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Abstract
The application of noninvasive methods to enhance healthcare systems has been facilitated by the development of new

technology. Among the four major cardiovascular diseases, stroke is one of the deadliest and potentially fatal, but, if

detected early enough, a patient’s life may be spared. Most stroke research has centered on MRI and CT scans for

uncomplicated categorization. This medical approach (imaging) is costly, time-consuming and needs the utilization of

complex technology. To make up for these shortcomings, however, there has been a lot of interest in adopting noninvasive,

measurable EEGs. Nevertheless, the raw data should be classified before the proper characteristics can be formed, both the

forecasting algorithms and the analytical techniques demand time. As a result, this work proposes a deep learning-based

model that aims to predict the chance of stroke at an early stage utilizing Parkinson’s disease and wrinkles as markers. A

patient may have a stroke disease if they are diagnosed with both Parkinson’s disease and wrinkles. To the best of our

knowledge, this research is the first to use these biomarkers to predict the risk of having a stroke. The proposed model

achieves a higher accuracy of 94.7% on the considered dataset. Additionally, the recommended model was evaluated and

tested in terms of loss, training time, accuracy, recall, and F1-score versus the other existing models. With less price and

pain than present testing approaches, these discoveries are predicted to result in major enhancements in the early detection

of strokes.
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1 Introduction

A stroke is a condition that is characterized by abnormal-

ities in the blood arteries of the brain, which leads to

dysfunction in particular regions of the brain. The World

Health Organization (WHO) reports that stroke is now the

second most prevalent cause of death worldwide and the

third leading cause of disability [1]. Patients who have had

strokes are more likely to suffer from complex and varied

chronic repercussions, such as cerebral edema, pneumonia,

and heart failure, in addition to vascular embolism, which

places a significant demand on the available medical

resources. The earlier a diagnosis is made, the better the

functional results and the more effectively it can prevent

strokes [2].

Even though there is currently no specific cure for

strokes in the realm of medical research, prompt identifi-

cation is essential for the management of strokes. A timely

diagnosis can help prevent disabilities, fatalities, and other

major brain-related disorders [3]. Both magnetic resonance

imaging (MRI) and computed tomography are used in the

vast bulk of the stroke detection research that is being

conducted today (CT). In any case, though, people are put

in danger of being exposed to radiation, which can bring on

allergic responses. In addition, computed tomography (CT)

and magnetic resonance imaging (MRI) scans are highly

expensive methods of diagnosis; hence, people living in
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impoverished countries are unable to afford to employ

these procedures [4–7]. Noninvasive methods, such as the

electroencephalogram (EEG), are gaining popularity as a

cost-effective or low-cost alternative to traditional diag-

nostic procedures [1, 8].

A software-based method for diagnosing depression is

also being developed as part of the research that was

published in [9]. This technique distinguishes between

aberrant brain signals that could cause strokes and normal

brain signals using deep learning and EEG readings. The

authors [10] developed a single mechanism that can detect

strokes in addition to measuring time and length. Even

though it has only a 73.8% accuracy rate, the EEG and

galvanic skin response (GSR) data were merged by the

researchers of the paper [11] to identify strokes. The

authors of [8] used bioelectrical data with natural language

processing to create their research. After that, machine

learning was utilized to differentiate between normal and

stroke-related data.

A bidirectional Deep Neural Network is utilized in [12]

to classify EEG-based pictures. To differentiate between

the left and right hemispheres of the brain, the data from

the signals are evaluated in several different parts of the

brain. At some point, the signals are evaluated and cate-

gorized as abnormal or normal. The researchers have

proposed a few different approaches [13–15] for treating

patients who have suffered strokes to reduce the amount of

damage done to brain tissue. Current treatments have

several limitations, including the complexity of time and

space required to provide findings, the use of expensive

data collection methods such as MRI and CT scans, and the

difficulty of differentiating between a real stroke and a

ministroke (also known as a TIA). The prediction of

strokes through the use of image processing has been the

focus of several studies [2, 16–19]. The electrocardiogram

(ECG) has been utilized in several studies to predict and

prevent stroke problems caused by atrial fibrillation, which

is a significant leading source of stroke [20–22].

According to the American Heart Association [23], the

seven most important health factors and behaviors that

contribute to the growing risks of heart attack and stroke

are a poor diet, being overweight, having high levels of

cholesterol, smoking cigarettes, having uncontrolled blood

pressure, having high blood sugar, and not being physically

active. Due to cerebrovascular abnormalities, diabetic

patients have a 2–6 times increased risk of having a stroke.

Because of this, the risk is greater in younger persons,

those who have hypertension, and those who suffer from

difficulties with a variety of other vascular beds. In addi-

tion to this, people who suffer from diabetes, hyper-

glycemia, and acute ischemic stroke have a reduced chance

of responding favorably to the only treatment that is

approved by the FDA, which is intravenous tissue

plasminogen activator [24]. These people have a much

higher risk of dying or becoming severely disabled, and

they also have a lower chance of responding favorably to

the treatment.

Studies have indicated a connection between Parkin-

son’s disease (PD) and stroke, although the precise nature

remains uncertain. Aging is a common factor for both PD

and stroke, potentially leading to shared risk elements.

Individuals with PD might face an escalated risk of

ischemic stroke, potentially linked to factors like hyper-

homocysteinemia. Yet, the exact mechanisms intertwining

these conditions remain unclear. Understanding whether

PD contributes to an increased stroke risk or if stroke

heightens the likelihood of PD development is crucial.

Further research is needed to untangle the relationship

between these conditions, unveiling shared pathways. This

exploration could pave the way for potential preventive

measures and targeted treatments [53, 54].

Even though the currently published studies offer the

greatest results in stroke prediction, none of them focus on

predicting stroke disease based on both Parkinson’s and

wrinkles. This is even though the now-published works

give the best results. The aim of each of these investiga-

tions is to develop a method for predicting strokes by

making use of EEG and ECG data, in addition to CT and

MRI images as input. Also, some of these are predicated on

the correlation between having a stroke and having heart

disease or diabetes. The primary objective of this research

is to develop a method for estimating the likelihood of a

patient suffering from Parkinson’s disease and wrinkles

having a stroke.

Parkinson’s disease is thought to be a neurological dis-

order that impairs a person’s capacity for motor coordi-

nation [25]. The loss of dopamine-producing neurons in the

substantia nigra is the cause of this disturbance. Although

the course of Parkinson’s disease cannot be stopped or

reversed with the drugs that are now available, certain

symptomatic therapies can help with motor and non-motor

difficulties. Parkinson’s disease is notoriously hard to

diagnose, and it is common to mix it with other neuro-

logical conditions [26]. In addition to clinical testing,

computer-assisted methods that make use of empirical tests

are increasingly being utilized for prompt detection of

Parkinson’s disease. There has been a recent uptick in the

number of studies that look at handwriting and speech

patterns as potential indicators of Parkinson’s disease

[27–29].

Handwriting data from individuals with Parkinson’s

illness was collected by Pereira et al. [30] using a smart pen

that has been equipped with many sensors capable of

recording a wide range of data. To investigate the data,

they utilized deep learning technology. Rios-Urrego et al.

[31] found the kinematic aspects that are most beneficial
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for identifying people who have Parkinson’s disease by

collecting three separate feature sets from spiral drawings.

These feature sets were used to identify the subjects.

Naseer et al. [29] made use of a handwriting dataset and

followed it up with a data augmentation method. This

allowed them to attain accuracies of more than 0.90 when

fourfold cross-validation was used. Impedovo et al. [32]

did an in-depth analysis of the research by utilizing hand-

writing analysis as a method for diagnosing neurological

conditions such as Parkinson’s disease and Alzheimer’s

disease. Both of these conditions affect the nervous system.

In this study, participants with Parkinson’s disease under-

went an evaluation of the static spiral test, often known as

the SST.

Wrinkles on the face are considered a facial trait that

develops as a person ages [33]. During the last several

decades, numerous techniques for identifying facial wrin-

kles have been developed [34, 35]. The article [36] pro-

vides a comprehensive summary of the research that has

been done on benchmark datasets, automatic wrinkle

identification algorithms, and facial inpainting approaches.

The authors of [37] devised a stroke analysis approach that

is based on artificial intelligence (AI) that can detect early-

stage strokes in the elderly by analyzing facial muscle

abnormalities. This was accomplished by analyzing the

patient’s face. As a biomarker for distinguishing dementia

from other forms of cognitive impairment, a patient’s facial

characteristics [38] are evaluated.

This work set the door for future research to be con-

ducted utilizing Xception to build a face biomarker for the

identification of dementia. It is possible to tell the faces of

people who appear to have moderate dementia apart from

the faces of people who do not have dementia using this

method. The studies that were described before showed

that the characteristics of the face may be utilized as an

indication to forecast the likelihood of sickness. So, the

purpose of this study is to determine whether or not a

person has had a stroke by analyzing facial wrinkles. Deep

learning strategies have lately been shown to perform

better than traditional machine learning methods in a broad

variety of scientific fields, including chemistry, physics,

biology, and materials science [39]. As a consequence of

this, the researchers in this work employ deep learning to

forecast the sickness caused by biomarkers (Parkinson’s

and wrinkles).

The work’s contributions are summarized as,

• To propose deep learning-based models to predict the

probability of stroke disease using Parkinson’s disease

and wrinkles as biomarkers.

• In the first stage, Parkinson’s disease is predicted for

patients using DenseNet-201, and then wrinkles/non-

wrinkles are classified using VGG-16 and LSTM in the

second stage. If this patient suffers from Parkinson’s

disease and wrinkles, a stroke is feasible which is

predicted in the next stage.

• This is, as far as we know, the first study to use deep

learning models using wrinkles and Parkinson’s disease

to predict stroke risk. The suggested model has an

improved overall accuracy (F1-score) in comparison

with other current models.

2 Materials and methods

The proposed method for predicting the probability of

stroke is included in the following section in detail.

2.1 Method outline

Below is a summary of the models that have been sug-

gested. The models’ classification accuracy has been

increased when the DL techniques are being used. An

overview of the models that have been proposed for pre-

dicting stroke in patients is shown in Fig. 1. There are

three distinct modules in the recommended approach. With

Parkinson’s disease and wrinkles, this study attempts to

forecast the risk of stroke.

A collection of photographs depicting Archimedean

spirals serves as the foundation for the first module, which

is followed by the pre-processing and addition of data. The

datasets that were employed in this work were divided into

three parts: the training set, the test and validation set, and

the evaluation set. The DenseNet-201 is utilized to deter-

mine whether or not the spiral pictures are indicative of

Parkinson’s disease. The second part of the procedure

begins by collecting face photos of the same patient. These

images are then pre-processed, and VGG-16 is used to

extract the patient’s characteristics. At last, patients are

divided into two categories: those with and those without

wrinkles. Following the completion of the first two stages

of categorization, a condition is verified to see whether or

not a patient is experiencing Parkinson’s disease and

wrinkles. A patient is evaluated for the probability of

having a stroke in the third module if it turns out that both

of the conditions match turned out to be true. The dataset is

created by first taking the first two modules and exporting

their text characteristics as a.csv file. After that, the data are

pre-processed, and an XGBoost model is utilized to pro-

vide a prediction regarding the likelihood of a stroke

occurring. In the last step, the results that were anticipated

are assessed using a variety of measures.
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2.2 Dataset

The archive contains material gleaned from one hundred

and two distinct people (51 patients with Parkinson’s and

51 healthy). The Static Spiral Test was performed by

persons utilizing a pen and paper, and the images that make

up the dataset are camera-captured photographs of the

hand-drawn Archimedean spirals that were obtained from

these participants for the detection of Parkinson’s disease.

These individuals carried out the Static Spiral Test.

Everyone who took part in the activity was tasked with

conceptualizing their Archimedean spiral pentagon and

then recreating the model that was provided. The data are

to be made out in a manner that complies with the

instructions, and in a manner that is both as accurate and as

promptly as is practicable. Also, the data were collected

from the same 102 patients who ranged in age from 18 to

80 under settings of natural light for the detection of

wrinkles or non-wrinkles of a patient. It was captured in a

variety of environments utilizing just the available natural

light. The dataset had 102 photographs divided into the

categories of wrinkled and non-wrinkled (51 patients with

wrinkles and 51 non-wrinkles). In addition, a questionnaire

containing personal information, such as smoking status, as

well as a consent form is distributed to participants to

obtain their permission to make use of their photographs in

research activities. The images were captured with a Canon

EOS 600D and a flash that was turned on during the pro-

cess. The Parkinson and wrinkle dataset used in this work

is split into a training dataset that makes up 70% of the

total and a test dataset that makes up the remaining 30%.

After applying data augmentation techniques, the sizes of

both the spiral image dataset and the wrinkles/non-wrinkle

image dataset have been increased to 360 images each.

2.2.1 Data pre-processing of static spiral test’s spiral
images

Pattern recognition and machine learning are both proce-

dures that rely heavily on pre-processing to ensure accurate

results. Binarization, image enhancement, normalization,

data augmentation or noise reduction, sampling, transfor-

mation, and a variety of other procedures are among the

key techniques that are utilized during the pre-processing

stage and are applied to raw data. During this stage, raw

data is processed in its most basic form. As CNN gets its

functionality from raw data, it is essential to get rid of

variations and noisy structures before starting the training

process.

Fig. 1 Overview of the work
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The image-based dataset (images obtained using the

Static Spiral Test) was produced by defining the time series

of each topic as picture dimensions and then correlating the

coordinates of the path taken by the pen. The creation of

the image-based dataset was carried out while all unfin-

ished drawings were thrown away and destroyed. The

handwritten text contains a sizeable quantity of irrelevant

information that may cause the diagnosis to be inaccurate.

After the removal of the uninteresting white space that was

present around the image’s borders, these pictures have

been enlarged in addition to having their normalization

completed and have then gone through the process of

having their exposure levels normalized. Following that,

the dataset was prepared acceptably so that it could be used

as an input to a model. This was done to make the dataset

usable. Following that, more photographs have been cre-

ated utilizing a variety of photo enhancement methods to

make the final output. Figure 2 represents static spiral

images from the Static Spiral test.

Data Augmentation: The technique for augmenting

entails modifying previously captured photos to generate

fresh versions of them. While being trained, deep neural

networks often require a substantial quantity of data. Even

when transfer learning is utilized, training benefits from

having a larger number of samples to work with. Because

differences in orientation and contrast do not directly alter

picture class or even the general perceptual task associated

with the Static Spiral Test, the dataset has had the fol-

lowing data augmentations done to it.

• There is a 50% possibility that the picture will be

flipped horizontally after a random operation is per-

formed on it.

• There is a 0.1% possibility that the image’s contrast will

be adjusted randomly.

• There is a one in three possibility that the image may

undergo a random zooming in and cropping when it is

processed.

2.2.2 Pre-processing of wrinkle/ non-wrinkle images

The dataset contains photographs of varied widths, heights,

as well as sizes; nevertheless, to attain consistency, all of

the images were scaled to 240 pixels by 240 pixels. Image

Enhancement appears to be an essential strategy for

improving the overall visual appearance of a picture; it is

described as the process of producing a ‘‘better’’ transfor-

mation form for future automated diagnostic operations.

By limiting the amplification, contrast-limited adaptive

histogram equalization, or CLAHE for short, is one type of

adaptive histogram equalization that can get around this

problem. CLAHE is utilized almost exclusively to prevent

the amplification of noise. CLAHE is an upgraded version

of AHE, which stands for Adaptive Histogram Classifica-

tion and is widely acknowledged to be the most effective

pre-processing enhancement strategy available. Face

identification is accomplished with the help of the

Face ? ? detector, which may be accessed by the general

public. After that, the picture that has been pre-processed is

sent through the pre-trained network to have its features

extracted. Afterward, the retrieved data characteristics

were fed into the LSTM classifier so that classification

could be performed on them. Figure 3 is a representation of

the sample wrinkle and non-wrinkle photographs from the

dataset after CLAHE and Face ? ? techniques.

2.3 Module 1: detection of Parkinson’s disease

This section describes the detection and classification of

Parkinson’s disease using the DenseNet Model.

(a)                                                    (b)

Fig. 2 Static Spiral test’s Spiral

samples a Healthy b Parkinson
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Fig. 3 Wrinkle/Non-Wrinkle

data samples after CLAHE and

FACE ? ? techniques
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2.3.1 Deep transfer learning-based Parkinson’s disease
classification

The standard CNN primer may be found in [40]. Never-

theless, the network may have difficulty expanding both

vertically and horizontally in a traditional CNN because of

the possible explosion or gradient vanishing issue resulting

from the progressive linking of all layers as in Eq. (1).

DenseNet is a newer CNN structure for visual object

identification as it outperforms well with minimum

parameters. DenseNet and ResNet are very similar despite

some major differences. ResNet uses an extra attribute ( ?)

to integrate the preceding layer with the succeeding layers,

whereas DenseNet just uses concatenated (.) characteris-

tics, as shown in Eq. (1). (2). The problem is intended to be

fixed by the DenseNet Architecture, which heavily inter-

connects all layers. DenseNet [41] merged all the feature

maps from the preceding levels into one, indicating that

nearly all feature maps are sent to the next layer and

connected to freshly generated feature maps.

XN ¼ HN XN�1ð Þ þ XN�1 ð1Þ
XN ¼ HN concat X0;X1;X2; . . .:XN�1ð Þ½ � ð2Þ
XN ¼ HN XN�1ð Þ ð3Þ

In the equations that have been presented thus far, the

layer index N and the feature that is present in the Nth layer

are denoted by the symbols N and X N, respectively.

Moreover, the letter H denotes a non-linear operation.

Because DenseNet-201 performed the best when used for

the ImageNet classification challenge, it was selected for

the classification of Parkinson’s disease in this study. The

recently developed version of DenseNet has several bene-

fits, one of which is feature reuse, which helps to mitigate

the problems of exploding and gradient vanishing [42]. The

fundamental principles of transfer learning involve

employing a sophisticated and effective pre-trained model,

specifically DenseNet in this work. This model is trained

first on a large-scale dataset, like ImageNet, and then

‘‘transfers’’ the learned information to a relatively easier

task that is, identifying Parkinson’s disease from healthy

individuals even with sparse data. The original pre-trained

DenseNet-201 consists of a Fully Connected Layer (FCL)

of 1000 nodes with pre-trained weights and biases. In the

Modified DenseNet-201, this layer is substituted with a

new FCL comprising only 2 nodes, initialized randomly.

The initial DenseNet-201 model’s Classification Layer

encompassed 1000 diverse classes such as a recreational

vehicle, printer, coho, milk can, Irish wolfhound, and

numerous others, alongside 980 additional classes. How-

ever, in the Modified DenseNet-201, this classification

layer is adapted to accommodate just two classes: Parkin-

son’s and healthy.

In addition, the following adjustments need to be made

to make the DenseNet architecture effective. One of these

adjustments involves down-sampling the feature maps to

make concatenation possible. Because of the varying sizes

of the feature maps, completing the concatenation process

might be difficult. After that, the idea of thick blocks was

developed as a means of putting down-sampling into

practice. As seen in Fig. 4, transition layers may be found

in the spaces in between dense blocks. These layers are

made up of the processes of batch normalization, convo-

lution, and pooling. It is important to note that the network

receives a considerable number of inputs; hence, a bottle-

neck layer was included in the DenseNet to minimize

feature maps and cut down on the expenses of computation.

This is done by placing a 1 9 1 convolution layer in front

of a 3 9 3 convolution layer. This sequence of layers is

called a convolution chain. DenseBlocks were suggested to

be implemented by utilizing transition layers (TLs). Using

TL can primarily result in two advantageous outcomes: I

This may result in a decrease in the number of feature

maps: assume a DenseBlock creates k feature maps with a

compression factor of between 0 and 1. After that, the

NFM of the feature maps is going to be lowered to l. If the

value is equal to 1, the feature maps will remain

unchanged.

Hfm ¼ l before TL

h� lafter TL

�
ð4Þ

(ii) TL layers are another option for achieving the

desired down-sampling effect. It is possible to do this by

performing a 1 9 1 convolution followed by a 2 9 2

pooling operation in the space that separates two consec-

utive dense blocks. In addition to this, the feature maps are

concatenated since the size of the feature maps is consistent

throughout all dense blocks.

The construction of DenseNet is shown in Fig. 5. It

consists of four databases (DBs), an input layer, transition

layers (TLs), and a gap layer. The TLs are built with the

following layers: batch normalization, convolution with a

size of one by one, and an average pooling layer with a size

of two by two and a stride of two. The TLs consist of a

batch normalization layer, a 1 9 1 convolution layer, and a

2 9 2 average pooling layer with a stride of 2 in each of

their layers. The GAP approach succeeds in accomplishing

a more significant decrease in feature size, going from ggc

to 1c. It is analogous to the standard Maximum Pooling

(MP) and Average Pooling (AP) processes that are often

used. As a direct consequence of the GAP layer, the overall

thickness of the slice is reduced to a single digit.

SIfm ¼ g� g� c beforeGAP
1 � 1 � c after GAP

�
ð5Þ
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The structure of the model has been modified in some

way. Although the initial completely connected layer

(FCL) was developed to recognize 1000 categories, the

final dense layer, which is also known as a fully connected

layer (FCL), has been modified. A few examples of dif-

ferent classes include the zebra, the miniskirt, the pencil

box, and the rocking rocker. Yet, none of them are con-

nected to Parkinson’s disease, which serves as the principal

example of a classification challenge in this investigation.

Considering that the number of output neurons in a typical

DenseNet (length = 1000) is not comparable to the number

of classifications in this study (which is 2, as shown in

Fig. 5), the conclusion is that the conventional DenseNet is

not optimal (b). Hence, just two neurons are used to make

adjustments to both the final FCL and the classification

layer. The Parkinson and healthy classes will be the final

output from the model after it has been categorized. The

breakdown of the proposed DenseNet-201 model is shown

in Table 1.

2.4 Module 2: detection of wrinkles

The identification and categorization of wrinkles using a

pre-trained VGG-16 and LSTM model is covered in this

Fig. 4 Spiral image

classification using the

DenseNet-201 model

(a)

(b)

Fig. 5 Architecture of a Original pre-trained DenseNet-201 b Modified DenseNet-201
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section. Images of wrinkles on the forehead are examined

in this research to determine the presence of wrinkles.

2.4.1 Deep transfer learning-based wrinkles disease
classification

In face-based analysis, wrinkles are a very important fea-

ture. As the majority of wrinkles of interest appear in a

horizontal orientation, the region of the forehead was

chosen for this experiment to identify wrinkles because of

their prominence. These networks are trained with data

taken from the ImageNet database. The filters of the net-

work layers are used to differentiate between input features

such as colors, and vertical and horizontal lines. As a

consequence of this, it is possible to recognize even little

forms and sections. The category to which the input image

belongs can be ascertained from the generated output (cats,

birds, or other categories, for example). After that, the pre-

trained network is used to execute transfer learning by

identifying individual records in a new dataset. In this case,

the network is used for wrinkle classification. The param-

eters that were learned during training from the source job

were frozen, and then they were sent to the target task. The

only exceptions to this rule were the last three layers (FCL,

SM, and classification). In addition, the already-trained

layers of the pre-trained network are incorporated with

these layers to provide a new classification for the classes.

As a consequence of this, the training procedure may be

finished in a portion of the time using a modest amount of

data that is necessary for CNN training to start from

scratch. The categorization of wrinkles according to a

transfer learning-based technique is shown in Fig. 6.

VGG-16 for feature extraction: At the step of feature

extraction, several convolution layers are utilized to iden-

tify whether or not specific patterns and features are present

in the data that is being processed. There is a total of 13

convolutional layers and three fully connected layers in the

VGG-16 architecture [43]. Inside each of these layers,

there are three 3 9 3 kernels and two 2 9 2 parameters. In

this study, the fully linked layers that can be observed in

VGG-16 are not used for classification; rather, LSTM is

used in its place. The VGG-16 network is structured with

convolutional as well as pooling layers divided into 1–5

block groups. Each block includes several convolutional

layers as well as a pooling layer. The pooling layer in block

1 uses 16 kernels to extract features for each of the two

convolutional layers, hence reducing the size of the images.

As a result, the images’ overall size is reduced. The design

of the subsequent blocks is the same, with the exception

that blocks 1 and 2 employ two convolutional layers,

whereas blocks 3–5 employ three convolutional layers,

each with a distinct kernel number. Both accuracy and

network expansion are made possible by this. There are

two convolutional layers in Blocks 1 and 2. There are three

convolutional layers in blocks 3–5. The breakdown of the

VGG-16 model may be found in Fig. 7.

To generate activation maps with dimensions of 240 by

240 by 64, features are collected from input data with

dimensions of 240 by 240 by 3 in the initial convolution

layer using 64 kernels with dimensions of 3 by 3. The

activation maps, which are also referred to as feature maps,

appear to be a collection of feature activation recognized

by neurons in every convolution layer and have the

dimensions of height, breadth, and channel. The succeed-

ing convolution layer took these feature maps as input and

sequentially processed them to discover higher-level fea-

tures. These maps were utilized as input by the layer that

came after it. By applying a series of convolution layers in

succession, the spatial dimensions of feature maps may be

greatly reduced from 240 by 240 to 7 by 7, hence reducing

the file size of the feature maps. This indicates that neurons

located in deeper convolution layers were the ones to detect

the patterns, and they did so depending upon the larger

geographical areas of the data. The training was provided

to filters in shallow layers so that they could recognize

fundamental characteristics, such as colors and edges, that

were present in receptive fields. Filters located in the

deeper levels were utilized to retrieve the shallower layers.

The feature map that is currently in the last convolution

layer is first flattened into a single-dimensional vector to do

classification. The LSTM model generates output that is

divided into two classes namely, wrinkles and non-wrin-

kles by making use of hidden layers.

2.5 Module 3: detection of stroke

This section describes the prediction of the possibility of

stroke using the XGBoost model.

Table 1 The proposed DenseNet-201 model’s summary

Layer (type) Output shape Parameters

Convolution 1, 64, 112, 112 9408

Pooling 1, 64, 56, 56 0

Dense block 1 1, 256, 56, 56 335040

Transition layer 1 1, 128, 28, 28 33280

Dense block 2 1, 512, 28, 28 919680

Transition layer 2 1, 256, 14, 14 132096

Dense block 3 1, 1792, 14, 14 8071680

Transition layer 3 1, 896, 7, 7 1609216

Dense block 4 1, 1920, 7, 7 6978560

Global average Pooling 1, 1920, 1, 1 0

Fully connected layer (2), softmax 1, 512 983552
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The prediction model for stroke incorporates data from

two key models: Model 1 evaluates the presence of

Parkinson’s disease and overall health status, while Model

2 assesses the presence of wrinkles as a factor. Addition-

ally, various other parameters play a crucial role in this

predictive model. These include age, heart disease, gender,

marital status, hypertension, employment status, place of

residence, average glucose levels, body mass index (BMI),

and smoking habits. By integrating information from these

diverse sources, the predictive model enhances its accuracy

in identifying individuals at risk of stroke. Figure 8

indicates the comprehensive factors in the stroke prediction

model.

2.5.1 Dataset

Out of a cohort of 102 patients, a noteworthy observation

was made: 24 individuals were found to be afflicted with

both wrinkles and Parkinson’s disease. It is crucial to

highlight that these particular patients played a pivotal role

in furnishing the data utilized to construct the dataset

featured in this section. The information derived from this

subset of patients forms a critical component of the dataset,

contributing significantly to the predictive modeling

employed in this section, specifically focused on stroke

prediction. It has eleven attributes, including gender, age,

ID, body mass index (BMI), heart disease, hypertension,

ever marriage, kind of employment and habitation, average

glucose level, and smoking status, among others. The

dataset is split into a training dataset that makes up 80% of

the total and a test dataset that makes up the remaining

20%. The training dataset is employed for modeling

training and optimization.

2.5.2 Pre-processing

Processing the data appears to be an essential step before

the training process, given that the precision of the data has

a direct impact on the reliability of the model’s predictions.

It also involves deleting duplicate values and null values,

as well as restoring any data that were previously lost.

Deleting duplicates is crucial due to the possibility of

patients submitting forms multiple times, causing issues in

stroke disease prediction. Removing duplicate entries

ensures a high-quality and consistent dataset, preventing

noise that can arise from duplicate records and compromise

model training accuracy. This action also addresses the risk

of overfitting, where the model memorizes training data

instead of learning patterns. This promotes better model

performance on unseen data and optimizes computational

resources during training. Additionally, removing

Fig. 6 Classification of Wrinkles using Pre-trained VGG-16 and LSTM

Fig. 7 Summary of the VGG-16 model
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duplicates helps avoid biased learning experiences, ensur-

ing a more balanced and unbiased model. The faulty

attribute columns that had missing value ratios of more

than 70 percent were removed, and mean values were

inserted into the remaining feature columns in their stead.

Importantly, this process did not result in a decrease in the

number of records. Removal of faulty columns and mean

imputation preserved the overall dataset size. To make the

information more relevant, the data were additionally

standardized using the maximum-minimum norm

approach. The formula may be written down as follows.

The formula is presented in the following way.

G ¼ Go � Gmin

Gmax � Gmin
� NGmax � NGminð Þ þ NGmin ð6Þ

where G is the normalized value, Go is the original value,

Gmin is the minimum, Gmax is the maximum, and NG

max and NG mindenote the series of values that are con-

tained in the updated dataset, with NG max normally

equaling 1 and NG min typically equaling 0. The experi-

mental dataset for this study is denoted by the letter G, and

its range is between 0 and 1.

2.5.3 SMOTE based data-balancing

In machine learning, data sampling also referred to as

balancing is a popular technique for handling uneven data.

The three subcategories of over-sampling, under-sampling,

and hybrid techniques are further divisions of this

methodology. The goal of the under-sampling method is to

accomplish the same outcome by removing data values

from the category that contains the majority of the items.

The strategy of over-sampling brings the data in training up

to a more even keel by adding data values for the minority

group. On the other hand, the hybrid technique can produce

balanced data since it incorporates both over-sampling and

under-sampling processes. In this work, a hybrid SMOTE-

ENN [44] strategy is utilized to balance the imbalance

training datasets for stroke illness. SMOTE was widely

used to oversample the minority class to ensure that the

dataset would eventually be balanced. Following that, the

edited nearest neighbor (ENN) method was applied to

maintain balanced distributions while simultaneously

decreasing unwelcome sample overlap between two clas-

ses. The implementation of SMOTE-ENN results in an

increase in the total number of minority classes as well as a

more even distribution of the adjusted minority class pro-

portion throughout the dataset. This results in an equal

number of classes for strokes and classes without strokes in

both categories. The size of the dataset after applying the

SMOTE technique is 192.

2.5.4 Deep learning-based possibility of prediction
of stroke

It has been described how the machine learning-based

XGBoost (Extreme Gradient Boosting) model may detect

early strokes by depending on the biomarkers (Parkinson’s

and wrinkles) that were predicted in earlier parts. The

loading of pre-processed data into the model for opti-

mization and training is illustrated in Fig. 9.

Feature selection: It is vital to have a solid under-

standing of how the model’s qualities play a role in pre-

diction to get higher performance from the model. While

making a forecast with the XGBoost model, it is essential

to take into account the most relevant characteristics. The

selection of features is becoming an increasingly crucial

Fig. 8 Comprehensive Factors

in Stroke Prediction Model
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process as a data set’s number of variables and character-

istics grows.

The process of feature selection involves doing an

analysis of the datasets as well as selecting the character-

istics that, when combined, will supply the vital informa-

tion that is required to develop the requisite knowledge.

This will result in fewer duplicate components while also

increasing classification efficiency and precision. Reducing

the number of parameters, shortening the training period,

eliminating overfitting through increased generalization,

and overcoming the dimensionality constraint all con-

tribute to the model’s simplification. To make accurate

predictions, it is necessary to choose and train on the

attributes that have the highest relevance scores.

XGBoost is an improved variation of the generalized

additive model (GBM) that is capable of avoiding over-

fitting and has increased processing efficiency. The oper-

ation of XGBoost involves minimizing the impact of

several loss functions and using several regularization

procedures. The extra regularization period helps to mini-

mize overfitting by providing a smoother experience

overall for the final learned weights. Due to its robust

handling of a wide range of data types, correlations, and

distributions, as well as the vast number of hyperparame-

ters that the user can fine-tune, the XGBoost approach does

exceptionally well in machine learning competitions.

XGBoost could automatically build gradient tree-boosting

strategies in parallel by utilizing a multi-thread processor.

This made it possible for the strategies to execute more

quickly and improved the accuracy of the method. It is

possible to make the forecast by employing the collection

of decision trees, and the result is shown as,

ẑi ¼
Xd
d¼1

fdðxiÞ; fd 2 F ð7Þ

In the equation presented above, the notation z I refers to

the ith example sample data included in the training data-

set, and the notation x i specifies the anticipated location of

the ith instance inside d-th tree. fd (xiÞ is the expression that

represents the value of the dth tree. The function F is a

representation of every value that the decision trees

determine. The loss function’s parameters must be opti-

mized before starting the model’s training process. The

following could be used to express it:

L ¼
Xn
i¼1

L ẑi; zið Þ ð8Þ

Although XGBoost appears to be a technique that relies

on decision trees, it makes use of a variety of tree-based

hyperparameters, such as subsample and max depth. These

factors improve prediction accuracy while also reducing

the risk of overfitting. In addition to this, the learning rate

affects the tree weight of the model, and it may be adjusted

to slow down the rate at which the model adjusts to new

training data. Because the XGBoost objective function

includes a regularization concept, both the process of

selecting the prediction function and the management of

the complexity of the model are made simpler. The loss

function and the regularization term are combined to create

the objective function for the XGBoost method. The reg-

ularization term governs the model’s complexity, and the

loss function ascertains the model’s level of predictiveness.

The XGBoost’s objective function may be stated as

follows:

Obj ¼
Xn
i¼1

L ẑi; zið Þ
Xd
i¼1

P fið Þ ð9Þ

In Eq. (7), the symbol L symbolizes the loss function,

which defines the extent to which the model is compatible

with the training data; the symbols z I and z i show,

respectively, the predicted label and the actual label. A

penalty is applied based on the complexity of the training

tree when employing function P. (f). This also fixes the

problem with the item being too large. To determine

complexity, a tree function denoted by f(x) has to be

defined. As a direct consequence of this, the objective

function is expressed as.

f ðxÞ ¼ SmðxÞ; S 2 PN ð10Þ

S indicates the leaf scores vector; a mapping function is

indicated as m that maps data cases to the respective leaf.

Whereas N indicates the number of leaves.

P fð Þ ¼ cDþ a wj jj jð Þ þ 1

2
kð wj jj j2Þ ð11Þ

While and stand for hyperparameters, the whole number

of leaves that are included in the tree is represented by the

letter D, and this letter can also stand for the complete

number of leaves. The L2-norm of the weight of the leaf

can be expressed as the notation |(|w|)|2, while the L1-norm

Fig. 9 Stroke disease prediction using XGBoost
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of the weight of the leaf can be represented as the notation

|(|w|)|. Regularization at the L1 and L2 levels, which is

guided by reg lambda and reg alpha terms, respectively, is

responsible for the sparseness that is produced. A minimal

loss mitigation is required for the upcoming partition, and

this is defined by the hyperparameter c. (gamma).

The utilization of gradient descent resulted in an

enhancement to the model’s goal function. The model was

additive, which means that a tree will be added to the

model if the projected outcome matches the total of the

trees that are already in the model as well as any new trees

that are added. As a consequence of this, the aim at each

stage might be stated as, for example, in the twelfth stage

(12).

ObjðtÞ ¼
Xn
i¼1

Lðzi; ẑðt�1Þ
i þ ftðxiÞÞ þ PðftÞ þ Const ð12Þ

Because it is difficult to compute all of the potential tree

configurations at the same time, the tree structure was

developed by first making an estimate of the leaf scores,

then applying regularization, and then determining the goal

function at each level. Later iterations of this tree structure

might be replicated, thereby greatly reducing the compu-

tational complexity. In addition, the technique for node

splitting is what decides the gain of each feature. It did this

continuously up until the maximum debt reached h, at

which time it stopped. As a direct consequence of this, the

nodes were cut using a declining gain, beginning at the root

of the tree. XGBoost locates data and navigates through

trees using this method. The eventual output of the model

will be the probability that the patient will suffer from

stroke illness. This will be of assistance in the early

detection of the possibility of a stroke occurring.

2.5.5 Hyperparameter optimization

Hyperparameter optimization refers to the process of

selecting the optimal values for a machine learning algo-

rithm’s hyperparameter so that the algorithm may get the

best possible results when tested on a validation set. Grid,

random, and manual methods are all available. Bayesian

optimization is one of the most common approaches used

in the process of optimizing hyperparameters. Because

there are so many hyperfactors, manual search has become

more difficult. When it comes to finding hyperparameters,

Bayesian optimization is a more comprehensive and time-

efficient method. There is no requirement to make any

adjustments to any of the hyper settings. In this stage, the

primary challenge is the precise selection of parameters

from multiple hyperparameters, a task efficiently addressed

through hyperparameter tuning [52]. This article employed

Bayesian optimization in a systematic four-step process:

Domain Space Initialization: A domain space encom-

passing a range of values is established, considering input

variables such as max depth, reg lambda, cosample bytree,

subsample, n estimators, learning rate, regular alpha, min

child weight, and gamma.

Objective Function Definition: An objective function is

defined, as capable of returning a real number that must

decrease to achieve the desired goal. Minimizing the val-

idation error of XGBoost concerning hyperparameters is

crucial for accuracy optimization.

Application of Optimization Algorithm: The Bayesian

optimization concept is utilized during the tuning phase to

construct a surrogate objective function. This method,

based on Bayes’ theorem, proves efficient in addressing

global optimization challenges. The real objective function

evaluates candidate samples.

Results Acquisition: Results are scored through value

pairs, guiding the algorithm in building the XGBoost

model.

This systematic approach ensures efficient hyperpa-

rameter tuning, particularly when dealing with complex

optimization challenges. Throughout this study, we worked

to optimize nine different parameters, including max depth,

reg lambda, cosample bytree, subsample, n estimators,

learning rate, regular alpha, min child weight, and gamma.

Overfitting is prevented by the minimum child weight,

gamma, subsample, colsample bytree, and maximum depth

parameters, while the learning rate contributes to the

robustness and stability of the model. When models get

more complex, regularization variables like reg lambda and

reg alpha punish them and drive them to become simpler

models. These variables are known as ‘‘regularization’’

variables.

3 Result and discussion

3.1 Experimental design

Python, a programming language, is used to implement the

recommended models, and the PyTorch module, which is

based on machine learning, is used. It would appear that

Python is compatible with PyTorch, and it is possible to use

Python to construct neural networks. This is beneficial for

activities performed by both the CPU and the GPU. To

fine-tune the hyperparameters of the model, two methods

are used: a network search and the parameters for which

the model performs better on the test data that is presented.

Choosing the most appropriate values for a model’s

hyperparameters is an integral part of the training process.

The performance review is broken down into three parts:

wrinkles, Parkinson’s disease, and stroke disease.
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3.2 Performance evaluation of Parkinson’s
disease

During the training of the model, hyperparameters are

tweaked to achieve the best possible results from the

model. The DenseNet-201 model was optimized with the

following hyperparameters: epoch = 50, batch size = 32,

optimizer = adam, and activation function = ReLU. These

values were chosen since they were determined to be the

most effective. The outcomes for the various optimizers are

presented in Table 2. The Adam optimizer delivers the best

results, followed by the SGD and RMSprop optimizers.

The metrics like precision, accuracy, recall, F1-score,

kappa score, MAE, loss, R2, and MSE were used to ana-

lyze the outcome of the experiment.

Accuracy: The accuracy is nothing but the percentage

of all the pixels in the images that have been accurately

labeled, accounting for the entire range of pixel values. It

evaluates the correctness of every pixel in the image.

Accuracy ¼ TP þ TN

TP þ TN þ FP þ FN
ð13Þ

The ratio of precisely labeled positive samples to the

total number of positive samples identified (accurately or

wrongly) can be used to determine the precision. Compared

to the standard accuracy measure, the F1-score strongly

predicts the classifier’s performance.

Precision ¼ TP

TP þ FP
ð14Þ

Sensitivity=recall ¼ TP

FN þ TP
ð15Þ

F1 � score ¼ 2 � Precision � Recall

Precision þ Recall
ð16Þ

Table 3 presents a comparison of the performance of the

proposed model to that of several currently used models,

including AlexNet, CNN, and SVM. The best possible

accuracy was achieved by the proposed DenseNet-201

model, which came in at 93.3%, which is higher than the

accuracy achieved by other techniques. In addition, the

model that was recommended performs better than other

models in terms of recall, kappa score, F1-score, accuracy,

MAE, MSE, and R2.

In Figs. 10 and 11, DenseNet-201 outperforms AlexNet,

CNN, and SVM across most performance measures,

demonstrating superior accuracy, error handling, and pre-

dictive capability.

Kappa score: It appears that kappa [46] is a statistical

measure that represents the degree to which two raters

agree with one another. It is a dependable measurement

that possesses an easy computation as well as an output

range that falls between -1 and 1. The following is the

formula used to calculate kappa values:

k ¼ p0 � pc
1 � pc

ð17Þ

The possibility that rankers will agree on everything is

denoted by the symbol p 0 in the equation shown above,

while the likelihood that they will agree by chance is

denoted by the symbol p c. In this situation, the rankers are

determined by the real class, also known as the ground

truth, as well as the forecasted class, which is created by

the classification algorithm. Researchers in [46] discovered

that a kappa value of 0[ 75 showed high agreement, a

value of 0.4–0.75 suggested fair to good agreement, and a

value of 0.4 indicated poor agreement. This was deter-

mined even though there is no one technique to analyze

kappa values. Although the possibility of a negative kappa

value exists, in reality, this scenario does not come up very

often. Kappa is chosen as a performance indication rather

than the standard accuracy metric since our datasets are

unbalanced for a substantial number of experiments. This is

because kappa allows for more room for error. Because of

this characteristic, relying on the usual metrics to evaluate

the accuracy of categorization might lead to misleading

results. The suggested model has a kappa value of 0.594,

which is considered to be satisfactory to good and is within

the range of 0.4–0.75 points. This reasonable figure was

achieved by providing the model with balanced data.

Mean absolute error (MAE), root mean square error

(RMSE), and the coefficient of determination R2 were the

three statistical assessment metrics that were used to test

the success of the prediction strategy [47]. (18) reflects the

assessment measures that are related to the Eqs. (20).

MAE ¼ 1

N

XN
j¼1

byj � yj
�� �� ð18Þ

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
j¼1 byj � yj

� �2

N

s
ð19Þ

R2 ¼
P

yj � yj
� �2

P
yj � yj
� �2

ð20Þ

In the above equation, yj represents the actual value,

whereas byj indicates the predicted value by the method;

and yj represents the average of y1; y2; . . .:; yN½ �. Similarly,

N indicates the total number of samples.

Table 2 Different optimizers

for the proposed DenseNet-201

model

Optimizer Accuracy (%)

Adam 92.12 :

SGD 91.54

RMSprop 85.16
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Training and validation accuracy

Figure 12 depicts the proposed DenseNet-201 models’

accuracy training and validation dataset. As compared to

the model’s training accuracy, the suggested model

achieved the best level of validation accuracy. The level of

validation accuracy achieved by the model is 93.3% at its

peak. It is important to point out that the DenseNet-201 is

capable of providing an accurate diagnosis to patients even

in the earliest stages of their sickness. This demonstrates

that the model has the potential to detect Parkinson’s dis-

ease earlier, which is a challenge for medical professionals.

Training and validation loss

One of the most significant components of neural net-

works is the loss function, which establishes the degree of

prediction accuracy of a model. Train data were used to

educate the model, which was then used to make predic-

tions. Next, for evaluating the deep learning method’s

performance over the validation set in the classification of

unseen images, validation loss has been utilized.

The model loss after implementing the suggested Den-

seNet-201 model both to training and validation datasets

for 50 epochs is shown in Fig. 13. By epoch 50, the model

loss has decreased to a reasonably low level in comparison

to losses observed in earlier epochs. The training loss and

validation losses are found to be the same at epoch 4. This

shows that during training and validation, Model 1 suffers a

small loss. The DenseNet-201 model came up with a val-

idation loss of 0.2168 when it was used. The spiral pho-

tographs are pre-processed to remove any unnecessary

information that could have an impact on the accuracy of

the forecast before they are introduced into the models.

Before the spiral images are given as input to the models,

Table 3 Performance

comparison of proposed

DenseNet-201 with other

models

Parameters Proposed DenseNet-201 AlexNet [26] CNN [27] SVM [50]

Accuracy (%) 93.3 : 86.45 84.32% 80.17

F1-score (%) 93.2 : 89.9 84.89 83.9

Precision (%) 93.7 : 91.0 82.78 81.56

Recall (%) 93.6 : 89.1 87.12 86.45

Kappa score 0.594 : 0.484 0.362 0.296

MAE 0.02000 ; 0.077 0.043 0.035

MSE 0.02000 ; 0.044 0.032 0.028

R2/R-square 0.949 : 0.860 0.894 0.921

Fig. 10 Comparison of accuracy, precision, F1-score, and recall of

various models

Fig. 11 Comparison of the kappa score, MAE, MSE, and R-square of

different models

Fig. 12 Training and validation accuracy
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this is completed. Additionally, both models benefit from

the Adam optimizer, a complimentary tool that helps them

both improve the neural networks during training. Both

models experience a steady decrease in training loss

throughout the 50 epochs.

3.3 Performance evaluation of wrinkles

Epochs = 150, batch size = 16, optimizer = adam, and

activation function = softmax were chosen as the ideal

hyperparameters for the hybrid model that was created

using VGG-16 and LSTM. The Jaccard similarity index

(JSI) is utilized here, in addition to the elements that were

discussed in the part that came before this one. Ng et al.

[48] investigated the usefulness of their wrinkle detection

methods by employing JSI. The intersection of two sets,

which is determined by dividing their union, is the Jaccard

index between those sets. Two pictures are compared by

analyzing their similarities and differences using the Jac-

card Index [49].

Jaccard index ¼ M \ Nj j
M [ Nj j ð21Þ

In this case, the notation |M| denotes the cardinalities for

the set M, whereas |N| denotes the cardinalities for the set

N. In this body of work, utilizing the dataset at hand, an

investigation of the reliability of wrinkle identification

approaches was carried out. The evaluation gave the pro-

posed hybrid model a score of 0.82, indicating that it

performed very well. As a result, the model that was rec-

ommended had a superior performance in spotting wrinkles

when compared to earlier models. When compared to other

models that are already in existence, it can be shown that

the hybrid model appears to have the lowest MAE and

MSE values. This is because the photographs went through

a pre-processing step that improved their quality and

removed noise from them. The elimination of noise

amplification is the primary goal of the CLAHE algorithm.

In addition, the hybrid model that is presented in Table 4

has outperformed well in terms of precision, recall, accu-

racy, F1-score, and kappa score. These other models

include CNN ? GAN, Resnet-152, and VGG-19.

Figure 14 is a representation of the training accuracy as

well as the training loss for the hybrid model that was

presented. The training process, as well as the learning

process that occurs within the network, are both shown by

the training loss curve that was acquired for our model. It is

assumed that the loss function will produce the quantitative

loss value at the epoch that you choose even if it is com-

puted across every data item throughout an epoch. The

hybrid approach that was recommended produced around

one hundred percent accuracy in roughly one hundred fifty

epochs. This is because of the utilization of data reasoning

as well as the process of fine-tuning. Throughout the

retraining procedure that lasted for 150 epochs, some

model layers were locked in place, while the remaining

layers were fine-tuned only by making use of the dataset

that was under consideration. This suggests that no alter-

ations were made to any of the image features that were

taken from the standard ImageNet dataset before being

included in VGG-16. This observation lends credence to

the hypothesis that shallow features are more universal

than deeper ones. This is because shallow features acquire

basic patterns, such as edges, colors, and arcs.

Table 5 highlights the performance comparison between

VGG-16 and the proposed VGG-16 with LSTM. The

proposed model surpasses VGG-16 in accuracy, precision,

and recall, demonstrating its superior ability to identify

positive instances and capture relevant cases. Notably, the

F1-score further reinforces the proposed model’s superi-

ority, with a higher value of 0.96 compared to VGG-16.

This emphasizes the overall enhanced performance

achieved by integrating LSTM into the VGG-16 architec-

ture, suggesting its effectiveness in improving predictive

capabilities for wrinkle detection.

3.4 Performance evaluation of stroke disease

As was previously mentioned, the dataset for the identifi-

cation of stroke disease is constructed. In this study, each

system (Model 1, Model 2, Model 3) is trained indepen-

dently. To illustrate, let’s consider the scenario where the

details of User 1 (Patient 1) are inputted into these models.

Archimedean spiral images and corresponding face photos

of Patient 1 are gathered and simultaneously fed into

Model 1 and Model 2. Subsequently, the results from both

Model 1 and Model 2 are updated in a.Csv file. This file

encompasses various attributes such as gender, age, body

mass index (BMI), marital status, occupation category,

identification, habitation type, presence of hypertension,

Fig. 13 Training and validation loss

18796 Neural Computing and Applications (2024) 36:18781–18805

123



average glucose level, existence of heart disease, and

smoking habits. These attributes serve as inputs to an

XGBoost model, which predicts the likelihood of stroke

disease for Patient 1. The screenshot of.csv file is included

Table 4 Performance comparison of proposed hybrid VGG-16 and LSTM with other models

Parameters Proposed hybrid model CNN ? GAN [37] Resnet-152 [34] VGG-19 [51]

Accuracy 1.000 : 0.912 0.926 0.930

F1-score 1.000 : 0.908 0.925 0.928

Precision 1.000 : 0.909 0.926 0.931

Recall 1.000 : 0.910 0.926 0.930

Kappa score 1.000 : 0.457 0.672 0.872

MAE 0.000 ; 0.144 0.108 0.096

MSE 0.000 ; 0.0518 0.038 0.0251

R2 1.000 : 0.871 0.915 0.943

Jaccard similarity index (JSI) 0.82 : 0.61 0.65 0.71

Fig. 14 Training accuracy and

loss for epoch = 150

Table 5 Performance

comparison of VGG-16 with

and without LSTM

Models Accuracy Precision Recall F1-score

VGG-16 and LSTM (Proposed) 0.95 : 0.96 : 0.95 : 0.96 :

VGG-16 0.91 0.93 0.89 0.90
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in Fig. 15 in the manuscript containing attributes collected

from patients and results of Model 1 and Model 2.

The individuals who belonged to the majority and

minority classes in the dataset were categorized as having

either the absence (sometimes referred to as the negative

class) or the occurrence (also known as the positive class)

of stroke illness, respectively. The initial proportion of

minority class participants in datasets was 6.55% of all

participants (Fig. 16a), and the SMOTE approach has been

utilized to enhance the number of minority class samples.

To do this, new samples are drawn at random from the

samples of the minority class that are included within

neural networks using the ENN allowing for the elimina-

tion of the overlapping sample sets. The percentage of

people who identify as belonging to a minority group has

reached 50% as a direct result of the adoption of SMOTE-

ENN, which has led to a growth in total diversity and a

more equitable society (Fig. 16b).

Figure 17 shows how the attributes in the dataset are

related to stroke disease and it is used in the calculation of

stroke disease.

The diagnostic form for stroke, which can be seen in

Fig. 18a, b and c, allows physicians to fill out patient

information, which may include the patient’s current cir-

cumstances as well as the areas from Fig. 15 that were

mentioned. When all of the fields have been filled out,

hitting the ‘‘submit’’ button will send the information to the

trained recommended XGBoost model, which will then

assess the likelihood that the individual is suffering from a

stroke ailment. Figure 18c depicts the outcome as it is

anticipated to occur.

The dark blue hue stands for a correlation that is close to

zero, while the red and orange colors, respectively, depict a

correlation that is close to ? 1 and also close to 1,

respectively. In Fig. 19, the variables residential form and

gender have a correlation that is very close to 0. This

indicates that both of these factors have a weak or perhaps

nonexistent link with the attribute class. As a direct con-

sequence of this, these features are eligible for elimination

to make the proposed model more successful. The corre-

lation matrix color map is depicted in Fig. 20, and it

reveals that the region in the upper left is highly correlated.

Confusion matrix

A confusion matrix that utilizes the test data is created to

assess the efficacy of the proposed model. The rows of the

confusion matrix include the data for the actual classes,

while the columns contain the data for the predicted clas-

ses. This matrix can provide one of four possible outcomes:

a true positive (TP), a true negative (TN), a false positive

(FP), or a false negative (FN) (FN).

The confusion matrix for the XGBoost model proposed

is shown in Fig. 21. It represents the conclusions of an

investigation carried out on a dataset for the categories of

stroke and no stroke. Eight out of nine cases of stroke

illness are diagnosed as strokes, while the ninth case is

categorized as not a stroke. The model is accurate in its

predictions and reaches a high level of specificity of 89%.

Experiments in this paper use models for identifying

stroke illness that make use of random forest, logistic

regression, decision tree, Gaussian naive Bayes, support

vector machine, XGBoost with hypertuned parameters, and

XGBoost. The outcomes of the experiment are shown in

terms of accuracy, precision, recall, F1-score, as well as

training duration. Based on the criteria of the performance

assessment mentioned in Sect. 3.2. (in secs), these metrics

have been derived. In the experiments, eighty percent of

Fig. 15 Sample screenshot of CSV file
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the total data were used for training, while the remaining

twenty percent were used for making predictions and doing

the analysis. It has been empirically demonstrated after

finishing trials with all of the different deep learning

models that the XGBoost model with hypertuned parame-

ters appears to have the maximum projected accuracy at

99.0% while comparing it to other models. This was dis-

covered after completing the trials.

The performance of the recommended model was

evaluated further by making use of computing time and

contrasting it with a variety of different approaches. The

results that were obtained for each of the three approaches

in terms of the amount of computational time are presented

in Table 6. The new XGBoost architecture proposed only

requires 0.36 s of training time, which is a substantial

reduction compared to the amount of time needed for

training by the various existing techniques. According to

the findings, the proposed model is found to be superior in

terms of performance to the approaches that are considered

to be state-of-the-art.

3.5 Validation of the proposed deep learning
models against established medical
diagnostics

Proposed deep learning model

The proposed deep learning model leverages noninva-

sive techniques, utilizing Parkinson’s disease and wrinkles

as unique biomarkers for early stroke prediction. This

approach aims to address the limitations of established

medical diagnostics, such as the cost and complexity

associated with MRI and CT scans. The model achieves an

impressive accuracy of 94.7%, demonstrating its efficacy

in predicting strokes at an early stage. The utilization of

Archimedean spirals, DenseNet-201, VGG-16, and

XGBoost in different stages of the model showcases a

comprehensive and innovative methodology.

List of established medical diagnostics for detecting

stroke

(I) Clinical Evaluation: physicians perform a thorough

clinical assessment, considering symptoms, medi-

cal history, and physical examination.

(II) Imaging Tests:

• CT Scan: provides detailed images of the brain to

identify bleeding or blockages.

• MRI: utilized for a more comprehensive view of brain

structures, useful for detecting ischemic strokes.

• CT Angiography (CTA) and MR Angiography (MRA):

visualize blood vessels to identify blockages or

abnormalities.

(III) Blood Tests: analyzing blood samples helps iden-

tify underlying conditions or risk factors con-

tributing to a stroke.

(iv) Field Triage Stroke Scales: developed for rapid

diagnosis and triage, aiding in the swift identifi-

cation of potential stroke cases in the field.

Comparison of the proposed model with Established

Diagnostics

Noninvasiveness: Traditional imaging methods like CT

and MRI scans often require invasive procedures. The

proposed deep learning model emphasizes noninvasive

techniques, offering a less intrusive approach.

Cost and Time Efficiency: CT and MRI scans are known

for their high costs and time-consuming nature. The pro-

posed deep learning model is positioned as a cost-effective

and time-efficient alternative, potentially reducing financial

burdens associated with stroke diagnostics.

Unique Biomarkers: Parkinson’s disease and wrinkles

serve as novel biomarkers, offering a distinctive approach

compared to the generic symptoms considered in estab-

lished diagnostics.

Fig. 16 Class distribution

a Before SMOTE b After

performing SMOTE
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Innovative Methodology: Established Diagnostics fol-

low traditional procedures like CT, MRI, and blood tests.

The proposed Model integrates image processing, feature

extraction, and machine learning algorithms in a step-wise

manner, reflecting an innovative and comprehensive

methodology.

Fig. 17 Stroke vs attributes
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Fig. 18 a Diagnosis form

collected from patients.

b Diagnosis form collected from

patients. c Diagnosis result
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4 Conclusion

A deep learning-based approach to the early detection and

diagnosis of stroke illness was presented in this paper. To

determine its results, this approach used biomarkers such as

wrinkles and Parkinson’s disease. If the patient is found to

have Parkinson’s disease as well as wrinkle disease, then

there is a potential that they will have a stroke. Comparing

the suggested XGBoost model against other existing

models over test data, the assessment of the experiment

findings revealed that it had the best stroke prediction

accuracy, at 94.9%. By analyzing the models with the test

data, this was ascertained. The suggested model outper-

forms current techniques and yields optimal outcomes in

terms of accuracy, precision, recall, F1-score, loss, and

training time, according to an analysis of this model against

other techniques already in use. The significance of this

research lies in its ability to ascertain an individual’s risk of

stroke before hospitalization. This provides the opportunity

to receive treatment within the critical golden time win-

dow. Also, this study utilizes a modest dataset for stroke

prediction. Future research will be conducted on a more

Fig. 19 Heatmap of attributes

correlation for a dataset

Fig. 20 Correlation matrix color map

Fig. 21 Shows the Confusion matrix of the XGBoost model proposed
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extensive dataset to improve the robustness and general-

izability of predictive models.
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