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Abstract- Lung fibrosis is a chronic and progressive 

respiratory disease characterized by scarring of lung tissue, 

leading to reduced lung function and, in severe cases, 

respiratory failure. Early detection is critical for timely 

intervention and improved patient outcomes. Traditional 

diagnostic methods rely heavily on manual interpretation of 

imaging data and clinical records, often causing delays due to 

subtle early-stage manifestations. 

 

This project proposes an AI-enhanced Early Lung 

Fibrosis Detection Platform that integrates medical imaging 

and patient clinical records to improve diagnostic accuracy 

and efficiency. Using a multimodal data fusion approach, the 

system combines imaging features with electronic health 

record insights to classify patients into categories such as 

normal, early-stage lung fibrosis, and advanced fibrosis. By 

providing intelligent decision support, the platform assists 

clinicians in early diagnosis, reduces ambiguity, and promotes 

faster treatment planning. 
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I. INTRODUCTION 

 

Lung fibrosis, including idiopathic pulmonary 

fibrosis (IPF), is marked by progressive scarring of lung 

parenchyma, which reduces oxygen transfer efficiency and 

can ultimately result in respiratory failure. Early- stage 

detection is critical since therapeutic interventions—such as 

antifibrotic drugs, pulmonary rehabilitation, and lifestyle 

modifications—are most effective before extensive tissue 

damage occurs. 

 

Conventional diagnostic methods include chest 

Xrays, high-resolution computed tomography (HRCT), and 

pulmonary function tests (PFTs). While effective in advanced 

stages, these methods often fail to detect early fibrosis due to 

subtle structural changes and overlapping symptoms with 

other lung conditions. Manual interpretation of medical 

images is time consuming and prone to inter-observer 

variability, leading to delayed or inconsistent diagnoses. 

 

Artificial Intelligence (AI) and machine learning 

(ML) can transform early fibrosis detection. By processing 

imaging data, extracting complex features, and integrating 

patient clinical records, AI models can uncover patterns 

invisible to human eyes. Multimodal approaches, combining 

imaging and clinical features, enhance predictive accuracy and 

reduce diagnostic ambiguity. 

 

Deep learning architectures, particularly 

convolutional neural networks (CNNs) and hybrid ensemble 

models, are capable of analyzing high dimensional data such 

as CT scans while integrating patient demographics, lab 

results, and historical clinical records. Deploying such models 

in a clinical decision support system (CDSS) can assist 

physicians in identifying early fibrosis, stratifying risk, and 

prioritizing patients for intervention. 

 

Challenges remain, including the scarcity of labeled 

early-stage fibrosis datasets, variability in imaging quality 

across hospitals, and the need for explainable AI to ensure 

clinician trust. This project addresses these challenges by 

leveraging multimodal data fusion, robust preprocessing 

pipelines, and adaptive learning mechanisms to improve early 

detection of lung fibrosis, optimize workflow efficiency, and 

enhance patient outcomes. 

 

II. LITERATURE SURVEY 

 

Numerous studies demonstrate the efficacy of AI in 

pulmonary disease detection and early fibrosis identification: 

 

1. Sharma et al. (2023) evaluated CNNs for lung disease 

classification and noted high accuracy in detecting 

fibrotic patterns, though early-stage identification 

remained challenging due to subtle texture changes. 

2. Oza and Patel (2024) proposed multimodal AI models 

combining CT imaging and clinical records. Their work 

emphasized improved predictive performance when 

structured and unstructured data are integrated. 
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3. Rana et al. (2024) explored autoencoders for anomaly 

detection in CT scans, identifying subtle deviations in 

lung tissue that traditional radiology might miss. 

4. Aggarwal et al. (2025) analyzed ensemble learning 

approaches to classify fibrosis stages using heterogeneous 

datasets. Random forests and gradient boosting yielded 

superior accuracy in stage-specific classification. 

5. Li and Wang (2025) focused on segmentation of fibrotic 

regions in HRCT images using deep learning, 

highlighting the importance of preprocessing, lung 

isolation, and feature extraction. 

6. Patel et al. (2025) introduced a hybrid approach 

combining supervised classification for known fibrosis 

patterns and unsupervised anomaly detection for early-

stage changes. 

7. Nguyen et al. (2026) developed adaptive learning models 

capable of updating with new imaging and clinical data, 

ensuring sustained detection performance as protocols 

evolve. 

8. Chen et al. (2026) investigated multimodal fusion 

strategies, combining CNN-extracted imaging features 

with structured clinical features via neural network-based 

fusion, improving early-stage detection rates. 

 

These studies collectively indicate that integrating 

imaging with clinical data and employing adaptive, 

multimodal AI frameworks is the most promising approach for 

early lung fibrosis detection. 

 

III. PROPOSED WORK 

 

The proposed system integrates imaging and clinical 

data into a robust AI platform for early lung fibrosis detection. 

The workflow is designed to ensure accurate, reliable, and 

clinically interpretable predictions while maintaining 

adaptability to new datasets. 

 

A. Data Collection 

 

The dataset forms the foundation of the system and includes: 

 

 High-resolution CT scans and X-rays: To capture 

structural changes, fibrotic patterns, and early-stage 

abnormalities in lung tissue. 

 Pulmonary function test (PFT) results: Including 

forced vital capacity (FVC), diffusing capacity of the 

lungs for carbon monoxide (DLCO), and other 

metrics indicative of lung function decline. 

 Blood test results: Biomarkers such as Creactive 

protein (CRP), KL-6, and surfactant proteins 

associated with fibrotic progression. 

 Patient medical histories: Demographics, smoking 

history, comorbidities, medications, and previous 

respiratory illnesses. 

 

Data are collected from multiple hospitals, research 

repositories, and anonymized clinical datasets to ensure 

heterogeneity. This diversity supports robust model training 

across different age groups, disease stages, and imaging 

devices, improving generalization and real-world applicability. 

 

B. Preprocessing 

 

Preprocessing is critical to reduce noise, normalize data, and 

prepare inputs for effective model training: 

 

 Imaging Data: o Noise reduction using median or 

Gaussian filters to improve image quality. 

 

 
Intensity normalization and using one-hot encoding or ordinal 

resizing to standard dimensions for encoding.  

 

CNN input. 

 

 Normalization of numerical 

 Lung segmentation using U-Net or features (e.g., lab 

test values) to mask-based algorithms to isolate 

ensure comparable scales for model lung regions, 

removing irrelevant training. structures such as ribs 

or heart 

 

Feature Extraction: shadows.  
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 Imaging features: Texture, o Data augmentation 

techniques, intensity distribution, fibrotic including 

rotation, flipping, and pattern quantification, edge 

scaling, to enhance model descriptors from 

segmented lungs. robustness and prevent overfitting. 

 Clinical Data: detection, and shape Cleaning and 

handling missing values using imputation techniques  

 Clinical features: Pulmonary like k-nearest 

neighbors (KNN) or function parameters, blood 

multiple imputation by chained 

biomarkers,demographic variables, equations 

(MICE). And comorbidity indicators. o Feature 

encoding for categorical 

variables (e.g., sex, smoking status) 

 

The platform uses a multimodal AI approach 

combining deep learning for imaging data and machine 

learning for clinical data: 

 

C. Model Development 

 

1. Imaging Analysis: 

 

o Convolutional Neural Networks 

 

(CNNs) identify spatial and textural patterns 

associated with fibrosis, learning hierarchical features from 

raw images. o Advanced architectures like ResNet or 

DenseNet are employed to improve feature extraction and 

prevent vanishing gradient issues in deep networks. 

 

Segmentation-based CNNs highlight fibrotic regions 

and quantify disease extent, providing visual interpretability 

for clinicians. 

 

2. Clinical Analysis: 

 

o Structured patient data are analyzed using ensemble 

machine learning models such as Random Forest, 

XGBoost, and Gradient Boosting. 

o Models are trained to predict fibrosis risk and classify 

disease stage based on clinical metrics. 

o Feature importance analysis identifies the most 

influential clinical variables, enabling explainable 

predictions and supporting clinician trust. 

 

 Multimodal Fusion: o Outputs from imaging and 

clinical models are combined using neural network-

based fusion layers or weighted ensemble methods. 

 

o This fusion approach integrates 

complementary information, improving 

classification accuracy for early-stage 

fibrosis, which often presents with subtle 

imaging changes. 

o The final model predicts patient categories: 

normal, early fibrosis, or advanced fibrosis, 

and outputs confidence scores for each 

prediction. 

 

D. Validation and Evaluation 

 

Rigorous validation ensures reliability and robustness of the 

system: 

 

o Cross-validation: K-fold cross-validation 

across multiple hospital datasets ensures 

generalizability and reduces overfitting. 

o Performance Metrics: Accuracy, precision, 

recall, F1-score, area under the ROC curve 

(AUC), and confusion matrices are 

evaluated for stage-specific performance. 

o Error Analysis: Misclassified cases are 

examined to identify limitations, improve 

preprocessing, or refine model parameters. 

o External Validation: Independent datasets 

from different hospitals are tested to confirm 

system applicability in real-world clinical 

settings. 

 

E. Deployment 

 

The platform is deployed as a clinical decision 

support system (CDSS) with real-time processing capabilities: 

 

o Risk Scores and Alerts: High-risk patients 

are flagged for early intervention. Alerts are 

prioritized based on confidence levels and 

clinical urgency. 

o Visualization: Fibrotic regions are 

highlighted on CT scans, enabling clinicians 

to visually confirm AI findings. Heatmaps 

from Grad-CAM or attention maps enhance 

interpretability. 

o Continuous Learning: The system updates 

periodically with new patient data, adapting 

to evolving imaging protocols and 

population characteristics. 

o Integration: The CDSS can be integrated 

with hospital EHR systems for streamlined 

workflow, enabling automatic updates, 

report generation, and physician 

notifications. 
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o User Interface: Interactive dashboards 

allow clinicians to query patient histories, 

visualize imaging results, and review AI 

predictions, promoting informed 

decisionmaking. 

 

F. Advantages of the Proposed System 

 

o Early detection of fibrosis before symptoms 

become clinically significant. 

o Reduction in misdiagnosis and false 

negatives through multimodal data fusion. 

o Enhanced clinician workflow efficiency, 

reducing manual review time. 

o Scalable design capable of integration with 

hospital networks and future expansion to 

other pulmonary diseases. 

 

IV. RESULTS AND DISCUSSION 

 

The system was tested on a multi-institution dataset 

of 5,000+ CT scans and corresponding clinical records. 

 

Performance Metrics  

 

Metric Value Description 

Correct classification across fibrosis 

Accuracy 93% stages 

True positive rate for early-stage Precision 90% 

detection 

Ability to identify all actual fibrosis 

symptoms worsened, enabling timely antifibrotic 

therapy. 

o Patient B: Advanced fibrosis correctly 

classified, confirming need for 

comprehensive management and 

monitoring. 

 

V. CONCLUSION 

 

This project highlights the potential of AI-enhanced 

multimodal analysis for the early detection of lung fibrosis. By 

combining advanced imaging techniques with patient clinical 

records, the platform effectively identifies subtle fibrotic 

patterns that are often missed in traditional diagnostic 

workflows. 

Recall 92% 

 

F1-Score 91% 

 

cases 

Balanced measure of precision and recall 

Key outcomes include improved early-stage 

detection, streamlined clinical decision support through risk 

scoring and visualization, and optimized healthcare resource 

allocation by enabling timely interventions. The system 

demonstrates significant promise in 

Detection Performance Over Time 

 

False Early Clinician Time Detection Period Rate 

(%) 

Alerts Intervention Feedback (%) Rate (%) (1-10) 

Month 

85 

1 

7 12 7.8 

Month 

89 

3 

 

5 
 

18 
 

8.3 

Month 

92 

6 

 

3 

 

23 

 

9.0 

Month 

93 

 

2 

 

27 

 

9.5 

 

12 

 

The platform successfully detects subtle early-stage 

fibrotic changes, reduces false negatives, and supports timely 

interventions. Clinicians reported increased confidence in 

early-stage diagnoses and improved workflow efficiency. 

 

Case Study Example: 

 

Patient A: Early-stage fibrosis detected via fused imaging-

clinical model, flagged before reducing misdiagnosis, 

improving patient outcomes, and supporting clinicians with 

actionable insights. 

 

Looking forward, the platform can be enhanced 

through longitudinal patient monitoring, integration with 

hospital electronic health record (EHR) systems for real-time 

alerts, explainable AI modules to ensure model transparency, 

and expansion to other pulmonary diseases such as COPD and 

asthma. 

 

Overall, this AI-driven framework represents a 

scalable, efficient, and clinically relevant approach to 

respiratory healthcare, offering the potential to transform early 

lung disease detection and improve patient care. 
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