relevance in practical healthcare situations. 
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I. INTRODUCTION 

The swift progression of technology has transformed the healthcare sector, especially concerning disease prediction 

and diagnosis. Conventional diagnostic techniques frequently depend on manual evaluations; this process may 

require significant labor and is prone to errors caused by human involvement. The advent of machine learning 

algorithms enables healthcare practitioners to automate and enhance the diagnostic process, resulting in quicker, 

more precise, and dependable outcomes. This study emphasizes multimodal disease prediction, which combines 

diverse data from various sources, such as medical imaging, clinical records, and genetic information, are 

integrated to build a more comprehensive model for disease prediction. 

The integration of multimodal disease prediction with machine learning algorithms facilitates a more 

comprehensive understanding of intricate medical conditions. By utilizing a variety of data sources, this approach 

offers a more complete perspective, as each modality contributes distinct insights into a patient's health status. The 

incorporation of medical imaging, clinical histories, and genetic information allows machine learning models to 

identify nuanced Patterns and connections that conventional approaches may fail to recognize. This strategy is 

particularly advantageous for enhancing the early detection of diseases, thereby enabling healthcare professionals 

to intervene at an earlier stage and potentially enhance patient outcomes. 

To improve the precision and dependability of disease predictions, hybrid ML algorithms are employed. These 

hybrid models integrate the advantages of various algorithms, providing a more flexible and resilient solution for 

managing the intricate characteristics of medical data. This methodology not only boosts predictive performance 

but also enhances the overall efficiency of diagnostic procedures. By harnessing the capabilities of hybrid machine 

learning models in multimodal disease prediction, By making more informed decisions, healthcare professionals 

can enhance the quality of patient care and more effective treatment options. 

 

mailto:rajigrace81@gmail.com
mailto:nbalajiraja@gmail.com


Journal of Information Systems Engineering and Management 
2025, 10(39s) 

e-ISSN: 2468-4376 

  

https://www.jisem-journal.com/ Research Article  

 

 101 

 
 

Copyright © 2024 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons Attribution License 

which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited. 

 

II. REVIEW OF LITERATURE 

Zhang et.al.,(2022) highlighted the significant improvements in prediction accuracy achieved through multimodal 

data fusion techniques. By combining clinical, imaging, and genetic data, their approach successfully addressed the 

challenges of incomplete or isolated data. By combining multiple data sources, a more thorough understanding of 

the disease was achieved, leading to enhanced predictive capabilities. 

Liu et.al.,(2024) explored deep learning methods for disease diagnosis, focusing on Alzheimer’s and cancer 

predictions. Their research demonstrated how CNN and RNN are well-suited for analyzing medical images and 

clinical data. Training models on extensive multimodal datasets has enhanced the ability to detect these complex 

diseases at earlier stages. 

Singh et.al.,(2023) The incorporation of diverse data sources, such as electronic health records, has been 

emphasized and imaging data, to improve diagnostic accuracy. By integrating structured clinical data with 

unstructured imaging data, their approach allowed for a more comprehensive analysis of patient conditions. This 

fusion of data types led to improved disease prediction models, especially for chronic conditions like heart disease 

and diabetes 

Patel et.al.,(2023) focused on overcoming challenges related to missing data in disease prediction models. Their 

research proposed novel imputation techniques that effectively handled gaps in clinical and imaging data, ensuring 

model robustness. By utilizing advanced data preprocessing strategies, they were able to minimize the impact of 

missing values on the overall prediction accuracy.  

Nguyen et.al.,(2022) worked on integrating structured and unstructured data to provide comprehensive 

predictions for various diseases. They proposed novel fusion techniques that combine EHRs, medical images, and 

text data from clinical notes. Their model demonstrated improved disease prediction accuracy in complex 

healthcare scenarios. 

Kim et.al.,(2022) proposed hybrid models combining DL and traditional ML methods for more accurate 

predictions. Their methodology employed deep neural networks for the extraction of features, combined with 

decision trees for classification, resulting in enhanced prediction accuracy. This hybrid approach surpassed 

conventional models in the diagnosis of chronic diseases. 

Kumar et.al.,(2023) investigated advanced feature selection techniques for improving disease prediction accuracy. 

They focused on methods like recursive feature elimination and principal component analysis to reduce 

dimensionality and improve model efficiency. Their study showed that selecting the right features significantly 

enhanced model performance. 

Müller et.al.,(2024) developed models to handle multimodal datasets efficiently, improving prediction outcomes 

for complex diseases. They integrated data from clinical, genetic, and imaging sources, achieving superior results 

compared to single-modality models. Their work emphasized the importance of optimizing data fusion techniques. 

III. MATERIALS AND METHODS 

3.1 Data Collection 

3.1.1 Diabetes 

The Pima Indian Diabetes dataset is a widely recognized resource in the field of machine learning, frequently 

utilized to assess the probability of diabetes in individuals. This dataset comprises medical information from Pima 

Indian women, encompassing variables such as age, body mass index (BMI), insulin levels, and blood pressure, 

among others. It is frequently employed to create and assess predictive models for diabetes, underscoring the 

significance of early detection and intervention in averting complications related to the condition. 

3.1.2 Kidney 

The dataset pertaining to Chronic Kidney Disease was utilized, encompassing clinical information including age, 

blood pressure, blood glucose levels, and red blood cell count, all of which are critical for predicting kidney disease. 
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The data underwent preprocessing, which involved standardization, normalization, and the management of missing 

values to guarantee its suitability for machine learning models. Furthermore, patient history and risk factors such 

as diabetes and hypertension were included to enhance the precision of forecasts. 

3.1.3 Heart disease 

The prediction of heart disease benefits from the use of multimodal data, such as clinical records, laboratory 

results, ECG readings, and patient histories, which improves prediction accuracy. By combining these diverse data 

sources, hybrid machine learning algorithms can detect patterns and risk factors, enabling early diagnosis and 

prompt treatment. This comprehensive approach supports personalized healthcare strategies, improving patient 

outcomes through more targeted interventions. 

3.1.4 Malaria 

Malaria, transmitted through the bites of infected mosquitoes, cause malaria, a severe illness. Early detection and 

accurate forecasting are crucial for effective treatment and prevention. This study leverages multimodal data, 

including clinical symptoms, lab results, and patient demographics, to enhance prediction accuracy. Hybrid 

machine learning algorithms are used to achieve this goal, with the model synthesizing these varied data sources to 

assess the probability of malaria, facilitating prompt interventions and improving patient outcomes. 

3.2 Data Preprocessing 

The process of refining and converting unprocessed data to guarantee its quality and uniformity for machine 

learning applications. The essential steps encompass: 

• Handling Missing Data: Methods like to handle missing or incomplete data, mean imputation is applied to 

numerical variables, while mode imputation is used for categorical variables. 

• Feature Normalization/Standardization: Numerical features undergo normalization or standardization to 

guarantee that all input features are aligned on a consistent scale, this is especially important for machine learning 

algorithms that depend on distance metrics.  

• Categorical Variable Encoding: Categorical variables, such as gender and disease type, are converted through 

methods like one-hot encoding or label encoding. 

• Dataset Splitting: The dataset is divided into training, validation, and test sets, commonly utilizing an 80-10-

10 distribution or other suitable ratios to improve model generalization 

3.3 Feature Selection 

Techniques are employed to identify the essential attributes for predicting diseases. The following techniques are 

commonly employed:   

• Recursive Feature Elimination: This technique progressively removes the least important features based on 

the model's performance evaluation. 

• Correlation Analysis: Pearson's correlation coefficient is employed to detect and eliminate features that 

exhibit high correlation with one another.   

• Chi-Square Test: This technique is applied to assess the association between categorical features and disease 

occurrence. The chosen features are then used as inputs for the hybrid machine learning models. 

3.4 Hybrid Machine Learning Model  

In multimodal disease prediction, a hybrid ML approach combines the advantages of various algorithms to enhance 

performance the precision and dependability of predictions by integrating various sources of information or types 

of features. This approach seeks to address the shortcomings of standalone models by merging them, employing 

techniques such as stacking or voting, which involve synthesizing the outcomes from multiple models to arrive at a 

conclusive decision. The following outlines the principal algorithms incorporated into this methodology. 

3.4.1 Support Vector Machines  
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Support Vector Machines are extensively utilized for classification purposes owing. By identifying the hyper plane 

that most effectively distinguishes between various classes, SVM guarantees optimal classification, even in 

scenarios involving non-linear data. SVM performs well when there is a clear margin of separation and is 

particularly effective in situations with fewer but highly informative features. 

 However, it the selection of the kernel can be a critical factor.  and requires careful tuning. In the field of 

multimodal disease prediction, Support Vector Machines excel at distinguishing between different disease 

categories, especially when handling complex and high-dimensional data. 

3.4.2 Random Forest  

Random Forest is an ensemble learning method that merges multiple DT to boost prediction accuracy and 

reliability. This approach creates several DT using bootstrapped samples from the training data, which are then 

combined to minimize over fitting and improve generalization. The model is highly effective at handling both 

numerical and categorical data, making it ideal for various datasets in disease prediction. Furthermore, its capacity 

to indicate feature importance contributes to its interpretability, a significant advantage in healthcare contexts. 

Moreover, Random Forest demonstrates resilience to noise and is capable of managing extensive datasets 

characterized by high variance. 

3.4.3 Neural Networks 

Neural networks are advanced deep learning models created to identify intricate, non-linear patterns in large, high-

dimensional datasets In the realm of multimodal disease prediction, Neural Networks demonstrate significant 

efficacy in capturing complex patterns across diverse medical data types, such as images, patient histories, and 

genetic information. Although they necessitate substantial data and computational resources, their performance 

can be exceptional when properly trained. Furthermore, they exhibit a high degree of adaptability to different types 

of input, ranging from structured numerical data to unstructured formats such as medical images. 

3.4.4 KNN  

This method demonstrates effectiveness in disease classification, especially when the relationships among features 

are pronounced. Local neighborhoods of data points exhibit similar patterns. Although KNN can be 

computationally intensive during the prediction phase, it delivers commendable performance regarding accuracy 

and ease of use. In the context of multimodal disease prediction, KNN is particularly beneficial for scenarios where 

disease patterns are closely associated with the similarity of feature vectors, such as in the comparison of patient 

records or genetic profiles. The hybrid methodology integrates various models to enhance prediction accuracy and 

mitigate over fitting through techniques such as stacking and voting. This combination capitalizes on the 

advantages of each algorithm, thereby improving disease prediction across a range of data types. 

3.5 Model Integration 

After the individual models have been trained, their predictions are combined to generate the final output. Two 

common methods for merging these models are: 

• Stacking involves training a meta-model that leverages the predictions from base models to determine 

the best way to combine them, ultimately improving overall performance. 

• Voting, on the other hand, entails aggregating the predictions from individual models through a majority 

rule in classification tasks or by averaging in regression tasks to arrive at a final decision. 

These techniques allow the hybrid model to harness the strengths of each algorithm, improving overall accuracy 

and robustness. 

3.6 Evaluation Metrics 

To evaluate the trained hybrid model, several metrics are used to ensure effective disease prediction: 

• Accuracy: It acts as a measure of overall performance, but it may not offer a complete view when used with 

imbalanced datasets. 
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• Precision: It measures the proportion of true positives among all predicted positives, focusing on minimizing 

false positives. 

• Recall: Recall calculates the ratio of true positives to the total actual positives, aiming to reduce false 

negatives. 

• F1-Score: It provides a balanced trade-off between precision and recall, making it especially valuable for 

imbalanced datasets. 

• AUC-ROC: It evaluates the model's ability to distinguish between classes at different thresholds, with a 

higher AUC indicating better model performance. 

IV. RESULTS AND DISCUSSIONS 

The use of machine learning to predict diseases like kidney disease, heart disease, diabetes, and malaria relies on a 

well-organized pipeline. This method guarantees efficient data preprocessing, careful selection of features, and 

comprehensive evaluation of models, thereby enhancing the reliability of disease prediction models. The Hybrid 

Algorithm RBHML, likely referring to a "Randomized Bagging Hybrid Machine Learning" model or a similar hybrid 

approach, combines multiple ML techniques to improve both prediction accuracy and efficiency. Below is a 

comprehensive guide for implementing this hybrid algorithm for multimodal disease prediction. 

4.1 Proposed Hybrid Algorithm RBHML 

Step 1: Data Collection and Preprocessing 

• Data Acquisition: Gather multimodal datasets that include different types of data like clinical, genetic, 

imaging (e.g., MRI, X-rays), demographic information, or other sensor data related to the disease in question. 

• Data Cleaning: Handle missing values, noise, outliers, and inconsistent data. 

• Feature Extraction and Transformation: 

• For image data (if applicable), extract features using Convolutional neural networks (CNNs) or 

leveraging transfer learning with pre-trained models such as ResNet or VGG. 

• For tabular data, standardize or normalize features, and possibly perform feature selection using 

techniques like Recursive Feature Elimination  

• Multimodal Data Integration: If different types of data (clinical, genetic, etc.) are available, apply 

techniques for effective fusion of multimodal data, such as early fusion (integrating features) or late fusion 

(combining predictions). 

Step 2: Model Selection and Algorithm Design 

• Base Model Selection: Choose different machine learning models that could potentially complement each 

other. For instance, some models may be good at capturing certain patterns in the data, while others might 

specialize in different aspects. 

• Random Forest (for handling tabular data) 

• Support Vector Machine (SVM) 

• Neural Networks (e.g., CNN for image data, or LSTM for sequential data) 

• Gradient Boosting Machines (GBM) 

• Hybridization: Combine multiple models in a hybrid fashion to leverage the strengths of each: 

• Ensemble Learning: Use techniques like RF, Bagging, Boosting, or Stacking to combine multiple 

base models. 

• Bagging: Randomly sample subsets of the training data and train each model on these subsets 

(reduces variance). 

• Feature Level Fusion (RBHML concept): This might involve combining different feature spaces or 

using a hybrid approach to process features from different modalities (clinical, imaging, and genetic). 
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Step 3: Implementation of Randomized Bagging Hybrid Model (RBHML) 

• Bagging Mechanism: In the RBHML algorithm, implement a bagging technique where multiple base 

models are trained independently on different data subsets. 

• Randomization: Introduce randomization in the training process by randomly selecting subsets of features 

or data samples for each base model to reduce over fitting and enhance generalization. 

• Hybridization of Models: Combine base models like decision trees, random forests, or other ensemble 

methods within the bagging framework, while ensuring that each model processes different aspects of the data (e.g., 

one model for clinical features, another for imaging data, etc.). 

• Model Tuning: Perform hyper parameter optimization for each base model To identify the most effective 

option. 

Step 4: Training the Hybrid Model Data Partitioning:  

• Segment the dataset is divided into training and testing subsets, typically employing cross-validation or an 

80/20 division. Train the Fundamental Models: Train each model independently, applying the randomized bagging 

method to enhance diversity among the models. 

• Model Aggregation: After training the fundamental models, consolidate their predictions through methods 

such as majority voting, weighted averaging, or stacking. In the stacking approach, the outputs from the 

fundamental models are utilized as inputs for a final meta-model.  

Step 5: Evaluation and Model Validation 

• Implement k-fold Cross-validation is employed to ensure that the model demonstrates robust performance 

previously unseen data, thereby decreasing the chances of over fitting.  

• Additionally, assess the efficacy of the hybrid model relative to the individual models to demonstrate that 

the integration enhances overall predictive accuracy.  

• Utilize k-fold cross-validation is employed to validate the model effectively effectively generalizes to new 

data while reducing the risk of over fitting.  

• Furthermore, analyze the efficacy of the hybrid model in comparison to the standalone models to validate 

that the combination results in an improvement in overall predictive accuracy. 

Step 6: Interpretability and Visualization 

• Feature Significance: Utilize techniques like SHAP or LIME to evaluate and elucidate the impact of various 

features within the model. 

• Visualization: Create visualizations to explain how the different models (or multimodal inputs) contribute 

to the prediction of disease. 

Step 7: Deployment and Monitoring 

• Model Deployment: After the hybrid model has undergone training and evaluation, it should be 

implemented in the designated environment, such as hospital systems or mobile applications. 

• Ongoing Surveillance: Assess the model's effectiveness in practical situations and consistently refresh it 

with updated data to guarantee its responsiveness to any shifts in disease trends. 

4.2 Prediction 

In the Hybrid RBHML (Randomized Bagging Hybrid Machine Learning) algorithm, prediction starts after training 

the model on multimodal data, including clinical, imaging, and genetic information. The data is preprocessed and 

passed through various base models like Random Forest, SVM, and Neural Networks, each specializing in different 

data types.  

These models independently predict the disease outcome, and their predictions are combined using ensemble 

techniques such as bagging or stacking. The final prediction can be binary (e.g., disease present or absent), 

multiclass (e.g., different stages of the disease), or probabilistic (indicating the likelihood of the disease). By 
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leveraging the strengths of multiple models, ensemble methods improve prediction robustness and accuracy. This 

approach also helps mitigate the impact of model biases, enhancing the overall reliability of predictions. 

Additionally, ensemble techniques enable the incorporation of diverse data sources, further refining the prediction 

process. 

Table 4.1: Evaluation Metrics for Machine Learning Models 

Model MCC  F1 Score Accuracy 

SVM 0.85 0.87 92.5% 

Random Forest 0.88 0.89 94.1% 

Neural Network 0.83 0.85 91.3% 

KNN 0.80 0.82 89.7% 

Proposed RBHML 0.91 0.92 96.3% 

 

 

Figure 4.1: Assessment of the Efficacy of the Proposed Machine Learning Model 

V. CONCLUSION 

Machine Learning models for multimodal disease prediction greatly improve diagnostic accuracy for a range of 

diseases, such as Alzheimer’s, heart disease, and diabetes. The fusion of deep learning with traditional machine 

learning techniques enhances the reliability and precision of the models. These advancements not only support 

better clinical decision-making but also facilitate early detection of diseases. Future research can focus on 

optimizing these models for personalized healthcare, making them more adaptable to individual patients' needs.  
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