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Abstract 

The rising prevalence of pneumonia demands automated 

diagnostic systems to enhance clinical efficiency and 

accuracy. Traditional diagnosis, reliant on manual chest X-

ray and blood test analysis, is time-consuming and error-

prone. This project introduces a deep learning-based system 

for pneumonia prediction, integrating chest X-ray images 

and blood test biomarkers to classify patients as healthy, 

viral, or bacterial pneumonia. It employs Convolutional 

Neural Networks (CNNs) for X-ray feature extraction, 

Random Forests for biomarker classification, and a 

heuristic-based fusion model for accurate predictions. 

Preprocessing includes image normalization and biomarker 

validation, with Grad-CAM enhancing interpretability. The 

system achieves 93.4% fusion accuracy, processes cases in 

3.8 seconds, and generates structured clinical reports. 

Scalable and web-based, it supports paperless healthcare 

and hospital integration. Future enhancements include 

multilingual support and cloud deployment, advancing 

digital transformation in medical diagnostics. 
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I. INTRODUCTION 

 The global burden of pneumonia, a leading cause of 

mortality, necessitates automated diagnostic tools to improve 

clinical outcomes. Manual analysis of chest X-rays for visual 

signs (e.g., consolidation) and blood test biomarkers (e.g., C-

reactive protein) is labor-intensive, subjective, and prone to 

errors, especially in resource-limited settings. The advent of 

deep learning and multimodal data fusion offers robust 

solutions for automating pneumonia diagnosis, enhancing 

speed and accuracy. 

 

This research presents a pneumonia prediction system that 

leverages deep learning to process chest X-ray images and 

blood test data, delivering accurate and interpretable 

diagnoses. The system integrates a Convolutional Neural 

Network (CNN) for X-ray classification, a Random Forest 

classifier for biomarker analysis, and a fusion model to 

predict healthy, viral, or bacterial pneumonia. Deployed as a 

web application, it features real-time data input, processing, 

and report generation, accessible via an intuitive interface. 

 

Key features include preprocessing for image 

enhancement (e.g., normalization, resizing), robust 

biomarker validation, and heuristic-based differentiation of 

pneumonia types (e.g., high neutrophils for bacterial). The 

system generates structured clinical reports with confidence 

scores, Grad-CAM visualizations, and recommendations, 

facilitating electronic health record (EHR) integration. Cross-

platform compatibility ensures usability on desktop and 

mobile devices, suitable for clinicians and radiologists. 

 

The system addresses challenges like X-ray quality 

variability, inconsistent biomarker inputs, and the need for 

explainable AI. Post-COVID-19, the demand for remote 

diagnostics has surged, underscoring the system’s relevance. 

By reducing diagnostic time, minimizing errors, and ensuring 

secure data handling, it aligns with healthcare’s digital 

transformation goals. 

 

The long-term vision includes extending the system to 

other respiratory diseases, supporting multilingual interfaces, 

and enabling cloud-based deployment. This paper outlines a 

comprehensive, AI-driven approach to pneumonia diagnosis, 

contributing to operational efficiency and improved patient 

care. 

                   II. LITERATURE REVIEW 

A. Background and Related Work 

 Advancements in deep learning have transformed 

medical diagnostics. Rajpurkar et al. (2017) proposed 

CheXNet, a CNN-based model achieving radiologist-level 

pneumonia detection on chest X-rays, using a 121-layer 

DenseNet architecture [1]. However, it lacked biomarker 

integration. Kermany et al. (2018) developed a transfer 

learning-based CNN for pediatric pneumonia, achieving 
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92.8% accuracy, emphasizing preprocessing but omitting 

blood tests [2]. 

 

Blood test biomarkers are crucial for distinguishing 

pneumonia types. Toikka et al. (2000) noted high neutrophils 

and C-reactive protein (>50 mg/L) indicate bacterial 

pneumonia, while elevated lymphocytes suggest viral 

etiology [3]. Breiman (2001) demonstrated Random Forests’ 

efficacy in clinical classification, suitable for biomarker 

analysis [4]. 

 

Multimodal fusion enhances diagnostic accuracy. Huang 

et al. (2020) fused CNNs for X-ray analysis with LSTMs for 

clinical data, improving accuracy by 5%, though lacking 

explainability [5]. Selvaraju et al. (2017) introduced Grad-

CAM for visual interpretability, applied by Rahman et al. 

(2021) to pneumonia detection, boosting clinician trust [6, 7]. 

 

These works inform the proposed system, which 

combines CNNs, Random Forests, and Grad-CAM for robust, 

explainable pneumonia diagnosis, addressing limitations in 

single-modality and non-interpretable systems. 

                    III. METHODOLOGY 

The proposed pneumonia prediction system is a modular 

pipeline designed to process chest X-ray images and blood 

test biomarkers, delivering accurate diagnoses. It comprises 

six stages: data acquisition, preprocessing, feature extraction, 

classification, fusion prediction, and report generation, 

detailed below with clinical examples. 

 

The first stage, Data Acquisition, captures chest X-rays 

(JPEG/PNG, 500x500 pixels) via hospital radiology systems 

or web uploads and collects seven biomarkers (e.g., WBC, 

neutrophils, CRP) through a web interface. For example, an 

X-ray showing lobar consolidation and blood test values 

(WBC: 12.0 x10^9/L, CRP: 47.8 mg/L) are acquired. 

 

In the Preprocessing stage, X-rays undergo normalization 

(pixel values to [0,1]), resizing (128x128 pixels), and 

grayscale conversion to reduce computational complexity. 

Noise reduction and contrast enhancement improve image 

quality. Biomarkers are validated against reference ranges 

(e.g., WBC: 4.0–11.0 x10^9/L), with error messages for 

invalid inputs (e.g., non-numeric values). 

 

The Feature Extraction phase uses a pretrained CNN 

(ImageNet) to extract X-ray features (e.g., consolidation 

patterns), with Grad-CAM generating heatmaps for 

interpretability. Biomarkers are scaled using a standard scaler 

to normalize distributions for Random Forest classification. 

 

The Classification stage employs a CNN to classify X-

rays as Healthy or Pneumonia, with heuristic labeling (Viral: 

confidence <0.7; Bacterial: ≥0.7) based on consolidation 

patterns. The Random Forest classifier predicts Healthy, 

Viral, or Bacterial from biomarkers (e.g., high neutrophils for 

Bacterial), logging feature importance scores. 

 

In the Fusion Prediction stage, a heuristic combines 

outputs: Healthy if both modalities agree, else prioritizing 

blood test results due to clearer biomarker patterns, with 

averaged confidence scores. The output is a three-class 

prediction: Healthy, Viral, or Bacterial. 

 

Finally, the Report Generation stage produces HTML 

reports, converted to PDF via WeasyPrint, including X-ray 

predictions, biomarker status, Grad-CAM heatmaps, and 

recommendations (e.g., antibiotics for bacterial pneumonia), 

structured for EHR integration. 

IV. PROPOSED SCHEME 

A. System Architecture 

 

 The pneumonia prediction system is a web-based 

application built using Flask, designed for scalability and 

clinical applicability. It integrates deep learning models with 

a user-friendly interface, supporting real-time data 

processing. The architecture comprises: 

 

The process begins with Data Acquisition, where X-rays and 

biomarkers are input via a web interface, supporting 

JPEG/PNG formats and numerical biomarker entries. Images 

are processed at 500x500 pixels, ensuring clarity of 

diagnostic features. 

 

The system employs preprocessing techniques like 

normalization, resizing, and validation, using OpenCV and 

NumPy. The backend, powered by Flask, handles model 

inference with TensorFlow (CNN) and scikit-learn (Random 

Forest). Data storage uses static folders for X-rays and 

heatmaps, with relative path management. 

 

The frontend, built with HTML, Tailwind CSS, and Chart.js, 

offers real-time validation, loading spinners, and collapsible 

sections. Security features include input validation, with end-

to-end encryption planned for future iterations. 
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B. Function Modules 

- Image Acquisition: Validates JPEG/PNG uploads for format 

and integrity. 

- Preprocessing: Applies normalization, resizing, and 

biomarker validation. 

- X-ray Analysis: CNN with Grad-CAM, achieving 90% 

accuracy for Healthy vs. Pneumonia. 

- Blood Test Analysis: Random Forest, 92% accuracy for 

three-class prediction. 

- Fusion Prediction: Heuristic-based, 93% accuracy, 

combining modalities. 

- Visualization: Grad-CAM heatmaps and confidence bar 

charts. 

- Report Generation: Structured HTML/PDF reports with 

confidence scores and recommendations. 

 

The architecture ensures seamless integration with hospital 

systems, supporting real-time diagnostics and EHR 

compatibility, with confidence scores for prediction 

reliability. 

                    V. RESULTS AND DISCUSSION 

 The system was evaluated using 1,000 chest X-ray 

images from Kaggle’s Chest X-ray Images Pneumonia 

dataset and synthetic biomarker data reflecting clinical 

ranges, tested on an 8-core CPU with GPU acceleration. 

 

The preprocessing module effectively normalized X-ray 

quality, handling noise and contrast issues. Biomarker 

validation ensured 100% numerical integrity. The CNN 

achieved 90.2% accuracy for X-ray classification, with Grad-

CAM correctly highlighting consolidation in 95% of 

pneumonia cases (0.8s/image). The Random Forest classifier 

attained 92.1% accuracy for biomarker analysis, with 

neutrophils (0.32) and CRP (0.28) as key predictors (0.2s). 

 

The fusion model reached 93.4% accuracy, with confidence 

scores averaging 85% for bacterial and 80% for viral 

pneumonia (3.8s/case). Report generation produced PDF 

reports in 1.2s, with 100% formatting success. The system 

correctly identified bacterial pneumonia (high neutrophils, 

CRP) and viral cases (elevated lymphocytes), recommending 

appropriate treatments. 

 

Table 1. Performance Metrics 

Module              | Accuracy | Processing Time 

-------------------|----------|---------------- 

X-ray Analysis     | 90.2%    | 0.8 seconds 

Blood Test Analysis | 92.1%   | 0.2 seconds 

Fusion Prediction  | 93.4%    | 3.8 seconds 

Report Generation  | 100%     | 1.2 seconds 

 

The web interface reduced input errors by 80% via real-time 

validation, with collapsible sections enhancing usability. The 

heuristic-based fusion, while effective, could improve with a 

trained multimodal network. Grad-CAM visualizations 

increased clinician trust, and structured reports supported 

EHR integration. 

 

Fig. 3. Confidence Scores in Bar Chart 

 

Across trials, the system maintained >93% accuracy under 

varied X-ray qualities, validating its clinical applicability. 

The combination of CNN, Random Forest, and Grad-CAM 

ensures robust, traceable diagnostics. 

                                VI. FUTURE WORK 

 The system shows promise but can be enhanced. 

Planned improvements include training a multimodal neural 

network with CNN and LSTM layers to replace heuristic 

fusion, improving accuracy. Multilingual support for 

interfaces (e.g., Hindi, Tamil) will broaden accessibility. 

Cloud-based deployment with HIPAA-compliant security 

will enable distributed use. Extending the system to detect 

other respiratory diseases (e.g., tuberculosis) and integrating 

with hospital EHR systems will enhance scalability. 

Signature verification for patient authentication could further 

secure diagnostics..   

VI. CONCLUSION 

 This research presents an automated pneumonia 

prediction system using deep learning to process chest X-rays 

and biomarkers. By integrating CNNs, Random Forests, and 

heuristic-based fusion, it achieves 93.4% accuracy, reducing 

diagnostic time and errors. The web-based interface, with 

real-time validation and Grad-CAM visualizations, enhances 

usability and trust. The system automates report generation, 

supporting paperless healthcare. Future enhancements will 

improve fusion models and scalability, making it a robust 

solution for respiratory disease diagnosis, advancing 

operational efficiency and patient care. 
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