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Abstract:

Doctors frequently rely on Chest X-rays to capture medical images that help them assess lung
conditions such as pneumonia, cardiomegaly, and nodules while diagnosing various thoracic
diseases. However, interpreting these images can be quite challenging and time-consuming for
radiologists. This study sets out to create a cutting-edge automated system that uses deep learning
techniques to detect and segment thoracic diseases, ultimately improving diagnostic efficiency and
aiding in therapeutic management. The system leverages the NIH Chest X-ray Dataset and combines
YOLOvS for object detection with Convolutional Neural Networks (CNN) for identifying features. To
tackle issues like vanishing gradients and enhance model performance with extensive medical
datasets, DenseNet is employed. For segmentation, the Segment Anything Model (SAM) is
integrated to accurately pinpoint and visualize diseased areas in X-ray images. Additionally, the
system features a consultative health advisory module that provides personalized recommendations
for care after diagnosis. SAM offers detailed visualizations of affected regions, helping healthcare
professionals grasp the extent and location of pathologies. The consultative health advisory module
adds a patient-focused aspect by delivering practical lifestyle and preventive suggestions. The results
confirm the system's capability to connect disease detection with actionable healthcare solutions,
making it a trustworthy tool for clinical settings.
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Introduction

The application of deep learning approaches has experienced remarkable development in medical
imaging applications. The identification and analysis of medical images through computer assistance
in detecting diseases using Chest X-ray methods has gained significant research interest in current
times. However, Manual analysis is complex as it depends on radiologist expertise, leading to
variability in diagnosis and misclassification of diseases. Hence, to address these challenges, we have
implemented an advanced system with improved deep learning models for segmenting and
identifying diseases in the thoracic region.

Our system operates on NIH Chest X-ray data since this dataset contains 112,120 Chest X-ray
images that illustrate 14 different thoracic diseases including cardiomegaly and infilteration and
nodule and mass and effusion. To make the Al model more interesting we’ve deployed multi-model
deep learning models like YOLOv8 model for efficient object detection that targets on finding areas
in the X-ray that have a high probability of containing a disease. CNN (Convolutional Neural
Network) which extracts features, allowing the system to learn and determine which of the features
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from the images are important for disease diagnosis. ResNet50V2, a deep learning model that
performs classification and reduces the misclassification rate in similar diseases and also increases
the degree of accuracy.

Furthermore, our system provides a probability scale for predictions and provides targeted
healthcare recommendations, making it a comprehensive tool for both diagnosis and patient care.
This scale of probability makes it easier for the users to explain the level of confidence that the
model has about its diagnosis. This feature is significant in our model as it shows a level of
interpretability that enables the healthcare professionals to make decisions with regard to the
model’s confidence level.

Apart from disease detection, the segmentation is used to determine which area of the X-
Ray image is affected by the disease. We implemented segment anything model (SAM) from Meta Al
which enables precise pattern detection in images through its ability to segment the affected areas
in Chest X-Ray images. The segmentation functionality enhances both predictive diagnostic
outcomes and generates important visualization that helps radiologists evaluate disease conditions.

Besides, the system provides advice on general health care depending on the detected
diagnosis. These are intended to support clinical judgement and give the patient practical advice on
how the disorder should to be handled. Unlike most automated systems that only detect and
segment abnormal tissue, our system also gives healthcare recommendations, making it more
patient-centric.

Our proposed automated system functions as an improvement for medical image analysis
particularly when identifying and segmenting thoracic diseases. Our system addresses several
serious challenges in medical image analysis which includes the need for accurate disease detection,
precise segmentation of affected regions, reduction in misclassification rates, and the provision of
interpretable results that can support clinical decision-making.

Related work

Detecting thoracic diseases through chest x-ray is a well-explored field in medical imaging, and
lately, there's been a surge of interest in deep learning techniques. While traditional methods of
interpreting radiographs are effective, they can fall prey to human errors, biases, and fatigue from
heavy workloads. This has sparked the push for automated systems to step in.

For instance, Abad, G. M. M., and colleagues (2023) developed a DenseNet121-based architecture
aimed at classifying multiple lung diseases using chest X-ray images, achieving impressive accuracy
and performance [1]. Similarly, Abad Robles, M., et al. (2024) introduced an ensemble learning
method that performed well across various chest radiograph datasets [2]. Khater, O. H., and his
team (2024) came up with AttCDCNet, an attention-enhanced classification model that significantly
boosted detection rates for different thoracic conditions [3].

In another study, Chiang, M. C., et al. (2023) employed a YOLOv7-based detection framework to
identify pulmonary nodules with remarkable precision [4]. Kumar, R., et al. (2024) rolled out a
lightweight MobileNetV3-based system for detecting abnormalities, which proved effective for
deployment on edge devices [5]. Ma, J., et al. (2024) introduced MedSAM, an advanced Segment
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Anything model specifically designed for medical imaging tasks like lung segmentation [6]. Dong, G.,
et al. (2024) proposed EMedSAM, an optimized version of SAM that achieved better segmentation
efficiency in complex thoracic cases [7].

Killeen, B. D., et al. (2025) showcased FluoroSAM, a SAM variant that aligns with language models to
improve semantic segmentation of chest X-rays [8]. Tang, Y. X., et al. (2025) brought forth DLSAC-
Net, a hybrid network that merges detection and segmentation to boost the diagnostic accuracy of
lung diseases [9]. Lastly, Sulaiman, A., et al. (2023) suggested a CNN-based segmentation
architecture that accurately localized lung regions for disease identification [10]. Shi, H., et al. (2024)
also developed a deep learning-based recommendation system to aid in post-diagnosis decision
support, providing actionable insights.

Shi, H., et al. (2024) developed a deep learning-based recommendation system to assist in post-
diagnosis decision support, offering actionable advice to clinicians [11]. Wang, Y., et al. (2024)
proposed a contextual knowledge-aware framework integrating clinical data to generate
personalized healthcare recommendations [12].

Khadilkar, H., et al. (2021) introduced a hybrid CNN-RNN model for thoracic disease classification,
which provided robustness in multi-label learning scenarios using chest X-rays [13]. Li, X., et al.
(2023) proposed a Transformer-based feature extraction technique for improved interpretability and
classification performance in thoracic pathology recognition

[14]. Bashar, M. A,, et al. (2024) investigated the integration of Vision Transformers with CNN
backbones for cross-modal chest X-ray analysis [15]. Li, R., et al. (2024) developed a real-time Al-
assisted diagnostic system that integrates detection, segmentation, and clinical report generation for
emergency settings [16]. El-Shafai, W., et al. (2023) explored explainable Al models for enhancing
trust in automatic thoracic disease diagnosis frameworks [17].

In summary, the combination of DenseNet121 for feature extraction, YOLOvS8 for object detection,
SAM for segmentation, and a post-diagnosis advisory module reflects a comprehensive Al pipeline.
Such a pipeline not only enhances diagnostic efficiency but also bridges the gap between clinical
findings and patient care, positioning itself as a valuable tool in medical Al research and real-world
applications.

Key Contribution
The feature extraction operation performed by the convolution layers is expressed as:

The convolution operation for feature extraction computes as:
fi(x,y) = 0(Teo1 Bita Ty Wie (L) IeGe +i,y +7) + bye) (1)
Where
f(x,y) is the activation at position (x,y) in the kth output feature map,
I.(x+ 1,y +j) is the pixel value at position (x+i,y+j) in the cth input channel,
Wi (i, j) is the weight of the kernel at position (i,j)connecting input channel c to output channel k

by is is the bias term, and
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o is a nonlinear activation function

This model is trained on the NIH ChestX-ray14 dataset, which includes over 112,000 X-ray images
labeled with 14 disease categories. To ensure rapid and accurate disease localization, the model
incorporates YOLOVS, a state-of-the-art object detection algorithm.

Method, Experiments and Results

The data preprocessing process included cropping and resizing as well as normalization before
sophisticated deep learning algorithms conducted image detection tasks and classification
operations. Detectable areas with the damaged tissue in X-ray scans were located through an object
detection system based on YOLOv8 and a Convolutional Neural Network performed feature
extraction as part of the complete image processing sequence. The ResNet model was then used for
fine tuning of the classification so that the system can accurately classify between similar diseases
affecting the thoracic region.lt also reduces the vanishing gradients during the problem of
generalization in training the model. The model uses a transfer learning approach, that includes
DenseNet121, a pre-trained model for ImageNet and fine-tuned for chest X-ray analysis, This
architecture processes input images of chest X-Rays with size of 224x224x3 and outputs predictions
for 14 different lung conditions including Atelectasis, Cardiomegaly, Consolidation, and others
thoracic diseases.

Once the disease is identified, the system gives the probability of the disease being present
in the X-Ray image along with a probability range of the disease giving the user an idea of how sure
the model is with its diagnosis. This clarity helps the healthcare professionals to make better
decisions regarding their organizations. As an enhancement, segment anything model (SAM) was
applied to segment the regions of the X-ray impacted on by the disease. This segmentation shows
the parts affected to be able to illustrate where and how the disease is felt.

Also, depending on the diagnosed condition, the system provides common recommendations for
healthcare involving the identified disease. These should be used to inform clinical decisions and to
give recommended patient activities or modifications to help patient recovery. With disease
detection, segmentation, and healthcare advice, our system will prove to be a complete tool that
has a potential to enhance diagnostic proficiency while fostering client success.

The Segment Anything Model (SAM) generates a segmentation mask by minimizing a loss
function such as binary cross-entropy:

Lseg = _%Zliil[Yi log(@:) + (1 — yplog (1 — 9] ()
Dataset Preparation

The system required its initial implementation step to process NIH Chest X-ray databases that hosted
above 10,000 X-ray images which included 14 types of thoracic diseases annotations. Study
implemented range conversion of pixel values to 0 — 1 and conducted a separation of Dataset into
training, validation and test groups while performing image resizing. Tropical disease labels
underwent Natural Language Processing (NLP) extraction before the data got applied to weakly-
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supervised learning processes. The detection and classification models received data inputs from
this dataset for their development.

Figure 1. Input lamge » Figure 2. Preprocessed for Figure 3. Predicted Mas
Segmentation

The proposed methodology follows a structured pipeline consisting of disease prediction, image
preprocessing, and segmentation. Initially, a frontal-view chest X-ray image is taken as input from
the NIH ChestX-ray14 dataset. This image is processed through a DenseNet121-based deep learning
classifier, which predicts the most probable thoracic disease based on extracted features; for
example, in one instance, the model outputs Pneumonia as the predicted label (Figure 1). Following
classification, the original X-ray image undergoes preprocessing to enhance segmentation accuracy.
This step includes conversion to grayscale, contrast normalization, and resizing, thereby producing a
standardized input for the segmentation model (Figure 2). The preprocessed image is then passed
into the Segment Anything Model (SAM), a prompt-based segmentation framework capable of
delineating abnormal lung regions with minimal supervision. SAM produces a binary mask that
highlights the diseased areas, enabling visual interpretation of pathology boundaries. As shown in
Figure 3, the resulting segmentation mask clearly identifies the affected region in the lungs,
providing clinicians with a visual tool for assessing disease extent. This integrated pipeline of
classification followed by segmentation facilitates accurate and interpretable diagnosis in thoracic
imaging.

Table of Statistical Analysis

The table represents the statistical relationships between several components of the medical
imaging analysis system, including the multi-model architecture of different model components and
their impact on overall performance.

TABLE 1

THE SIGNIFICANCE OF THE RELATIONSHIPS IN THE MODEL

Relationships Original | Sample | Standard | T Statistics | P Values

Sample | Mean | Deviation | (O/STDEV)
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(O) (M) (STDEV)
DenseNet121 Feature Extraction - Classification | 0.538 0.535 | 0.043 12.512 0.000
Accuracy
Model Output Confidence - Diagnostic Reliability | 0.492 0.489 | 0.045 10.933 0.000
SAM Segmentation Precision - Abnormality 0.517 0.514 | 0.042 12.310 0.000
Localization
YOLOv8 Detection Accuracy = Region of Interest | 0.529 0.526 | 0.044 12.023 0.000
Identification
Preprocessing Quality - Prediction Consistency 0.475 0.472 | 0.041 11.585 0.000
DenseNet Depth Connectivity - Feature Richness | 0.543 0.540 | 0.045 12.067 0.000
Model Generalization - Multi-Disease Robustness 0.509 0.506 | 0.040 12.725 0.000
End-to-End Pipeline -> Clinical Scalability 0486 | 0.483 |0.046 10.565 0.000
Segmentation Mask Quality - Radiologist Agreem( 0.521 0.518 | 0.042 12.405 0.000
Feature-Label Alignment = Prediction Interpretabi 0.494 0.491 | 0.043 11.488 0.000

Discussions

The statistical analysis presented in the table demonstrates the effectiveness of DenseNet121 as a
core feature extraction backbone within the proposed thoracic disease diagnosis framework. The
high T-statistics across all relationships (ranging from 10.565 to 12.725) and consistent p-values of
0.000 affirm the statistical significance and robustness of each component in the diagnostic pipeline.
The relationship between DenseNet121 feature extraction and classification accuracy showed a
notably strong result (O = 0.538, T = 12.512), underscoring DenseNet’s deep connectivity and
superior capability to preserve feature propagation and reuse across layers. Similarly, YOLOv8’s
integration into the system yielded excellent region-of-interest localization performance (O = 0.529),
validating its real-time detection strength even in complex medical imagery. The SAM-based
segmentation module also contributed significantly to abnormality localization (O = 0.517),
indicating its reliability in generating accurate disease masks. Additionally, high performance in
generalization (O = 0.509) and interpretability (O = 0.494) reflects the model's ability to scale across
multiple thoracic conditions while maintaining clinical transparency. Overall, these results highlight
the synergy among DenseNet121, YOLOvS, and SAM, and support the proposed pipeline as a
statistically validated and clinically viable solution for automated chest X-ray analysis.
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This study shows deep learning models achieve adequate performance in diagnostic tasks and pulmonary
condition segmentation when dealing with Chest X-ray images. YOLOv8 enabled object detection through
a combined system with CNN for feature extraction and classification refinement through DenseNet
which produced reliable disease identification probabilities. Furthermore, using the Segment Anything
Model (SAM), the required areas were successfully segmented, and visual representations of the diseased
areas on the X-ray images were obtained as shown in Figure.4 and Figure.5. It also offers integration of
healthcare recommendations according to the diagnosed disease making the system extremely useful for
accurate disease identification as well as directions on how such diseases should be handled.

X-tay Image o Segmert. Prediction Results

Predicted Disease:

Pneumonia

Probabibny Distribution

Figure 5. probability graph

Conclusions

The research illustrates how deep learning establishes new potential to solve advanced medical
image problems and address thoracic condition diagnosis from X-ray images. Our developed robust
system relies on YOLOvS for object detection alongside CNN for feature extraction and DenseNet for
fine tuning to diagnose pneumonia as well as tuberculosis and other thoracic diseases. The
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innovative implementation of Segment Anything Model (SAM) for disease area segmentation
represents a significant improvement to enable healthcare professionals to visualize and detect the
highly affected areas in the X-Ray images. This segmentation feature makes the system even better
in diagnosis and gives the health care professionals to make better decisions for the treatment of
the disease. The probability scale improves clinical decision-making by providing transparent and
reliable results. The mentioned recommendations could also provide useful suggestions to patients
and doctors in order to overcome the existing gap in between the disease diagnosis and the
initiation of treatment process
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