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Abstract 

Background: Chest radiography is the most widely used diagnostic imaging modality. Yet its 
interpretation is challenged by limited radiology workforce, especially in low- and middle-income 
countries (LMICs). The interpretation is both time consuming and error-prone in high volume 
settings. Artificial Intelligence (AI) systems trained on public data may lack generalizability to multi-
view, real-world, local images. Deep learning tools have the potential to augment radiologists by 
providing real-time decision support by overcoming these. Objective: We evaluated the diagnostic 
accuracy of a deep learning-based convolutional neural network (CNN) trained on multi-view, 
hybrid (public and local datasets) for detecting thoracic abnormalities in chest radiographs of adults 
presenting to a tertiary hospital. Methods: A CNN was pretrained on large public datasets (VinBig, 
NIH) and fine-tuned on adult chest radiographs both frontal [posteroanterior (PA) and 
anteroposterior (AP)] from Tribhuvan University Teaching Hospital TUTH, Nepal. The dataset 
included emergency (ER), ICU, and outpatient (OPD) radiographs. Data augmentation simulated 
poor-quality images and artifacts (ECG wires, text labels, rotation, low exposure). Fourteen thoracic 
pathologies were annotated by 3 radiologists. Bounding boxes were refined using Weighted Boxes 
Fusion (WBF) and displayed in 14 unique colors for interpretability. The system was evaluated on a 
held-out test set (N=522) against radiologist consensus. Primary outcomes included AUC, sensitivity, 
specificity, mean average precision (mAP), and reporting time. Deployment feasibility was tested on 
Picture Archiving and Communication System (PACS) and in offline standalone mode. Results: The 
CNN achieved an overall AUC of 0.86 across 14 abnormalities, with 68% sensitivity,99% specificity, 
and 0.93 mAP. Colored bounding boxes improved clarity when multiple pathologies co-occurred 
(e.g., cardiomegaly with effusion). The system performed effectively on PA, AP, and lateral views, 
including poor-quality ER/ICU images. Deployment testing confirmed seamless PACS integration 
and offline functionality. Conclusion: The CNN trained on adult CXRs performed reliably in 
detecting key thoracic findings across varied clinical settings. Its robustness to image quality, 
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integration of multiple views and visualization capabilities suggest it could serve as a useful aid for 
triage and diagnosis. 

Keywords: chest X-ray; deep learning; convolutional neural network (CNN); diagnostic accuracy; 
artificial intelligence (AI) 
 

Introduction 

Chest radiography (CXR) is one of the most widely performed imaging investigations in clinical 
medicine due to its speed, affordability, and accessibility. (1) , (2) It is central to diagnosing a wide 
range of thoracic diseases including tuberculosis, pneumonia, pulmonary edema, pneumothorax, 
lung cancer, interstitial lung disease, and cardiomegaly. (3) , (4) , (5) , (6) , (7) Over two billion chest 
X-rays are obtained globally each year, yet timely and accurate interpretation remains a major 
bottleneck. (8) Accurate interpretation requires trained radiologists, who are scarce in many LMICs, 
for example, Malaysia has only 3.9 radiologists per 100,000 population, while Tanzania, with 58 
million people, has just about 60 radiologists. (9) , (10) In Nepal, the demand for chest radiographs in 
emergency, ICU, and outpatient settings exceeds the capacity of available specialists. Even in high-
income countries, radiologists face mounting workloads, leading to delays, reporting burnouts, and 
missed findings. (11) 

Manual CXR interpretation suffers from (i) human error in subtle or overlapping findings, (ii) 
fatigue-induced inconsistency with high daily caseloads, and (iii) limited specialist availability in 
remote regions. (12) , (13) , (14) Second opinions are known to change diagnoses in up to 21% of cases, 
underscoring the need for assistive tools that can enhance diagnostic consistency and reduce human 
error. (15) 

Deep learning-based CNNs have demonstrated potential for automated interpretation of 
medical imaging. (16) Unlike costly high-performance systems, efficient CNN architectures can be 
optimized for low-cost hardware and offline operation, making them suitable for deployment in 
LMIC contexts. (17) , (18) Beyond diagnostic accuracy, AI integration may reduce reporting time, 
energy use, and costs associated with centralized image processing. (19) 

AI-based CNNs show promise for automating chest radiograph interpretation. (18) Yet most 
prior models rely exclusively on clean public datasets, focus on PA views, and do not address co-
occurring abnormalities or real-world imaging artifacts. (20) Moreover, few are adapted to LMIC 
workflows requiring offline functionality and energy efficiency. 

This study addresses these gaps by evaluating a CNN pretrained on large public datasets and 
fine-tuned on a large, adult-only local dataset from Nepal. Unique contributions include inclusion of 
ER, ICU, and OPD cases; inclusion of AP and lateral views; resilience to poor-quality imaging; and 
interpretability features including 14-color bounding boxes and co-occurrence detection of 14 
pathologies: aortic enlargement, atelectasis, calcification, ILD, infiltration, lung mass/nodule, other 
lesion (bronchiectasis, hilar lymphadenopathy) mass/nodule, pleural effusion, pleural thickening, 
consolidation, pneumothorax, lung opacity, fibrosis, and cardiomegaly on frontal and lateral chest 
radiographs. 

This study evaluates the diagnostic performance of a CNN trained on large public datasets (N1 
publicly available images from the VinBig and NIH ChestX-ray14 and fine-tuned on local CXRs from 
adults in Nepal, tested on 522 adult (frontal and lateral view Xrays) assessing not only sensitivity and 
specificity but also its impact on radiologist workflow, and real-world deployment feasibility. The 
system is deployed through a lightweight, web based React/NodeJS interface compatible with edge 
GPUs. 
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Methods 

Study Design and Datasets 

This retrospective study developed an AI model using a hybrid dataset approach. Initial 
pretraining was performed on two public datasets: the Vin Bigdata Chest X-ray collection (5500 
images) NIH Chest X-ray dataset (1000 images). (21) , (22) For domain-specific fine-tuning, we 
curated a local dataset of adult chest X-rays from Tribhuvan University Teaching Hospital, sourced 
from Emergency Room, Intensive Care Unit, and Outpatient Department settings. Pediatric cases 
were excluded to avoid anatomical confounding. The local dataset included PA, AP, and lateral 
views, annotated for 14 thoracic pathologies by at least two qualified radiologists. The dataset was 
partitioned with strict patient-wise splitting into 70% training, 10% validation, and 20% testing sets 
to prevent data leakage. (Figure 1) 

 

Figure 1. CNN workflow pipeline depicting data sources, preprocessing and bounding box outputs. 

Dataset 
 
 
 
 

 
 
 
 

Preprocessing 
a. Resizing (converting all the images to fixed 640*640 resolution) 

 
    Originally 307 *307 resolution                                 640*640 resolution after resizing. 
 
 

b. Normalization: scaling the pixel intensity values to a smaller range between 0–1 
c. Augmentation 

 

                                           
Fig: Applied rotation towards left by 5 degrees for this image. Brightness, zooming and contrast variations 
applied.         

NIH 1000 

Vin Big 5500 

National dataset 2610 
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Preprocessing and Augmentation 

We implemented comprehensive preprocessing and augmentation strategies to enhance model 
generalization. All images underwent standardized normalization. To simulate real-world clinical 
challenges, we applied transformations including random rotation, noise injection, low exposure 
simulation, and Gaussian blur. The model was specifically trained to maintain performance despite 
common clinical artifacts such as text labels, wires, and ICU bed structures, ensuring robustness in 
diverse hospital environments. 

Model Architecture 

A computationally efficient lightweight Convolutional Neural Network architecture was 
selected to facilitate deployment in resource-constrained settings. The model was designed to 
generate precise bounding box predictions for localization of all 14 target pathologies. We 
implemented the Weighted Boxes Fusion technique to refine these predictions and enhance 
localization accuracy by intelligently combining overlapping detections. The final output presents 
refined bounding boxes overlaid on original X-ray images, with each pathology class assigned a 
distinctive color for immediate visual identification, accompanied by confidence scores for each 
detection. 

Evaluation Metrics 

Model performance was rigorously assessed using comprehensive metrics including Area 
Under the Receiver Operating Characteristic Curve, sensitivity, specificity, and mean Average 
Precision. We conducted a reader study to evaluate clinical utility, measuring the AI system’s 
integration ease with radiologists’ workflow. 

Deployment Testing 

The system was successfully integrated into the hospital’s Picture Archiving and 
Communication System (PACS), operating seamlessly within standard diagnostic workflows. We 
also developed a fully functional standalone offline mode capable of operating on standard laptops 
without internet connectivity. All AI-generated annotations, including color-coded bounding boxes 
and confidence scores, were made exportable as overlays within standard DICOM files, ensuring full 
interoperability with existing medical imaging infrastructure. 

Results 

Diagnostic Performance 

The deep learning model demonstrated good diagnostic accuracy across the 14 thoracic 
pathologies. The system achieved an overall area under the receiver operating characteristic curve 
(AUC) of 0.86, indicating strong discriminatory ability. Model sensitivity reached 68%, while 
specificity was maintained at 99%. The mean average precision (mAP) of 0.93 confirmed adequate 
localization capabilities for the bounding box predictions across all pathology classes. (Table 1) (Table 
2) (Table 3) 

Table 1. Per pathology prevalence in national test dataset. 

Pathology Positive Cases Prevalence Prevalence (%) 

Consolidation 155 0.2931 29.31 

Opacity 14 0.0265 2.65 
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Aortic Enlargement 22 0.0416 4.16 

Pleural Effusion 33 0.0624 6.24 

Pleural Thickening 15 0.0284 2.84 

Nodule/Mass 19 0.0359 3.59 

Cardiomegaly 36 0.0681 6.81 

Calcification 2 0.0038 0.38 

Pneumothorax 20 0.0378 3.78 

ILD 8 0.0151 1.51 

Atelectasis 148 0.2798 27.98 

Pulmonary Fibrosis 15 0.0284 2.84 

Infiltration 24 0.0454 4.54 

Other Lesion 5 0.0095 0.95 

Table 2. Per pathology diagnostic accuracy metrics. 

Pathology Sensitivity Specificity Precision F1_Score Accuracy NPV 

Consolidation 0.9615 0.9974 0.9921 0.9766 0.9885 0.9874 

Opacity 0.4375 1.0000 1.0000 0.6087 0.9828 0.9825 

Aortic Enlargement 0.3448 1.0000 1.0000 0.5128 0.9636 0.9629 

Pleural Effusion 0.6757 1.0000 1.0000 0.8065 0.9770 0.9759 

Pleural Thickening 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Nodule/Mass 0.8750 0.9980 0.9545 0.9130 0.9923 0.9940 

Cardiomegaly 0.6000 1.0000 1.0000 0.7500 0.9655 0.9636 

Calcification 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 

Pneumothorax 0.7500 0.9880 0.7143 0.7317 0.9789 0.9900 

ILD 0.5000 1.0000 1.0000 0.6667 0.9962 0.9962 

Atelectasis 0.9730 0.9947 0.9863 0.9796 0.9885 0.9894 

Pulmonary Fibrosis 0.9333 1.0000 1.0000 0.9655 0.9981 0.9980 
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Infiltration 0.5000 1.0000 1.0000 0.6667 0.9713 0.9704 

Other Lesion 0.0000 1.0000 0.0000 0.0000 0.9923 0.9923 

Mean 0.6822 0.9984 0.9034 0.7556 0.9854 0.9859 

Mean mAP:     0.93. 

Co-occurrence Detection and Visualization 

The model effectively identified singular and multiple co-occurrences of pathologies in one Xray 
in clinical setting. The unique 14-color bounding box system provided immediate visual 
differentiation, enabling rapid interpretation of different pathologies in a single Xray. Confidence 
score overlays further enhanced clinical utility by allowing prioritization of high-certainty detections 
during time-constrained readings. 

Table 3. Pathological classes co-occurrence detection and their frequency. 

Pathology Pair Co-Occurrence 

Count 

Co-Detection 

Prevalence 

Co-Detection 

(%) 

Consolidation + Atelectasis 21 0.0397 3.97 

Consolidation + Pleural 

Effusion 

8 0.0151 1.51 

Consolidation + Pleural 

Thickening 

7 0.0132 1.32 

Consolidation + Nodule/Mass 6 0.0113 1.13 

Consolidation + Cardiomegaly 6 0.0113 1.13 

Atelectasis + Pleural Effusion 6 0.0113 1.13 

Consolidation + Pulmonary 

Fibrosis 

5 0.0095 0.95 

Atelectasis + Pleural 

Thickening 

5 0.0095 0.95 

Consolidation + Opacity 4 0.0076 0.76 

Atelectasis + Nodule/Mass 4 0.0076 0.76 

Radiologist Performance Enhancement 

The uniquely color-coded detection system for 14 pathologies minimized radiologist confusion 
by eliminating same-color bounding box overlap, while confidence scores enabled prioritization of 
high-certainty findings. Integration of both lateral and frontal views further streamlined chest X-ray 
interpretation workflow. 
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Robustness and Generalization 

The model demonstrated potential for consistent performance across challenging imaging 
conditions, including poor-quality ICU anteroposterior films and lateral views with artifacts. This 
suggests possible robustness to technical variations that could support deployment in diverse clinical 
environments where ideal imaging conditions are not always achievable. 

 

Figure 2. Example outputs with 14-color bounding boxes on multi-pathology cases in Row 1(Frontal view) and 
Row 2 (Lateral view). 

Deployment and Integration 

The system was successfully integrated into the hospital’s PACS, operating seamlessly within 
existing clinical workflows. Offline functionality was confirmed on standard laptops without internet 
connectivity, ensuring reliable operation in resource-constrained settings. The exportable DICOM 
overlay capability-maintained compatibility with existing medical imaging infrastructure, facilitating 
smooth adoption into routine diagnostic processes. 
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Figure 3. ROC curve for the 14-class model. 
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Figure 4. Comprehensive diagnostic metrics for 14 classes of pathologies. 

Discussion 

AI tools have rapidly advanced chest radiograph interpretation, with CNNs demonstrating high 
diagnostic accuracy across large datasets such as NIH ChestX-ray14 (Wang et al., 2017) and MIMIC-
CXR (Johnson et al., 2019). (22) , (23) Studies by Rajpurkar et al. (2017) and Hofmeister et al. (2024) 
found that deep learning models achieved near-radiologist performance on curated datasets. (24) , 
(25) However, their generalizability to low- and middle-income countries (LMICs) remains limited. 
Most of these frameworks were developed using standardized posteroanterior (PA) films obtained 
in tertiary hospitals with consistent imaging quality and equipment calibration. (20) In contrast, 
LMIC hospitals frequently face variability in patient positioning, exposure, and machine type, which 
substantially affects image quality and limits the applicability of these models in real-world clinical 
practice. (26) 

Unlike prior CNN models limited to single-view datasets, our system incorporated multiview 
(anteroposterior, lateral, and portable) radiographs from diverse clinical environments, replicating 
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real-world imaging diversity and challenges not included in traditional public datasets. Certain 
pathologies such as retrocardiac consolidation, mediastinal widening, or small pleural effusions may 
only be apparent on the lateral projection, clarifying equivocal frontal findings. (27) Hashir et al. 
(2020) similarly found that training on lateral images reduced false negatives. (28) 

Our results demonstrated high average specificity (99%) and precision (90%), indicating reliable 
identification of normal studies and low false-positive rates. Sensitivity was variable across 
pathologies (average 68%), with the model performing best on common and well-defined findings 
such as consolidation, atelectasis, and pulmonary fibrosis, all of which showed F1-scores above 0.90. 
These pathologies likely benefited from clearer radiographic features and higher representation in 
the training set. Conversely, rarer conditions such as ILD, aortic enlargement, and other lesions 
exhibited low sensitivity, reflecting limited training examples and the inherent difficulty of 
recognizing subtle or heterogeneous imaging patterns, consistent with prior reports (Majkowska 2020 
; Seyyed-Kalantari et al., 2021). (29) , (30) Co-occurrence analysis revealed clinically plausible 
associations, such as consolidation with atelectasis or pleural effusion, supporting the model’s 
capacity to recognize physiologic relationships rather than isolated features. 

Studies by Liong-Rung et al (2022) and Kaewwilai et al. (2025) reported that clinicians often have 
to await formal radiology reports which can delay the detection of urgent findings such as 
pneumothorax, pleural effusion and pulmonary tuberculosis. (31) , (32) Several images may not be 
reviewed by a radiologist at all in LMICs, in high volume setting. Integrating AI systems for rapid, 
automated screening ensures that these studies are at least evaluated, with high-confidence cases 
flagged for radiologist review and immediate clinical attention. The use of color-coded bounding 
boxes and confidence-weighted outputs in our model facilitates transparent, interpretable triage, 
helping prioritize critical cases and support timely patient care. Similar confidence-driven 
approaches have proven effective in other screening contexts, such as detection of intracranial 
hemorrhage. (33) 

Although Transformer-based models (Chen et al., 2021, Touvron et al., 2020) offer high 
representational power, they require advanced hardware and stable internet access, conditions often 
lacking in LMIC settings. (34) , (35) , (36) In contrast, our lightweight CNN functions efficiently offline 
on standard hospital workstations, reducing infrastructure and energy demands and improving 
scalability. 

Limitations: 

This study was conducted retrospectively at a single tertiary hospital, which may restrict 
generalizability across regions and imaging devices. Class imbalance, particularly for rare conditions 
such as ILD and calcification, likely contributed to reduced sensitivity. Pediatric and neonatal 
populations were not included, despite their high disease burden in LMICs. Additionally, 
prospective workflow evaluation is needed to determine optimal confidence thresholds and their 
impact on real-world triage efficiency. 

Future Directions: 

Future studies should focus on multicenter validation across varied LMIC healthcare settings, 
inclusion of pediatric cohorts, and temporal performance assessment on prospective data. Expanding 
datasets for low-prevalence conditions and exploring class reweighting or synthetic augmentation 
may improve detection balance. Incorporating advanced explainability approaches such as attention-
based or information-theoretic visualization could further enhance clinician trust and integration into 
routine diagnostic pathways. 

Conclusion 

This study presents a CNN-based system for detecting 14 thoracic pathologies, designed to 
address the technical challenges of diverse clinical environments seen in everyday practice. Trained 
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on a hybrid, multi-view dataset (including AP, lateral, and portable films) and enhanced through 
data augmentation, the system demonstrated robust performance on poor-quality radiographs, 
achieving a mean average precision (mAP@0.5) of 93%. Its interpretability features of color-coded 
bounding boxes and visible confidence scores enable efficient multi-pathology detection and case 
prioritization. Deployable via both PACS-integrated and standalone interfaces, the system 
demonstrates potential as a scalable tool for triage and workflow efficiency, with a foundation for 
future expansion to rarer conditions. 
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ABBREVIATIONS 

LMIC – Low- and Middle-Income Countries 

AI – Artificial Intelligence 

CNN – Convolutional Neural Network 

AP – Average Precision 

PA – Posteroanterior (commonly used in radiology for chest X-rays) 

ER – Emergency Room 

OPD – Outpatient Department 

mAP – Mean Average Precision 

PACS – Picture Archiving and Communication System 

ILD – Interstitial Lung Disease 
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