Journal of Neonatal Surgery

ISSN(Online): 2226-0439
Vol. 14, Issue 15s (2025)
https://www.jneonatalsurg.com OPEN ACCESS

Healthcare Prediction Based on Machine Learning and Convolutional Neural Network

Abdul Razzak Khan Qureshi', Vasim Khan? Mohammed Mazhar®, Mohit Kadwal®, Jaya Dubey®, Diksha
Bharawa®

Assistant Professor, Department of Computer Science, Medicaps University, Indore, India

Email ID: dr.arqureshi786@gmail.com

2Assistant Professor, Department of Electronics Engineering, Medicaps University, Indore, India
Email ID: vasimkhanemt@gmail.com

3Assistant professor, Department of Computer Science and Engineering, Medicaps University, Indore, India
Email ID: mazharm325@gmail.com

4Assistant Professor, Al and DS prestige institute of Engineering Management and Research Indore
Email ID: mohitkadwal. mk@gmail.com

SAssistant Professor, Acropolis Institute of Technology and Research, Indore

Email ID: jayamishra960@gmail.com

bAssistant Professor, Prestige Institute of Engineering Management and Research, Indore
Diksha.goyal.dg@gmail.com

Cite this paper as: Abdul Razzak Khan Qureshi, Vasim Khan, Mohammed Mazhar, Mohit Kadwal, Jaya Dubey, Diksha
Bharawa. M, (2025) Healthcare Prediction Based on Machine Learning and Convolutional Neural Network. Journal of
Neonatal Surgery, 14 (15s), 1550-1560.

ABSTRACT

The integration of Machine Learning (ML) and Convolutional Neural Networks (CNNs) has significantly advanced
predictive analytics in healthcare. These technologies enable the analysis of complex medical data, facilitating early
diagnosis, personalized treatment, and efficient resource allocation. CNNs, renowned for their prowess in image recognition,
have been effectively applied to medical imaging tasks such as tumor detection, diabetic retinopathy classification, and organ
segmentation. Simultaneously, ML algorithms, including decision trees and support vector machines, complement CNNs by
processing non-image-based medical data, aiding in patient risk assessment and prognosis prediction. Despite these
advancements, challenges persist, including data scarcity, class imbalance, model interpretability, and ethical concerns
regarding patient privacy. This paper explores the current landscape of ML and CNN applications in healthcare prediction,
highlighting their capabilities, limitations, and potential future directions.

Keywords: Healthcare Prediction, Machine Learning, Convolutional Neural Networks, Medical Imaging, Disease Diagnosis
, Predictive Analytics

1. INTRODUCTION

1.1 Overview

The rapid growth of healthcare data—ranging from electronic health records (EHRs) and medical imaging to wearable sensor
data—has paved the way for innovative computational methods that aim to enhance diagnostic accuracy, treatment planning,
and overall healthcare delivery. Among these, Machine Learning (ML) and Convolutional Neural Networks (CNNs) have
emerged as transformative tools. ML offers the ability to analyze large volumes of structured and unstructured data to uncover
hidden patterns, while CNNs, a subclass of deep learning algorithms, are particularly adept at processing visual data such as
X-rays, MRIs, and CT scans. The integration of ML and CNNSs into healthcare prediction systems has already begun to show
promise in various domains, including early disease detection, prognosis modeling, patient risk stratification, and
personalized medicine. However, fully realizing their potential requires a deeper exploration of their limitations, optimal
configurations, and real-world applicability.
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1.2 Scope and Obijectives of the Paper

This paper investigates the role of Machine Learning and CNNs in enhancing healthcare prediction systems. The scope
includes a comprehensive review of current methodologies, comparative analysis of model performance, and exploration of
real-world applications in disease diagnosis and risk forecasting.

The primary objectives of the paper are:
e Toexamine existing ML and CNN-based models used for healthcare prediction.

e Tocompare and analyze performance metrics across different prediction tasks such as classification and regression
in healthcare.

e To identify the challenges and limitations in implementing these models at clinical scale.

e To propose potential solutions and future research directions based on observed gaps in literature.
1.3 Research Gap
Despite the considerable research done in this area, several gaps remain:

o Data Quality and Availability: Many healthcare datasets suffer from issues like missing values, noise, and limited
accessibility due to privacy concerns.

e Model Generalizability: Most ML and CNN models perform well in controlled settings but often fail to generalize
across populations with varied demographics and comorbidities.

e Interpretability: Deep learning models, particularly CNNs, are often criticized for their "black-box" nature, making
clinical adoption challenging due to the lack of transparent decision-making.

¢ Integration with Clinical Workflows: There is limited research on integrating Al models seamlessly into existing
healthcare systems without disrupting workflow or patient safety.

This paper aims to address these gaps by reviewing the latest advancements, critically analyzing their effectiveness, and
proposing avenues for improvement.

1.4 Author Motivation

The motivation behind this study stems from the increasing burden on global healthcare systems due to aging populations,
chronic diseases, and emerging infectious threats. There is an urgent need for data-driven, intelligent systems that can aid
healthcare professionals in decision-making, improve patient outcomes, and reduce operational costs. Additionally, with the
growing adoption of telemedicine and digital health technologies, the application of predictive models has never been more
relevant. As researchers, our aim is to contribute to the evolving body of knowledge that bridges technology and medicine,
ensuring that modern Al tools are not only accurate but also ethical, explainable, and applicable in diverse healthcare settings.

1.5 Paper Structure
The remainder of this paper is organized as follows:

e Section 2: Literature Review — Presents a summary of key studies, models, and findings in the domain of ML and
CNN applications in healthcare prediction.

e Section 3: Methodology — Describes the research framework, data sources, model architectures, and evaluation
metrics used.

e Section 4: Results and Discussion — Provides insights into the performance of different models and interprets the
findings in light of real-world applicability.

e Section 5: Challenges and Future Directions — Discusses technical, ethical, and logistical challenges, along with
proposed directions for future work.

e Section 6: Conclusion — Summarizes key takeaways and emphasizes the importance of continued interdisciplinary
research.

2. LITERATURE REVIEW

The application of artificial intelligence (Al), specifically Machine Learning (ML) and Convolutional Neural Networks
(CNNs), has witnessed significant growth in the field of healthcare over the past decade. These technologies have enabled
clinicians and researchers to develop predictive models capable of diagnosing diseases, forecasting patient outcomes, and
optimizing healthcare operations. This section provides a critical review of existing literature, categorized into four thematic
areas: (1) general ML approaches in healthcare, (2) CNNs for medical image analysis, (3) hybrid and ensemble models, and
(4) existing challenges and limitations.
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2.1 Machine Learning Approaches in Healthcare Prediction

ML algorithms such as Decision Trees (DT), Support Vector Machines (SVM), Random Forests (RF), K-Nearest
Neighbors (KNN), and Gradient Boosting Machines (GBM) have been widely used to predict diseases based on structured
data from EHRSs, lab reports, and vital signs. Kaur et al. (2024) presented a comparative study of ML classifiers for predicting
diabetes mellitus. Their results indicated that Random Forest achieved the highest accuracy of 87.4% among all models
tested. Similarly, Patel and Shah (2023) applied XGBoost and Logistic Regression to predict the risk of cardiovascular
disease using patient demographics and clinical history, showing that boosting methods generally outperform linear models.
ML has also been used extensively for COVID-19 detection and prognosis. Zhou et al. (2021) used SVM and Naive Bayes
classifiers on clinical symptoms and epidemiological data, achieving a predictive accuracy of 84%. However, these models
often struggle with generalization due to imbalanced data and lack of external validation. A notable advancement is the
integration of natural language processing (NLP) with ML, enabling the use of unstructured clinical notes. Liu et al. (2022)
developed a pipeline that extracted key clinical indicators from EHR notes and fed them into an ML classifier to predict
sepsis onset 6 hours in advance, achieving an F1-score of 0.81.

2.2 CNNs in Medical Imaging and Diagnostic Prediction

CNNs have revolutionized the field of medical imaging, with numerous studies demonstrating their capability in classifying
and segmenting various anatomical and pathological features. In a landmark study, Esteva et al. (2017) used a deep CNN
trained on over 130,000 dermatology images to classify skin cancer, achieving performance comparable to board-certified
dermatologists. This marked a turning point in Al-assisted diagnostics. Rajpurkar et al. (2018) introduced CheXNet, a 121-
layer CNN trained on the ChestX-rayl4 dataset, which outperformed radiologists in detecting pneumonia from chest X-rays.
These results demonstrated the potential of CNNs to not only match but sometimes exceed human-level performance in
radiological tasks. In more recent work, Nguyen et al. (2023) developed a 3D CNN to detect brain tumors from MRI scans,
utilizing volumetric spatial data for enhanced precision. The model achieved an AUC of 0.95 on the BraTS dataset,
showcasing the efficacy of CNNs in 3D medical image analysis. CNNs have also been used for retinal disease detection,
such as diabetic retinopathy and age-related macular degeneration. Gulshan et al. (2019) trained a CNN using a dataset of
128,175 retinal images, achieving sensitivity and specificity exceeding 90%. These applications are especially impactful in
regions lacking specialist access. Despite their impressive performance, CNN models often require large labeled datasets
and high computational resources, which can limit their deployment in resource-constrained environments.

2.3 Hybrid and Ensemble Models in Healthcare Prediction

Recent literature highlights the growing interest in combining CNNs with traditional ML algorithms or other deep learning
architectures to leverage the strengths of each. Kumar and Roy (2023) proposed a hybrid model integrating CNN for
feature extraction from chest X-ray images and SVM for classification of COVID-19 patients. Their study achieved an
accuracy of 94.6%, outperforming standalone CNN or SVM models. Another approach by Singh et al. (2022) combined
Recurrent Neural Networks (RNNs) with CNNSs to capture both spatial and temporal patterns in echocardiogram videos
for heart disease diagnosis. The model effectively captured motion dynamics, yielding a significant improvement in
prediction performance. Ensemble models, which aggregate the outputs of multiple classifiers, have also been explored.
Ahmed et al. (2021) built an ensemble of CNNs and decision trees to predict breast cancer, which provided more stable
predictions and reduced overfitting, particularly in smaller datasets. The trend of transfer learning has also gained
popularity, where pretrained CNN models (e.g., ResNet, VGG, Inception) are fine-tuned on medical datasets. This method
significantly reduces training time and improves performance, especially when labeled data is limited.

2.4 Challenges and Limitations Identified in Literature
Despite numerous successes, existing research also reveals several limitations:

e Data Imbalance: Medical datasets often contain an overrepresentation of normal cases compared to disease-
positive cases, which leads to biased models. Techniques such as SMOTE and class weighting have been used, but
they are not always effective across datasets.

e Interpretability: Many deep learning models, especially CNNs, function as "black boxes," making it difficult for
clinicians to understand and trust their predictions. While tools like Grad-CAM and LIME offer some level of
interpretability, there is no standardized approach.

e Generalizability and External Validation: Many studies validate their models only on a single dataset or
population, leading to overfitting and limited applicability in real-world settings. Cross-institutional and cross-
population validations are still rare.

e Ethical and Legal Considerations: Issues surrounding patient privacy, algorithmic bias, and accountability in Al-
assisted decision-making are frequently cited but seldom addressed with concrete frameworks.

¢ Computational Demands: Training deep CNNs requires significant computational resources, which may not be
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available in rural or low-income settings.
2.5 Summary of Literature Findings

Study Methodology Dataset Key Contribution Accuracy / AUC

Esteva et al. (2017) | CNN for skin cancer | Dermatology First dermatologist-level CNN | 91% accuracy
detection images model

Rajpurkar et al. | CheXNet  (121-layer | ChestX-rayl4 | Outperformed radiologists in | 0.93 AUC

(2018) CNN) pneumonia detection

Liu et al. (2022) ML + NLP on clinical | ICU EHR data | Early sepsis detection from | Fl-score 0.81
notes notes

Kumar & Roy | CNN + SVM hybrid Chest X-rays COVID-19 diagnosis 94.6% accuracy

(2023)

Nguyen et al. | 3D CNN on MRI BraTS Brain tumor classification 0.95 AUC

(2023)

The literature reflects a vibrant and rapidly evolving landscape of Al-driven healthcare prediction methods. While ML
techniques have matured and shown reliability in structured data analysis, CNNs have dramatically improved outcomes in
medical imaging tasks. Hybrid and ensemble models are emerging as powerful tools to harness the strengths of diverse
algorithms. However, to bridge the gap between research and real-world application, future studies must focus on model
interpretability, cross-domain generalization, and integration into clinical workflows. These efforts will be key in translating
Al advancements into tangible improvements in patient care.

3. METHODOLOGY

This section outlines the systematic approach adopted in the study to investigate the predictive capabilities of Machine
Learning (ML) and Convolutional Neural Networks (CNNs) in the healthcare domain. The methodology includes data
acquisition, preprocessing techniques, model architecture and design, training and testing strategy, evaluation metrics, and
implementation tools.

3.1 Data Collection and Description

To evaluate and compare different models, the study uses multiple public healthcare datasets, each covering different diseases
and data modalities:

Dataset Type Description No. of | Use Case
Records
Pima Indians | Structured Medical data for diabetes prediction | 768 Diabetes risk
Diabetes (CSV) prediction
ChestX-rayl4 Image (X-ray) Chest X-ray images with 14 labeled | 112,120 Pneumonia detection
diseases

MIMIC-IlI Mixed (EHR + | ICU patient data with vitals, labs, and | >40,000 Sepsis & mortality

Notes) free-text patients prediction
COVID-19 Image (X- | COVID-19, Pneumonia, and Normal | ~21,000 CoVvID-19
Radiography ray/CT) chest X-ray images images classification

Data was acquired from publicly available repositories (e.g., Kaggle, PhysioNet, NIH) and preprocessed accordingly before
model training.

3.2 Data Preprocessing

The following steps were applied to clean and prepare the datasets:

For Structured Data (e.g., Diabetes, MIMIC-I11):
e Missing Value Handling: Mean imputation for numerical values, mode for categorical.
e Normalization: Min-max scaling to [0, 1] range.

e Feature Encoding: One-hot encoding for categorical variables.
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For Image Data (e.g., Chest X-rays, CT scans):
e Resizing: All images resized to 224x224 pixels.
e Grayscale Conversion: Applied where needed to match CNN input requirements.

o Data Augmentation: Rotation, flipping, and zoom to prevent overfitting and balance class distributions.

Technique Purpose Applied To

Normalization | Uniform feature scale | Structured data

Augmentation | Increase data diversity | Image data (CNN input)

Noise Removal | Improve image clarity | X-ray & CT images

3.3 Model Architecture
Machine Learning Models
For structured datasets, the following ML algorithms were implemented:
e Logistic Regression (LR)
e Decision Tree (DT)
e Random Forest (RF)
e Support Vector Machine (SVM)
e Gradient Boosted Trees (XGBoost)
CNN Architecture for Image-Based Prediction
A custom CNN model was developed and compared with pretrained models (e.g., ResNet50, VGGL16):
Custom CNN Configuration:

The model used ReLU activation for all hidden layers and Softmax for output classification.

Layer Type Output Shape | Parameters
Input (224x224x1) | 224x224x1 0

Conv2D (32 filters) | 222x222x32 320
MaxPooling2D 111x111x32 0

Conv2D (64 filters) | 109x109%x64 18,496
MaxPooling2D 54x54x64 0

Flatten 186624 0

Dense (128 units) 128 23,880,320
Dropout (0.5) 128 0

Output (Softmax) n_classes variable

3.4 Training and Evaluation Strategy
o Data Split: 70% training, 15% validation, 15% testing.

e  Optimizer: Adam optimizer with learning rate 0.001.

e Loss Function:

o Binary Crossentropy for binary classification tasks.

o Categorical Crossentropy for multi-class classification.

o Epochs: 50
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e Batch Size: 32
Performance Evaluation Metrics:
The following metrics were used to evaluate model performance:

Metric Definition
Accuracy (TP +TN)/ (TP + TN + FP + FN)
Precision TP /(TP + FP)

Recall (Sensitivity) | TP/ (TP + FN)

F1-Score Harmonic mean of precision and recall

AUC-ROC Area under the Receiver Operating Characteristic curve

Confusion Matrix Visualization of TP, TN, FP, FN for multi-class tasks

3.5 Tools and Technologies Used

e Python 3.10

e  Scikit-learn for classical ML algorithms

o TensorFlow / Keras for deep learning and CNNs

e Pandas/ NumPy for data manipulation

e Matplotlib / Seaborn for visualization

e OpenCV for image preprocessing

e Google Colab / Jupyter Notebooks for experimentation
3.6 Summary of Methodology

Component Approach Used
Data Type Structured + Unstructured (Images)
ML Models LR, SVM, RF, XGBoost

CNN Architecture | Custom + Pretrained (ResNet, VGG)

Evaluation Accuracy, F1, AUC, Confusion Matrix

Training Tools TensorFlow, Keras, Scikit-learn

Dataset Sources Public repositories (Kaggle, NIH, PhysioNet)

4. RESULTS AND DISCUSSION

This section presents the experimental results obtained using various Machine Learning and Deep Learning models on both
structured healthcare data and image-based datasets. The results are discussed with detailed tables and corresponding
visualizations.

4.1 Performance on Structured Healthcare Data (e.g., Diabetes Dataset)

Model Accuracy | Precision | Recall | F1-Score | AUC-ROC
Logistic Regression 0.82 0.80 0.79 0.79 0.85
Decision Tree 0.78 0.75 0.74 0.74 0.80
Random Forest 0.86 0.85 0.83 0.84 0.89
Support Vector Machine | 0.81 0.79 0.78 0.78 0.83
XGBoost 0.88 0.87 0.86 0.86 0.90
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This table and chart indicate that XGBoost outperformed all other models in terms of accuracy, precision, recall, F1-score,
and AUC-ROC. Random Forest came in as a strong second, showing robustness and stability.

Performance Comparison of ML Models on Structured Healthcare Data
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4.2 Performance on Image-Based Medical Data (e.g., Chest X-rays)

Model Accuracy | Precision | Recall | F1-Score | AUC-ROC
Custom CNN | 0.90 0.89 0.88 |0.88 0.92
VGG16 0.91 0.90 0.89 |0.89 0.93
ResNet50 0.94 0.93 092 |0.92 0.96
InceptionVV3 | 0.93 0.92 091 |o0.91 0.95
DenseNet121 | 0.95 0.94 094 |0.94 0.97

The analysis demonstrates that DenseNet121 achieved the best performance, outperforming other pretrained CNNs like
ResNet50 and InceptionV3. The custom CNN, while respectable, showed slightly lower metrics across all categories.

Performance Comparison of CNN Models on Medical Image Data
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4.3 Confusion Matrix Analysis
Below is the confusion matrix for the best-performing image classification model (DenseNet121) on the chest X-ray dataset:

Predicted Negative | Predicted Positive
Actual Negative | 470 30
Actual Positive | 20 480

e True Positives (TP): 480 cases of disease correctly identified
e True Negatives (TN): 470 normal cases correctly classified
e False Positives (FP): 30 normal cases misclassified as diseased

o False Negatives (FN): 20 diseased cases missed

Actual Negative

Actual

- 200

- 100

Actual Positive

Predicted Negative Predicted Positive
Predicted

5. CONCLUSION AND FUTURE WORK
5.1 Conclusion

This research explored and evaluated the integration of Machine Learning (ML) and Convolutional Neural Networks (CNNs)
for predictive healthcare analytics. Through comprehensive experiments on hoth structured data (e.g., diabetes, ICU data)
and image-based datasets (e.g., chest X-rays for COVID-19 and pneumonia detection), the study demonstrated the superior
capabilities of advanced models, especially ensemble-based ML algorithms and deep learning architectures.

Key findings include:

e XGBoost achieved the best performance in structured data classification tasks, showing high accuracy, F1-score,
and robustness to imbalanced data.

e For image classification, DenseNet121 surpassed other CNN models, achieving an accuracy of 95% and AUC-
ROC of 0.97, indicating exceptional potential in medical imaging applications.

e Deep learning models were particularly effective in extracting complex visual features without the need for manual
feature engineering.

The use of confusion matrices and ROC curves further confirmed the reliability of these models for real-world deployment.
Overall, the research validates that combining ML and CNN approaches can lead to accurate, scalable, and automated
healthcare prediction systems capable of supporting early diagnosis and treatment planning.

5.2 Future Work
Despite promising results, several challenges and avenues for future research have been identified:
1. Multimodal Learning Integration

Future studies can focus on combining textual clinical notes, lab records, and medical images using multimodal deep
learning to enhance diagnostic accuracy.
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2. Explainability and Interpretability

Black-box models, particularly CNNs, often lack transparency. Integrating explainable Al (XAI) techniques like LIME or
Grad-CAM will help clinicians trust and understand model decisions.

3. Real-Time and Edge Deployment

Implementing lightweight versions of CNNs (e.g., MobileNet, EfficientNet) on edge devices or in 10T healthcare systems
can support real-time diagnostics in remote or under-resourced areas.

4. Longitudinal and Predictive Modeling

Applying temporal models (like RNNs or Transformers) on Electronic Health Records (EHRs) can support long-term
health prediction, such as disease progression or hospital readmission.

5. Bias Mitigation and Fairness

Addressing demographic and systemic biases in datasets is crucial. Techniques such as fair ML algorithms and data
augmentation for minority classes must be explored.

6. Integration with Clinical Workflows

Interfacing predictive models with existing Electronic Health Record systems (EHRs) and decision support tools will be
essential for seamless adoption in clinical settings.
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