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ABSTRACT

Interpretation of chest radiographs is a significant aspect of clinical diagnosis; however, traditional manual reporting systems are
time-consuming, cumbersome, and prone to interobserver variability. With global demand for fast, high-quality diagnostic services,
particularly in resource-limited settings, automated platforms are becoming increasingly critical. This study presents an artificial
intelligence (AI)-based automated reporting system for chest X-ray using deep-learning algorithms to enhance diagnostic quality
and support sustainable healthcare delivery. Five state-of-the-art convolutional neural network models, InceptionV3, EfficientNet,
DenseNet, ConvNeXt, and VGG-16, were compared and trained on the National Institutes of Health chest X-ray dataset consisting
of 10,000 front-view images with corresponding diagnostic labels. The models were evaluated using accuracy, precision, recall, F1
score and area under the curve. VGG-16 achieved the highest performance (93.88% accuracy) and showed superior stability in pro-
ducing clinically applicable diagnostic reports. Unlike previous studies where models such as ResNet, U-Net with DeCovNet, and
initial VGG-16 implementations faced overfitting and task restrictions, our enhanced VGG-16 model addressed these limitations
through improved training and multilabel classification. This system increases radiology reporting productivity and reproducibility
while promoting sustainable healthcare through paperless digital operations and, thus, reduced environmental impact.

Keywords: chest radiography, deep learning, VGG-, NIH dataset, radiology automation, sustainability

. INTRODUCTION

X-ray image interpretation and report generation are integral
tasks for medical professionals and typically involve significant
time and effort. Manual radiographic analysis can lead to incon-
sistent or delayed results. This study explores an artificial intelli-
gence (AI)-based solution using convolutional neural networks
(CNNs) to automate chest X-ray interpretation and generate
radiologist-level reports. Medical imaging is essential for treat-
ment and diagnostic procedures 1, and AI addresses the problems
of increasing imaging volumes, staff shortages, and the need for
fast yet accurate reporting.

Chest radiography remains one of the most frequently used
diagnostic modalities in modern clinical practice because of its
availability, low cost, and wide application in diagnosing thoracic
diseases such as pneumonia, tuberculosis, and lung carcinoma.
However, chest radiograph interpretation is a time-intensive pro-
cess with risks of interobserver variability and human error. The
growing demand for radiological examinations has placed enor-
mous pressure on medical systems, particularly in regions with
limited access to trained radiologists, leading to diagnostic and
treatment delays.

Deep learning and artificial intelligence technologies provide
promising avenues for automating medical image analysis. CNNs

have demonstrated impressive performance in computer vision
tasks, including medical diagnosis 2. These models can efficiently
learn complex features from medical images, facilitating accurate
and efficient disease diagnosis 3.

Among the various CNN architectures, VGG-16 is a robust
and efficient model because of its architectural simplicity and
depth, achieving high accuracy in image classification tasks 4.
Building on these strengths, we developed an optimized AI model
for automated chest X-ray interpretation. Our approach utilizes a
pretrained VGG-16 model, trained and tested on 10,000 frontal-
view chest X-ray images from the National Institutes of Health
(NIR) chest X-ray dataset 5; each image was linked to up to 14
thoracic disease labels. The primary goal was to enhance diagnos-
tic precision, reduce interpretation inconsistency, and support
clinical decision-making through reproducible, automated chest
radiograph analysis. The experimental results demonstrate that
VGG-16 outperforms several state-of-the-art CNN models with
a classification accuracy of 93.88%, highlighting its capability for
chest X-ray interpretation.

Additionally, integrating AI systems into radiological pro-
cesses promotes environmental sustainability through digital,
paperless reporting, reducing reliance on traditional film-based
imaging methods, and decreasing the environmental footprint of
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healthcare services 6. This study highlights the dual benefits of AI
in improving diagnostic accuracy while enabling environmentally
sustainable medical practices.

The primary contributions of this research include:
Enhancing Radiology Efficiency and Diagnostic Precision:
This study proposes an AI-driven system for automated chest X-
ray interpretation using the VGG-16 model to improve diagnos-
tic precision, reduce interpretive variability, and decrease radiol-
ogist workload through automated thoracic pathology detection.
Improving Diagnostic Accessibility in Under-resourced Set-
tings: Through automated chest radiograph interpretation, the
system enhances diagnostic services in rural, remote, and under-
resourced healthcare centers lacking professional radiologists.
Standardizing Diagnostic Reporting through AI-Based Sys-
tems: The system generates consistent and standardized diag-
nostic reports that support clinical decision-making and facilitate
interdisciplinary communication among healthcare teams.
Advancing Environmentally Sustainable Radiology Prac-
tices: The computerized, paperless reporting system promotes
green healthcare by reducing dependence on conventional film-
based radiology products, thereby supporting environmental sus-
tainability in medical diagnosis.

.. Research Questions. The following research ques-
tions were created to meet the stated objectives:
RQ1: How effective is the proposed AI-based chest X-ray inter-
pretation model developed using the NIH Chest X-ray dataset in
terms of diagnostic accuracy and consistency?
RQ2: How does the system ensure reliable diagnostic reporting
of chest pathologies?
RQ3: What are the primary advantages of using AI-based report-
ing for chest X-rays compared to conventional manual radiology
reporting?
RQ4: How can this AI-driven reporting system enhance health-
care delivery, particularly in settings with limited radiology infras-
tructure?
RQ5: How do the quality and reliability of AI-generated reports
compare to those produced by expert radiologists?
RQ6: What are the quantifiable environmental benefits achiev-
able through transitioning from conventional paper-based radi-
ology practices to AI-based digital reporting systems?
RQ7: What ethical, legal, and clinical challenges must be
addressed for the successful integration of AI-based diagnostic
systems into routine clinical practice?

.. Related Works. Magalhães et al. 7 utilized NIH and
Indiana University (IU) chest X-ray (CXR) datasets with a model
combining Swin transformer (image encoder) and GPT-2 (text
decoder) with cross-attention (CA) mechanisms. This approach
uses hierarchical features and bilingual training (English and Por-
tuguese), achieving ROUGE-L score of 0.404 (NIH) and 0.748
(bilingual), and METEOR score of 0.393 and 0.741, respectively,
demonstrating effective coherent report generation.

Dansana et al. 8 evaluated 360 images (18 Streptococcus, 295
COVID-19, and 16 SARS) using tuned VGG-19, Inception V2,
and decision tree classifiers. VGG-19 achieved the highest per-
formance at 91%, indicating potential utility for early COVID-19
diagnosis; however, this study has been retracted.

Yang et al. 9 presented a model combining a learned knowl-
edge base with multimodal alignment mechanisms to enhance
alignment between radiology reports, disease labels, and images.
When evaluated on IU-X-ray and MIMIC-CXR datasets, the
models achieved state-of-the-art language generation and clini-
cal accuracy, demonstrating the capability for generating relevant
and accurate radiology reports.

Pang et al. 10 surveyed deep learning methods for medical
report generation using IU X-ray and MIMIC-CXR datasets .
These methods include hierarchical recurrent neural networks
(RNNs), attention mechanisms, CNN–long short-term memory
(LSTM) architectures, and reinforcement learning approaches.
The models achieved BLEU-2 scores of 0.829 and ROUGE-
L score of 0.701 with high textual similarity. However, these
metrics prioritize lexical overlap, requiring additional clinically
relevant evaluations.

Liu et al. 11 proposed an innovative solution for automated
chest X-ray report generation using a contrastive attention (CA)
mechanism with aggregate and differentiate sub-components.
When deployed on the IU-X-ray and MIMIC-CXR datasets,
the model with multi-attention and CA achieved a clinical F1
score of 0.303 on MIMIC-CXR, demonstrating improved clinical
accuracy in AI-based report generation.

El Asnaoui and Chawki et al. 12 developed COVID-19 clas-
sification models using chest X-ray and computerized tomogra-
phy (CT) images from Kermany et al. (“5 856” images) and
Cohen et al. (>6000 images) datasets for pneumonia, coron-
avirus, COVID-19, and normal classifications. They evaluated
deep CNNs with transfer learning (VGG-16, DenseNet201,
and Inception-ResNet-V2), finding that Inception-ResNet-V2
achieved the highest accuracy (approximately 92.18%), followed
by DenseNet201 (approximately 88.09%), demonstrating strong
potential for COVID-19 classification.

Zargari Khuzani et al. 13 analyzed 420 chest radiographs
(140 each for normal, COVID-19, and non-COVID pneumo-
nia cases). They extracted features (texture, fast-Fourier trans-
form, wavelet, gray level co-occurrence matrix (GLCM) and gray
level dependence matrix (GLDM)) with feature reduction and
trained a multilayer neural network with two hidden layers. The
model achieved approximately 94% accuracy for COVID-19 ver-
sus other pneumonia discrimination, proving useful for rapid and
accurate diagnosis.

Gifani et al. 14 evaluated 349 COVID-19 positive and 397 neg-
ative CT scans using a weighted combination of 15 pretrained
CNN models with transfer learning. The weighted ensemble
achieved 85.0% accuracy, demonstrating effective automated
COVID-19 detection.

Song et al. 15 analyzed 88 COVID-19 cases, 101 bacterial pneu-
monia cases, and 86 normal cases using a deep-learning pneu-
monia model with automated deep learning for diagnosis. The
model achieved 86.0% accuracy, confirming its effectiveness in
diagnosing COVID-19 using CT scans.

. METHODOLOGY

The main principle of our approach is depicted in the block dia-
gram in Figure 1. In this section, we present a systematic method-
ology for model creation, data preprocessing, data collection, and
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Table 1. Summary of related works

Ref. Dataset Techniques Accuracy

Magalhães et al. 7 NIH Chest X-ray, IU X-ray Multimodal transformer (Swin
Transformer + GPT-2),
bilingual datasets

ROUGE-L ≈ 0.404–0.748,
METEOR ≈ 0.393-0.741

Dansana et al. 8 X-ray and CT scan images (360
images)

Tuned VGG-19, Inception V2,
decision tree

Best 91% (VGG-19)

Yang et al. 9 IU-Xray, MIMIC-CXR Learned knowledge base,
multimodal alignment

79.5% (MIMIC-CXR)

Pang et al. 10 IU X-ray, MIMIC-CXR, COVID-
19, spinal and skin image sets

Hierarchical RNN,
attention-based frameworks,
reinforcement learning

Up to 0.829

Liu et al. 11 IU X-ray, MIMIC-CXR Contrastive attention (aggregate
and differentiate attention)

F1 score = 0.303

El Asnaoui & Chawki et al. 12 Chest X-ray and CT (Kermany
et al., 2018)

VGG-16, VGG-19,
DenseNet201,
InceptionV3,ResNet50,
Inception-ResNet-V2

Inception-ResNet-V2 ≈ 92.18%

Zargari Khuzani et al. 13 420 Chest X-rays (normal, COVID-
19, non-COVID pneumonia)

Texture, FFT, wavelet, GLCM,
GLDM, MLP classifier

≈ 94%

Gifani et al. 14 349 COVID-19 (+) and 397
COVID-19 (-) CT images

Fifteen pre-trained CNN models 85.00%

Song et al. 15 88 COVID-19, 101 bacterial
pneumonia, 86 normal CT
images

Deep pneumonia model 86.00%

performance evaluation to address the research objectives. It dis-
cusses the rationale for selecting particular deep learning models
and tools to ensure clarity, reproducibility, and contextualization
of results within AI-based medical diagnosis.

.. Data Collection. We used a subset of the NIH
chest X-ray dataset, specifically a collection of 10,000 frontal-
view images available on Kaggle for free download. Although
the complete dataset contains 112,120 images, we only used
a subset. The images were labeled with up to 14 thoracic dis-
ease categories (e.g., atelectasis, cardiomegaly, and pneumonia)
using natural language processing (NLP) techniques with greater
than 90% accuracy. The accompanying comma-separated value
(CSV) metadata includes patient ID, age, gender, view posi-
tion, and image dimensions, which were utilized during prepro-
cessing. Image were resized to 224 × 224 pixels to match the
input requirements of the deep learning models (InceptionV3,
EfficientNet, ConvNeXt, and VGG-16). All experiments were
conducted using Google Colab for efficient model training and
testing.

.. Preprocessing. Data preprocessing is essential to
ensure data quality, consistency, cleanliness, and proper structure
for successful analysis.

.. HandlingMissing Values. The missing value matrix
plot (Figure 2) of the X-ray dataset provides a graphical repre-
sentation of data completeness for each row and feature. Features
are depicted as columns and data entries as rows in the plot. The
absence of white lines or gaps indicates no missing values in any
dataset column. In this image, dark bars represent non-missing

values. The dataset contains 10,000 rows and 11 columns, as indi-
cated by the axis labels, and the dark shading across all rows and
columns confirms the dataset is complete with on missing values .
This ensures that no imputation, deletion, or special treatment of
missing values is required during preprocessing, simplifying data
preparation and improving subsequent analysis quality.

The bar chart in Figure 3 shows that all columns in the X-ray
dataset are complete because all bars reach full height, indicat-
ing that no values are missing in any of the features. The plot
shows that none of the attributes, Image Index, Finding Labels,
Follow-up #, Patient ID, Patient Age, View Position, Original
Image Width, Original Image Height, and Original Image Pixel
Spacing (x and y), contain missing values, as all bars are at maxi-
mum height (value = 1.0) across 10,000 records. This confirms
the dataset is complete with no missing data, eliminating the need
for deletion or imputation during preprocessing.

.. Outlier Handling.

... Before Outlier Treatment. Figure 4 shows the orig-
inal distribution of numerical features in the X-ray dataset using
a blue boxplot on the left. The light blue rectangle represents
the interquartile range (IQR), which contains 50% of the data
(Q1–Q3). The black dashed lines, known as whiskers, extend to
1.5-times the IQR from the quartiles. Points that lie beyond the
whiskers, marked as red dots, indicate potential outlier values that
deviate significantly from the data.

... After Outlier Treatment. Figure 5 shows the dis-
tribution following IQR-based outlier capping, using a green
boxplot on the right. The green rectangle still represents the
middle 50% of the data, but the spread has been reduced. The
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Figure 1. Methodology 16–25
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Figure 2. Matrix plot of missing values in the X-ray dataset

Figure 3. Bar plot of missing values in the X-ray dataset

whiskers are now shorter, reflecting the removal of extreme val-
ues. Notably, no red dots appear beyond the whiskers, confirming
that outliers have been truncated to the upper and lower bounds.

... Dataset Splitting. The dataset was split into 80%
training and 20% validation subsets using train-test-split func-
tion from Scikit-learn to enable performance validation and mit-
igate overfitting. This split ensures reproducibility through a
fixed random state. The InceptionV3, EfficientNet, ConvNeXt,
DenseNet, and VGG-16 models were trained on the training set,
whereas the validation set was reserved for performance evalua-
tion and hyperparameter fine-tuning.

... Feature Scaling. Feature scaling ensures all input
features receive equal weight in the model’s learning process
by normalizing values to the same range, preventing high-scale

features from dominating training. Feature scaling is particu-
larly important when datasets contain features with varying units
or scales. Although standardization and min-max scaling are
commonly used, this research employed normalization, which
rescales pixel intensity values from [0, 255] to [0, 1] by divid-
ing each pixel by 255.0. This method preserved the relative image
data structure, improved convergence rates, enhanced numeri-
cal stability, and achieved better performance across all investi-
gated architectures (InceptionV3, EfficientNet, ConvNeXt, and
VGG-16).

... Feature Selection. Feature selection identified the
most significant features from the NIH chest X-ray dataset,
including image data and metadata, to optimize deep model
training. The features presented in Table 2 were selected based
on their clinical relevance, classification impact, and data stability.
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Figure 4. Before outlier treatment

Figure 5. After outlier treatment

Note: Nondiagnostic data, such as Follow-up # and Patient
ID, were eliminated because they did not aid diagnosis. The
dimensions of the images were normalized by resizing and were
not directly utilized for training.

.. Data Augmentation. To enhance dataset variability
and diversity, we employed an extensive data augmentation strat-
egy during preprocessing. Data augmentation is a common tech-
nique used to improve deep-learning-model robustness against

variations in image quality while addressing issues related to lim-
ited dataset size and overfitting. Our approach utilized various
augmentation techniques, including rotation, zooming, height
and width translation, horizontal and vertical flipping, and shear-
ing transformations. These augmentations significantly enhanced
the training dataset and substantially improved model perfor-
mance across diverse imaging conditions.

• Total training images (before augmentation): 10,000.
• Total validation images: 2000.
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Table 2. Dataset features

Feature Name Description

Image Index Filename of the chest X-ray image (e.g., 00000001_000.png)

Finding Labels Text-mined disease labels associated with the image. Multiple labels are separated by the ‘|’
character. A value of ‘No Finding’ indicates no detected pathology

Follow-up # Indicates the sequence number of the visit for a patient (e.g., 1 for the first visit)

Patient ID A unique identifier assigned to each patient in the dataset

Patient Age Age of the patient at the time the X-ray was taken, in years

Patient Gender Gender of the patient; values are ‘M’ for male and ‘F’ for female

View Position Position of the patient during the X-ray capture; common values include ‘PA’ (posteroanterior)
and ‘AP’ (anteroposterior)

Original Image Width Width of the original image in pixels

Original Image Height Height of the original image in pixels

Original Image Pixel Spacing X Physical distance between the centers of adjacent pixels along the x-axis, in millimeters

Original Image Pixel Spacing Y Physical distance between the centers of adjacent pixels along the y-axis, in millimeters

• Data augmentation applied dynamically during training.

Total training images (after augmentation): 10,000 (size
unchanged, content augmented on-the-fly).

.. Model Selection. Five state-of-the-art CNN archi-
tectures were selected for developing an effective automated
chest X-ray interpretation system based on their diagnos-
tic accuracy, efficiency, and suitability for medical imaging
tasks: InceptionV3, EfficientNet, ConvNeXt, DenseNet, and
VGG-16.

InceptionV3: Developed by Google, InceptionV3 employs
Inception modules with filter banks of varying sizes (1 × 1, 3 × 3,
and 5 ×5) to capture features at different scales, making it ideal for
diverse chest X-ray pathologies. It utilizes factorized convolutions
to reduce computational requirements without compromising
performance. This model was selected for its effectiveness in
processing high-resolution X-rays and detecting widespread and
subtle pathologies.

EfficientNet: EfficientNet scales network depth, width, and
resolution proportionally using a compound scaling method con-
trolled by a single hyperparameter, achieving superior accuracy
and efficiency. Its lightweight architecture provides low compu-
tational overhead for high-resolution image training. This model
was chosen for its ability to detect fine features such as early-stage
infiltrations or effusions.

ConvNeXt: ConvNeXt modernizes CNNs by incorporating
transformer-inspired design elements, including larger 7 × 7
kernels, inverted bottlenecks, layer normalization, and Gaus-
sian error liner unit (GELU) activation function. It delivers
transformer-level performance while maintaining CNN compu-
tational efficiency. ConvNeXt was selected for its ability to learn
complex thoracic anatomy and generate more informative radiol-
ogy reports.

DenseNet: DenseNet connects each layer to all preceding lay-
ers, promoting feature reuse and improved gradient flow. This
architecture excels at identifying subtle variations and shared fea-
tures in chest X-rays. It was utilized to capture intricate patterns
and co-occurring pathologies effectively.

VGG-16: VGG-16 features a straightforward architecture
with 13 convolutional layers using small 3 × 3 filters and three
fully connected layers. Despite its simplicity, VGG-16 provides
robust feature extraction capabilities through its uniform, deep
structure. This model was selected for its proven effectiveness in
medical image classification tasks.

All models were set up using pre-trained ImageNet weights
and fine-tuned on the NIH chest X-ray dataset. This ensemble of
architectures provides performance diversity and robustness for
automated report generation.

.. Prediction and Evaluation. The AI-based deep
learning models for X-ray reporting underwent a comprehensive
evaluation for accuracy, generalizability, and diagnostic perfor-
mance. Model accuracy was assessed using training data(known)
and validation data (unseen). Classification results were ana-
lyzed using confusion matrices that recognized true positives,
false positives, true negatives, and false negatives. As well evalu-
ation metrics include precision recall (sensitivity) F1 score, and
specificity. Sensitivity measured the model’s ability to identify
positive cases correctly, precision estimated the proportion of
correct positive predictions, the F1 score represented the har-
monic mean of precision and recall, and specificity evaluated
the correct classification of negative cases. These comprehensive
metrics ensured robust diagnostic performance assessment of the
AI system, supporting healthcare automation and contributing to
more efficient, environmentally sustainable healthcare delivery.

. RESULTS

The results section presents the findings from experimental vali-
dation according to the proposed methodology. Empirical results
are presented objectively and systematically through tables,
figures, and graphs, providing a factual foundation for further
discussion and analysis.

.. Environmental Setup. The proposed system was
implemented in Python using Keras and TensorFlow and exe-
cuted on Google Colab. Data preprocessing, training, validation,
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Table 3. Hyperparameters used in the proposed model

Hyperparameter Description

Input Size 224 × 224 pixels (resized X-ray images for model compatibility)

Batch Size 16 (images processed per iteration)

Learning Rate 0.0001 (initial rate for feature extraction); 0.00001 (for fine-tuning)

Optimizer Adam (adaptive stochastic gradient descent)

Loss Function Binary cross-entropy (multi-label classification)

Epochs 10 (initial training) + 10 (fine-tuning)

Classes 15 thoracic disease classes (multi-label output)

Base Model VGG-16 (pre-trained on ImageNet, applied for transfer learning)

Pooling Layer GlobalAveragePooling2D (dimensionality reduction prior to dense layers)

Regularization Dropout (rate 0.3 to prevent overfitting in dense layers)

Table 4. Comparison to existing systems

Model Accuracy (%) Val Accuracy (%) Precision (%) Sensitivity (%) Specificity (%) F1 Score (%)

VGG-16 93.88 88.42 71.76 37.38 98.74 49.15

EfficientNet 93.17 85.49 58.19 48.67 97.00 53.01

ConvNeXt 93.49 86.32 65.13 38.01 98.25 48.07

InceptionV3 93.68 87.31 68.51 37.13 98.53 48.16

DenseNet 93.67 87.68 71.70 33.50 98.83 45.56

and testing were performed using an NVIDIA Tesla T4 GPU
with 12.72GB of RAM and 68.40 GB of disk space.

.. Model Evaluation Metrics.

... Confusion Matrix. A confusion matrix is an essen-
tial tool for evaluating how well classification models perform.
It displays true positives, false positives, true negatives, and false
negatives, resulting misclassification pattern detection and model
improvement. For classification tasks, this N × N matrix (where
N represents the number of target classes) enables a direct com-
parison between actual and predicted outputs. Binary classifica-
tion utilizes a simplified 2 × 2 matrix, capturing all four significant
outcomes.

... Key Components of a ConfusionMatrix.

• True Positive (TP): Occurs when the model correctly predicts
the positive class; both actual and predicted values are posi-
tive. For example, when a patient has a disease and the model
correctly predicts this condition.

• True Negative (TN): Occurs when the model correctly pre-
dicts negative class; both actual and predicted values are nega-
tive. For example, when a healthy patient is correctly predicted
as having no disease.

• False positive (FP) – Type I error: Occurs when the model
incorrectly predicts a positive class when the actual class is
negative. For example, when a healthy patient is incorrectly
predicted to have a disease.

• False negative (FN) – Type-II error: Occurs when the model
incorrectly predicts a negative class when the actual class is pos-
itive. For example, when a patient with a disease is incorrectly
predicted as healthy.

• Accuracy: Accuracy is the ratio of all correct classifications,
both positives and negative. It is calculated as: Accuracy =( TP+TN
TP+FP+FN+TN

)
× 100%.

• Precision: Precision measures how many of the predicted pos-
itives are correct. It is calculated as Precision =

( TP
TP+FP

)
×

100%.
• Specificity: Specificity, or the true negative rate, quantifies how

well a model identifies negative cases. Specificity complements
sensitivity and is crucial for evaluating model performance
on negative cases. It is calculated as Specificity =

( TN
TN+FP

)
×

100%.
• Recall (Sensitivity): The true positive rate (TPR) is the ratio of

all actual positives that were accurately identified as positives.
It is also called recall. It is calculated as Recall =

( TP
TP+FN

)
×

100%.
• F1 Score: The F1 score is a performance metric that brings

together precision and recall into one values. It does this by
calculating their harmonic mean. It is calculated as F1-Score =(

2 ×
Precision×Recall
Precision+Recall

)
× 100%.

... ROC Curve. The receiver operating characteristic
(ROC) curve is a graphical tool for evaluating binary classifier
performance across different thresholds. The plot illustrates now
the true positive rate (TPR) and false positive rate (FPR) vary at
different decision thresholds; here, TPR is plotted on the y-axis
and FPR on the x-axis.

Table 3 provides the hyperparameters of the proposed model
with detailed descriptions.

.. Analysis. Table 4 summarizes the quantitative perfor-
mance evaluation of the five deep-learning models, InceptionV3,
DenseNet, EfficientNet, VGG-16, and ConvNeXt, with respect
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Figure 6. Confusion matrix for VGG-16

Figure 7. Evaluation metrics for VGG-16
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Figure 8. Correlation matrix for VGG-16

to precision, sensitivity, specificity, F1 score, accuracy, and val-
idation accuracy. The table reports the distinct capabilities of
each deep learning model: as shown, VGG-16 achieves the high-
est performance in accuracy (93.88%), precision (71.76%), and
specificity (98.74%) but has the lowest sensitivity (37.38%),
indicating a tendency to miss positive cases. EfficientNet demon-
strates superior performance in sensitivity (48.67%) and F1 score
(53.01%) for detecting positive cases but at the expense of lower
precision and specificity. DenseNet excels in specificity (98.83%)
and precision while showing the lowest sensitivity (33.50%),
reflecting its conservative classification approach. ConvNeXt and
InceptionV3 provide balanced and reliable results across met-
rics. The optimal model selection depends on task requirements,
VGG-16 for overall accuracy, EfficientNet for recall optimization,
and others for specific performance trade-offs.

.. Proposed Model VGG-.

... Confusion Matrix. The confusion matrices in
Figure 6 provide a comprehensive visualization of the model’s
performance across 15 thoracic disease classes. Each matrix
represents classifications as true positives, false positives, true
negatives, or false negatives. The diagonal entries indicate correct
classifications, whereas off-diagonal entries indicate misclassi-
fications. The model demonstrates well-balanced performance
across classes such as “No Finding,” “Infiltration,” “Effusion,”

and “Cardiomegaly.” However, classes such as “Pleural Thick-
ening” and “Edema” exhibit higher rates of false positives and
false negatives, indicating challenges in recognizing subtle
radiographic features. Clinically overlapping conditions such as
“Pneumonia” and “Consolidation” show increased confusion
because of visual similarities on chest X-rays. These findings
highlight model limitations and suggest potential improvements,
including class-specific calibration or attention mechanisms.
The matrix visualization facilitates comprehensive error anal-
ysis, identifying biases, class imbalance effects, and adjustable
parameters in medical image classification models.

... EvaluationMetrics. The VGG-16 model (Figure 7)
yielded a high specificity (98.74%) and accuracy (93.88%) while
exhibiting a low sensitivity (37.38%), indicating weak positive
case detection. The moderate precision (71.76%) and low F1
score (49.15%) suggest negative class dominance because of
class imbalance. Performance improvements could be achieved
through class rebalancing or threshold adjustments.

... Correlation Matrix. The correlation matrix in
Figure 8 predominantly shows weak correlations (< 0.5)
between most disease labels, with the strongest correlation
observed between “No Finding” and “Infiltration” (0.48). Mod-
erate correlations such as "Edema–Pneumonia" (0.20) and
“Effusion–Cardiomegaly” (0.09) indicate infrequent overlap.
“Hernia” shows minimal correlation with other conditions,
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Figure 9. ROC curve for VGG-16

confirming the independence of most labels and supporting the
necessity for multilabel classification approaches.

... ROC Curve. The ROC curve of the VGG-16 model
(Figure 9) shows area under the curve (AUC) values ranging
from 0.36 to 0.81 across 15 classes. The model achieved the
highest performance for "Effusion" (0.81) and "Cardiomegaly"
(0.78) but showed the lowest performance for "Hernia" (0.36).
Most classes demonstrate moderate AUC values between 0.73
and 0.74. Poor-performing classes could benefit from data aug-
mentation or class rebalancing strategies.

Figures 10(a) and 10(b) present the training performance
of the VGG-16 deep learning model through accuracy and loss
curves. These curves illustrate how model accuracy and loss
evolve across training epochs. Such performance plots are essen-
tial for evaluating model efficiency, revealing potential under-
fitting or overfitting symptoms, and providing insights into the
learning process. The close alignment of training and valida-
tion curves indicates effective training and good generalization
capability. Monitoring accuracy and loss metrics is crucial for per-
formance assessment and implementing appropriate adjustments
to enhance model effectiveness.

Figure 10. Accuracy and loss graphs for the model architecture: a accuracy graph for VGG-16, b loss graph for VGG-16
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Table 5. Comparison of the proposed model with existing works

Authors Year Techniques Dataset Accuracy (%)

Magalhães et al. 7 2024 Multimodal transformer
(Swin Transformer +

GPT-2), bilingual datasets

NIH Chest X-ray, IU X-ray ROUGE-L≈ 0.404–0.748,
METEOR ≈ 0.393–0.741

Dansana et al. 8 2023 Tuned VGG-19, Inception
V2, decision tree

X-ray and CT scan images
(360 images)

Best 91% (VGG-19)

Yang et al. 9 2023 Learned knowledge base,
multimodal alignment

IU-Xray, MIMIC-CXR 79.5% (MIMIC-CXR)

Pang et al. 10 2023 Hierarchical RNN, attention-
based frameworks,
reinforcement learning

IU X-ray, MIMIC-CXR,
COVID-19, spinal and
skin image sets

Up to 0.829

Liu et al. 11 2021 Contrastive attention
(aggregate and
differentiate attention)

IU X-ray, MIMIC-CXR F1 score = 0.303

Our proposed model 2025 CNN-based deep learning
model (VGG-16)

NIH Chest X-ray (10,000
images)

93.88%

. CONCLUSIONS

This paper presents an investigation into the feasibility of devel-
oping a deep learning system for the automated classification of
chest X-ray illnesses and report generation. Preprocessing tech-
niques of normalization and augmentation were used to enhance
image quality for improved model learning. Different CNN mod-
els were tested, and the best accuracy of 93.88% for multilabel
disease classification of thoracic diseases was obtained using
the novel VGG-16-based model. This approach holds immense
potential to assist radiologists in reducing diagnostic workload,
enhancing turnaround time, and improving consistency, partic-
ularly in low-resource, high-demand clinical settings. Further-
more, by supporting digital diagnostics and reducing reliance on
printed reports and film-based imaging, this work contributes to
a cleaner and more environmentally sustainable healthcare envi-
ronment. Future research should include the use of transformer-
based language models for autonomous report generation, larger
and more diverse dataset evaluations, and the integration of
advanced interpretability and optimization techniques. In addi-
tion, future research will formally assess environmental effects
and investigate more environmentally sustainable AI solutions
regarding balancing diagnostic performance with computational
efficiency.
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In response to the research questions outlined in the intro-
duction, the following answers are provided:

RQ1: How effective is the proposed AI-based chest X-ray
interpretation model developed using the NIH Chest X-ray
dataset in terms of diagnostic accuracy and consistency?

Answer: Our proposed VGG-16-based model performed
exceptionally well, achieving 93.88% accuracy on chest X-
ray classification. While its precision (71.76%) and speci-
ficity (98.74%) were particularly strong—indicating reliability in
detecting and ruling out diseases—its sensitivity (37.38%) was
comparatively lower, meaning it sometimes missed subtle cases.
Despite this, the overall performance shows that the model is
not only consistent but quite dependable for supporting clinical
diagnosis.

RQ2: How does the system ensure reliable diagnostic report-
ing of chest pathologies?

Answer: We ensured reliability by using a robust deep learn-
ing pipeline: preprocessing the dataset thoroughly (including
normalization, augmentation, and outlier handling), applying
multilabel classification, and evaluating the model with a range
of performance metrics (e.g., precision, F1 score, AUC). These
measures helped us detect where the model excels and where
improvements are needed, especially in handling rarer condi-
tions.

RQ3: What are the primary advantages of using AI-based
reporting for chest X-rays compared to conventional manual
radiology reporting?

Answer: Traditional radiology reporting can be time-
consuming and subject to interobserver variation. In contrast,
our AI system provides fast, consistent, and reproducible
reports—free from fatigue or bias. This not only supports radi-
ologists but also reduces delays in diagnosis, especially where
radiologists are scarce.

RQ4: How can this AI-driven reporting system enhance
healthcare delivery, particularly in settings with limited radiology
infrastructure?

Answer: In rural or under-resourced settings where trained
radiologists may not be available, our model can act as a frontline
diagnostic tool, offering initial interpretations that can assist gen-
eral practitioners or community health workers. It helps bridge
the gap in healthcare access, ensuring patients in remote areas
receive quicker evaluations and referrals.

RQ5: How do the quality and reliability of AI-generated
reports compare to those produced by expert radiologists?

Answer: While AI is not a replacement for human exper-
tise, our results show that AI-generated reports using VGG-16
are comparable in consistency and accuracy for many common
chest conditions. However, for complex or overlapping cases
like "Pneumonia vs. Consolidation", radiologist oversight is still
essential. The AI acts as a reliable assistant, not a final authority.

RQ6: What are the quantifiable environmental benefits achiev-
able through transitioning from conventional paper-based radiol-
ogy practices to AI-based digital reporting systems?

Answer: Although we didn’t measure the exact reduction in
carbon footprint, transitioning to digital, AI-powered diagnos-
tics naturally eliminates the need for printed films, paper records,
and associated storage. This contributes to greener medical prac-
tices by reducing waste, energy use, and environmental impact—
aligning healthcare with sustainability goals.

RQ7: What ethical, legal, and clinical challenges must be
addressed for the successful integration of AI-based diagnostic
systems into routine clinical practice?

Answer: Like any medical technology, ethical issues around
data privacy, bias, accountability, and trust must be carefully han-
dled. Legally, systems like ours must comply with medical device
regulations, and clinically, they must be validated across diverse
populations. We acknowledge that real-world deployment will
require collaboration with healthcare professionals, policymak-
ers, and ethicists to ensure safe, fair, and effective use.
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