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Abstract-Cardiomegaly is a condition characterized by an enlarged heart, which can be indicative of various
underlying health issues. Early diagnosis of this condition lessens the patient's repercussions. The paper gives a
thorough overview of the disease, its classifications, algorithms, and methods employed emphasizing the challenges
encountered in this field. Traditional methods of diagnosing cardiomegaly rely on medical imaging techniques such as
echocardiography or chest X-rays, which can be time-consuming and require specialized expertise to interpret.
However, recent advances in deep learning algorithms have shown promise in accurately identifying cardiomegaly and
its underlying causes from medical images. The use of deep learning algorithms in the diagnosis of cardiomegaly has
the potential to improve both the speed and accuracy of diagnosis, leading to better patient outcomes and more efficient
use of healthcare resources. Moreover, deep learning algorithms can potentially identify subtle changes in heart size
over time, allowing for earlier detection and treatment of cardiomegaly.
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I.  INTRODUCTION Diagnosis of cardiac abnormalities often involves a series of
tests. Chest X-rays are a common imaging modality used to
assess cardiomegaly due to their availability and low cost;
radiologists typically use cardiothoracic ratio (CTR) values on
anteroposterior chest radiographs. the cardiothoracic ratio
(CTR) is a straightforward indicator used in clinical applications
to assess the size of the heart during the manual examination,
including under typical conditions (CTR between 0.42 and
0.50), mild to moderate cardiomegaly (CTR between 0.50 and
0.60), and severe cardiomegaly (CTR over 0.60)[2], These cases
are shown in Figure 2, CTR can be estimated using three distinct
methods:[3]

MRD: represents the width of the space between the right heart
and midline.

MLD: stands for the left midline diameter of the heart.

The heart is a crucial organ in the human body, and its
malfunctioning can adversely impact other vital organs such as
the brain and kidneys. The heart serves as a pump, circulating
blood throughout the body, and cessation of its beating can result
in death within minutes [1]. Figure 1 shows an image of a
person with a normal heart and an image of a person with an
enlarged heart.

ID: represents the chest's internal diameter.

f—
Fig.1. Presents chest X-ray (CXR) images of (a) a normal
subject and (b) a patient diagnosed with cardiomegaly.
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Fig.2. Shows cases of heart enlargement.

On the other hand, this manual technique requires a
significant amount of time, and the results of the diagnosis are
contingent on the reader's views and previous experience.
However, the manual marking of organ boundaries and the
computation of CTR are time- and labor-intensive processes that
may lead to errors. Recent advances in computer vision
techniques and machine learning, specifically Deep learning, are
a subset of machine learning that uses artificial neural networks
to learn patterns and features in large datasets [4]. These
algorithms can be trained on labeled medical images to
automatically detect features indicative of cardiomegaly and
classify images based on the underlying cause, showing
potential for automating the identification of cardiac
abnormalities in X-ray images [5].

This paper aims to utilize deep learning concepts such as
convolutional neural networks( pre-processing the chest x-ray,
creating a mask, diagnosing disease), and they were able to
achieve successful predictions of this condition. These effective
techniques demonstrate the potential of deep learning algorithms
in medical image analysis for accurate and efficient detection of
cardiomegaly and its underlying causes, as well as discuss the
potential benefits and limitations of this approach.

I1.CHALLENGES FOR CARDIMEGALY
DETECION

The detection of cardiomegaly poses several challenges,
primarily due to the variability in the presentation of cardiac
enlargement and the potential overlap with other pulmonary
and cardiac pathologies. Additionally, detecting the early stages
of cardiomegaly, when the heart is only slightly enlarged, can
be particularly challenging and requires highly sensitive and
specific imaging techniques. Furthermore, the interpretation of
cardiac imaging requires specialized training and experience, as
the subtleties of cardiac anatomy and function can be complex.
These challenges highlight the importance of developing
accurate and reliable methods for the detection of
cardiomegaly, which can aid in the timely diagnosis and
treatment of this serious cardiac condition [6].
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I11.TYPE OF CARDIOMEGALY DATASET

The ChestX-ray14 dataset and the NIH Chest X-ray dataset
are two frequently employed datasets for detecting
cardiomegaly, containing more than 100,000 frontal-view chest
radiographs obtained from over 30,000 patients, including those
with  cardiomegaly. Additionally, the Shenzhen and
Montgomery County (MC) datasets, composed of chest
radiographs obtained from tuberculosis screening programs, are
other publicly available datasets utilized for identifying
cardiomegaly. These datasets have been leveraged in numerous
research endeavors to develop and validate machine-learning
models for the detection of cardiomegaly, with the ultimate
objective of improving diagnostic accuracy and patient
outcomes [7].

In preparation for inputting a deep learning network with a
dataset, it is necessary to standardize the chest X-ray images.
Given that the images originate from diverse medical facilities
and were captured using varying equipment, histogram
equalization is employed to ensure consistency across all
images. To effectuate modifications of individual pixel values,
the following approach is recommended:

fi

gig=|(L=1) pul,

n=(

)

where L represents the picture's greatest intensity, gi,j represents
the density of the output at location (i,j), fi,j represents the
density of the original image at position (i,j), pn represents the
percentage of pixels that have density n, and L represents the
total number of pixels[8].

IV.CARDIOMEGALY DETECTION
TECHNIQUES

Medical imaging systems aid in the detection and treatment
of diseases by providing a wealth of information that can be
automatically and accurately analyzed using algorithms and
computer technologies[9].This automated analysis eliminates
the need for manual intervention in the diagnostic process. To
obtain medical images, specialized medical equipment must be
utilized instead of a conventional digital camera. The
techniques employed in disease detection systems can be
classified into two categories: machine learning, which requires
comparatively less data and time, but may yield less accurate
results that sometimes require manual intervention; and deep
learning, which relies on artificial intelligence principles and
necessitates a larger quantity of data over an extended period of
time but can achieve higher accuracy. The acquisition of a
database is an essential and imperative component of the
diagnostic process. Figures 3 and 4 demonstrate the most
essential approaches utilized in these domains, according to the
charts below:
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There are many comprehensive summaries of prior
research provided, Table 1 highlights the most recent
advancements employed in the early detection of cardiomegaly.
Additionally, Figure 6 illustrates the typical workflow followed
by diagnostic systems,which involves a series of steps
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encompassing thorough image processing, as depicted in the 4. This is achieved by training various data samples
accompanying diagram. The process is organized into three using chest X-ray images and developing a model
distinct stages, outlined as follows: capable of automatically diagnosing test data. Deep
learning and machine learning algorithms are
1. First Stage(Pre-processing):The initial stage commonly employed for this purpose.
involves preparing the input image by resizing it,
enhancing and eliminating any noise present. Medical In summary, a cardiomegaly detection system incorporates
imaging devices often introduce noise, which can image processing techniques and machine learning
impede accurate disease diagnosis. Hence, it is algorithms to facilitate the early identification and diagnosis
essential to purify the image by addressing issues such of an enlarged heart.With the ultimate goal of assisting
as noise, uneven lighting, blurring, and other healthcare professionals in accurate and efficient detection
distortions. Numerous techniques are available for of the condition.

improving the input image quality, such as spatial or
frequency filters.

2. Second Stage (Mask Creation): In the biomedical Pre-processing
domain, where labeled data is often limited, ~
developing a supervised learning system capable of ( ) Resize
effectively extracting specific details from large
datasets can be challenging. This challenge is Enhancement
particularly prominent in the biomedical field, where Data set of CXR
the manual creation of unique masks and precise mages De-noise

R

Creat Mask

required. This stage involves identifying pixels within S~ -
each image that correspond to regions affected by the
disease and utilizing them to generate a new image of

identical dimensions to the original. As shown in Result Build Feature

localization of diseases in each image is typically \ ) l

Figure 5. It should be noted that extensive medical extraction classification extraction
expertise may not always be necessary for identifying model

the disease area, as conditions like cardiomegaly can
be diagnosed by observing significant thickening,
which  forms the basis of the diagnosis.

y

Performance Evaluation

Fig. 6 .Flowchart of cardiomegaly detection system

Fig.5. Depicts four mahually created masks for
cardiomegaly localization

3. Third Stage (Cardiomegaly Diagnosis ): Once a
mask of the cardiomegaly chest X-ray image has been
created, and the affected area has been localized, the
next step is diagnosing cardiomegaly.
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Table I: Illustrated Several Technologies Used in Cardiomegaly Detection.
Author Techniques Dataset Performance
Accuracy | Sensitivity Specificity (%)
(%) (%)
Haralabos Bougias, et VGG19 Chest x-ray images 84,5 84 83
al.[10] VGG16 from PACS 81 81
SqueezeNet 80 80
InceptionV3 64,1 i
Isarun Chamveha, et U-Net with VGG16 encoder NIH 67.1 0.81 0.69
al.[8] CheXpert 69.8 0.69 0.70
Diego A. Cardona EfficientNet, , PadChest,Openl-NIH | 0.910 0.760 0.945
Cardenas, et al.[ 11]
MobileNet 0.901 0.822 0.919
InceptionNet 0.886 0.869 0.890
Abdelilah Bouslama, et | U-Net ChestX-ray8 94
al.[12]
HYUN YOO, et al.[13] | ResNet and Explainable NIH 80
Feature Map
Chia-Hung Lin, et Classification of NIH 98.00
al.[14] Posteroanterior Chest X-Ray
Images Using a Multilayer
1D Convolutional Neural
Network
Muhammad Arsalan, et | X-RayNet_1 JSRT, Montgomery 96.27
al.[ 15] County (MC) and
X-ray Net 2 Shenzhen X-Ray sets %.10
Tanveer Gupte.et al. Attention UNET NIH/ two private 0.96 0.81
[ 16] SE-Resnext UNET hospitals (D1, D2), 0.87 0.86
and a private dataset
Efficient Net which was collected 0.94 0.83
from population
screening (which we
name as D3)
Mu Sook Lee. et Standard U-Net and Two public datasets | 91 95 87
al.[6] XLSor Model: CXRs,JSRT,
Method1 segmentation
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Method1 segmentation Montgomery, and 92 94 88
in-house PA
Qiwen Quel.etal[17] | CardioXNet ChestX-ray8 93.75

VI.METRICS FOR EVALUATION PERFORMANCE

In this section, an overview of several evaluation techniques is
provided, highlighting the importance of utilizing diverse
approaches to assess model performance. Specifically,
accuracy, recall, precision, and the F1 measure are discussed as
effective methods for evaluating classification algorithms [18].
Additionally, the following terms are defined:
e true positive (TP), which pertains to instances of
positive occurrences that are correctly classified.
o false negative (FN), which refers to instances of
positive occurrences that are mistakenly classified.
o false positive (FP), which pertains to instances of
negative occurrences that are erroneously classified.
e true negative (TN), which denotes instances of
negative occurrences that are correctly classified.

tp +tn
ey = ¥ tn+ fp + fn 2
.. tp
precision = o+ Fp (3)
t
recall = tp-ffﬂ B 4)
= 2 % precision x recall 5)

precision + recall

VII.CONCLUSION

This paper presents a comprehensive overview of the
cardiomegaly disease, including its classification algorithms
and techniques employed in this field. The utilization of deep
learning algorithms in detecting and diagnosing cardiomegaly
through chest X-rays has exhibited significant promise.
Employing sophisticated techniques and algorithms, such as
convolutional neural networks.The aforementioned algorithms
have yielded high efficacy and accuracy compared to traditional
methods, with the potential to automate the
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detection process and significantly enhance patient outcomes
via early identification and intervention. Nevertheless, further
investigation is essential to refine and enhance these algorithms.
In summary, this study's outcomes demonstrate the significant
potential of deep learning algorithms for the diagnosis and
management of cardiomegaly.
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