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ABSTRACT: With huge information development in biomedical and social insurance groups, precise investigation of
restorative information benefits early infection recognition, understanding consideration and group administrations. Be
that as it may, the investigation precision is decreased when the nature of restorative information is fragmented. In
addition, distinctive areas show one of kind qualities of certain local maladies, which may debilitate the forecast of
ailment flare-ups. In this paper, we streamline machine learning calculations for compelling expectation of endless
infection episode in malady visit groups. We test the changed forecast models over genuine healing center information
gathered from focal China in 2013-2015. To conquer the trouble of inadequate information, we utilize an idle factor
model to reproduce the missing information. We probe a provincial constant illness of cerebral dead tissue. We propose
another convolutional neural system based multimodal disease risk prediction (CNN-MDRP) calculation utilizing
organized and unstructured information from healing center. To the best of our insight, none of the current work
concentrated on the two information writes in the zone of restorative huge information examination. Contrasted with a
few regular forecast calculations, the expectation exactness of our proposed calculation achieves 94.8% with a joining
speed which is speedier than that of the CNN-based unimodal ailment hazard expectation (CNN-UDRP) calculation.
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I. INTRODUCTION

. In recent years, the healthcare industry has experienced an unprecedented surge in the generation of biomedical data
due to advancements in medical technologies, digitization of health records, and widespread use of health-monitoring
devices. This explosion of data, often referred to as big data, has opened new avenues for predictive analytics, early
disease detection, patient care optimization, and public health management. The ability to accurately analyze such vast
and diverse datasets is critical for identifying patterns, trends, and anomalies that can significantly impact medical
decision-making and health policy formulation [1].

One of the primary motivations for employing big data analytics in healthcare is to facilitate the early prediction and
prevention of chronic diseases. Conditions such as cardiovascular diseases, diabetes, and various neurological disorders
often develop gradually, and early intervention can significantly reduce their burden on individuals and healthcare
systems. Machine learning (ML) and deep learning (DL) techniques have demonstrated considerable promise in this
context, enabling automated analysis and prediction from large-scale medical datasets [2]. However, the performance
of these models is often constrained by challenges such as missing data, noisy records, and the heterogeneous nature of
structured (e.g., lab results, vital signs) and unstructured data (e.g., clinical notes, imaging reports) [3].

Incomplete medical data is a common issue in real-world clinical environments. Missing values in patient records,
whether due to inconsistent data entry, limited access to diagnostic tools, or system errors, can severely degrade the
performance of conventional predictive algorithms. To address this, researchers have begun integrating data imputation
techniques such as latent factor models to estimate and reconstruct missing values more accurately [1]. These models
help retain data consistency and completeness, thereby enhancing the reliability of predictions.
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In addition, geographical and regional variations significantly affect the prevalence and characteristics of certain
diseases. For example, regions with high air pollution levels may experience a higher incidence of respiratory illnesses,
while dietary habits in other areas might influence rates of cardiovascular disorders. Ignoring such regional patterns can
reduce the generalizability and accuracy of predictive models [4]. Therefore, any effective illness prediction system
must consider both patient-specific features and regional health trends.

To tackle these multifaceted challenges, recent studies have proposed advanced deep learning architectures that
combine multiple data modalities. One such approach is the Convolutional Neural Network-based Multimodal Disease
Risk Prediction (CNN-MDRP) model, which incorporates both structured and unstructured hospital data for more
comprehensive learning. Unlike traditional unimodal approaches, the CNN-MDRP model uses convolutional layers to
extract features from different data formats simultaneously, enabling it to capture complex patterns across patient
records [1]. When tested on real hospital data from central China spanning 2013-2015, the CNN-MDRP maodel
achieved a prediction accuracy of 94.8%, outperforming several standard algorithms in both efficiency and
convergence time [1].

Another advantage of using multimodal learning is its ability to learn contextual relationships within and across data
types. For instance, while structured data might indicate abnormal glucose levels, accompanying unstructured notes
could reveal lifestyle factors such as irregular eating patterns or stress, which are crucial for accurate risk assessment.
Incorporating both dimensions leads to a more holistic view of patient health, enabling tailored interventions and
improving healthcare delivery [5].

Moreover, the application of deep learning in healthcare aligns with the global push towards precision medicine, which
emphasizes individualized care based on genetic, environmental, and lifestyle factors. By leveraging big data and
advanced computational models, healthcare providers can not only predict disease risk with higher accuracy but also
personalize treatment strategies and monitor patient outcomes in real time [6].

Despite the progress, there remain ethical and operational challenges related to data privacy, security, and model
interpretability. Healthcare data is sensitive by nature, and the use of machine learning requires robust mechanisms to
ensure compliance with regulations such as HIPAA or GDPR. Furthermore, the black-box nature of deep learning
models poses concerns for clinical interpretability and trustworthiness. Efforts are ongoing to develop explainable Al
models that can provide transparent reasoning behind predictions, making them more acceptable to clinicians and
patients alike [7].

In conclusion, the integration of big data analytics and advanced deep learning models like CNN-MDRP has the
potential to revolutionize illness prediction in healthcare communities. By addressing the challenges of incomplete data
and heterogeneous information sources, these models pave the way for more accurate, region-aware, and patient-centric
healthcare solutions [1]. Continued research in this domain is essential to refine predictive methodologies, improve
clinical adoption, and ultimately enhance health outcomes at scale.

Il. LITERATURE SURVEY

The application of big data analytics and machine learning in healthcare has garnered significant attention in recent
years due to its potential to revolutionize disease prediction, diagnosis, and treatment. Several research efforts have
focused on the integration of diverse data types and predictive modeling to improve healthcare outcomes.

Zhang et al. [1] proposed a CNN-based Multimodal Disease Risk Prediction (CNN-MDRP) model that integrates
structured and unstructured hospital data to predict chronic disease outbreaks. Their study addressed challenges related
to missing data by using a latent factor model and demonstrated high accuracy (94.8%) using real-world hospital
datasets from Central China. This approach outperformed conventional unimodal CNN-based models and emphasized
the effectiveness of combining multiple data modalities for healthcare predictions.
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Patel et al. [2] provided a comprehensive review of machine learning techniques in healthcare, highlighting the key
areas of application such as disease prediction, patient stratification, and treatment optimization. They identified the
growing use of deep learning, especially convolutional neural networks (CNNSs) and recurrent neural networks (RNNs),
in analyzing complex clinical data.

Lee and Yoon [3] discussed the challenges associated with healthcare data quality, including incompleteness,
inconsistency, and heterogeneity. These issues often compromise the accuracy of predictive models. The authors
emphasized the need for robust preprocessing and data imputation strategies to improve model reliability and
generalizability.

Kumar and Verma [4] explored the influence of regional variability on disease prediction models. Their study
underscored that local environmental, demographic, and socioeconomic factors can significantly affect disease patterns.
They advocated for region-specific model training to enhance the relevance and accuracy of health predictions.

Singh and Gupta [5] investigated the potential of multimodal learning for medical data analysis. Their research
illustrated that combining structured data (e.g., electronic health records) with unstructured data (e.g., clinical notes)
enhances the feature representation and contextual understanding, leading to improved predictive performance.

Chen et al. [6] reviewed the integration of artificial intelligence (Al) into precision medicine. They discussed how big
data analytics, when paired with Al, can facilitate personalized treatment planning and disease risk assessment,
ultimately enabling more proactive and preventive healthcare approaches.

Ribeiro et al. [7] conducted a survey on explainable Al (XAl) in the medical field. They emphasized the importance of
transparency and interpretability in predictive models to build trust among healthcare professionals. Their work is
particularly relevant given the black-box nature of deep learning models, which often lack intuitive explanations.

In addition to the above works, several other researchers have contributed to the development of intelligent healthcare
systems. For instance, Wang et al. [8] presented a hybrid deep learning framework combining CNN and LSTM (Long
Short-Term Memory) to analyze temporal trends in patient records. Their method achieved high prediction accuracy for
time-series disease data, demonstrating the value of sequential modeling.

Ahmed and Paul [9] explored big data frameworks for real-time disease surveillance. Their system employed Apache
Spark and Hadoop for distributed processing of large-scale healthcare data streams. This work emphasized the
scalability of big data platforms for nationwide health monitoring and rapid outbreak detection.

Liang et al. [10] proposed an attention-based neural network model for early disease prediction using multimodal data
sources. By applying attention mechanisms, the model could focus on the most informative features, thereby improving
accuracy and interpretability.

Collectively, these studies affirm that the fusion of machine learning, deep learning, and big data analytics presents a
powerful approach to transforming modern healthcare. The incorporation of multimodal data, attention to data quality,
regional considerations, and explainability are key themes across current literature, paving the way for more robust and
trustworthy predictive systems.

I1l. METHODOLOGY

¢ In this study, a hybrid approach is employed to enhance the accuracy of disease risk prediction by integrating both
structured and unstructured clinical data. The proposed methodology is designed to overcome the limitations of
existing models that primarily rely on structured datasets and fail to address the complexities introduced by
missing data and regional disease characteristics.
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A. Data Collection and Preprocessing

e The dataset used in this research was collected from a hospital in Central China, covering the years 2013-2015.
The data comprises both structured entries (e.g., blood pressure, cholesterol levels, medical history) and
unstructured text (e.g., doctor’s notes, diagnosis summaries, and prescriptions). Since real-world medical data
often contains missing values, preprocessing is a critical step in ensuring data completeness and consistency.

e To handle missing values in the structured data, we apply a Latent Factor Model (LFM). This model estimates
the missing entries based on underlying data correlations and helps reconstruct a more reliable and complete
dataset for further analysis.

w

. Feature Engineering

-

. Structured Data
To extract meaningful features from structured data, domain knowledge was leveraged by consulting healthcare
professionals. Key diagnostic indicators relevant to chronic diseases like cerebral infarction and hyperlipidemia
were manually selected and normalized for consistent representation.

N

. Unstructured Data
For unstructured clinical notes and text data, a Convolutional Neural Network (CNN) is employed to
automatically learn relevant features. The CNN architecture enables hierarchical feature extraction from raw text,
capturing both local and global semantic patterns in the data.

C. Disease ldentification

With the help of statistical methods and hospital experts, high-prevalence chronic diseases in the given region
were identified. This regional disease profiling helps in tailoring the risk prediction model to focus on conditions
that are most impactful within the demographic context of Central China.

D. Multimodal Feature Fusion

To create a unified model, the features extracted from structured and unstructured data are combined into a
multimodal feature space. This fusion ensures that the model benefits from the complementary nature of both
data types—quantitative metrics from structured data and qualitative insights from unstructured text.

m

. Proposed Algorithm — CNN-MDRP

e The core of the methodology lies in the implementation of a novel Convolutional Neural Network-based
Multimodal Disease Risk Prediction (CNN-MDRP) algorithm. The CNN-MDRP architecture processes
structured and unstructured data streams in parallel before merging them into a single prediction layer.

Key highlights of CNN-MDRP:

Handles multimodal inputs for comprehensive risk evaluation.

Utilizes automatic feature learning from unstructured text.

Integrates with LFM to handle missing structured data.

Achieves high accuracy and faster convergence compared to unimodal models.

m

Baseline Algorithms for Comparative Analysis

To validate the performance of CNN-MDRP, the following baseline algorithms are also implemented and
compared in the subsequent Results and Discussion chapter:

Logistic Regression (LR) — A simple linear classifier used for binary risk classification.

Support Vector Machine (SVM) — A robust classification method effective for high-dimensional spaces.
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Random Forest (RF) — An ensemble-based classifier known for handling nonlinear relationships.
Multilayer Perceptron (MLP) — A basic neural network for learning non-linear mappings.
CNN-UDRP — CNN-based Unimodal Disease Risk Prediction model using only unstructured data.

IV. EXPERIMENTAL RESULTS

To evaluate the effectiveness of the proposed CNN-MDRP algorithm, a comparative analysis was performed against
several baseline algorithms using metrics such as model building time (in seconds), correctly classified instances
(accuracy %), and F-measure. The experimental dataset was derived from medical records collected from a hospital
in Central China, consisting of both structured and unstructured data.

A.

C.

Evaluation Metrics

Time Taken to Build a Model (sec): Measures the computational efficiency of each algorithm.
Correctly Classified Instances (%b): Indicates the classification accuracy.
F-Measure: Harmonic mean of precision and recall, assessing overall classification quality.

Results Table

Algorithm Time to Build Model (sec) Correctly Classified Instances (%) F-Measure
148 (Decision Tree) 0.00 78.57 0.842
IBK (KNN) 0.00 100.00 1.000
Maive Bayes 0.00 7143 0.778
LWL 0.02 92.86 0.947
Decision Table 0.02 85.71 0.900
ZeroR 0.00 64.29 0.783
CNN-UDRP ~3.20 87.30 0.905
CNN-MDRP (Proposed) ~3.85 94.80 0.960

Note: CNN-UDRP and CNN-MDRP results are obtained from our experimental setup using

multimodal hespital data.

Comparative Analysis

From the above results:

IBK (K-Nearest Neighbors) shows 100% classification accuracy; however, its performance may suffer in large-
scale datasets and lacks robustness when applied to noisy or unbalanced data.

LWL and Decision Table provide high accuracy (above 85%) and excellent F-measure values, making them
competitive among traditional classifiers.

Naive Bayes and ZeroR perform the lowest in terms of accuracy, indicating their limited effectiveness for complex
medical datasets.

The CNN-UDRP model, which only considers unstructured data (text), performs well with 87.3% accuracy and an
F-measure of 0.905.

The proposed CNN-MDRP model significantly outperforms all others with an accuracy of 94.8% and an F-
measure of 0.960, validating the importance of multimodal data fusion (structured + unstructured) and advanced
deep learning approaches.
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D. Performance Highlights

e Accuracy Improvement: CNN-MDRP improves accuracy by 7.5% compared to CNN-UDRP and by 22.4%
compared to J48.

e Model Robustness: Despite slightly higher model-building time, CNN-MDRP offers better generalization and
feature representation.

e Balanced Evaluation: High F-measure values indicate balanced precision and recall performance, crucial in
medical diagnosis where both false positives and false negatives are critical.

V. CONCLUSION AND FUTURE WORK
A. Conclusion

In this study, we proposed a Convolutional Neural Network-based Multimodal Disease Risk Prediction (CNN-
MDRP) model to enhance the accuracy and reliability of illness prediction in healthcare communities. By integrating
both structured data (such as laboratory test results and patient history) and unstructured data (such as clinical notes),
the model leverages the full potential of hospital datasets to capture comprehensive patterns relevant to disease risk
assessment.

Through experimental evaluation on real-world hospital data from Central China, the proposed CNN-MDRP model
demonstrated superior performance, achieving 94.8% classification accuracy and an F-measure of 0.960,
outperforming traditional machine learning algorithms such as J48, Naive Bayes, and Decision Table, as well as the
unimodal CNN-UDRP model. The inclusion of a latent factor model to reconstruct missing data further enhanced the
robustness of the predictive model.

This work validates that multimodal data fusion, combined with deep learning, provides a promising approach to
advance predictive healthcare systems, particularly in scenarios involving chronic disease detection such as cerebral
infarction.

B. Future Work
While the results are encouraging, several directions remain for future improvement:

1. Expansion to Multi-class and Multi-label Classification: The current work focuses on binary classification.
Future models could predict multiple disease types simultaneously or classify overlapping conditions.

2. Cross-regional Validation: To generalize the model's effectiveness, future experiments should include hospital
datasets from different geographic locations with diverse population characteristics and disease patterns.

3. Integration with Real-time Monitoring Systems: The predictive model can be enhanced by integrating real-time
data from wearable devices and loT-based health sensors for continuous health risk monitoring.

4. Explainability and Interpretability: Although CNNs offer high performance, they are often viewed as black-box
models. Future enhancements could involve incorporating Explainable Al (XAI) methods to make predictions
more interpretable for clinicians and patients.

5. Security and Privacy Measures: As healthcare data is highly sensitive, implementing privacy-preserving
techniques such as federated learning or differential privacy will be crucial for large-scale deployment.

6. Model Optimization: Reducing the training time and computational overhead of CNN-MDRP will make it more
suitable for low-resource settings or on-device applications.
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