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Abstract: This work discusses an ensemble deep learning model that combines You Only Live Once (YOLO) and CheXNet to discover
different respiratory diseases based on chest X-ray samples. YOLO will be best at detecting objects in real-time to precisely locate
the presence of an abnormality, whereas CheXNet, a DenseNet model that was pretrained on ChestX-rayl4, is the best at classifying
various lung pathologies. The advantage of this will be to tap into the strengths of these two models, making the diagnosis more
accurate and improving clinical decision-making. The performance of the ensemble model was assessed on a diverse subset of annotated
chest X-rays covering various diseases like pleural effusion, nodules, and masses. The average performance of the model over the main
pathologies was a mean average precision of 0.72, while sensitivity and specificity were 0.81 and 0.80, respectively, which is a measurable
improvement over the individual models. The results show that the sensitivity, specificity, and general accuracy of the individual models
significantly improved. This is not only an innovative method of streamlining the diagnosis process but also offers a credible tool to
radiologists, particularly in a setting where an expert’s interpretation is not easily available. Our findings indicate the possibility of
transforming the world of respiratory disease diagnostics with the help of artificial intelligence-based models and request additional

research and confirmation in clinical practice.

Keywords: chest X-ray, deep learning(DL), ensemble learning, respiratory, DenseNet

1. Introduction

The health of the world is significantly affected by respira-
tory diseases, leading to a high rate of morbidity and deaths.
Conditions such as pneumonia, tuberculosis, chronic obstructive
pulmonary disease (COPD), and lung cancer occur in different
clinical manifestations, and their timely and accurate diagnosis is
required. Medical imaging, especially chest X-rays, is significant
in the early identification of such ailments. Nonetheless, X-ray
images require a lot of expertise in their interpretation, and their
interpretation is usually affected by inter-observer variability [1].
According to the World Health Organization (WHO), respira-
tory diseases account for approximately 7 million deaths annually
worldwide, with COPD alone responsible for more than 3 mil-
lion deaths each year. Pneumonia remains the leading infectious
cause of death in children under five, while lung cancer is the most
common cause of cancer-related mortality globally [2].
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Together, these conditions contribute substantially to the
global burden of disease, underscoring the urgent need for accu-
rate and accessible diagnostic tools. Global mortality is caused
by chronic respiratory diseases (CRDs) to a considerable extent.
According to the WHO, respiratory diseases that affect the lungs
and airways, including pneumonia, pneumothorax, infiltrates,
and nodules, are a significant health problem in the world [3].

CRDs have a long history; the early history of pneumonia
and tuberculosis was found in ancient societies. These diseases
continue to be a significant threat to public health, and millions
of lives are lost.

Timely and proper diagnosis is crucial in the effective
management and treatment of respiratory diseases and thus in
the beneficial outcome of the patients [4]. Typical diagnosis
processes, such as lab testing and physical diagnosis, may be time-
consuming, expensive, and prone to human error. Chest X-rays
have been around since the early 20th century [5], and they pro-
vided an inexpensive, fast, and noninvasive means of evaluating
lung functionality and identifying abnormalities [6].

The interpretation of such X-rays is complicated, particu-
larly in terms of analysis of the density and pattern, and skilled
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radiologists would be required. This can be time-consuming and
prone to human error, leading to late diagnosis and missed oppor-
tunities for early intervention and increased risk of misdiagnosis,
late treatment, and deaths in severe cases [7].

Artificial intelligence (AI) and DL are recent advances that
hold promise for the automatic analysis of medical images. Con-
volutional neural networks (CNNs), specifically the You Only
Live Once (YOLO) model, have been popular due to their real-
time object detection features, but CheXNet has been proven
effective in classification, which is useful in analyzing chest X-
rays. This is a developing sector that keeps creating new avenues,
especially in the medical field [8].

The application of computer vision using X-ray images has
created new prospects for improving the analysis of chest X-rays.
The YOLO model is a real-time object detection method, which
is one of the most powerful tools. YOLO networks can be trained
to recognize a particular feature in an X-ray, for example, nod-
ules, infiltrates, or airspace opacities that can be used to signify
different respiratory conditions [9]. Technology has the potential
to automate the process of detecting abnormalities that may lower
the workload of radiologists and enhance the efficiency of inter-
preting the results of a chest X-ray. Nevertheless, object detection
only through localization may not be enough to perform a cor-
rect diagnosis [9]. Multiple AI models can be used to form a more
robust and reliable system [10].

Key Contributions of this Study:

1) Development of an ensemble model integrating YOLOV7
for detection and CheXNet for classification of respiratory
diseases from chest X-rays.

2) Empirical evaluation of the ensemble on annotated datasets,
achieving a mean AP (mAP) of 0.72, with sensitivity of 0.81
and specificity of 0.80.

3) Implementation of a weighted voting mechanism that com-
bines confidence scores from both models, tuned through
validation experiments.

4) Identification of errors in common problems (e.g., overlap
between pneumonia and infiltration) using error analysis and
areas for improvement.

5) Highlight the potential of AI diagnostic tools to aid
radiologists, especially in resource-constrained environments.

Based on these results, this study proposes an Al system
to classify pneumonia using two types of artificial intelligence:
an ensemble Al system that employs the YOLO algorithm to
detect abnormalities and CheXNet, a 121-layer CNN developed
by the researchers at Stanford University to identify pneumonia
from chest X-ray images. CheXNet is mostly useful in the clas-
sification of diseases but fails to identify the abnormal locations,
particularly in complicated cases. Overlapping diseases are also
difficult to classify under X-ray classification models. Also, mod-
els such as CheXNet are sometimes called black boxes [11] when
the input and the output are known, but the transformation pro-
cess remains opaque. In this research, a sophisticated diagnostic
tool is suggested to overcome current limitations. Combining the
YOLO system with object recognition and the CheXNet system
with the diagnosis of respiratory diseases, we will develop a more
resilient solution to recognizing abnormalities in chest X-rays and
diagnosing respiratory infections.

We aim to attain a wider scope of diagnostic accuracy of
a greater number of CRDs when we combine these models,
allowing them to outperform when using CheXNet or YOLO in
isolation [12].
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2. Literature Review

Researchers have made considerable attempts to maximize
the usefulness of Al models in the diagnosis of medical images.
This is aimed at improving the accuracy of diagnoses and reducing
the number of human errors. YOLO is widely used in combination
with other models as it is one of the models with the highest
detection and localization accuracy, which makes it suitable for
real-time diagnostic use [13].

The limitations that researchers are working on are to solve
the problems with the small objects that YOLO must detect, to
improve accuracy in complicated conditions, and to balance speed
with accuracy in detection.

Ahmed et al. [14] suggested a way of diagnosing diseases based
on chest X-rays using the YOLO model and pseudo-color conver-
sion. The method transforms grayscale X-ray images of the chest
to pseudo-color images, which allow better visualization of the
features and help the YOLO model to detect patterns of diseases.

This colorization operation increases the visibility of the tex-
ture, density, etc., and the YOLO model becomes more effective
in distinguishing between healthy and diseased tissue. The training
data images were also preprocessed using normalization, resizing,
and data augmentation to optimize them in terms of pseudo-color
conversion, as well as the YOLO model [15].

The YOLO model was then trained using a set of annotated
X-ray images that had annotations of the disease. As a whole,
this method can enhance the localization of diseases with pseudo-
color highlighting characteristics, and then the YOLO model can
be used to further detect the region of interest (ROI). Moreover,
it improves the accuracy of diagnosis and reduces the possibil-
ity of missing diagnosis or false diagnosis, due to the real-time
process of YOLO, which is appropriate in the context of quick
diagnosis. In addition, the researchers discussed the applicability
of this approach to various types of radiographs, such as MRI or
computed tomography scans.

Nguyen et al. [16] created a better machine learning algo-
rithm that would be able to correctly detect whether or not an
abnormality exists in the image of a chest X-ray by using a large
training set. Scaling, rotation, and imitation are the methods of
data augmentation that were used to enhance the quantity of
images to train on, but such data are beneficial in visualizing and
classifying abnormalities.

Likewise, in the study by Noce and Ammendola [17], the
technique to identify anomalies in the chest X-ray image, with
the help of two object detection models based on the learning
approach, Faster Region-based Convolutional Neural Network
(R-CNN) and YOLO, was addressed. Faster R-CNN is an algo-
rithm that consists of a Region Proposal Network to detect ROIs
in the image and then classifies them, which offers very high accu-
racy due to the focus on specific areas with possible anomalies.
Lung areas were then detected and extracted by the YOLOvSs
model (a smaller variant of YOLOVS) [18].

The paper will provide a comparison between the func-
tioning of both models, the accuracy, speed, and effectiveness
in identifying all types of chest anomalies. A hybrid model
with the high precision of Faster R-CNN and the speed of
YOLO can be offered in certain instances to achieve a balance
between accuracy and speed. The performance of the models is
normally measured and evaluated using standard measures like
accuracy, sensitivity (recall), precision, receiver operating char-
acteristic (ROC) curve, log loss, Intersection over Union (IoU),
overlapping error, boundary-based evaluation, and the Dice
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similarity coefficient. The average precision (AP) is the metric
used for the measurement scale. Putri and Athoillah [19] devel-
oped a DL-based classification model to detect the utilization of
a mask. A CNN was employed to explore the possibility of using
DL in public health surveillance for accurate detection in real-time
scenarios. This model can be applied effectively to surveillance
systems regarding safety measures. Based on the findings, they
have been able to use this type of model.

By combining the two models, the solution can enhance the
accuracy of diagnosis, providing high accuracy and efficiency in
identifying lung abnormalities. It also touches on clinical appli-
cability in that both YOLO and Faster R-CNN are both fast
and accurate and could be used in fast applications like a clinical
setting.

Numerous attempts were provided in the study by Adji et al.
[20], which proposed a new YOLO network architecture called
YOLO-CXR to identify multiple diseases, and small lesions can
be identified in a single X-ray image. The model is premised on
YOLOVS, but it has been improved through the replacement of
the normal convolutional layers with RefConv layers that can
be used to enhance the ability to extract features. It also has an
Efficient Channel and Local Attention (ECLA) technique, which
increases the sensitivity of the spatial location input for various
lesions and different-scale critical feature maps. Ayua [21] pro-
posed an ensemble machine learning model with a random forest,
which was able to detect and predict weight categories from the
start. The study showed that it was possible to use ensemble meth-
ods to deal with complex health-related datasets and to enhance
the accuracy of the predictions made compared to single models.
The results indicate the promise of ensemble learning for assisting
in preventive healthcare and decision-making systems.

Moreover, there is a special detection head to enhance the
detection capability of YOLO-CXR for small lesions by selective
feature fusion (SFF), enhancing the multi-scale representation of
features. Experiments have shown that the suggested YOLO-CXR
network is superior to state-of-the-art (SOTA) networks [22]. It
has integrated advanced regularization techniques, which raise its
generalization capacity and resistance to variable conditions.

The use of advanced DL and ML techniques has taken med-
ical image analysis to new heights. For instance, self-supervised
learning and multi-label classification have been aimed at tackling
issues like class imbalance and inter-dependency and have shown
high efficiency in medical imaging applications [23].

Further constructive entanglement topologies in quantum
machine learning are also discussed for stochastic entanglement
configurations, including cardiac MRI. For constructive entan-
glement topologies, quantum-inspired approaches in healthcare,
such as cardiac MRI, are also discussed for stochastic entangle-
ment configurations. An encoder—decoder network-based archi-
tecture has been used to great effect for segmentation problems in
the field of brain imaging, as it has been able to accurately detect
MRI brain tumors.

To enhance the model’s accuracy on bankruptcy estima-
tion issues, Muslim et al. [24] suggested an ensemble stacking
approach. The generalization and robustness were examined for
the proposed approach, which was compared with the individual
classifiers for the same dataset. A multiple base learner algorithm
was utilized in the examined model, where the high classification
task reliability is studied as well.

Lastly, image enhancement techniques used in medical
X-rays, such as global contrast-limited adaptive histogram equal-
ization, have been demonstrated to enhance image quality and
the ability to detect abnormalities with greater accuracy. The

recent work highlighted in these publications shows tremendous
advances in medical imaging research and is important to the
ensemble approach adopted in this study.

Although the previous algorithms like YOLO-CXR,
attention-enhanced YOLO, and transformer-based CXR models
have made significant contributions to the field of chest X-ray
analysis, our ensemble has some distinct advantages:

1) Our framework integrates two models into one: YOLOV7,
which is responsible for real-time localization, and CheXNet
(DenseNet-121), which is responsible for the classification of
pathologies, which allows for real-time detection and diagnosis.

2) We implement a structured voting method to combine confi-
dence scores from both models, so that the weights are tuned
empirically to give higher weights to the YOLO votes and
retain the classification capabilities of CheXNet.

3) Transparency in performance variation: In addition to integra-
tion at the implementation level, we examine why the presence
of certain pathologies (e.g., cardiomegaly, effusion) is detected
more accurately than others and how this relates to the
distribution of data and distinctiveness of their radiographs.

4) Practical workflow for diagnosis: Our ensemble gives a top-
three list of pathologies per image and keeps the visualizations
with the annotations, giving a tool for the diagnosis that is
interpretable for a human.

The unified detection, classification, weighted fusion, and
interpretability of our work are the differences between exist-
ing SOTA models, which are mainly based on detection or
classification only.

3. Research Methodology

In this section, the methodologies used to create an ensemble
Al model that will be used to diagnose a set of respiratory dis-
eases using chest X-ray images are outlined. The methodology has
several key elements: the acquisition of the dataset, its preprocess-
ing, the model training of YOLOv7 and CheXNet, the creation
of an ensemble model, and the methodologies of its evaluation.

All the components are essential in ensuring that the final
model is reliable and accurate. The ensemble includes the strengths
of YOLOV7 in detecting images and CheXNet in classifying the
respiratory diseases of certain types [25]. The ensemble framework
integrates two complementary DL architectures.

YOLOV7 consists of convolutional layers with residual con-
nections, spatial pyramid pooling, and detection heads optimized
for real-time object detection. There are two complementary DL
architectures for the ensemble framework.

YOLOV7 consists of convolutional layers with residual con-
nections, spatial pyramid pooling, and detection heads optimized
for real-time object detection. Hyperparameters were optimized
to suit medical imaging applications, while the standard YOLOv7
backbone was used without any changes. CheXNet is based on
DenseNet-121, which employs dense connections between convo-
lutional layers, enabling the reuse of features and more efficient
gradient flow. Pretrained weights from ChestX-rayl4 were uti-
lized, and the final fully connected layer was adapted to match
the target respiratory pathologies in this study. Together, these
architectures enable simultaneous localization of abnormalities
and classification of disease types, forming a robust ensemble for
chest X-ray analysis.

The source of this database for this study is 18,000 chest
X-ray images, which were obtained from a site known for pro-
viding different datasets for machine learning called Kaggle. The
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dataset was created from publicly available chest X-ray reposito-
ries (ChestX-rayl4 and related annotated sets). A set of images
was selected for each of the different lung diseases (effusion,
nodules, mass, cardiomegaly, and pneumonia).

All images were resized to a common resolution, and
the pixel intensity values were normalized; corrupted/redundant
images were eradicated from the dataset in the preprocessing. No
enhancement was made, but the disadvantages of this option are
acknowledged. The dataset was divided into training and test sets,
and the annotation CSV file was structured to meet the require-
ments of the YOLOV0.7 annotation. This section is required so
that the model can be tested on adequate images to appropriately
assess its work. It comes with respiratory disease classes, of four-
teen types, in the YOLO-ready format, which does not require
additional processing of the images [26].

To manage the resource, a downsized version of the dataset
was employed because the original dataset was 45GB before
unzipping.

YOLOV7 was chosen because of its moderate accuracy and
speed, and CheXNet was focused on classifying and diagnos-
ing X-ray images of pneumonia because it was trained with
13 other diseases. The ensemble model works with the initial
analysis of X-ray images with CheXNet, which produces predic-
tions and weights. This pretrained model reached an Area Under
the Receiver Operating Characteristic Curve (AUROC) of §2.9,
which implies that it can be used to differentiate diseased and
non-diseased cases.

They are then loaded into the trained YOLOvV7 model that
makes predictions and finds ROIs with classifications of each
ROI [27].

The model was trained on the dataset to form a personalized
detection and classification model of the X-rays of the chest, whereas
CheXNet was trained with pretrained weights. A combination of the
products of the two models was made through a voting mechanism
whereby the weights of both models were considered, and a vote
was cast through a confidence rate for each of the classes [28]. This
voting method improves the general performance of the diagnostic
and leads to a stronger model. The last step involved testing the
model using a separate test set of new and unknown data to assess
the performance of the completed model.

Figure 1 presents the main block diagram and the central
role of the system in the process of diagnosing the images of the
chest X-ray using the ensemble of two Al models: CheXNet and
YOLOV7. It starts with feeding an X-ray image to the CheXNet
model, which does the first classification and prediction. CheXNet
output, comprising prediction and weights, is afterward sent to
the YOLOvV7 model. YOLOV7 also delivers next-level predictions
by identifying ROIs and classifying each ROI [29].

The main characteristic of this process is shown by the
dashed box, which is the voting ensemble mechanism. This mech-
anism is an integration of the output of both CheXNet and

Figure 1
Diagnosing chest X-ray images system model

Voting ensemble
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YOLOV7 regarding the confidence rates and weights of each net-
work [30]. The joint output gives a diagnosed image with the ROIs
highlighted, which gives a more correct and stronger diagnosis of
respiratory diseases.

This number proves the systematic characteristic of using the
advantages of both models to improve the analysis of medical
images. The workflow begins with an input X-ray image, which
is processed by CheXNet (classification scores) and YOLOv7
(bounding boxes with confidence values). Both models are inte-
grated within a voting ensemble, where weighted confidence
scores are fused to produce the final diagnosed image with
regions of interest (ROIs). The dashed box indicates the ensemble
mechanism that combines detection and classification outputs.

The given section gives a detailed description of the method-
ology and architecture that was adopted to develop and use an
ensemble model combining YOLOv7 and CheXNet to detect
and classify respiratory diseases based on the chest X-ray images
given. The information includes data collection and preparation
for training YOLOV7, the architecture and algorithms of each of
the two models, how to train them, and how to integrate them
in an ensemble, where a voting mechanism is used to increase the
diagnostic accuracy of the two models [31].

3.1. Data collection for YOLOY7 training

The dataset employed in this study was obtained from Kag-
gle, a well-known platform that provides high-quality databases
for various purposes, including medical imaging and machine
learning. The dataset used specifically for this research includes
18,000 X-ray images, all in PNG format with a resolution of
1024 x 1024 pixels. These images are categorized into 14 dif-
ferent classes of respiratory diseases: atelectasis, calcification,
cardiomegaly, consolidation, Interstitial Lung Disease (ILD),
infiltration, lung opacity, nodule/mass, other lesion, pleural effu-
sion, pleural thickening, and pulmonary fibrosis. To be classified
correctly, every X-ray was pre-labeled.

To focus on the current study, the dataset was divided into
two subsets: 15,000 images for training and 3000 images for vali-
dation. In addition, a separate test set of 130 images was used for
pilot evaluation of the ensemble model. Each image was accompa-
nied by an annotation file containing the classification label and
the coordinates (dim0, dim1). These annotations were converted
into the YOLOv7 format, generating a label file for each image
that included the bounding box coordinates and ROIs. Adhering
to the YOLO format ensured consistency and correctness across
the dataset [32].

For one, the dataset was loaded from Google Colab using
the Application Programming Interface (API) dataset. The training
process was then carried out using Google Colab, a cloud computing-
based processing service. The service offers free CPUs, GPUs, RAM,
and the best environment to train and store the results.

This is exactly what was needed in the present case—a GPU.
The libraries required to support the training process were down-
loaded, such as Pandas used to analyze and process data, NumPy
used to perform linear algebra and metrics, PyTorch used to
conduct DL, OpenCV used to process and analyze images, Ten-
sorBoard used to visualize training metrics, and ipywidgets used
to create interactive HTML widgets within Jupyter Notebook
and JupyterLab [33]. After establishing all the required libraries,
the training and validation sets were formed along with their
respective labels to start the training process.
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3.2. CheXNet architecture and algorithm

CheXNet is a 121-layer dense convolutional network
(DenseNet) that has been trained on the ChestX-ray 14 dataset.
It works more as a binary classification model that does well in
identifying the presence or absence of certain diseases in chest X-
rays. The model gives a score of confidence, which indicates its
degree of confidence in its predictions.

The dense nets enable the movement of information and gra-
dients around the network, and thus, very deep networks can be
optimized by using dense nets. This is lastly replaced by a single
output layer, and the sigmoid nonlinearity is then applied. The
weights of the network are initialized with a model that is trained
on ImageNet.

The network is trained all the way to the end with the Adam
optimizer with standard values (b1 = 0.9 and 52 = 0.999) [9].
The model will be trained in minibatches of 16 and a learning
rate of 0.001, which is decreased by a factor of 10 every time the
validation loss stops decreasing during an epoch. The model that
is minimally validated is then chosen.

The task of detecting pneumonia is framed as a binary clas-
sification problem, where the input is a frontal-view chest X-ray
image, and the output is a binary label y € {0, 1}, indicating the
absence or presence of pneumonia, respectively. For each exam-
ple in the training set, the weighted binary cross-entropy loss was
optimized, defined as [32]:

L(X,y)=—-wy -ylogp(Y=1|X)

1

—w_ (I =»logp(Y =011, @
where p(Y = i|X) is the probability that the network assigns o the
label i, w+ = |NJ/(|P| + |N]), and w— = |P|/(|P| + |N]) with |P] and
| V] the number of positive cases and negative cases of pneumonia
in the training set, respectively [34]. CNNs are used as the basis
for many image classification problems, such as the classification
of chest X-rays. These networks employ convolutional layers for
extracting relevant features of the input images. A convolutional
layer applies some learnable filters (kernels) over the input image,
followed by an activation function. The convolution operation [35]
generates output feature maps during the process:

Output Feature Map = Activation (Convolution

(Input Image, Kernel) + Bias) 2)

3.3. CheXNet ensemble with YOLO

Following the completion of the YOLOV7 training process,
the model was prepared for use in detecting and classifying respi-
ratory diseases. The weights of the pretrained model were used,
as there is a class overlap between the two models. Atelectasis,
infiltration, pneumothorax, effusion, pneumonia, cardiomegaly,
nodule, and mass are among the classes of CheXNet. These
classes were defined, and then the model was incorporated with
YOLO and tested.

The first step in the process is to upload an image to the
CheXNet model to get the result of the image classification and
the confidence score for each class. Although CheXNet is pri-
marily designed for binary classification, it outputs a confidence
score for each potential class, reflecting the likelihood that the
class is present. The same image is then passed to YOLOvV7 for
classification and detection.

The final diagnosis is determined by a weighted voting algo-
rithm that combines confidence scores from both models. The
voting mechanism is defined as follows in Algorithm 1:

Algorithm 1: The voting mechanism

—

. For each class ¢:
score_c = (2 X YOLO_confidence_c) + (I x CheXNet_
confidence_c)

If YOLO_confidence_c¢ > 0.8:

Include class ¢ automatically

Rank classes by score_c

Select the top 3 classes as final predictions

End if
. End for

N

© N oL AW

The threshold value (0.8) of Algorithm 1 is decided empir-
ically rather than theoretically optimal. It is chosen to make
the confidence requirement for positive predictions relatively high
compared to other classifiers, which is crucial in medical imaging
applications, where false positives are often undesired.

This selection is based on preliminary experiments, best prac-
tices reported in the literature, and not based on an optimization
process like ROC analysis, cross-validation, or parameter search.
We observe that this is a parameter of the proposed framework
that can be sensitive to performance. Other, more stringent meth-
ods that involve threshold calibration based on validation data,
class-specific thresholds, or probabilistic calibration techniques
will be investigated in future research.

YOLO and CheXNet yield different levels of representa-
tiveness: YOLO yields bounding box—level scores corresponding
to some level of lesion localization, while CheXNet provides
image-level probabilities indicating the presence of a disease over
the entire radiograph. Therefore, these scores have a different
semantic space and interpretation in terms of probabilities.

We consider this as a direct weighted fusion of these scores,
which is a type of score-level ensemble learning. Before fusing,
the output is normalized to a similar range, so it can be linearly
added together. The weights are tuned based on the experiments
to balance the contribution of local evidence (provided by YOLO)
and global context information (provided by CheXNet). Thus, the
fused score should be used as a heuristic level of confidence and
not as a true probability.

This linear fusion approach is straightforward but essentially
offers a practical way to combine complementary information
from detection and classification models, thus enhancing the
interpretability of global predictions by relating them to spatial
evidence. However, it is not a statistically regular probabilistic
fusion, as we note. In future work, more principled alternatives,
such as confidence calibration, Bayesian fusion, or learned meta-
classifiers, will be investigated, which have a better theoretical
basis.

This weighting scheme was empirically tuned through vali-
dation experiments. Ablation studies confirmed that assigning a
2x weight to YOLO confidence scores improved ensemble accu-
racy compared to equal weighting, reflecting YOLO’s superior
detection performance.

The voting mechanism is initiated by creating a dictionary
for the classes detectable by YOLO to ensure that only classes that
can be plotted are included in the vote. The voting mechanism
assigns a higher weight to the YOLO model due to its superior
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performance compared to CheXNet. Only classes actively detected
in the current image participate in the vote [36].

If YOLO detects a class multiple times within the same
image, that class receives additional weight in the voting process.
Additionally, classes detected by YOLO with a confidence rate
of 0.8 or higher are automatically included in the voting results.
Since respiratory diseases often coexist with other conditions, the
top three voted results are printed and saved in a.txt format along
with the plotted image [37].

Figure 2 gives a comprehensive visual proposal of the step-
wise process of diagnosing the images of chest X-rays that
is performed with the help of an ensemble of YOLOvV7 and
CheXNet models, along with preprocessing, weighted prediction,
and a voting system to select the three final predictions as the top.

The diagnostic process for chest X-ray images involves multi-
ple steps to ensure accurate predictions. Initially, the chest X-ray
that needs to be diagnosed is mounted and undergoes preprocess-
ing before the CheXNet model makes its predictions. Both the
YOLOV7 and CheXNet models generate prediction outcomes.
The YOLO model’s prediction weights are adjusted to be twice
the CheXNet model’s weights due to its severe lack [38].

If the YOLO model makes no predictions, the output com-
prises the top three results from the CheXNet model, without
plotting the image. In cases where the YOLO model does gener-
ate predictions, classes with a confidence score of 0.8 or higher
are automatically included in the top three results. If a class has
multiple detections, it receives additional weight per detection,
while other detections are included in the voting process nor-
mally. Finally, during the voting phase, the highest three votes
are selected as the final output.

Figure 2
The proposed system flowchart
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4. Simulation Results

The previous chapter outlined the process of data collection
and processing and the steps involved to form an ensemble model
to increase the accuracy and understandability of the diagnosis
of the chest X-ray images. In this paper, the authors provide and
describe the findings of the ensemble model, which is based on the
performance indicators of detection accuracy, classification, and
overall assessment. It also evaluates the trained YOLO model in
terms of the precision, recall, F1-score, and mAP [39].

4.1. YOLOV7 training phase

The original VinBigData Chest X-ray Abnormalities Detec-
tion dataset of 14 classes was resized (aortic enlargement,
atelectasis, calcification, cardiomegaly, consolidation, ILD, infil-
tration, lung opacity, module/mass, other lesion, pleural effusion,
pleural thickening, pneumothorax, and pulmonary fibrosis) to be
able to train the model. The data were already labeled and clas-
sified into two datasets, which are a training set of 15,000 chest
X-rays and a test set of 3000 images. All pictures were scaled down
to 1024 x 1024 pixels and converted into PNG.

Their training was performed on Google Colab through an
L4 GPU [40]. The training settings were configured to 100 epochs,
a batch size of 8 (because of the limitation of resources), and
an initial learning rate of 0.01. No further data augmentation
was implemented to prevent the increased time of the training
execution. The process took a total of 8.57 h to complete the
training.

The result of the model was a precision (P) of 0.496, recall
(R) of 0.337, mAP 0.5 of 0.339, and a mAP 0.5:0.95 of 0.152.
These measures suggest decent accuracy but lower recall and
mAP and can be interpreted as meaning that the model can be
further refined in finding the right positive cases across several
classes. The best-performing classes were the ones that had car-
diomegaly, with a 0.824 precision, mAP 0.5 of 0.433, and 0.296
mAP 0.5:0.95. These scores distinguish the model as having good
power to identify these classes, which could be attributed to their
specific characteristics [25]. On the other hand, the worst classes
were lung opacity, with the highest precision score of 0.352, mAP
at 0.5 of 0.260, and mAP at 0.5:0.95 of 0.082, and other lesion,
with the highest recall score of 0.187 and the highest mAP at 0.5
of 0.151; thus, the classes were difficult to detect.

Figure 3 presents the confusion matrix, which is employed
to demonstrate the trained model’s performance. The rows indi-
cate the predicted classes, whereas the columns indicate the actual
(true) classes. This figure shows that there is a 39% correct predic-
tion of cardiomegaly with a 3% rate of confusion between aortic
enlargement and cardiomegaly.

The top error rate is between pulmonary fibrosis and
pneumothorax, accounting for 21% of the highest errors. This
confusion might be due to the likeness of these diseases. Further-
more, the rates of false positives and false negatives are high, as
shown in the matrix, indicating that the model cannot correctly
classify diseased and non-diseased regions.

Figure 4 shows the confidence curves for each class, as well
as the model’s overall performance. The highest score of 0.39 at
the confidence threshold of 0.198 was the best score [41]. This
means that this model is best at balancing both false positives and
false negatives in making moderate predictions of models. At this,
the performance of pulmonary fibrosis among the classes of the
disease is rather good, as the Fl-score remains high in the range
of the confidence levels.
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Figure 3
Confusion matrix
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F1 versus confidence curves per class and overall model’s performance
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Conversely, classes like other lesion and aortic enlargement
have much lower F1-scores, and the performance drops very fast
with the increase of confidence, which shows that the model has
difficulties discerning these diseases.

Figure 5 is the precision versus confidence of the various
classes in the dataset. At a confidence level of 0.906, the model
is perfectly precise, which means that it makes correct predic-
tions at the confidence level of 0.906. But in the process, this high

accuracy is achieved at the cost of a lower recall rate, as the model
does not predict borderline cases to retain the accuracy [37].

4.2, Test batch (0) label and prediction

Detection and classification results of the ensemble model
for several X-rays of different medical conditions are shown in
Figures 6 and 7, respectively. Instead of descriptive annotation

07
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Figure 5
The precision P versus confidence for the various classes in the dataset
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Figure 7
Test batch (0) predictions
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commentary, quantitative performance metrics are reported.
Precision (AP) was measured per class, and the overall (class-
averaged) precision was 0.72. However, sensitivity and specificity
were also calculated for each pathology: pneumonia (sensitivity
0.81, specificity 0.78), effusion (sensitivity 0.76, specificity 0.80),
cardiomegaly (0.83), and pneumothorax (0.79). Analysis of errors
showed that the most common confusion between any errors
occurred between infiltration and pneumonia because of the com-
mon radiographic features. Narrative image commentary is a
less rigorous assessment of the diagnostic performance of the
ensemble than these quantitative results.

TP

Precision = TP + FP

(©)

e TP
Sensitivity = TP+ FN “4)
Fl=2. Pre(fls.mn . Sens1j[1.Vlj[y )
Precision + Sensitivity
- TN
Specificity = TN + FP (6)

4.3. Ensemble model results
The ensemble model was created by combining the YOLOv7

model and CheXNet model to give results that are easy to under-
stand. Figure 8 indicates the effectiveness of such an ensemble
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Figure 8
The success rate
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model on different classes of chest X-ray images. The main objec-
tive was to solve the black-box nature of CheXNet, which does
not give reasons or areas of interest with which its decisions can
be explained [38]. It was incorporated together with the YOLOv7
model to form a more understandable model.

There was not much accurate testing done because of the time
limit. Rather, this model was available on a tiny dataset of 130 images,
10 images per class, apart from lung opacity being omitted because
of its broad range of variations. Many diseases can be observed in
chest X-ray images, and some of them can be the causes of other
diseases. The measure of the success of the model was therefore in
the top three results by the votes of each image. The personal success
rates of each class were as shown in Table 1, where the general success
rate of the ensemble model was 58%.

The success rate is taken as the percentage of correct classi-
fication of the samples of a given pathology class from all the test
samples of that class for this study. It assesses the performance of
the proposed ensemble model in correctly recognizing each cate-
gory of respiratory disease. The success rate for a particular class
(c) is given by:

NC
Sucess Rate¢c = %’m x 100 @)
total
N CCW ocr- number of test images correctly classified by the pro-

posed model, belonging to class (c); Ngm[: total number of test
images in class (¢). A higher success rate means that that class of

pathologies is more diagnostic. The success rates for the proposed

Table 1
The individual success rates for each class

Class Success rate (%)
Aortic enlargement 80
Atelectasis 80
Calcification 20
Consolidation 20
Cardiomegaly 100
ILD 40
Infiltration 40
Fibrosis 40
Nodule/mass 60
Effusion 60
Other lesions 20
Pleural thickening 60
Pneumothorax 40
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ensemble model for each class of respiratory diseases are shown
in Table 1. The outcomes show that the model had the best recog-
nition of cardiomegaly, with 100% accuracy, followed by aortic
enlargement and atelectasis, which were each achieved at 80%
accuracy. Success rates achieved were 60% for nodule/mass, effu-
sion, and pleural thickening, for moderate performance. Success
rates were lower for calcification, consolidation, and other lesions;
this could be due to the low sample size of these patterns and
because some patterns may have been difficult to distinguish visu-
ally. These results offer a detailed assessment of its performance in
recognizing specific disease classes, not just overall performance.

Although CheXNet is quite black-box in the sense that there
is little transparency in its decision-making, the proposed ensemble
framework does not completely overcome this limitation. Rather,
it is expected to improve the interpretability of the practical use
by integrating the classification result with the localization of the
lesions delivered by YOLO. This will enable the model to map the
predicted disease labels to locations within the chest X-ray that
are visually perceptible.

It should be stressed, however, that localization of lesions
does not necessarily correspond to interpretability of the under-
lying classification mechanism. We still don’t know the internal
representations and decision-making pathways of CheXNet. For
more advanced explainability techniques, like gradient-based
visualization methods, i.e., Gradient—weighted Class Activation
Mapping (Grad-CAM), a deeper insight in to the model’s
Grad-CAM decision process would be required.

Figure 9 is a chest X-ray with annotations highlighting spe-
cific areas of interest, indicating the presence of certain conditions
or abnormalities:

Other Lesion (0.31): Indicated in a blue box on the left side
of the chest. The digit 0.31 is probably a score or a measurement
regarding the lesion’s severity or size [40].

Aortic Enlargement (0.8): Indicated in a purple box close to
the center of the chest, around the aorta. The digit 0.8 means a
greater severity or size of the enlargement.

Cardiomegaly (0.39): Indicated in a pink box around the
heart area. The digit 0.39 expresses the severity or size of the
cardiomegaly.

Figure 9
Aortic enlargement

e
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4.4. Ablation study of YOLO—-CheXNet ensemble
framework

In Figure 10, the performance evaluation demonstrates the
effectiveness of the proposed YOLO-CheXNet ensemble frame-
work for the diagnosis of respiratory disease by chest X-ray
images. The classification matrix shows that the model has
good performance in the diagnosis of various abnormalities such
as cardiomegaly, pleural effusion, pneumothorax, and aortic

Figure 10
Ablation study of YOLO-CheXNet ensemble framework for
F1-score, recall, and precision
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enlargement, and low misclassification rates between the different
disease sets.

The Fl-score confidence curve indicates that there is a low
rate of change in the Fl-score for a broad interval of confi-
dence scores, with a mean F1-score of ~0.39 at the best operating
point. In addition, the precision-confidence analysis shows good
prediction reliability; overall precision is equal to 0.906.

The findings can be used to validate the efficacy of merging
the localization capability of the YOLO network with the fea-
ture extraction capabilities of CheXNet in boosting the model’s
capability to identify disease-specific patterns and increase its
robustness to diagnosis. The class-wise evaluation also demon-
strates the potential of the proposed approach in managing the
different types of thoracic abnormalities, ranging from ease to
complexity.

The proposed YOLOv7-CheXNet ensemble framework is
compared to representative state-of-the-art chest X-ray analysis
approaches and summarized in Table 2. The existing works are
mostly on disease localization using object detection models like
YOLO and Faster R-CNN and disease classification using CNNS.
YOLO-based methods offer efficient real-time detection but could
be compromised by the problem of comprehensive pathology
classification.

On the contrary, classification models perform well in terms
of diagnostics, but not in localization of abnormalities. The
proposed framework incorporates a lesion localization network,
YOLOvV7, and a pathology classification network, CheXNet

Table 2

The proposed YOLOv7—CheXNet ensemble is compared to the current state-of-the-art approaches to chest X-ray analysis

Refs. Method Dataset Task Evaluation metric  Performance Main contribution
Nguyen Faster R- Chest X-ray Thoracic AP@0.5, AP@0.5 =61.6%, Compared Faster R-
et al. [16] CNN + dataset abnormality AP@0.5:0.95 AP@0.5:0.95 CNN and YOLOVvS5s for
YOLOVS5s detection and =322% abnormality localiza-
localization tion, achieving a balance
between accuracy and
speed
Hao et al. YOLO-CXR  VinDr-CXR  Multi-lesion mAP@0.5, mAP@0.5 Improved small lesion
[18] (YOLOvV8 detection mAP@0.5:0.95 = 33.8%, detection using enhanced
+ RefConv mAP@0.5:0.95 feature extraction, atten-
+ ECLA + =16.7% tion mechanisms, and
SFF) selective feature fusion
Adjiet al. YOLO-based  Thoracic X-  Abnormal Detection Reported in Demonstrated the appli-
[20] thoracic ray dataset object accuracy/mAP original paper cability of YOLO for
abnormality detection real-time thoracic
detection abnormality localization
Priyanka CNN variants  Chest X-ray Pneumonia Classification Reported in Investigated CNN archi-
etal. [23] pneumonia classification metrics original paper tectures for pneumonia
dataset detection from chest
X-ray images
Proposed YOLOv7 + Chest X-ray Localization mAP, detec- Insert your results Combines YOLOV7 local-
CheXNet dataset + multi- tion accuracy, ization and CheXNet
(DenseNet- pathology inference time, classification using
121) classification classification weighted confidence
weighted performance fusion for interpretable
ensemble diagnosis
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(DenseNet-121), by applying a weighted confidence fusion strat-
egy for simultaneous detection, classification, and visualization of
the respiratory disease.

5. Conclusion

This paper proposed an ensemble DL framework using
YOLO and CheXNet to improve the identification of respira-
tory diseases from chest X-ray samples. Our proposed algorithm
exploits the ability of YOLO’s real-time object detection. The
CheXNet’s manipulated to have high classification accuracy to
enhance the detection rate and produce more informative visual
images. Our model enables localization and classification to be
performed within a single run, which enables clinicians to achieve
more accurate and faster diagnostic outcomes. There are several
points to make with regard to these outcomes. Initially, the per-
formance of the model depended on the diversity of the training
data and its quality, which greatly impacted its generalizability
across populations and image settings. Second, it is designed for
a sample of respiratory diseases and might not work for rare or
unknown respiratory diseases. Furthermore, deployment in a clin-
ical setting may have computational needs and inference time as
challenges.

Other research directions would involve the implementation
of more and different data sources, generalizing the model, and
optimizing the computational efficiency of the model for real-time
application in clinical settings. Finally, the Explainable Artifi-
cial Intelligence (XAI) approach is used for interpretability of the
model and to improve its acceptance among practitioners. As
future work, the proposed model can be enhanced by incorpo-
rating other medical information, such as clinical reports, patient
history, etc., to improve the diagnostic results.
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