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Abstract
A life-threatening condition called severe thoracic aortic dis-
section (STAD) is brought on by blood leakage from the aorta’s 
injured inner layer, which separates the intimal and adventitial 
layers. It is difficult to make a diagnosis for this disease. Chest 
x-rays are frequently used for initial screening or diagnosis, 
however their diagnostic accuracy is not great. Deep learning 
(DL) has recently been effectively used for a variety of medi-
cal image processing tasks. By using DL techniques, we try to 
enhance the accuracy of the diagnosis of STAD made on the 
basis of chest x-rays in this work. The significant thoracic aor-
tic dissection was detected using the Whale optimized bilat-
eral residual convolutional neural network (WO-BRCNN). The 
WO-BRCNN accuracy was found to be 99.21%, with precision 
at 94.93%, recall at 97.89%, F1-score at 95.71% and specificity at 
93.42%. To increase diagnostic accuracy using aorta segmenta-
tion, further study is required.
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1. Introduction
Chest pain is a leading cause of visits to the emer-

gency room. To quickly differentiate between poten-
tially life-threatening causes of chest pain like the 
acute coronary syndrome, aortic stenosis, blood clot, 
heart block, and suspense pneumonitis, doctors often 
resort to multiple screening tools like electrocardio-
grams (ECGs), chest X-rays, and lab tests [1]. Aortic 
dissection (AD) is one of these catastrophic causes 
and is linked to extremely high rates of morbidity and 
death; the death risk rises by 1% to 2% hourly after the 
onset of symptoms and reaches up to 50% if it goes 
undiagnosed for 48 hours [2]. It takes an average of 4.3 
hours from the time a patient arrives at the emergency 
department (ED) before a diagnosis is made, due to 
a number of diagnostic challenges, and similarities to 
other acute diseases. The prevalence of incorrect diag-
noses for AD ranges from 14% to 39%, which results 
in ineffective therapies such the use of antiplatelet or 
anticoagulant drugs that raise the risk of significant 
bleeding and fatality. Early diagnosis of AD and quick 
surgical or medicinal intervention are essential for 
increasing patient survival [3]. Especially in compar-
ison computed tomography (CT) and transthoracic 
echocardiogram are examples of diagnostic imaging 
procedures for AD that are recommended in current 
guidelines but are expensive and invasive but had sen-
sitivity and specificity of > 95%. Making a decision to 
use sophisticated imaging in a situation with unknown 
clinical outcomes is difficult [4]. ECGs and CXRs are 
only partially sensitive to AD and cannot totally rule 
out AD. A precise technique with high sensitivity is 
urgently required to decrease the number of incorrect 
diagnoses of AD and to prevent the misuse of possibly 
dangerous testing. An innovative capability for illness 
detection has emerged thanks to the rapid evolution of 
deep-learning techniques, a branch of artificial intel-
ligence (AI), during the past ten years. Deep learning 
models (DLMs) have the ability to automatically ex-
tract characteristics that are unrecognizable to humans, 
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in contrast to typical machine learning algorithms that 
need manual feature engineering. This demonstrates 
how AI has the ability to outperform human abilities 
in clinical assessment and prognosis. An individual’s 
sex and age may allegedly be determined from an ECG 
in addition to detecting arrhythmia when the heart is 
in sinus arrhythmia [5]. Additionally, AI systems have 
made impressive strides in widely applicable picture 
identification tasks. We wanted to address unmet de-
mands by using DL approaches to recognise charac-
teristics of AD on CXRs in line with the development 
of AI models. In this work, we trained a DLM based 
on CXR and ECG to predict various forms of AD. In 
this work, we compared the AD prediction abilities of 
trained models to those of medical experts and evalu-
ated the predictors used in this analysis. In the end, we 
analyzed how DLMs may be used and how well they 
can predict outcomes for distinct populations.

In the remaining sections of the study, the follow-
ing structure will be used. The literature review is in 
Section 2, the methodology is in Section 3, the find-
ings are in Section 4, the discussion is in Section 5, and 
the conclusion and future directions for the study are 
in Section 6.

2. Related works
The research [6] discusses the pathologic and clin-

ical signs of AD across a time span of over 60 years. 
More than 60% of AD patients in a major cardiovas-
cular registry were discovered at autopsy after not be-
ing clinically detectable. The percentage of AD found 
at autopsy did not change from the early to the mod-
ern era, despite the fact that diagnostic methods have 
greatly improved over the intervening period. The 
most common causes of dissection, including as hy-
pertension and previous heart surgery, are unchanged 
between the two time periods. The majority of times, 
aortic rupture is the cause of AD mortality. The AD-
vISED multicenter trial underwent secondary analysis 
by the author [7]. Those who were sent home from the 
ER with a clinical suspicion of an AAS were considered 
for participation. Clinical likelihood was calculated us-
ing the aortic rupture diagnostic risk score (ADD-RS). 
A radiologist examined CR in a blind fashion, making 
judgements based on other symptoms like mediasti-
num enlargement (ME). The patient’s hemiplegia did 
not worsen, the brain haemorrhage did not develop, 
and the fibrinogen level progressively recovered to 
normal. Throughout hospitalisation, the situation re-

mained stable. After being discharged for 1.5 months, 
the patient’s condition barely changed. It’s possible for 
AD symptoms to be vague and latent. Some patients 
with AD-related chemical stroke may be eligible for 
IVT. IVT can also lessen the neurological symptoms 
of AD-related ischemic stroke, although strict moni-
toring is required to prevent aneurysm rupture. Fol-
lowing IVT, fibrinogen levels should also be routinely 
checked for the early identification of hypofibrinogen-
emia [8]. 

The lengthy COVID-19 complication list now in-
cludes aortic dissection. The article [9] describes the 
uncommon and unique complication, which might 
be overlooked if a low level of suspicion is maintained 
when COVID survivors arrive for unrelated surgery. 
There is no standards or recommendations for imag-
ing monitoring in individuals with persistent AD until 
recently. The data on novel endovascular and surgical 
techniques has grown dramatically, while the diag-
nostic techniques for imaging aortic illnesses have im-
proved. Describe the most recent recommendations for 
the surgical/endovascular aortic repair of CTAD in this 
paper [10] as well as the most recent research findings 
in the diagnosis and management of CTAD. Patients 
with type B aortic dissection (TBAD) frequently appear 
in an emergency situation. For some individuals with 
hemodynamic instability or rupture, surgical repair of 
the TBAD may be advised. Thoracic endovascular aor-
tic repair for TBAD has grown significantly in popu-
larity. When patients lack a sufficient proximal landing 
zone for thoracic endovascular aortic repair, variant 
aortic arch morphology might provide a serious thera-
peutic issue. Interventional repair of a ruptured TBAD 
in a bicarotid trunk and surgical repair of an aberrant 
lymph tissue artery were both performed successfully 
in this research article [11].

3. Methodology
In this comprehensive retrospective study, chest 

X-ray images from Tri-Service General Hospital in 
Taipei, Taiwan, were analyzed to learn about and de-
tect AD using WO-RCNN. The suggested methodolo-
gy is illustrated in figure 1.

3.1 Data collection
The Institutional Review Board of Tri-Service Gen-

eral Hospital in Taipei, Taiwan, gave its approval to the 
ethical review (IRB A202005151 and C202105049). 
Each sample included in this study was based on a sin-
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gle ED record that underwent at least one chest x-ray 
or one ECG test. To mimic an emergency, we simply 
utilised the first ECG or chest x-ray test for each record 
and left out the subsequent test. Digitally, the ECG sig-
nal was captured at a sampling frequency of 500 Hz 
and a lead-by-lead recording time of 10 s. Using image 
pre-processing, all chest X-ray pictures were retrieved 
in Digital Imaging and Communications in Medicine 
(DICOM) format and changed to JPEG format.

3.2 Data pre-processing
All CXR images were cleared of all identifiers, such 

name, gender, and age, only the images were used. 
Since chest X-ray pictures were gathered over a pro-

longed period of 18 years from three separate hospi-
tals, a pre-processing step was important to ensure 
accuracy (figure 2).

Images were first consistently reduced to a 448448 
pixel resolution and unwanted black borders were 
eliminated. Next, random transformations such as 
flip, flop, and rotation were applied to the training pic-
tures. This modification was required to enhance the 
model’s performance since part of the data obtained 
contained pictures that had been rotated, flipped, and 
flopped. The last step in reducing the contrast diver-
gence was indeed a histogram equalisation based on 
specific formula.

( ) l
l ii

KS q m
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Figure 1: Proposed methodology

Figure 2: Image preprocessing
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qi: Input image pixel brightness, mi: No of ql: K : 
Maximum brightness value, m: Amount of pixels in 
total. This was achieved by evenly scattering the pic-
ture’s brightness levels, with values always falling be-
tween 0 and 255, histogram equalisation produced 
better photographs.

3.3 Recognition of severe thoracic aortic 
dissection using Whale Optimized Bilateral 
Residual Convolutional Neural Network 
[WO-BRCNN]

3.3.1 Whale optimization (WO)
WO is an intelligent swarm-based method de-

signed for continuous optimization issues. It has 
been demonstrated to outperform other approach-
es of meta-heuristics. For example, when contrasted 
to other swarm intelligence approaches, it is simple 
to develop and resilient, making it similar to several 
nature-inspired techniques. The method needs fewer 
parameter settings; in practise, only one parameter 
(time interval) must be fine-tuned. In WO, a colony of 
humpback whales searches for nourishment in a rep-
resents a considerable arena. The humpback whales’ 
positions are displayed as various choice variables, 
and the range between the humpback whales and the 
food correlates to the amount of external cost.Three 
distinct functional processes (1) reducing the area 
around prey, (2) the bubble-net attacking tactic (ex-
ploitation phase), and (3) the quest for prey—deter-
mine the time-dependent location of a single whale 
(exploration phase).Humpback whales have the 
ability to locate and surround their prey once they 
have located them. Since the precise position of the 
optimal design within the search area is unknown a 
priori, the WOA assumes that the strongest candi-
date solution at the moment is the target prey or very 
close to the optimum. While this is happening, the 
most efficient search agent is being identified and its 
position relative to the other evolutionary algorithms 
is being updated. Using a spiral mathematical equa-
tion among the position of the whale and its prey, the 
bubble-net activity simulates the helix-shaped move-
ment of humpback whales. If the coefficient vectors 
are larger than 1 or less than -1, the research agent is 
selected depending on the predictions of a randomly 
chosen search agent instead of the best search agent 
in addition to have global optimizers. Figure 3 de-
picts the flow chart of WO. 

Figure 3: Flowchart of the Whale optimization

3.3.2 Bilateral Residual Convolutional Neural 
Network (BRCNN)

The BRCNN used as the foundation for the pro-
posed image categorization architecture. ResNet is a 
popular DL model for image analysis because it solves 
the vanishing gradient problem that occurs when resid-
ual projection is used to train traditional convolutional 
neural networks (CNNs).Skip connections among lay-
ers were employed to established the network spanning 
several layers in order to create the residual mapping. 
Figure 4 depicts the total network design. 

The main goal was to divide chest X-ray pictures 
into the normal and aortic dissection groups. The 
model comprised two key stages: pre-processing and 
classification.The photos were downscaled to a reso-
lution of 448 by 448 pixels. The photos were also en-
hanced by rotating, flipping horizontally, and flipping 
vertically. Using a weighted random sampling tech-
nique and a weighted cross-entropy loss function, per-
formance deterioration brought on by data imbalance 
was minimised during the training of the Resnet18 
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model. In order to avoid over fitting, an ensemble vot-
ing method was added.The detection transparency 
of an aortic dissection was calculated using the Gra-
dient-weighted Class Activation Mapping method. 
This method draws attention to the areas of the input 
picture that the model concentrates on throughout 
the course of the sorting procedure, suggesting that 
the feature maps created in the final convolution layer 
have the spatial information necessary to help capture 
the visual pattern. This visual pattern aids in differ-
entiating among the designated groups. The trained 
model’s layers and extracted features were used to ap-
ply the Grad-CAM approach.

3.4 Grad-CAM method
An additional convolution layer, Grad-CAM, was 

added to validate the proposed DL network’s diag-
nostic results visually. For the purpose of predicting 
STAD, Grad-CAM utilizes gradients of any target 
classes flowing through RCNN’s last convolutional 
layer to generate a highlighted localization mapping 
highlighting the critical parts of the image. The map 
of the class-discriminatory localization is provided by 

d d l
Grad ll

K CAM RELU B   (2)

The fundamental purpose of a feature map is to 
partially linearism a deep network, which would be 

denoted by αc L, where is the softmax layer of a chan-
nels.

4. Performance analysis
Precision, recall, F1-score, and accuracy were com-

puted to assess the efficacy of the model. Negative and 
positive instances included the typical patient and one 
with STAD. On the basis of the confusion matrices, 
we estimated the proportions of true positives (TP), 
true negatives (TN), false positives (FP), and false neg-
atives (FN). The accuracy rate of a test for STAD is 
defined as the proportion of true positive diagnoses. 
Quality of positives, or recall, is measured by how ac-
curately a model predicts the outcome of a given set of 
data. Precision and memory are averaged into a single 
score called F1. In this study for comparative analysis 
we used a logistic regression (LR), random forest (RF), 
support vector machine (SVM) and Convolutional 
neural network (CNN). Table 1 depicts the outcomes 
of existing and proposed methodology.

The model’s ability to predict outcomes was exam-
ined. The test set’s accuracy and precision for the WO-
BRCNN were 96.91% and 94.93%, respectively, where-
as they were 85% and 90% for the LR, 90% and 92% for 
the RF, 83% and 78% for the SVM, and 90% and 90% 
for the CNN. Figure 5 compares the accuracy and pre-
cision for the suggested and current approaches.

Figure 4: Architecture of ResNet
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Table 1
Outcomes of existing and proposed methodologies (Estimates 
and 95% confidence intervals)

Methods AUC 
(%)

Accu-
racy 
(%)

Pre-
cision 
(%)

Spec-
ificity 
(%)

Recall 
(%)

F1-
Score 
(%)

LR [13] 91 85 90 86 90 88
RF [13] 94 90 92 91 95 89
SVM [13] 89 83 78 85 88 77
CNN [13] 99 90 90 90 90 90
WO-BRCNN 
[Proposed]

99.21 96.91 94.93 93.42 97.89 95.71

Figure 5: Outcomes of accuracy and precision

The model’s ability to predict outcomes was ex-
amined. The test set’s specificity and recall for the 
WO-BRCNN were 93.42% and 97.89%, respectively, 
whereas they were 86% and 90% for the LR, 91% and 
95% for the RF, 85% and 88% for the SVM, and 90% 
and 90% for the CNN. Figure 6 compares the specifici-
ty and recall for the suggested and current approaches.

Figure 6: Outcomes of specificity and recall

The model’s ability to predict outcomes was ex-
amined. The test set’s AUC and F1 score for the WO-
BRCNN were 95.71% and 99.21%, respectively, where-
as they were 88% and 91% for the LR, 89% and 94% for 
the RF, 77% and 89% for the SVM, and 90% and 99% 
for the CNN. Figure 7 compares the AUC and F1 score 
for the suggested and current approaches.

Figure 7: Outcomes of F1 score and AUC

An ROC curve shows how well a categorization 
model will perform at different cutoff points. On this 
curve, we can see the TP and FP rates, two important 
metrics in diagnosis. When the threshold is reduced, 
more items are marked as positive, which increases the 
number of FP and TP. The WO-RCNN model has a 
high ROC of 0.99. Figure 8 below displays a typical 
ROC curve for the proposed WO-RCNN. 

Figure 8: Outcomes of ROC

5. Discussion
Several research have looked at how well RCNN 

can identify aortic dissection in CT scans. Acute tho-
racic aortic dissection is best diagnosed by compara-
tive chest CT, which employs a contrast substance to 
highlight blood arteries. It helps doctors tell the dif-
ference among a healthy aorta and one that has been 
surgically repaired for a dissection. However, unlike 
CT pictures, chest x-rays provide a greater challenge 
when attempting to diagnose a dissected aorta. This 
is because blood vessel enlargement is absent in chest 
x-rays. Therefore, an RCNN was used to enhance the 
diagnostic performance of chest x-rays for aortic an-
eurysm in this investigation. This is the first effort to 
our experience to train an RCNN to better interpret 
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chest X-rays for signs of aortic dissection, which might 
lead to more accurate diagnoses. The suggested para-
digm is meant to improve clinical screening for aortic 
dissection, with chest X-ray being the most frequent 
screening method and the most fundamental inspec-
tion modality for patients presenting to the emergency 
room with chest discomfort.

The above recommendations make X-ray scan-
ning a valuable screening tool, however the diagno-
sis efficiency is not sufficient given the mortality of 
aortic dissection. Even though a meta-analysis found 
that combining all non - specific abnormal results like 
pleural effusion increased sensitivity to 97.89%, it is 
still required to create a more accurate method be-
cause it is unlikely that almost all patients with non 
- specific biliary obstruction on X-ray scanning have 
aortic dissection. This research indirectly shown that 
WO-prediction RCNN’s function for a single variable 
is superior by showing that WO-RCNN reached the 
final classification accuracy by estimating the values 
of a single variable in accordance with the magnitude 
of the comparison probability. According to the results 
of this research, the WO-RCNN method outperforms 
the state-of-the-art approaches.

6. Conclusion
WO-RCNN has a detection accuracy of 96.91% for 

acute thoracic aortic dissection. This approach should 
make it easier to identify individuals with suspected 
STAD among those who go to the emergency room 
complaining of chest discomfort. Due to the extreme 
seriousness and urgency of thoracic aortic aneurysm, 
an early suspect based on chest X-rays and WO-
RCNN may hasten clinical diagnostic and enhance 
the outcome. Finally, despite the fact that the STAD 
classification model performed well, the results are 
insufficient to draw the conclusion that patients with 
suspected aortic dissection may fully forgo CT scans 
in favor of chest x-rays. Future efforts should focus re-
search that is directly relevant to clinical practice and 
increase accuracy based on segmentation.
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