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Hybrid Artificial Intelligence Model for Prediction and 
Classification Across all Stages of Brain Ischemic Stroke in Non-
enhanced Computerized Tomography Images 

Student: Ibraheem Bassam Ibraheem Qdaih 

Supervisor: Dr. Radwan Al-Qasrawi  

Abstract 

Stroke is a major global health issue, resulting in significant mortality and disability among 

approximately 16 million people annually. Rapid response is crucial to mitigate brain damage 

and improve patient outcomes. Strokes, which are primarily categorized into ischemic and 

hemorrhagic types, vary in presentation and can be influenced by modifiable risk factors. In 

regions like Palestine, with limited economic resources, stroke is a prevalent cause of death. 

Diagnostic challenges are heightened by the limitations of brain non-enhanced CT (B-NECT) 

scans, which vary in effectiveness based on the stroke's stage. 

This study introduces a novel artificial intelligence-based framework, the Stroke Precision 

Enhancement Model (SPEM), which employs image processing, deep learning, and machine 

learning techniques to enhance the classification of ischemic stroke stages in B-NECT images. 

This real-time hybrid model integrates Contrast Limited Adaptive Histogram Equalization 

(CLAHE) for preprocessing, with feature extraction conducted through Densely Connected 

Convolutional Networks-121 (DenseNet-121). Classification is performed using Support 

Vector Machine (SVM), Random Forest (RF), and Logistic Regression (LR), with a focus on 

determining the most effective method based on various performance metrics. 

The results indicate exceptional performance of the SPEM, especially when combining 

DenseNet-121 with the LR classifier. Notably, in the hyper-acute stage, the model achieved an 

accuracy of 0.9957, a precision of 0.9914, and a remarkable Area Under the Receiver Operating 

Characteristic Curve (AUC) of 0.9999, with a processing time of just 0.04 seconds. Similar 

high performance was maintained across other stroke stages. These findings highlight the 

potential of this AI-enhanced model in facilitating faster and more accurate clinical decisions 

for early-stage stroke treatment. 
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The hybrid model shows promise in predicting and classifying ischemic strokes and could 

significantly impact clinical practice upon further research, validation on larger datasets, 

enhanced interpretability, and integration into clinical workflows. 
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Chapter One :  Introduction 

1.1    Background and Context 

Being one of the leading causes of death and disability worldwide, stroke disease affects 

approximately 16 million persons annually around the world (Johnson ( 2016). Stroke, or 

cerebrovascular accident (CVA) was called ‘apoplexy’ before 2400 years (JE., 1996), is a 

neurological disease that can lead to motor and cognitive impairment or death due to blood 

perfusion lack in some area of the brain. Oxygen absence within few minutes in specific area 

lead to irreversible neuronal death called “core” or infraction, the surrounding area are non-

functioning called “penumbra” that retains only the blood flow from alternative blood flow 

pathway to avoid cells death (Mozaffarian D, 2016). So, effective treatment to minimize the 

penumbral areas is very important and needs rapid diagnosis and management before death by 

reperfusion therapy (Saver, 2017). 

Strokes can be classified into ischemic strokes or haemorrhagic strokes; ischemic strokes 

occur when blood vessels are occluded by a thrombus or embolus that constitutes 70% of all 

strokes, while haemorrhagic strokes (12%) are caused by rupture and bleeding of a blood vessel 

in the surrounding brain tissue (Johnson, 2016). Several risk factors, both modifiable and non-

modifiable, have been identified in stroke disease, that are attributable to age, gender, ethnicity, 

history of cardiac disease, sedentarism, obesity, poor nutrition, tobacco use, and alcohol 

consumption. Modifiable risk factors may be identified, controlled, and treated in individuals 

for the prevention and detection of stroke disease. 

Figure 1: Comparative Representation of Ischemic and Hemorrhagic Strokes. Figure created with 

BioRender.com. 
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In Palestine which is considered a low and middle income-country (LMIC) or peripheral, 

lower-developed country, with a population of 5,324,656 inhabitants, as reported by the 

Ministry of Health (MOH), in 2022 stroke was considered the fourth death cause (10.5%) after 

Diabetes Mellitus (DM) in West Bank (WB), the third causes of death (11.6%) in Gaza Strip 

(GS) after Malignant Neoplasm (MOH, 2023). 

Categorizing the type of stroke is very important task, due to the radical difference in 

occurrence mechanism and treatment. Stroke diagnosis is based on a detailed medical history, 

a physical and neurological examination, and brain imaging testing (Computed Tomography 

scans [CTs] or Magnetic Resonance Imaging [MRIs]). Stroke classification based on obtained 

imaging and patient data is essential to determine treatment and rule out other stroke mimics, 

such as brain tumours, and subdural hematomas, among others. Thus, accurate and early 

detection of stroke, as well as prediction of its long-term outcomes, is key for treatment 

selection and managing prognostic expectations (Heo, 2019), especially at the time window of 

4.5 hours which considered the optimal window to obtain improved treatment outcomes 

(Emberson J, 2014). 

The ultimate therapeutic objective in the management of ischemic stroke and brain infarcts is 

to minimize neuronal damage by alleviating arterial blockages through recanalization and 

restoring healthy cerebral blood flow via reperfusion (Prabhakaran et al., 2015). The 

fundamental hypothesis underpinning the pathophysiological response during acute ischemic 

stroke (AIS) treatment posits that once a cerebral artery becomes obstructed, brain tissues with 

reduced blood flow are susceptible to permanent infarction. However, these at-risk tissues can 

Figure 2 (a, b): Comparison of Hemorrhagic and Ischemic Stroke (a) B-NECT image 

showing evidence of hemorrhagic stroke. (b) Comparison of DWI-MRI (left side) and B-

NECT (right side) in detecting hyper-acute ischemic stroke. 
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be effectively salvaged by swiftly restoring normal blood flow (Zhao et al., 2013). These 

vulnerable regions are referred to as ischemic penumbras, and the primary aim of AIS treatment 

is to prevent their progression to irreversible infarction (Prabhakaran et al., 2015). The primary 

challenges in stroke treatment stem from the need to accurately distinguish the penumbra from 

the core zone and differentiate the penumbra from benign hypo-perfused tissues, which 

experience poor perfusion without the risk of infarction (Kidwell et al., 2003).  

 Compared with all available medical imaging modalities, CT is considered the widest, 

fastest, and most prevalent modality to exclude brain haemorrhages (Jovin TG, 2015). The 

ischemic stroke appearance is different based on the time in which the patient is scanned 

relative to symptoms onset [hyper-acute (less than 4.5 hours), acute (less than 24 hours), sub-

acute (24 hours to 7 days), chronic (weeks)](Dzialowski I, 2007). The hypoattenuation 

appearance of the ischemic region in the brain means irreversible (died) infracted tissue 

(Dzialowski I, 2007). In the hyper-acute stage, specific relevant features indicate the evidence 

of CVA as hyperdense middle cerebral artery (MCA), inability to differentiate cortical grey-

white matter interface (N. Tomura, 1988). However, due to the decreased brain tissue 

attenuation, the poor contrast, and signal-to-noise ratio in CT, it's difficult to detect the AIS 

area (D. A. Barber PA, Zhang J, Buchan AM, 2000). 

Hounssfield Unite (HU), is a relative quantitative measurement of the tissue density. By the 

difference of the tissue density, different X-ray beam energies will produced due to the 

attenuation, and or absorption events that result from photon interaction with the body tissues. 

With water having a value of zero HU, any tissue denser than water will have a positive HU 

value, and any tissue less dense than water will have a negative value. For brain tissue, the HU 

value ranged from +20 to +40. As reported by The Radiology Assistant, each 1% of water 

content in the brain tissue will decrease the 2.5 of HU. Ischemic stroke is represented as 

hypoattenuation (the HU value decreases from the normal or relatively becomes closer to zero), 

due to the increased of water content as a result from the cytotoxic edema developed from the 

died cells (Thurnher, 2008).  

In the hyper-acute stage (within 6 hours of onset), CT may appear normal in the first few 

hours as signs such as loss of Gray-White differentiation have not developed (Schaefer et al., 

2003). Meanwhile, DW-MRI is highly sensitive for delineating the ischemic core region due 
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to restricted diffusion appearing as hyperintensity on sequences, allowing accurate demarcation 

of the infarcted tissue (Warach et al., 1992).  

As time progresses, CT sensitivity increases such that in the acute stage (6-72 hours), 

hypoattenuation becomes visible on CT scans (Barber et al., 2000). This allows for 80-90% 

detectability of infarcts between 1-2 days after stroke onset. During this same acute period, 

DW-MRI with perfusion MRI (pMRI) can identify the ischemic penumbra through a mismatch 

between the irreversible ischemic core seen on DWI and the potentially salvageable ischemic 

tissue within the perfusion lesion on pMRI sequences (Parsons et al., 2012). 

Figure 4 (a, b): B-NECT (a) reveals minimal density change in the right lentiform nucleus 

(red cercle). (b) DW-MRI highlights the right lentiform nucleus restricted region indicating 

acute ischemic stroke lesion (20 hours after symptom onset). 

Figure 3 (a, b): Normal B-NECT showed (a). However, DW-MRI (b) highlights a 

left caudate nucleus restricted region, indicative of hyper-acute ischemic stroke (four 

hours after symptom onset). 
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As the stroke continues into the sub-acute stage (3-10 days), CT hypodensity progresses and 

edema peaks at around 5-7 days (Barber et al., 2000). Concurrently, T2-Fluid-attenuated 

inversion recovery (T2-FLAIR MRI) sequences demonstrate hyperintensity developing in the 

infarcted region (Warach et al., 1992). Figure (5, a) B-NECT showed left frontal lobe 

hypodensity edema became evident after 5 days from the onset of the symptoms, indicative of 

sub-acute ischemic stroke. While in figure (5, b) represents a T2-FLAIR MRI image a week 

from the symptom onset, showing cortico-subcortical infraction in the right middle cerebral 

artery territory, the image indicates perifocal edema leading to a compression of the adjacent 

lateral ventricle.  

Figure 5 (a, b): (a) B-NECT and (b) T2-FLAIR MRI (Ritzl et al., 2004), sub-acute ischemic 

stroke lesions. 

Finally, in the chronic stage (>3 months), CT shows atrophy and encephalomalacia as 

hypodensity evolves (Barber et al., 2000). Meanwhile, volume loss occur over months on 

sequences to depict the mature infarct (Warach et al., 1992). 

Figure 6 (a, b): (a) B-NECT showed hypodensity chronic ischemic stroke in the left MCA 

territory indicating (4 months), (b) T2-FLAIR MRI (Ritzl et al., 2004), right MCA territory 

chronic ischemic lesion. 
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Concerning stroke, with the development of computer capabilities, computer-aided 

diagnostic (CAD) systems have been utilized to assist physicians in stroke prevention, 

prediction, diagnosis, and treatment planning in a short time, and so save the urgent time needed 

for brain tissue survival (Tyan et al., 2014).  

Artificial Intelligence (AI) has recently inundated the field of healthcare as electronic data 

accessibility and technological advances expand. AI can make use of patient data, including 

that stored in the electronic health record (EHR) databases, clinical, imaging, and laboratory 

datasets to predict disease incidence and prognosis(Cheon, 2019). Machine learning (ML) 

algorithms, in particular, have been studied and yielded exciting results for the classification 

and prediction of chronic diseases. Furthermore, ML can also be used in interpreting medical 

imaging as it recognizes patterns of imaging information and renders medical diagnosis (Lee, 

2017).  

Recently, deep learning (DL) considered the gold standard and the most widely used 

computational approach in the ML field, which simulates the human brain process to extract 

distinctive features (LeCun Y, 2015). Convolutional neural network (CNN) is considered the 

most common DL used segmentation and detection algorithm in medical images because it 

identifies features automatically without the need for human supervision, used in computer 

vision tasks (Russakovsky O, 2015). CNN consists of multi-layers, the first layer is the 

convolutional layer that performs feature extraction, the second layer is a pooling layer for the 

sub-sampling of the feature map and the third layer is the fully connected layer (FC) located at 

the end of CNN convert the input from the convolutional and pooling layers to vectors of one 

dimension (Gu J, 2018).  

The use of machine learning and medical image processing in the detection and prediction of 

stroke disease can enhance precision medicine, individualized treatment, and timely detection 

and accurate classification of the disease. Thus, decreasing the risk of stroke, increasing 

survival rates as well as improving the quality of life of stroke patients    

1.2     Problem Statement  

 Ischemic stroke is due to occlusive process of a specific cerebral artery leads to lack of 

blood perfusion to the brain tissue that the artery supplies it which causes early-stage symptom 

as Amnesia (i.e., memory loss including facts, knowledges and experiences), Dementia (i.e., 

inability to think or make decisions), extremities weakness or numbness, visual or hearing loss, 
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and other symptoms. So, treatment is urgent and any delay in the treatment process will cause 

irreversible damage to the penumbra (i.e., the tissue under the risk). In general, fast treatment 

needs fast diagnosis, commonly the diagnosis starts with B-NECT and/or brain MRI, however, 

MRI is higher cost and longer time compared with CT. Moreover, in LMIC regions MRI is not 

available in all clinical centers and hospitals - in WB, for example, only 3 MRI services are 

available in the governmental hospitals - (PMOH, 2018). Despite the ionizing radiation and the 

limited ability to CT to detect early ischemic changes, CT is an abundant and very fast 

technique and lower cost. The limited ability to detect AIS accurately in B-NECT is due to the 

poor contrast, and signal-to-noise ratio (SNR) of CT. 

As reported by Khatib et al.2018, 150 patients with acute ischemic stroke patients admitted to 

two public hospitals from September 2017 to May 2018 in WB of Palestine, had B-NECT 

scans, and 98% of them received antiplatelet therapy to prevent recurrent stroke events without 

thrombolysis or thrombectomy treatment due to unavailability to localize the ischemic region 

accurately, 23% of patients have at least one post-stroke complication (Khatib et al., 2018).  

Since the past few years, there have been dramatic changes in acute stroke treatment (Menon 

BK, 2009). In acute stroke, the ultimate New mechanical thrombectomy devices were 

introduced for recanalization of the occluded vessels (H. M. Menon BK, Eesa M, et al., 2011). 

Even with this these advanced techniques, many stroked patients undergo treatment do not do 

well clinically (G. M. Menon BK, 2011). Nonetheless, many studies showed that improved 

clinical outcomes are reached if the brain recanalized as fast as possible when the brain tissues 

are reversible (Rha JH, 2007). Menon et al. in 2014 found in their study that the rate of  bad 

outcomes increased by 14% for every 30-minute delay in treatment (Menon BK, 2014). Thus, 

an ideal technique enables to detect of acute ischemic changes in the brain quickly and reliably 

should be available.  

Based on the above-mentioned factors, a discriminative framework was built to predict, detect 

stroke evidence utilizing image pre-processing algorithm with DL approach combined with 

ML classifier to predict and classify strokes in B-NECT images in all CVA stages (hyper-acute, 

acute, subacute and chronic), which provide fast and accurate diagnosis enable the urgent and 

rapid treatment plan.  
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1.3 Study Significance 

Multidisciplinary efforts have been advanced over the last two decades, to improve acute stroke 

diagnosis and management (Lin CB, 2012) by developing diagnostic tools such as The National 

Institute of Health Stroke Score (NIHSS) (Josephson SA, 2006; Lyden P, 2009), the modified 

Rankin scale (mRS) (Sharath KG, 2018), and Alberta Stroke Program Early CT Score 

(ASPECTS) (Puetz V, 2008; Tei H, 2010). Moreover, new thrombectomy devices with a 

multidisciplinary team to optimize the workflow (Saver JL, 2016). 

Several studies have been focused on using AI to improve the prediction and detection of acute 

ischemic stroke on B-NECT (Chiang et al., 2022; Finck et al., 2022; Hanning, 2020; Kniep et 

al., 2020; Lin et al., 2022; Lombardi et al., 2018; Peter et al., 2017; Reboucas Filho et al., 2017; 

Wu Qiu, 2020). However, the significance of this work lies in its comprehensive approach to 

improving the diagnostic accuracy for ischemic stroke. By integrating contrast limited adaptive 

histogram equalization (CLAHE) as a pre-processing technique on B-NECT and Densely 

connected convolutional networks-121 (DenseNet-121) as a feature extraction DL technique 

and ML classifiers for classification and prediction task, this research offers a novel framework 

for the precise classification of ischemic stroke into its various stages: normal, hyper-acute, 

acute, sub-acute, and chronic. This is particularly groundbreaking as previous studies have not 

focused on the prediction and classification of ischemic stroke across all these stages.   

In addition, this is the first study in Palestine, and to our knowledge, very limited studies 

globally assess the impact of using DenseNet-121 feature extraction in the original dataset 

without and with CLAHE pre-processing. By this two-evaluation fold, good understand can be 

achieved precise the role of image enhancement in the model performance.  Moreover, the 

study validating the effectiveness of various machine learning classifiers to determine the 

optimal classifier for real-time prediction and classification.  

Crucially, the performance of the proposed model is evaluated using a robust set of metrics 

including accuracy, precision, recall, f1-score, and area under the receiver operating 

characteristic (ROC) curve (AUC), providing a thorough understanding of its effectiveness. 

This multifaceted evaluation is unprecedented in the existing literature. Furthermore, by 

considering elapsed time as a metric, this research spearheads the drive towards real-time 

models in medical diagnostics. The inclusion of time efficiency as a key performance metric 

underlines the aim to develop a practical, deployable system that can operate within clinical 
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time constraints, thus enhancing its potential for real-world application. Altogether, the 

significance of this study is profound, as it not only furthers the scientific community's 

understanding of effective machine learning applications in medical imaging analysis but also 

paves the way for more timely and accurate stroke diagnosis applications, with potential 

region-wide and global implications for patient care and outcomes. 

1.4 Study Goal 

The primary goal of this study is to enhance the accuracy and timeliness of ischemic stroke 

diagnosis through the implementation of an advanced artificial intelligence-based framework, 

specifically tailored to improve the classification of stroke stages using brain non-enhanced CT 

(B-NECT) images. 

1.5 Study Objectives  

Objective 1: Develop and Implement the Stroke Precision Enhancement Model 

(SPEM). 

• Integrate Contrast Limited Adaptive Histogram Equalization (CLAHE) for 

preprocessing and Densely Connected Convolutional Networks-121 

(DenseNet-121) for feature extraction to create the SPEM. 

• Employ machine learning classifiers such as Support Vector Machine (SVM), 

Random Forest (RF), and Logistic Regression (LR) within the SPEM to 

evaluate their effectiveness in stroke classification. 

Objective 2: Assess the Performance of SPEM. 

• Evaluate the accuracy, precision, recall, F1-score, and Area Under the Receiver 

Operating Characteristic Curve (AUC) of SPEM in classifying different stages 

of ischemic stroke. 

• Compare the performance metrics of SPEM with traditional diagnostic methods 

to determine improvements in diagnostic capabilities. 

Objective 3: Analyze the Real-time Application Feasibility of SPEM. 

• Measure the processing time of the SPEM under different conditions and stages 

of stroke to assess its suitability for real-time clinical applications. 
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• Identify any potential operational challenges in deploying SPEM in a clinical 

setting and propose solutions to optimize its integration. 

Objective 4: Validate the Clinical Efficacy of SPEM in Diverse Settings. 

• Conduct a pilot study in a healthcare setting with limited resources, such as in 

Palestine, to test the adaptability and effectiveness of SPEM across different 

economic environments. 

1.6 Research Hypothesis 

Through this work, we hypothesized that we will achieve the following aims:  

• The Stroke Precision Enhancement Model (SPEM) that employs Contrast Limited 

Adaptive Histogram Equalization (CLAHE) preprocessing and DenseNet-121 for 

feature extraction will perform significantly better in classifying the stages of ischemic 

stroke in B-NECT images than traditional image processing techniques without AI 

enhancement. 

• The SPEM, when utilizing ML models for classification, will achieve higher accuracy, 

precision, and area under the receiver operating characteristic curve (AUC) in the 

hyper-acute stage of ischemic stroke compared to using traditional models. 

• The use of the SPEM will reduce the processing time for classifying stroke stages in B-

NECT images, making it feasible for real-time application in clinical settings, thereby 

facilitating faster and more accurate clinical decisions for early-stage stroke treatment. 

• The diagnostic accuracy of SPEM in the classification of ischemic stroke stages is not 

significantly compromised by the economic limitations of healthcare settings in regions 

like Palestine, demonstrating the model's robustness and adaptability across different 

healthcare environments. 
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Chapter Two: Literature Review 

This chapter includes a review of several published scientific researches on stroke management 

and diagnosis, and different methods including neuroimaging and AI techniques used to 

improve ischemic stroke patients interpolation on different medical imaging modalities.  

2.1 Brief Perspective on Stroke Neuroimaging Studies 

Neuroimaging plays a pivotal role in determining the best way for patient who suffering 

from acute ischemic stroke. The importance of imaging is to rule out brain haemorrhages and 

stroke mimics as tumours, localization of ischemic core and penumbra presence and embolus 

identification. 

B-NECT is considered the primary line of neuroimaging tools due to the wide 

availability of CT. Moreover, CT is considered a cost-effective modality used to diagnose large 

major strokes, reversible and irreversible brain tissue, stroke mimics, and haemorrhages. 

However, the sensitivity and specificity of the B-NECT scan to detect ischemic changes is 

60%, 85% retrospectively within the first 6 hours after symptoms onset, while the sensitivity 

increased to 100% after 24 hours from symptom onset (Barber PA, 2005). 

In 1999 Michal Lev and his research partners used variable window width (WW) and 

window centre (WC) to improve CT sensitivity and specificity to detect AIS of 21 patients 

suffered from acute stroke (<6 hours), they compared wide WW of 80 Hounsfield unit (HU), 

WC of 20 HU, and narrow window (WW: 8HU, WC: 8 HU). The results showed decreased 

sensitivity (57%) when using wide window while the sensitivity increased to (71%) when the 

narrow window. The specificity in both window is 100%. P value = 0.03. (Lev et al., 1999). 

Shraddha Mainali 2014, used narrow window width named it "Stroke window" to detect 

AIS of 50 B-NECT at setting of WW 30 HU and WC of 35 HU, stroke window results were 

compared with the standard brain window (WW: 100 HU, WC: 35 HU). In this study 35 early 

ischemic changes were detected by stroke window, while 9 early ischemic changes were 

detected by standard window (70% Vs. 18%, P<0.0001). Stroke window improve the early 

ischemic lesion detection (Shraddha Mainali, 2014). 

Recent advances in neuroimaging have raised the hopes for accurate detection of early 

ischemic changes with better sensitivity, particularly DW-MRI. Srinivasan et al. 2006, Dr 
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Barber et al. 2005, and Smajlović and Sinanović 2004 studied the sensitivity of DW-MRI and 

B-NECT of acute stroke patients and the result showed higher sensitivity of DW-MRI (98.6% 

Vs. 60%). In contrast, CT is faster and the most available neuroimaging modality for acute 

stroke detection. Moreover, MRI is susceptible to motion artifacts and is time-consuming. 

(Barber PA, 2005; Nael et al., 2014; Smajlović & Sinanović, 2004; Srinivasan et al., 2006).  

It has, however, been reported that brain CT Perfusion (CTP) which is a scanning 

protocol enables to evaluate of the perfusion within brain tissue, by providing a dynamic 

evaluation of brain capillary wash-in, and wash-out of the injected iodinated contrast media 

intravenously, thus increasing the confidence to diagnose ischemic stroke (Donahue & 

Wintermark, 2015; Konstas AA, 2009). It was published in 2019 by Becks et al. that the 

accuracy of CTP to detect intracranial vessel occlusion is significantly comparable (AUC; 0.92- 

0.97) with sensitivity ranging between 91%-96% and specificity of 86%-96% (Becks et al., 

2019).  

ASPECT is a quantitative score innovated by Barber et al. in 2000 to evaluate the extent of 

hyper-acute ischemic changes by dividing the anterior and middle cerebral artery regions into 

10 regions each sign has a point value (D. A. Barber PA, Zhang J, Buchan AM., 2000). 

American Heart Association recognized ASPECT for acute stroke management and 

recommended that the baseline of ASPECT ≥ 6 needs endovascular therapy (Yoo et al., 2016).  

Studies reported that ASPECT usage advantage is that advanced imaging modalities 

such as CTP and pMRI are not needed. Despite the difference in agreement between the 

physicians depending on the reader’s experience, work station quality which can alter the 

interpretation of ASPECT, and so, the decision accuracy (Mainali et al., 2014; Wardlaw et al., 

2007)    

Menon et al. in 2015, developed a new imaging tool faster than CTP enables the 

clinicians to have more knowledge about the degree of occlusion by detecting the degree of 

contrast filling the artery all of brain region relative to time manner. Multiphase CT angiogram 

(mCTA) that improve the detectability of occlusive process by observing “the delayed vessel 

sign” (Byrne et al., 2017). this sign refers to the delay of vessel enhancement located distal to 

the occlusion site. This technique provides excellent inter-rater reliability (n = 30, k = 0.81, P 

<0.001) and AUC of 0.72 which is better than CTA (0.64) as reported by Wang et al., 2020 

(Menon et al., 2015; Z. Wang et al., 2020). 
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Despite B-NECT is widely available, cost-effective, and a very fast technique, B-NECT 

interpretation depends on the expert’s skill. Moreover, B-NECT is considered insensitive to 

detect small stroke lesions (<20%) in the first 3 hours from symptom onset due to the low 

spatial resolution (Musuka et al., 2015; Rudkin et al., 2018). While CT-angiography (CTA) is 

an available technique in many hospitals, it can provide accurate detection when the occlusion 

is related to large vessels, but it’s related to physician experts when the occlusion in small 

vessels, also it needs time for interpretation. Moreover, it is recommended that CTA should be 

immediately followed by B-NECT especially when the occlusion is suspected in the 

vertebrobasilar artery (Musuka et al., 2015; Rudkin et al., 2018; Vagal et al., 2016). As for the 

mCTA technique, it gives accurate detection of the distal brain arteries with better inter-rater 

reliability, despite the high experience needed for interpolation and the delaying time for image 

acquisition (Menon et al., 2015; Volny et al., 2017).  

CTP is comparable to CTA and mCTA, because CTP provides color maps for the 

parenchymal enhancement within time, in other words, we can say that CTP assesses the tissue 

of the brain at the capillary level, by measuring the cerebral blood flow (CBF), cerebral blood 

volume (CBV), time to peak (TTP) enhancement and time to maximum (Tmax) enhancement, 

thus means that no need to high experience for interpretation, but, too much time is needed for 

image acquisition (40-90 seconds) of continuous scanning which make it vulnerable to motion 

artifact (Campbell et al., 2012; Ospel et al., 2020).  

We can’t ignore that CTA, mCTA, and CTP use higher radiation doses, The effective 

dose of mCTA was 5.73 mSv, which was equal to that in PCT, and it was 3.57 mSv in CTA 

(Yang et al., 2008). Also, iodinated contrast media injection is part, which means that not all 

patients fit for these techniques especially when the patient has cognitive renal dysfunction, 

heart diseases, DM, anemia and/or renal transplant, or has a history of allergic reactions from 

iodine which extend from mild to life-threatening emergency (Lightfoot et al., 2009).   

2.2    Artificial Intelligence (AI) Previous studies 

2.2.1 Computer-Aided Diagnosis  

In the field of medical imaging, CAD systems have emerged as valuable tools for 

assisting healthcare professionals in the detection and interpretation of abnormalities. One area 

where CAD has shown significant promise is in the detection of ischemic stroke, a critical 

medical condition that requires timely diagnosis and intervention to minimize brain damage 
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and improve patient outcomes. The integration of mathematical models into CAD schemes has 

shown promise in improving the accuracy of disease detection by identifying abnormalities 

that clinicians may overlook. This approach has achieved notable success in the field of 

radiological science, due to several key components which include image pre-processing 

techniques to enhance image quality, feature extraction methods to capture relevant 

information, and machine learning algorithms to classify and predict the presence of ischemic 

stroke, so that, it’s possible to quantify and combine the tiny pixel-wise correlation between 

tissue (Berkhemer et al., 2015; Liao et al., 2006; Maroulis et al., 2005; Reboucas Filho et al., 

2017; Vogelsang et al., 1998). 

CAD systems in medical imaging utilize advanced algorithms and techniques extend 

from machine learning, image processing, and pattern recognition to analyse medical images 

and identify potential abnormalities to more advanced DL models as CNN and recurrent neural 

network (RNN). In the context of ischemic stroke detection on CT scans, CAD systems 

automatically analyse the images and highlight regions of interest that may indicate the 

presence of stroke. By assisting radiologists in their interpretation, CAD systems reduce the 

likelihood of human error and aid in the identification of subtle abnormalities that may be 

missed during visual inspection. In fact, the role of CAD in ischemic stroke detection extends 

beyond assistance. CAD systems have the potential to improve patient outcomes by enabling 

early and accurate diagnosis, leading to timely intervention and treatment. By providing an 

additional set of "virtual eyes," CAD systems help radiologists detect stroke-related 

abnormalities that may be overlooked or misinterpreted, ultimately enhancing the overall 

accuracy of stroke diagnosis. 

Various CAD systems developed to aid and assess physicians to provide accurate and 

fast detection and prediction of ischemic lesion. In fact, Current techniques such as CT, MRI 

protocols can help the experienced radiologist to detect ischemic changes especially in hyper- 

and acute stages, but if a general physician makes incorrect judgment, this causes missing of 

the best time for treatment. Therefore, it’s important to enhance the quality of medical images 

for proper diagnosis and image recognition (Doi, 2007; Kasner, 2006). 

In 2011, a purposed CAD scheme is published by Tang et al., using circular adaptive 

region of interest (CAROI) operated in B-NECT to assists emergency physicians and radiology 

residents and radiology specialist to detect early ischemic changes. B-NECTs were collected 

as DICOM format then preprocessed, by removing area that ischemic event impossible occur 
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as bone. After that, the brains aligned to the best symmetrical position. In the processing stage 

CAROI used to localize the regions in which the intensity changed on the improved CT images. 

The resulted output showing increased sensitivity and specificity of 93.33%, 90.3%. While 

there were variations in ROC carve depend on the observer’s experience. Where the ROC of 

the emergency physicians and radiology resident improved (0.942 with CAD Vs. 0.879 without 

CAD), (0.990 with CAD Vs. 0.965 without CAD) retrospectively compared with radiology 

specialist ROC carve relatively remained constant (0.998 VS. 0.999) due to their experience 

(Tang et al., 2011). 

Pedro et al., 2017 implemented a new approach to classify brain strokes of NECT 

through an algorithm used to analyze the brain tissue densities called Analysis of Brain Tissue 

Density (ABTD). The results are compared with multiple feature extractors such as Gray-Level 

Co-Occurrence Matrix (GLCM), Local Binary Pattern (LBP), Central Moment (CM), 

Statistical Moment (SM), Hu's Moment (HM), and Zernike’s Moments (ZM). The superiority 

of ABDT is the shortest time extractor with higher average accuracy (99.3%) when it is 

combined with Optimum Path Forest (OPF) (Pedro P. Rebouc¸as Filho, 2017). 

While Lo et al., in 2019, aimed to develop a CAD model to detect hyper-acute ischemic 

stroke lesions on 26 B-NECTs. They suggested depending on previous literature that the 

anatomical structures in the human brain are symmetric, thus means that when a stroke occurs, 

the ischemic lesion can be highlighted by making a comparison between the right and left-brain 

hemispheres. By tissue clustering techniques bone was removed. Then, the brain tissue is 

divided into right and left hemispheres for symmetric interpretation. After that, features were 

extracted by Ranklet-transformation and GLCM. For Ranklet- transformation, used to transfer 

the original pixels into relative contrast coefficient in the vertical, transverse, and diagonal 

orientation, and textural features extraction. Following this step, the images are divided into 

two blocks for comparison calculation.  In relation to the GLCM matrix, for spatial variation 

in the gray level. The Co-Occurrence between adjacent pixels was calculated at (d) distance 

and multiple directions (θ= 0, 45, 90, and 134). 8 features were selected from Ranklet-

transformation, 3 from GLCM then these features were combined. The results showed that 

there are better accuracy of Ranklet-transformation (81% Vs. 71%), sensitivity (64% Vs. 57%), 

specificity (90% Vs. 79%) in comparison with GLCM (Lo et al., 2019).  
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2.2.2 Machine Learning (ML) 

ML, in other words, machine intelligence means the human brain mimicking by 

computer, is a major branch of AI, figure (7), and DL is a subtype of machine learning 

(Krittanawong et al., 2017).  

This development of ML algorithms in medicine is related to the digital revolution that makes 

data collection and storing is more available and inexpensive (Mechaliski RS, 1998). This 

approach provides crucial tools for intelligent data analysis and diagnosis.  

Broadly, ML mimics human thinking for tasks need human intelligence, by using 

statistical approaches enable computers to make optimal outcome decisions from large datasets 

used to train computers for pattern recognition of selected features extracted from these data to 

classify it into subtypes. Interestingly, ML can evaluate objects qualitatively and quantitatively. 

Moreover, ML characterized by the ability to detect subtle in voxel-level patterns, large scale 

implementation and speed (Goodfellow et al., 2016). Different ML algorithms were employed 

for the detection and prediction of stroke region, it improves the ability to detect the stroke 

lesion area within the brain. 

On the other hand, Abedi et al., in 2017 aimed to develop a new tool to differentiate 

between acute ischemic stroke and stroke mimics by using a supervised learning method. 

Artificial neural network (ANN) models were used to learn and test stroke-like symptoms, and 

patient data, these data include patient history, hospital curse, discharge diagnosis, CTs, MRIs, 

and electroencephalography (ECG) records if available. SPSS was used to make statistically 

comparison between acute stroke and stroke mimics using square test (𝑥!). Results indicated 

that the sensitivity and specificity of ANN for the diagnosis of acute ischemic stroke was 80% 

Figure 7: Artificial intelligence subtypes. 
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(95% confidence interval (CI) 71.8-86.3) and 86.2 (95% CI 73.4- 87.1) retrospectively and the 

median precision of ANN for acute ischemic stroke diagnosis was 92% (95%CI 88.7-95.3) 

(Abedi et al., 2017). 

Roman et al., 2017 used the texture feature analysis to detect and localize the 

hyperacute ischemic stroke region. 139 B-NECTs for hyperacute ischemic stroke followed by 

DW-MRI. The authors firstly used the b-spline interpolation to match the spatial resolution of 

B-NECT and DW-MRI to register them geometrically by 3D symmetric diffeomorphic image 

registration to identify the brain hemispheres, and localizing the hyperacute stroke lesion. Then 

they identified the reference contralateral region which represent the normal area of the brain 

(ROIht) and its spatially corresponding stroke region (ROIs). After that texture analysis were 

done to extract and classify features of ischemic stroke and their contralateral region by Run-

length matrix (RLM), also GLCM to characterize the spatial distribution of gray level. Finally, 

classification was done to the texture analyzed data (input) by non-linear SVM to determine 

the stroke lesion boundary, Decision Tree (DT) to determine tested data (decision nodes) stroke 

or health (leaf nodes). For more accuracy and to reduce the misclassification AdaBoost used. 

In this study, the longitudinal interhemispheric fissure is not exactly in the axial 

correspondence due to the head rotation and tilting. Poorly investigation for the data set of 

strokes from 0 to 2 hours from the symptom's onset. AUC for stroke 2-4.5 hours from the 

symptom's onset is 0.85 while between 4.5 hours to 8 hours 0.938-0.957 (Roman Peter. 

Panagiotis Korfiatis, 2017).  

Interestingly, in 2018, Peixoto et al, reached the highest specificity of 99.1%, sensitivity 

of 97%, F1-score of 98% and accuracy of 98% for the classification task of 300 NECT of brain 

to normal, ischemic and haemorrhagic strokes (100 for each class) by Structural Co-Occurrence 

Matrix (SCM) when it compared with other feature extractors as LBP, Multi-Layer Perceptron 

(MLP), and the Least Square SVM (Peixoto & Rebouças Filho, 2018). 

Kniep et al., 2020 proposed a ML-based approach to predict early ischemic changes 

depending on posterior circulation-ASPECT (pcASPECT). 552 B-NECT were registered and 

visually verified by two experienced clinicians, the region where stroke area demonstrated by 

pcASPECT were segmented added to standard maps, PyRadiomics Python package U2.1.0 is 

used to extract 1218 quantitative features from each pcASPECT areas. To improve the 

generalizability and reduce the bias resulted from unimportant features, 20 most important 

features were determined by Gini impurity. Then ML based algorithm (RF) performed to 
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predict early ischemic changes. Finally, the prediction performance of early ischemic changes 

was analyzed by AUC which were 0.7 for cerebellum and 0.82 for thalamus. Predictive 

performance of the classifier was significantly higher compared to visual reading for thalamus, 

midbrain, and pons (P value<0.05) (Kniep et al., 2020). 

2.2.3  Deep Learning (DL) 

Conventional machine learning techniques had their constraints when dealing with raw, 

unprocessed natural data. Creating a pattern recognition or machine learning system used to be 

a complex endeavor, requiring meticulous engineering and in-depth domain expertise. This 

involved the development of a feature extraction mechanism that converted the raw data, such 

as pixel values from an image, into a suitable internal representations or feature vectors. The 

learning subsystem, often a classifier, would then utilize this transformed data to recognize or 

classify patterns within the input (LeCun et al., 2015). representation learning operates as an 

artistic symphony, crafting multiple levels of representation by combining uncomplicated 

nonlinear modules. Each of these modules guides the transformation of raw input, initiating 

with the elemental and ascending to a more abstract stratum. Through the fusion of numerous 

such transformations, the feature learns intricate functions of remarkable complexity. In the 

task of classification, the upper layer of representation magnifies the essential discriminative 

aspects while diminishing the irrelevant fluctuations. 

For instance, in DL, an array of pixels represents an image. The feature of this image is 

divided into layers. More clearly, for example, the first layer represents the presence or absence 

of sharp edges feature rearrangement. The second, represents the small motifs feature 

rearrangement, while the third layer rearranges the motifs in a large combination. In fact, the 

key aspect of DL lies in the fact that the learning is not designed by specialists, but it is designed 

from data itself using the proposed learning procedure (Clement Farabet et al., 2012; 

Krizhevsky et al., 2012; Mikolov et al., 2011).  

DL provide advanced solution of major problems that faces AI for many years, due to 

the excellent ability to discover complex structures in high-dimensional data, so this approach 

is applicable in many domains as sciences, business and governmental procedures. Moreover, 

in speech and pattern recognition, especially in drug molecules activity, brain circuits analysis, 

DNA mutation prediction and detection and other diseases prediction and detection (Leung et 

al., 2014; Xiong et al., 2015).  
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2.2.3.1 From Supervised to Unsupervised Learning 

Commonly, machine learning form is supervised learning. Suppose that we want to 

establish a system to classify images of dogs, cats, houses, persons. Firstly, we need a large 

data set of these mentioned type of images, then each category will be labelled as its class. In 

the training set, the machine is shown an image -for each category-, then vector of scores will 

be produced as output. Then, we need to compute an objective function to measure the error 

between the output scores and the desired pattern scores. After that -by machine- internal 

adjustable parameters as a real number called weights to reduce errors. These weights 

considered the check points that will define the input-output machine function. In a typical DL 

system, hundreds of millions of these adjustable weights.  

Gradient vector, is a parameter to ensure that each weight in the proper value, by 

measuring the amount of error when the weight vector is increased or decreased in a tiny value. 

The objective function, when averaged across all training examples, resembles a rugged 

mountains within the vast expanse of high-dimensional weight values. The negative gradient 

vector serves as a guiding compass, pointing toward the steepest descent in this landscape, 

gradually leading it closer to a minimum point where the average output error is minimized.  

In practice, the majority of practitioners utilize a technique known as stochastic gradient 

descent (SGD). This approach involves presenting the input vector for a few examples, 

calculating the outputs and errors, computing the average gradient for those examples, and 

adjusting the weights accordingly. This process is repeated for numerous small sets of 

examples from the training set until the average of the objective function no longer decreases. 

It is referred to as stochastic because each small set of examples provides a noisy estimate of 

the average gradient across all examples. Surprisingly, this simple procedure often discovers a 

good set of weights quickly, in comparison to more complex optimization techniques. 

Following the training phase, the system's performance is evaluated on a separate set of 

examples known as a test set (Bottou & Bousquet, 2007). The purpose of this is to evaluate the 

machine's ability to generalize - its capacity to generate meaningful responses to new inputs 

that were not encountered during training. In numerous real-world applications of machine 

learning, linear classifiers are commonly employed in conjunction with manually crafted 

features. A two-class linear classifier calculates a weighted sum of the components of the 

feature vector. If the weighted sum exceeds a certain threshold, the input is classified as 

belonging to a specific category. 
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The limitations of linear classifiers in effectively addressing complex tasks such as 

image and speech recognition have been recognized since the 1960s (Duda & Hart, 1973). 

Linear classifiers can only partition the input space into simple regions, specifically half-spaces 

separated by a hyperplane. However, these tasks necessitate an input-output function that 

remains robust to irrelevant variations in the input, such as changes in position, orientation, 

illumination, or speech pitch and accent. Simultaneously, the function should exhibit high 

sensitivity to subtle differences that are crucial for discrimination, such as distinguishing 

between a white wolf and a Samoyed, a wolf-like white dog breed. 

At the pixel level, images of two Samoyeds in different poses and environments can 

exhibit significant dissimilarities, while images of a Samoyed and a wolf in the same position 

and similar backgrounds may appear quite similar. Linear classifiers, or other shallow 

classifiers operating directly on raw pixel data, are incapable of distinguishing the latter two 

scenarios while categorizing the former two together. This highlights the necessity for effective 

feature extraction methods that can address the selectivity-invariance dilemma. These methods 

should produce representations that selectively capture discriminative aspects of the image 

while remaining invariant to irrelevant factors like the animal's pose. 

To enhance the discriminative power of classifiers, generic non-linear features, such as 

those employed in kernel methods, can be utilized (Schölkopf et al., 2002). However, these 

generic features, like those derived from the Gaussian kernel, often fail to generalize well 

beyond the training examples. Alternatively, the conventional approach involves manually 

designing effective feature extractors, which demands substantial engineering expertise and 

domain knowledge. Nevertheless, this challenge can be circumvented by leveraging the 

capabilities of deep learning, which enables the automatic learning of high-quality features 

through a general-purpose learning procedure (Bengio et al., 2005). This represents a 

significant advantage of deep learning over traditional methods. 

In conclusion, the limitations of linear classifiers in handling complex tasks have 

motivated the exploration of more sophisticated approaches, such as deep learning, which can 

automatically learn powerful and discriminative features. By addressing the selectivity-

invariance dilemma and enabling the extraction of meaningful representations, deep learning 

offers a promising avenue for advancing the performance of classifiers in various domains, 

including image and speech recognition. 
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researchers have long aimed to replace hand-engineered features with trainable 

multilayer networks in the field of pattern recognition. However, it was not until the mid-1980s 

that the solution of using multilayer architectures became widely understood. It was discovered 

that these architectures can be effectively trained using simple stochastic gradient descent, 

provided that the modules within the network are relatively smooth functions of their inputs 

and internal weights. The backpropagation procedure, which computes gradients using the 

chain rule for derivatives, emerged as a practical application for training multilayer networks 

(Rumelhart et al., 1986). 

The key insight behind backpropagation is that the derivative (or gradient) of the 

objective function with respect to the input of a module can be computed by working 

backwards from the gradient with respect to the output of that module (or the input of the 

subsequent module). This realization was independently discovered by multiple research 

groups during the 1970s and 1980s.the development of trainable multilayer networks and the 

application of backpropagation have revolutionized the field of pattern recognition. These 

advancements have allowed for the automatic learning of features, replacing the need for 

manual feature engineering. The discovery of the backpropagation procedure and its practical 

implementation have paved the way for the widespread adoption of multilayer networks and 

have significantly contributed to the progress of machine learning and artificial intelligence.  

Briefly, the backpropagation algorithm uses the chain rule of calculus to efficiently 

compute the gradients of the loss function with respect to the weights in a neural network. It 

works in two phases - forward and backward passes. In the forward pass, an input is fed through 

the network layer by layer to produce an output. The loss between this output and the true target 

value is calculated. In the backward pass, this loss value is propagated backwards from the 

final layer through the network. At each layer, the gradient of the loss with respect to the 

weights connecting the current and previous layers is calculated. This involves multiplying the 

gradient from the next layer by the derivative of the activation function of the current layer. 

Once the gradients for all weights are determined, an optimization algorithm such as stochastic 

gradient descent can use these gradients to update the weights, reducing the loss. By repeating 

this process over many iterations with different training examples, the weights are adjusted to 

minimize the loss across the entire training set. 
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2.2.3.2 Convolutional Neural Networks (CNNs) 

The convolutional neural network (CNN) proved to be a notable exception among deep 

feedforward networks in terms of trainability and generalization ability during a time when 

neural networks were largely disfavoured. CNNs achieve their success through the use of 

convolutional layers that utilize shared weights and local connectivity patterns between 

neurons in adjacent layers, inspired by biological processes in the visual cortex (LeCun et al., 

1990; LeCun et al., 1998). This architecture allowed CNNs to be much easier to train than fully 

connected networks while also generalizing significantly better.  

Despite being developed when neural networks were out of favour, CNNs achieved 

many practical successes and were widely adopted by the computer vision community. Their 

recent resurgence can be attributed to their ability to learn hierarchical representations of visual 

data, leading to state-of-the-art performance on image classification and analysis tasks. CNNs 

can operate on input data represented as multiple arrays, including 1D arrays for 

signals/sequences like language, 2D arrays for images/spectrograms, and 3D arrays for 

video/volumes. Four fundamental concepts behind CNNs shown in Figure (8) utilize the nature 

of data. First, local connections between neurons allow CNNs to automatically learn filters to 

detect low-level features like edges or motifs. Second, shared weights enable these filters to 

identify patterns anywhere in the input. Third, pooling layers make the representation invariant 

to small variations by merging semantically similar features. Fourth, stacking multiple 

convolutional and pooling layers in a deep architecture enables CNNs to learn increasingly 

complex, hierarchical patterns composed of simpler elements. This replicates how higher-level 

concepts are formed from lower-level ones in visual processing and language.  

Typical CNN models alternate between convolutional and pooling layers, followed by 

fully-connected layers to perform classification or regression (Cadieu et al., 2014). 

Backpropagation enables end-to-end training of the entire model. Early applications of CNNs 

achieved success in domains like speech recognition, document reading, and character 

recognition in the 1990s. Since then, CNNs have become the dominant approach for computer 

Figure 8: Illustration of convolutional neural networks (CNN). 
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vision and natural language processing tasks due to their ability to automatically learn 

discriminative feature representations directly from data (Waibel et al., 1989).  

CNNs have achieved significant success in tackling computer vision problems that 

require processing of visual input data since the early 2000s. These models were shown to 

excel at tasks involving object detection, image segmentation, and recognition where sizable 

labelled datasets existed, such as for traffic signs, biological images, detecting faces, text, and 

human bodies (Clément Farabet et al., 2012; Hadsell et al., 2009; Sermanet et al., 2013; 

Simonyan & Zisserman, 2014). A notable application has been pixel-level semantic 

segmentation which holds promise for autonomous systems like robots and self-driving cars 

being developed by companies such as Mobileye and NVIDIA (Simonyan & Zisserman, 2014). 

While CNNs had gained traction for some problems, they were largely overlooked by the 

broader research community until a major breakthrough in 2012, when a CNN significantly 

outperformed competing methods on the large-scale ImageNet dataset, nearly halving error 

rates. This seminal work revived interest in deep learning approaches for computer vision and 

demonstrated that leveraging graphics processing units (GPUs), activation functions like 

rectified linear unit (ReLU), dropout regularization, and data augmentation techniques enabled 

training of CNNs with unprecedented scale, containing over 10 layers and hundreds of millions 

of parameters. Such deep CNN architectures are now the preeminent solution for the majority 

of visual recognition tasks, approaching and in some cases surpassing human-level 

performance (Krizhevsky et al., 2012). 

Researchers first started using CNNs to look at medical images in 1993. They trained 

a CNN to find lung nodules (abnormal growths) in chest X-rays. The same group, Chan et al., 

then used CNNs to find microcalcifications in mammograms in 1993 (Lo et al., 1993). 
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Microcalcifications are tiny calcium deposits that could be a sign of breast cancer. They trained 

their CNN model to detect these. In the following year (1994-1995), Chan et al. applied CNNs 

to find masses in mammograms. Masses are abnormal tissue growths that also need to be 

identified, as they could be cancerous. They published their work on using CNNs for mass 

detection in mammograms in multiple papers between 1994-1995 (Lo et al., 1995; Sahiner et 

al., 1996; Wei et al., 1995). 

Early studies showed CNNs could achieve expert-level performance in segmenting 

stroke lesions on MRI scans. Pereira et al. (2016) developed a deep CNN that segmented acute 

ischemic stroke lesions with a Dice coefficient of 0.88 compared to manual annotations by 

experts, demonstrating CNNs' potential to capture subtle lesions invisible to the naked eye This 

establishes CNNs as a promising approach for automated stroke diagnosis (Pereira et al., 2016). 

 Pan, in 2017, developed an automated system to detect ischemic changes on 256 pre-

processed CT images called patch images as input to learn and test CNN-deep learning 

algorithm. The method of this paper is divided into four stages, pre-processing to remove any 

impossible stroke area as skull, or cerebrospinal fluid (CSF). Selection of a fixed-size of patch 

image as a second step to avoid the error in training steps that happened because stroke occur 

in different area. The third step is data augmentation for increasing the number of data to avoid 

overfitting problems. Finally, the patch images were used as input to train and test CNN. The 

authors concluded that the accuracy reached from this system is 90% which can effectively 

assist the doctor's diagnosis (Pan, 2017).  

Lisowska et al., in 2017 investigated the use of contextual information for the detection 

of stroke signs by using 3D CNN for unsupervised bilateral comparison of the symmetry 

between paired points in both right and left hemispheres. this model is inspired by the workflow 

of radiologists. Selected image patches were extracted from both hemispheres to parallel CNN 

channels to allow right and left comparison from the aligned volume of B-NECTs. Moreover, 

the anatomical context of brain tissue was compared with a normative atlas created from 

normal examples by 3D CNN. For training, of the dense vessel and ischemia at the voxel level, 

of 71 datasets. The prediction scores above zero (positive) indicate a stroke. If the prediction 

score is closer to the zero then stroke prediction is smaller, while the negative score indicates 

normal tissue. Finally, the model performance was evaluated by Titan GPU. Results showed 

that the ROC, and AUC of the model in ischemic detection were (0.915, 0.783) retrospectively 

in the case of CNN with atlas, which is nearly same with bilateral CNN comparison only. For 
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dense vessel detection, bilateral CNN with atlas showed better ROC, AUC (0964, 0.898 

retrospectively) compared with the use of bilateral CNN only, ROC = 0.891, AUC = 0.691 

(Lisowska et al., 2017). 

More recent works continue leveraging CNNs for automated stroke diagnosis. Acharya 

et al. (2018) reviewed promising results of CNNs for stroke lesion detection and segmentation 

across modalities. Also, discussed future directions like multimodal data integration and 

explainable AI to increase clinician trust in CNN-based systems (Acharya et al., 2018).  

Subsequent studies applied CNNs to other stroke-related tasks and modalities. Liu et 

al. (2019) trained a CNN on CT perfusion images to detect acute ischemic strokes with over 

96% accuracy. Li et al. (2018) created a multi-scale CNN to jointly detect and segment 

hemorrhagic and ischemic strokes on head CT scans, achieving Dice coefficients of 0.81-0.85 

(Li et al., 2018). 

In 2019, Clèrigues et al. aimed to evaluate an automated DL method called Ischemic 

Stroke Lesion Segmentation (ISLES) which used to extract potentially quantifiable 

information. In other words, to detect ischemic core in CT and CTP images. 94 cases were 

included for training set, while 62 cases were used for testing set. A 2D patch-based DL 

approach was used in the training set. However, the detection and segmentation of core in all 

images is less than 5% of the brain tissue, so an issue called class imbalance which leads to 

misclassification due to the significantly fewer examples in the training set in one or more 

classes. This issue has been processed by data augmentation, dropout layers that deactivates or 

sets the noisy updates to zero, early stopping which is a technique that halts the training process 

when further acquisition of generalizable knowledge is no longer possible. Finally, by made a 

combination of the uncertain classification estimations then use the highly overlapping patches 

to reduce the segmentation artifacts. Cost-sensitive loss functions were used for the imbalanced 

classes which modify the standard loss function in ML and DL. 2D (Clèrigues et al., 2019) 

In 2022, Syu-Jyun et al., reached to detection accuracy of 93.9% in the detection of 

acute stroke lesions using 59 B-NECT and 59 DW-MRI images which underwent pre-

processing steps to improve the contrast of brain tissue, brain alignment, and orientation 

adjustment and normalization of B-NECT and DW-MRI images spatially to the Montreal 

Neurological Institute (MNI) brain CT and brain MRI templates. After pre-processing steps, t-

score mapping for infracted and normal tissue was created for each CT and MRI. Then t-score 
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maps were used to train 16*16 matrix CNN that including 17 layers. the sensitivity and 

specificity of the system were 98.4%, and 89.8% respectively (Syu-Jyun Peng, 2022). 

Recently, DL has created a significant impact in the medical field, especially for 

nonuniform parameter relationships several researches aimed to detect and segment stroke 

lesions automatically without supervision. Representation learning comprises a collection of 

techniques that enable a machine to ingest raw data and automatically discover the essential 

representations necessary for tasks such as detection or classification (Lebedev et al., 2020). 

While transfer learning, is a process where the features are extracted from a machine learning 

technique, then these features are reused as a starting point for a model on a target task. This 

method requires less labeled data in the target domain compared to training models from 

scratch, which often requires vast amounts of annotated data. This makes transfer learning 

applicable even when limited target data is available (Pan et al., 2010). 

However, a lack of very large annotated medical imaging datasets remained a challenge 

for CNN training. Transfer learning techniques were explored to address this. Kooi et al. (2017) 

showed fine-tuning a CNN pre-trained on the natural image dataset ImageNet improved stroke 

lesion detection over training from scratch with limited medical data (Kooi et al., 2017). 

Wu Qiu et al. published in 2020, a paper on detection of early infraction in acute stroke 

in B-NECT. The paper presents an automated ML approach for quantification and detection of 

acute ischemic stroke (AIS) and compared the output to DW-MRI as a reference image. 257 

patients had AIS (<6 hours from the symptoms onset), 157 for training and 100 for testing. B-

NECT and DW-MRI were done for each patient. Manual segmentation of the ischemic lesion 

for DWI (ITK-SNAP), volume computed, skull tripped and registered by Montreal Neurologic 

Institution 12. CNN used to extract 5 features which are the mean Hounsfield units, the density 

differences in the bilateral symmetric brain regions, the hypoattenuation measurements, the 

degree of hypoattenuation, the distance feature and the atlas-encoded lesion location feature. 

These 5 features are applied to train the random forest classifier. The residual 100 images used 

to test the classifier. 11ml is the resulting difference between the algorithm output (CT images) 

and DW-MRI, P = 0.89 (Wu Qiu, 2020)  

Other publications designed hybrid models between ML and DL approaches as Jun-Lu 

et al. in July of 2022, developed a DL model compromised of two deep CNN one for 

localization of acute ischemic stroke and the other for AIS classification on B-NECT for 1136 
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suspected non-visible AIS. Depend on DW-MRI the non-visible AIS is labeled by two third-

year radiology residents. Both labeled AIS B-NECT and negative AIS B-NECTs were used as 

input to train the first localizer model called YOLO v3 in which were the output is a cropped 

rectangular area with AIS probability. The output then used as input to the second deep CNN 

classifier model called 50-layer Residual Network (ResNet 50) its output represented the 

diagnostic probability of AIS. The performance of the model was evaluated by the area under 

the receiver operator characteristic curve (AUC), sensitivity, specificity and accuracy values. 

83.6% is the AUC of the model with sensitivity 67%, specificity 98.2% and 89.9% accuracy 

(Jun Lu, 2022). 

2.3 Litrature Review Summary  

Neuroimaging is essential for accurately diagnosing acute ischemic strokes, 

distinguishing them from other brain conditions like hemorrhages or tumors, and showing 

affected brain areas. The most commonly used tool is the brain non-enhanced CT (B-NECT), 

known for its wide availability and cost-effectiveness. However, its ability to detect ischemic 

changes soon after a stroke occurs is limited, improving significantly only after the first day. 

Efforts to enhance CT's effectiveness, such as adjusting imaging settings, have shown that 

better detection can sometimes reduce clarity or specificity. 

Recent improvements highlight Diffusion-Weighted Magnetic Resonance Imaging 

(DW-MRI) as more sensitive than B-NECT, although it is slower and can be affected by patient 

movement. CT Perfusion (CTP) scans, which provide a dynamic view of blood flow in the 

brain, have proven useful in diagnosing ischemic strokes by showing how blood moves through 

the brain’s capillaries. 

The Alberta Stroke Program Early CT Score (ASPECTS) is another advancement, 

offering a way to quickly assess the severity of a stroke, which can guide the decision on 

whether to perform surgery. This tool highlights the importance of quick and precise imaging 

in treating strokes. 

The use of AI, especially through Computer-Aided Diagnosis (CAD) systems, shows a 

significant advance in stroke diagnosis. These systems improve image quality, identify critical 

features, and use machine learning to enhance diagnosis accuracy. CAD helps detect subtle 

signs of strokes that might be missed by humans, reducing errors and improving treatment. 
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Moreover, Deep Learning (DL) and Machine Learning (ML) have further enhanced 

CAD's capabilities. Convolutional neural networks (CNNs), a type of DL, are particularly 

effective for analyzing complex image data. These techniques have shown high accuracy in 

distinguishing between different types of strokes on CT scans and have often outperformed 

traditional methods. 

Recent studies have used advanced ML and DL models to improve the detection and 

classification of stroke signs, achieving higher sensitivity and specificity. Some research 

combines these models to enhance both the identification and categorization of stroke-related 

abnormalities. 

Our study introduced a novel approach for improving the efficiency of ML in predicting 

Ischemic stroke diseases called SPEM model. The SPEM model leverages recent technological 

advancements by integrating Contrast Limited Adaptive Histogram Equalization (CLAHE) for image 

pre-processing. This method improves the visual quality of B-NECT images, making it easier to identify 

ischemic areas by enhancing contrast. This pre-processing step is crucial as it addresses the inherent 

limitations of B-NECT, particularly its lower sensitivity in detecting early ischemic changes shortly 

after stroke onset. 

Furthermore, SPEM utilizes Densely Connected Convolutional Networks (DenseNet-

121) for feature extraction. This deep learning approach is adept at processing complex image 

data, capturing subtle nuances that traditional methods might miss. DenseNet-121 is known for 

its efficiency in image classification tasks due to its ability to reuse features, making it highly 

suitable for medical imaging where precision is critical. 

For classification, SPEM employs a combination of advanced machine learning 

classifiers: Support Vector Machine (SVM), Random Forest (RF), and Logistic Regression 

(LR). This hybrid approach allows the model to evaluate which classifier performs best under 

different conditions, optimizing accuracy, precision, and speed. Notably, our results indicate 

that the Logistic Regression classifier, when used in conjunction with DenseNet-121, provides 

the highest performance metrics across various stages of ischemic stroke, particularly in the 

hyper-acute stage. 

The Stroke Precision Enhancement Model (SPEM) makes significant contributions to 

the existing literature by addressing key challenges in stroke neuroimaging. Firstly, it enhances 

the early detection of ischemic strokes, a crucial period where rapid diagnosis can dramatically 
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affect treatment outcomes. This is very important considering the limitations of current imaging 

methods in detecting subtle changes shortly after a stroke occurs. SPEM also supports real-

time diagnostic applications by optimizing processing time, marking a notable advancement 

over traditional, slower methods that are less suited for emergency settings. Additionally, the 

integration of advanced preprocessing and classification techniques ensures that SPEM 

achieves high accuracy and reliability, outperforming traditional imaging methods and 

providing clinicians with dependable diagnostic information. Finally, the model's design allows 

for easy adaptation and scalability across various clinical settings, including those with limited 

resources, addressing common challenges in global health contexts. 

 

 

 

 

 

Chapter Three: Methodology 

This chapter describes the methodology adopted by this study to achieve the aim and objectives 

stated in sections 1.4 and 1.5 in Chapter 1. Section 3.1 discusses the dataset type and sources, 

dataset size, and scan techniques used to create data; section 3.2 explains the pre-processing 

techniques used to prepare the dataset for training and testing steps; 3.3 and 3.4 describe the 

DL and ML techniques used to build up and train the models. Finally, section 3.5 discusses the 

testing step used to evaluate the performance of the models. 

3.1 Dataset 

3.1.1 Data collection and data sources  

The Research Ethics Committee of Al-Quds University approved this study. This analytical 

study involves a retrospective collection of medical imaging data acquired over 24 months 

from January 2021 through January 2023. Reported Dicom Imaging and Communication in 

Medicine (DICOM) files were extracted from the Paicture Archiving and Communication 
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(PACS) from the Radiology department of three hospitals located in the West Bank of 

Palestine: Specialized Arab Hospital (SAH) and An-Najah National University Hospital 

(NNUH), both located in Nablus city, and Ibn Sina Arab Hospital (IAH) located in Jenin city. 

The data comprised B-NECT scans for all cases and DW-MRI with apparent diffusion 

coefficient magnetic resonance imaging (ADC-MRI) scans from patients presenting with 

hyperacute, acute ischemic stroke, and normal cases within 3 months. Experienced radiology 

specialists report all retrospective imaging data gathered. 

3.1.2	 Data Selection 

 Our data targeted all ischemic stroke patients administered to these mentioned hospitals 

between 01/2021 and 01/2023. So, the inclusion criteria for this study were B-NECT for both 

the normal group and all stroke patient categories. DW/ADC-MRI for normal group, hyper-

acute, and acute stages for stroke patients. All corresponding collected imaging data were 

reported in this study. Exclusion criteria: patients with brain malformations or pathologies such 

as tumors, cysts, abscesses, hemorrhages, or other diseases. Images with severe artifacts 

(metallic implants or surgical clips, motion, etc.). Unreported CT or MRI images. For acute 

and hyper-acute stages, patients with missing CT or MRI data were excluded.  

3.1.3	 Slices Selection 

Depending on radiology specialist reports, the data were classified into normal and 

stroke groups. For stroke groups data were categorized as reported according to time from 

symptom onset into hyperacute (<6 hours), acute (6-24 hours), subacute (1-7 days), and chronic 

(>7 days) CVA. All collected images in the DICOM format were first converted to Joint 

Photographic Experts Group (JPEG) format; for analysis. Slices with ischemic stroke lesions 

were selected in all categories. For patients in hyper-acute and acute stages the slice selection 

and lesion identification were performed by using DW/ADC-MRI images as reference; to 

pinpoint the restricted regions in DW-MRI that correspond to hyper-acute and acute lesions. 

By this processing workflow, the study ensured a lesion-focused slice selection and 

standardized the image formats. 

3.2.3 Data size 

In this study, 2815 images included various patient outcomes: 1025 normal images, 315 

hyper-acute stroke images, 1000 acute stroke images, 225 sub-acute images, and 250 chronic 

stroke images. 
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3.2.4 Scanners Parameters and Desktop Characteristics  

Three CT and three MRI scanners were included in this study. These scanners are installed in 

the radiology departments of the three mentioned private hospitals in WB of Palestine. Table 

(1) summarized the scanners types and the scanning parameters used to acquire images. 

Table 1: Scanner types and scanning parameters included in this study. 

Hospital name IAH SAH ANNUH 

Brain CT 

Product name Philips incisive Philips incisive Toshiba (Canon) 

Scanner type 128 slices 128 slices  168 slices 

Tube current (mA) 300 280 300 

Peak voltage (kVp) 120 120 120 

WW/ WL 80/ 40 HU 80/ 40 HU 80/ 40 HU 

Matrix size (mm) 512*512 512*512 512*512 

Slice thickness (mm) 0.625 1 0.5 

Reconstruction technique iDose 3 iDose 3 AIDR 3D Integrated 

Brain DW-MRI sequence 

Product name Philips Inginia 1.5 T Philips Inginia 1.5 T Philips Inginia 1.5 T 

TE (ms) 85 90 87 

TR (ms) 4000 3354 3710 

FOV (mm) 230*230 230*230 230*250 

Voxel size 1.5*2.2*5 1.6*2.53*5 1.5*2.2*5 

Matrix 152*106 144*90 152*106 

b-Factor 0&1000 0&1000 0&800 

The study was conducted using Python 3.9.18 as the primary programming language. 

Anaconda environment was set up to manage packages and dependencies. Preprocessing 

routines, model architectures, training loops, and performance metrics were all coded and run 

natively in Python on a desktop computer with the following specifications: Intel 12th Gen 

Core i7-12700K CPU, 32GB RAM, and NVIDIA GeForce RTX 4070 Ti 12GB GPU. This 

allowed for computationally intensive tasks like model training and hyperparameter tuning to 

be performed efficiently. The unified Python workflow, from data handling to results analysis, 

was made possible using these specifications and ensured reproducibility. 
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3.2.5 Cross-validation 

Cross-validation is an important technique for evaluating and comparing machine 

learning models to reduce problems like overfitting on a particular dataset split. In this study, 

a 25-fold cross-validation approach was adopted to rigorously assess classifier performance. 

The dataset was divided into 25 equal partitions, with 24 folds used for training and the 

remaining fold for testing. This process was repeated 25 times so that each partition was used 

once for testing. Taking the average of the results from the 25 iterations helped produce a more 

robust and reliable estimate of classifier generalization capability compared to a simple train-

test split. Using such a large number of folds (25) also helped maximize the data available for 

both training and validation purposes. The cross-validation results provided an unbiased 

evaluation of how well each model and preprocessing technique would perform on unseen data.  

 

3.2 Dataset Preparation and Pre-processing.  

3.2.1 Data Sorting 

The prediction model was implemented into four data set groups of binary classification 

problems: (hyper-acute/ normal, acute/ normal, sub-acute/ normal, and chronic/ normal). 80% 

of the dataset was used for training, and 20% for testing the model performance. 

3.2.2 Data Manipulation 

In this study, all B-NECT images were resized from their original resolution of 512x512 pixels 

to 640x640 pixels through bilinear interpolation. This preprocessing step was necessary to 

Figure 9: The main architecture of k-fold cross-validation. Copyright 2020 Elsevier 
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standardize the input dimensions required by the feature extractor (DenseNet-121). Resizing 

to a larger, fixed resolution allowed all images to be processed consistently by the deep learning 

architecture during training, despite varying native resolutions in the CT images. 

One of the important data manipulation steps is the removal of irrelevant information 

that lead to increase the computational time and degrading the model performance, as image 

cropping and undesirable anatomic structures removal (Salvi et al., 2021). In this study, in 

addition to image cropping, by Python-based ANTs toolkit a semiautomated technique was 

used to extract brain tissues while skull excluded via atlas-based registration to mask brain. 

This process will focus the model in the brain parenchyma and reduce the irrelevant 

information, and thus minimize the probability of misclassification and computational process.  

Moreover, all B-NECT underwent filtering processing including Gaussian filtering and 

Unsharp masking Gaussian filtering was applied to reduce noise and high-frequency artifacts 

present in the raw images. This smoothing step helped remove noise and fine details that could 

potentially confuse the model during training.  

However, some loss of edges and textures was also introduced. To counteract this as 

reported by Kansal et al. in 2018, Unsharp masking was then performed on the Gaussian-

filtered images that served to enhance and emphasize edges and boundaries between tissues or 

regions of interest (Kansal et al., 2018). This processing steps aimed to improve image quality 

and interpretability for the model by reducing noise while retaining important edges and 

textures that aid in tissue differentiation and ischemic lesion detection on CT images. 

3.2.3 Stroke Precision Enhancement Model 

 Raw medical images often contain noise, artifacts and other anomalies that degrade the 

diagnostic and analytical quality (Zhang et al., 2001). Image enhancement play a pivotal role 

in the improvement of visual appearance and the analytical quality. With the advances of AI 

especially deep learning, image enhancement has gained increased importance (Rani & Kumar, 

2013).   

The priority of image enhancement before AI modeling is to optimize analysis and 

maximize performance. In fact, deep learning requires large, high-quality datasets to identify 

complex patterns, but noise and inconsistencies in raw images introduce biases that mislead 

models during training. Enhancement reduces elements and standardizes of visual 
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representation for automated pattern recognition (Anthimopoulos et al., 2016). For this study, 

the aim is to build an accurate stroke prediction and classification model, so enhancing the 

relatively low contrast of CT images due to the large dynamic range of CT numbers that affect 

the delineation of the interested region for abnormal area that represent ischemic stroke, and 

increasing the visual appearance and analysis quality is very important by applying an 

appropriate contrast enhancement technique (Tan et al., 2012). 

Image histogram represent the distribution of gray values in digital images. For an 

image when the histogram skewed to the right side indicates a bright image, and if the 

histogram is skewed in the left side, it indicates a dark image, so the ideal image should be well 

distributed across the different grayscale levels. Histogram equalization (HE) algorithms is 

higher contrast manipulation by transformation spreads out the image intensity values along 

the total range [0,1] (Krutsch & Tenorio, 2011).  

Contrast-limited adaptive histogram equalization (CLAHE) is one of the pixels-based 

division techniques, a spatial domain process that is used to improve small gray-level regions. 

The main idea of this technique as described by Reza AM in 2004 is to calculate histograms 

locally for different regions of the image rather than globally. This allows for adaptation based 

on neighboring pixel values by first, dividing the image into non-overlapped equal regions then 

the result is three groups: corner regions (CR), border regions (BR), and inner regions (IR). 

Secondly, each region will be represented by a histogram. Thirdly, the contrast is limited by a 

specified clip limit, then the clipped histograms are used to calculate cumulative distribution 

functions (CDFs) which show the proportion of pixels below each intensity value.  

To determine the mapped intensity value for each pixel in the output image, CLAHE 

identifies the pixel's four closest neighboring regions based on a grid partitioning of the input 

image. The original intensity value of the pixel is then used as an index to lookup the grayscale 

mappings for that intensity at each of the four neighboring regions, as defined by their 

respective CDFs generated during histogram equalization. Bilinear interpolation is applied to 

these four mappings to derive the transformed value for the current pixel location. Finally, this 

mapped intensity is rescaled to fall within the output range from minimum to maximum and 

assigned to the corresponding position in the enhanced output image (Reza, 2004). 

In this thesis, the CLAHE technique was employed; due to the ability of CLAHE to 

improve the low-contrast medical image and artifacts minimization, thus, standardizing data 
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representation and focusing the model on the aimed clinically relevant features, the output 

image named Stroke Precision Enhancement Model (SPEM). 

To determine the optimal clip limit parameter for CLAHE, systematic evaluations were 

conducted using different values on a random sample of 500 images from the dataset. by 

applying CLAHE with a low clip limit of 2, then the clip limit was increased gradually at 6 

levels (2, 2.5, 3, 4, 8, and 20) and re-assessed the sample images. For basic evaluation of the 

effectiveness of CLAHE within SPEM, quantitative assessment methods, such as the average 

Effective Measure of Enhancement (EME) and average Peak Signal to Noise Ratio (PSNR), 

are used. The EME and PSNR help to estimate the degree of improvement in image quality 

and the fidelity of the enhanced image to the original CT scan. These measures ensure that 

SPEM not only enhances the image for visual interpretation but also maintains the integrity 

and accuracy necessary for reliable stroke prediction. 

The following equation is utilized for EME: 

𝐸𝑀𝐸 = "
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Where 𝐾", 𝐾! are the number of horizontal and vertical blocks in the image, 𝐼,-.(𝑘, 𝑙) , and 

𝐼,/0(𝑘, 𝑙)	are the maximum and minimum pixel values in each block. 

PSNR was used to measure the deviation of the current image from the original image with 

respect to the peak value of the gray level. Given a reference image 𝑓 and a test image 𝑔, both 

of size 𝑀 ×𝑁, the PSNR between 𝑓 and 𝑔 is defined by: 

𝑃𝑆𝑁𝑅(𝑓, 𝑔) = 10(255!/𝑀𝑆𝐸(𝑓, 𝑔))     (2) 

 

Where MSE, is mean squared error 
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Within SPEM, as the MSE diminishes towards zero, the PSNR escalates towards infinity. This 

inverse relationship is pivotal, indicating that a surge in PSNR is synonymous with enhanced 

image quality. Essentially, a higher PSNR in the SPEM model signifies an image that more 
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closely represents the original CT scan in terms of quality, ensuring that the enhanced image 

retains the necessary details for accurate stroke prediction. 

3.2.4 Data Augmentation  

 One commonly employed strategy pre-processing technique in deep learning is data 

augmentation, which expands the limited medical imaging dataset and avoids overfitting. 

Overfitting occurs when the model is learned specific details and limited features as a result 

the lack of dataset used in training process, this leads to make the model is too focused on the 

specifics of the original training examples instead of the general patterns. And so, inaccurate 

output of new example (Krizhevsky et al., 2012). 

In the current study, the training data was augmented using various geometric and 

photometric transformations to generate more robust training data for the models as shown in 

the Figure (11). Specifically, images underwent random vertical and horizontal flipping, and 

rotations between -15 to 15 degrees. The augmented images were added to the original dataset, 

hence the dataset increased by factor of 4 (11,260 images).  

3.3 Deep Learning Feature Extraction (DenseNet-121). 

Densely Connected Convolutional Networks (DenseNet) is a deep convolutional neural 

network architecture developed by Huang et al. in 2017 for computer vision tasks including 

image classification, segmentation and object detection. It was a significant improvement over 

Figure 10: Data augmentation techniques employed in this study, the augmentation process 

involves rotation (-15° to +15°), horizontal and vertical flipping 
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previous CNNs due to its dense connectivity which improved feature propagation and 

mitigated the vanishing gradient problem (Huang et al., 2017). 

Vanishing gradient “wash out” problem common issue encountered when training deep neural 

networks using gradient-based optimization methods that used to minimizing the loss function 

(i.e., is function to measure the error rate between the prediction from layer to the actual target). 

In general, vanishing problem occur in deep networks with many stacked layers, the gradients 

tend to get smaller and approach zero as they are backpropagated from the final layer to the 

earlier layers. As the gradients get smaller moving backwards through many layers, they 

eventually become so tiny that they are rounded to zero and do not provide enough signal for 

the early layers to update their weights effectively through gradient descent. This causes the 

early layers to learn very slowly or get stuck. It makes training deep networks very difficult. 

In CNNs, each layer is only connected to the subsequent layer. However, in DenseNets each 

layer is connected to every other layer in a feed-forward fashion. This "dense connectivity" 

facilitates feature reuse and strengthens feature propagation from earlier to later layers. It led 

to improved parameter efficiency over traditional CNNs.  

DenseNet-121 has 121 layers and contains dense blocks where each layer is connected to all 

subsequent layers. Within each dense block, the feature-maps of all preceding layers are used 

as inputs, enabling additional feature reuse. The first dense block contains 6 layers, while 

subsequent blocks contain increasingly more layers (12, 24, and 16 layers respectively) 

Transition layers between dense blocks implement bottleneck layers using 1x1 convolutions 

for dimensionality reduction and feed into subsequent dense blocks (Huang et al., 2017), 

figure(11). 

Figure 11: A schematic illustration of the DenseNet-121 architecture (Unluturk 2023). 
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DenseNet121 takes a raw input image and passes it through the initial input layer. Furthermore, 

the input layer performs an initial 3x3 convolution on the image, and subsequently performs 

2x2 max pooling. Consequently, this creates the first set of feature maps from the input image 

that are then passed to subsequent layers. Moreover, the initial layer acts to extract basic 

features from the raw image data. 

The key component of DenseNet-121 is that each layer receives the feature-maps of all 

preceding layers as input through concatenation. If the l-th layer generates m feature-maps, and 

k denotes the growth rate of the network, then the l+ l-th layer receives a total of m+k feature-

maps as input. This concatenation can be represented by the equation: 

𝑥	𝑙	 + 1	 = 	 [𝑥	𝑙, 𝐻	𝑙]     (4) 

Where x l+1 is the input to the l +1-th layer, x l is the output of the previous l -th layer, and H 

l is the feature-maps generated by the l -th layer itself. This concatenation allows each layer to 

access the collective knowledge of all preceding layers. It encourages feature reuse and leads 

to more accurate and more efficient models. The network, therefore, exhibits a very fast 

convergence during training. 

𝑥`		𝐻`([𝑥0, 𝑥1, . . . , 𝑥`1])     (5) 

DenseNet-121 has a growth rate (k) of 32 and a compression factor of 0.5. This means each 

layer produces k=32 additional feature-maps. 

Additionally, DenseNet121 contains four dense blocks which, in turn, make up the bulk of the 

network architecture. Each dense block is composed of bottleneck layers that perform 

composite functions of batch normalization, ReLU activation, 1x1 convolution to reduce the 

feature space, followed by more batch normalization, ReLU and 3x3 convolution. 

Consequently, this bottleneck structure helps reduce computation costs while simultaneously 

promoting feature reuse and propagation between layers. Furthermore, a key component of 

dense blocks is the concatenation of feature maps. Specifically, each layer in a dense block 

receives the feature maps of all preceding layers as input through concatenation. This 

encourages collective sharing of knowledge learned at each step. 

Furthermore, between each dense block are transition layers. Transition layers perform the 

functions of bottleneck layers through 1x1 convolution, as well as 2x2 average pooling. This 
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serves to reduce the feature space and prevent overfitting after each dense block. Additionally, 

transition layers also help transfer the learned features to the subsequent dense block. Finally, 

after passing through the four dense blocks and three transition layers, the final set of feature 

maps undergo global average pooling. This helps aggregate the features. The pooled features 

are then passed to a fully-connected classification layer, where the images are ultimately 

classified into different categories based on the hierarchical representations learned from the 

input to the final layer (Huang et al., 2017). 

DenseNets-121, as convolutional neural networks, are capable of extracting various levels of 

visual features from images due to their dense connectivity. At the lowest level, early 

DenseNet-121 layers can capture basic texture patterns, colors and edges through their small 

receptive fields. This is due to the application of convolutional operations with limited scope. 

Subsequently, mid-level features are derived as subsequent layers combine these low-level 

elements to detect more complex visual patterns characteristic of object parts. By virtue of 

increased network depth, DenseNets-121 can identify mid-level motifs that compose object 

sections (Huang et al., 2017; Li et al., 2017). 

Deeper layers within DenseNets-121 then develop high-level semantic representations for full 

objects and scenes. Through composite function learning across layers, DenseNets gain the 

ability to recognize entire objects and environments useful for classification/detection tasks 

(Huang et al., 2017; LeCun et al., 2015). Moreover, the convolutional structure of DenseNets 

allows them to encode spatial relationships between extracted low/mid-level elements. This 

enables DenseNets to represent the arrangement of visual components within images (Huang 

et al., 2017; Wang et al., 2013) 

Subsequent studies applied DenseNet121 to various medical imaging tasks. Chen in 2016 used 

DenseNet121 for brain tumor segmentation from MRI scans, outperforming prior methods 

(Chen et al., 2016). While, Jegou in 2017 used it for skin lesion classification from dermo-

scopic images, achieving 96.4% accuracy (Jégou et al., 2017). Also, DenseNet-121 was applied 

for lung nodule classification on CT scans, excellent accuracy was achieved of  95.6% (Li, 

2018).  

In this study, feature extraction was performed using DenseNet-121 that implemented in 

Python in both SPEM and CTs without preprocessing separately. As a deep-CNN pre-trained 

network structure with 121 layers arranged in a dense block connectivity pattern, DenseNet-
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121 utilized to extract high-level image features from datasets. Both datasets were resized to 

640 x 640 pixels, then passed through the DenseNet-121 model with a growth rate of 32. 

Specifically, in this study, 1024 features were extracted from the final pooling layer before the 

classifier head of the default DenseNet-121 architecture for each image. This pooling layer 

aggregates the feature maps into a 1024-dimensional vector for each image. In this way, 1024-

dimensional feature vectors representing anatomical and pathological patterns were extracted 

from each image in the brain CT dataset using the default DenseNet-121 parameters. These 

extracted features were then used for training classifiers in this study to facilitate transfer 

learning from ImageNet for stroke classification. 

3.4 Machine Learning Classification  

classification is a core machine learning task involving the prediction of categorial labels from 

data examples. The goal of classification algorithms is to learn discriminative patterns from 

labeled training instances that enable the accurate classification of new observations. 

Supervised classification techniques utilize examples annotated with target class attributes to 

build predictive models capturing the underlying relationships between features and classes 

(Alpaydin, 2020). Common approaches for classification include decision trees which partition 

the feature space recursively (Quinlan, 1986), logistic regression which models class 

probabilities using logistic functions (Hosmer Jr et al., 2013), and support vector machines 

which find an optimal separating hyperplane in potentially high-dimensional space (Cortes & 

Vapnik, 1995). The performance of these algorithms is typically evaluated using metrics such 

as accuracy, precision, recall, and F1 score to quantify successful classification (Powers, 2020). 

Classification plays a vital role across diverse domains by enabling automated systems to 

predict categorical labels for new data based on learned classification models (Kotsiantis et al., 

2007).   

The fundamental task aimed in this study, is to evaluate which of this three widely used 

machine learning classifiers: Random Forrest (RF), Logistic Regression (LR) or Support 

Vector Machines (SVM) is better performance to categories the extracted features from 

DenseNet-121 into 5 classes (normal, hyper-acute, acute, sub-acute and chronic). 
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3.4.1 Random Forest (RF) 

Decision tree (DT) which is a simple nonparametric supervised machine learning method 

purposed by Breiman in 2001, for solving classification and regression problems by 

partitioning the features and fitting a simple prediction for each part in the feature space.  

The tree is constructed in a top-down manner. It builds a tree structure where internal nodes 

represent features in the data and branches represent different values or thresholds for those 

features as shown in Figure (12, a). It starts with the entire training dataset at the root node. 

Then it selects the feature and split point that best divides the data into purer groups based on 

the target variable. Furthermore, this process repeated recursively on the divided subgroups, 

splitting them further based on additional features until they cannot be split more or reach a 

minimum size. Thereby, when making predictions, new data is sorted through the tree by going 

down branches based on its feature values until it reaches a final subgroup/leaf node. 

Consequently, the prediction is then the most common label of data in that subgroup. Therefore, 

this allows decision trees to represent complex patterns in data through an intuitive tree 

structure (Breiman, 2001, 2017; Quinlan, 1986). 

However, single decision trees also exhibit some drawbacks. Specifically, they are prone to 

overfitting individual training examples, resulting in reduced generalizability to new data. 

Moreover, small variations in the training data can significantly impact the structure of the 

learned tree, diminishing stability. Additionally, decision trees often perform poorly when 

features include noise or exhibit low correlation with the target variable (Zhang, 2000). 

One of the machine learning algorithms that construct the ensemble of multiple decision trees 

into a “forest” during training is random forest (RF) which shown in Figure (13, b). By 

averaging the prediction of these multiple trees’ prediction, the RF addressed decision tree 

limitation. 

In this approach, each tree is created a bit differently than others. When splitting nodes in a 

tree, the algorithm only looks at a random subset of features instead of all features. Also, it 

only uses a sample of the full training data for each tree. 

This randomness helps prevent the trees from just memorizing the training data. It makes the 

trees more independent and diverse. Once the forest is grown, predictions can be made. New 

data is put down each tree to get a prediction. The trees "vote" for the most common class (in 
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classification) or average the predictions (in regression). The forest prediction is the most 

popular vote among all the trees. Because we average multiple simpler models, Random 

Forests are generally more accurate than a single decision tree. They also reduce the risk of 

overfitting the training data (Breiman, 2001; Liaw & Wiener, 2002). 

Random Forests work well for large complex datasets with many types of features. 

They are widely used today because they are accurate, easy to use, and can handle unbalanced 

or missing data. The randomization makes them robust models for both classification and 

regression problems (Genuer et al., 2010). 

 

For an individual decision tree, the depth is an important parameter that affect the performance 

of RF, it represents the maximum extent possible until reach the terminal nodes (leaves). In 

decision tree when the depth increased it leads to overfitting. However, in RF each tree is 

allowed to grow to the maximum extent possible until all terminal nodes contain less than a 

minimum number of training samples, typically set between 5-10. This approach prevents 

overfitting to small subsets of the data. While limiting tree depth can help control overfitting, 

random forests are less susceptible due to averaging effects between trees. However, deeper 

trees may result in better performance, up to a certain point before overfitting occurs. The 

optimal tree depth depends on the problem, and is usually selected through cross-validation 

during model tuning, with common values ranging from 5 to 15. Additionally, the effective 

depth of trees in a random forest is often lower on average than single trees due to random 

feature selection at each node (Breiman, 2001; Probst et al., 2019). 

 

Figure 12: schematic illustration of decision tree (a), and random forest ML classifiers. 
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In this study, the extracted features from DenseNet-121 which were 1024 features/ 

image were used to train RF classifier for categorizing the dataset into five classes normal, 

hyper-acute, acute, sub-acute, and chronic. The RF consisted of 600 decision trees to balance 

accuracy with training time. Each tree was allowed to grow to an estimated maximum depth of 

15-20 leaves, as is common for medical imaging datasets of this size and complexity. The trees 

were constructed through bootstrap sampling of the training features and random selection of 

a subset of features at each node split, helping to decorrelate the trees for more robust ensemble 

predictions. Cross-validation was employed to optimize hyperparameters and avoid overfitting. 

This two-stage approach leveraged transfer learning from a large-scale image database as well 

as the strengths of ensemble methods for the medical diagnosis task.  

3.4.2 Support Vector Machines (SVM) 

Support vector machines (SVMs) are a powerful supervised machine learning 

algorithm for classification and regression that has gained significant attention in recent 

decades. Originally proposed by Cortes and Vapnik, SVMs function by finding an optimal 

hyperplane that maximizes the margin between classes of data in a transformed feature space. 

This hyperplane is determined based on the “support vectors”, which are the training examples 

closest to the decision boundary (Cortes & Vapnik, 1995). 

SVMs were later extended to perform non-linear classification through the use of “kernel 

functions”, which implicitly map inputs to high-dimensional feature spaces via the “kernel 

trick” proposed by Aizerman (Aizerman, 1964). Common kernel functions employed in 

practice include linear, polynomial, radial basis function (RBF), and sigmoid kernels. This 

kernel-induced feature mapping technique allows SVMs to identify linear relationships 

between features that were previously nonlinear in the original input space. As a result of their 

ability to efficiently perform both linear and nonlinear classification/ regression, SVMs have 

been widely applied across diverse domains involving complex, high-dimensional datasets 

(Schölkopf & Smola, 2002). Their success is largely attributed to the use of kernel functions, 

which enable SVMs to learn complex decision boundaries by transforming the input space into 

higher-dimensional feature spaces where data may be more easily separated (Vapnik, 1999). 

So, SVMs are a powerful supervised learning approach due to their capacity for flexible model 

fitting through kernelization, which maps inputs to enriched feature spaces where optimal 

hyperplane estimation can be achieved. 
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 In this research, SVM classifier employed to analyze the DenseNet 121 extracted 

features from the different CT categories represented in the dataset. As described previously, 

SVMs are a powerful supervised machine learning algorithm that finds an optimal separating 

hyperplane to maximize margin between classes of data. By mapping our features into a higher 

dimensional space using the kernel trick, SVMs can learn complex non-linear decision 

boundaries that are well-suited for our classification task. 

The SVM was trained on a subset of our CT scans where the category was known, allowing it 

to learn the patterns in radiomic features that characterize each class. It was then tested on a 

held-out set of scans to evaluate its ability to automatically categorize new cases as representing 

normal tissue or one of the strokes timepoints based solely on the extracted quantitative 

imaging features. This SVM classification approach provides an objective and data-driven 

means of analyzing subtle differences in brain CTs related to stroke at various stages.  

3.4.3 Logistic Regression (LR) 

Logistic regression is a generalized linear model used when the dependent variable is 

binary or dichotomous. Unlike linear regression which predicts outcomes on a continuous 

scale, logistic regression predicts the probability of an event occurring versus not occurring 

through modeling the logit transformation of the odds. 

Specifically, the logistic regression model estimates the odds of an event occurring as the 

ratio of the probability an event occurs to the probability it does not occur. It models the logit, 

or the natural logarithm of these odds, as a linear combination of the predictor variables.  

Mathematically, this takes the form: 

𝑙𝑜𝑔𝑖𝑡(𝜋) 	= 	𝑙𝑛(𝜋/(1 − 𝜋)) 	= 	𝛽0	 + 	𝛽1𝑥1	 + 	𝛽2𝑥2	 +	…	+ 	𝛽𝑘𝑥𝑘 (6) 

Where π is the probability of an event occurring, 1-π is the probability of it not occurring, β0 

is the intercept term, and β1…βk are the coefficients of the predictor variables x1…xk. 

This logistic transformation allows modeling of a binary dependent variable while avoiding 

violations of assumptions like linearity and normality that occur in linear regression. The 

estimated coefficients can then be used to calculate odds ratios that indicate the change in odds 

of an event occurring with a one-unit increase in the corresponding predictor. 
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Logistic regression is widely applicable in fields involving categorical outcomes like the social 

and medical sciences. It provides a powerful tool for modeling dichotomous dependent 

variables and predicting probabilities of binary events (Hosmer Jr et al., 2013; Menard, 2002). 

 In this step of research method, and to perform logistic regression for classification, the 

data were arranged in a binary format by comparing each pathological category (hyper-acute, 

acute, sub-acute, chronic) against the normal category separately. This resulted in four separate 

binary classification tasks, with normal designated as the reference category. 

The extracted radiomic features from DenseNet-121 which comprising the predictor variables, 

were then input into logistic regression models to classify each sample as either the reference 

normal category or one of the pathological categories. Logistic regression was chosen as the 

classification algorithm due its ability to model dichotomous outcomes and estimate the 

probability of class membership based on combinations of predictor variables (Hosmer Jr et 

al., 2013). 

Through this methodology, the ability of the radiomic features to discriminate between normal 

tissue and each stage of cerebral infarction was evaluated using logistic regression models. 

This allowed the identification of imaging biomarkers with the potential to aid in the 

classification and characterization of different stages of ischemic CVA based on CT radiomic 

profiles. 

3.5 Performance Evaluation Metrics 

Evaluation metrics are crucial for accurately and objectively assessing the performance 

of machine learning classifiers. So, Proper evaluation of machine learning models requires the 

use of standardized metrics. Commonly reported metrics include accuracy, precision, recall, 

and F1 score, which provide insights into a model’s abilities to correctly classify examples. 

However, these metrics can be influenced by data biases like class imbalance. The AUC metric 

calculated from ROC analysis evaluates classifiers across all classification thresholds in a 

manner independent of bias. Evaluation is also informed by measuring elapsed time, important 

for applications where efficiency is paramount. A comprehensive assessment of any proposed 

model utilizes each of these metrics to develop a thorough understanding of its predictive 

strengths, weaknesses, and computational feasibility for the given problem domain. The results 

under multiple evaluation criteria then guide further algorithm refinement and selection of the 

optimal approach (Powers, 2020). 
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To obtain a comprehensive assessment of model performance used in the research, 

using Python, metrics such as accuracy, precision, recall, F1 score, AUC, and elapsed time 

were calculated to characterize the predictive capabilities, bias, efficiency, and tradeoffs of 

different machine learning approaches for the given classification task. 

3.5.1 Accuracy 

Accuracy is a performance metric used to evaluate the effectiveness of a classification model. 

It measures the proportion of correct predictions made by the classifier over the total number 

of classification examples (Sokolova & Lapalme, 2009). 

Mathematically, accuracy is defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦	 = 	 (𝑇𝑃	 + 	𝑇𝑁)	/	(𝑃	 + 	𝑁)     (7) 

Where: 

• TP represents the number of true positives, which is the number of examples correctly 

classified as positive. 

• TN represents the number of true negatives, which is the number of examples correctly 

classified as negative. 

• P is the total number of positive examples in the dataset. 

• N is the total number of negative examples in the dataset. 

By taking the sum of true positives (TP) and true negatives (TN), the total number of correct 

predictions were obtained. Dividing this by the total number of examples P + N gives the ratio 

of correctly predicted examples, expressed as a percentage between 0% and 100%. An accuracy 

of 100% indicates perfect classification with no errors, while lower values reflect more 

misclassified examples (Powers, 2020). 

3.5.2 Precision	

Precision is a classification performance metric that measures the ability of a classifier to 

identify only relevant instances (Sokolova & Lapalme, 2009). It is defined as the number of 

true positives (TP) divided by the total number of instances predicted as positive, including 

both true and false positives. 

Mathematically, precision is expressed as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 = 	𝑇𝑃	/	(𝑇𝑃	 + 	𝐹𝑃)     (8) 
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Where FP (false positives), is the number of instances incorrectly classified as positive when 

they are actually negative. 

Precision ranges from 0 to 1, with a higher value indicating fewer incorrect positive predictions. 

A precision of 1 corresponds to perfect precision, meaning all positively predicted instances 

were indeed positive (Powers, 2020). 

Precision alone does not provide a complete picture of classifier performance, so it is generally 

evaluated alongside other metrics such as recall and F1 score for a more comprehensive 

assessment (Sokolova & Lapalme, 2009). The precision-recall tradeoff also needs to be 

considered based on application requirements. 

3.5.3 Recall 

Recall in machine learning is a performance metric that measures the ability of a 

classifier to identify all positive instances. It is defined as the number of true positives (TP) 

divided by the total number of actual positive instances. 

Mathematically, recall is expressed as: 

𝑅𝑒𝑐𝑎𝑙𝑙	 = 	𝑇𝑃	/	𝑃     (9) 

Recall ranges from 0 to 1, with a higher value indicating fewer actual positive instances are 

missed. A recall of 1 corresponds to perfect recall, meaning all positive instances are correctly 

identified. 

Recall alone does not account for incorrect positive predictions, so it is generally evaluated 

alongside precision and other metrics for a complete analysis of classifier performance 

(Powers, 2020).  

3.5.4 F1 score 

The F1 score is a weighted harmonic mean of precision and recall, which provides an 

overall measure of a classifier’s accuracy. It reaches its best value at 1 and worst at 0. The F1 

score is calculated as: 

𝐹1	 = 	2	 ×	(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 × 	𝑅𝑒𝑐𝑎𝑙𝑙)	/	(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 + 	𝑅𝑒𝑐𝑎𝑙𝑙)     (10) 

The F1 score considers both precision and recall, which are two important and complementary 

metrics of classification performance. By calculating their harmonic mean, the F1 score 
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captures the tradeoff between precision and recall in a single number. A higher F1 score 

indicates better classification performance, with a maximum of 1 representing perfect precision 

and recall (Manning & Schutze, 1999). 

3.5.5 Area under ROC curve (AUC) 

 The area under the receiver operating characteristic (ROC) curve, or AUC, is a metric 

used to assess the performance of a binary classifier. It ranges from 0 to 1, with higher values 

indicating better discriminative ability of the classifier. 

The ROC curve is created by plotting the true positive rate (TPR) against the false positive rate 

(FPR) at various threshold settings. The TPR is also known as sensitivity, recall or probability 

of detection. The FPR is 1 – specificity or probability of false alarm. 

The AUC can be interpreted as the probability that the classifier will rank a randomly chosen 

positive example higher than a randomly chosen negative example (Fawcett, 2006). 

The AUC is calculated as the area under the ROC curve. This can be estimated numerically 

using the trapezoidal rule as: 

𝐴𝑈𝐶	 = !"#$%	!"#'
'

∗ (𝐹𝑃𝑅2	– 	𝐹𝑃𝑅1). . +(𝑇𝑃𝑅𝑛 − 1	 + 	𝑇𝑃𝑅𝑛)/2 ∗ (𝐹𝑃𝑅𝑛 − 	𝐹𝑃𝑅𝑛 − 1)     
(11) 

Where TPRi, and FPRi represent the true positive rate and false positive rate at each 

threshold. 

A higher AUC indicates better discriminative ability of the classifier to distinguish between 

positive and negative cases. An AUC of 0.5 indicates performance no better than random, while 

1 represents a perfect classifier (Fawcett, 2006). 

3.5.6 Elapsed time 

Elapsed time is a metric used to evaluate the efficiency and computational performance 

of machine learning models, especially for applications where fast prediction speed is 

important. It measures the total time taken by a model to make predictions on a test dataset. 

The elapsed time is usually calculated as the average time per prediction. It is obtained by: 

• Recording the start time before making predictions on the tested data using the model. 

• Recording the end time after all predictions are completed. 
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• Calculating the elapsed time as end time – start time. 

• Dividing the total elapsed time by the number of samples in the test set to obtain the 

average time per prediction. 

This is expressed mathematically as: 

𝐸𝑙𝑎𝑝𝑠𝑒𝑑	𝑡𝑖𝑚𝑒	 = 	 (𝑇𝑒	– 	𝑇𝑠)	/	𝑆     (12) 

Where Te is the end prediction time, Ts is the starting prediction time and S the number of 
samples. 

Units of elapsed time are typically milliseconds or seconds. Lower values indicate faster 

prediction speeds. Elapsed time evaluation helps identify models that meet the latency or 

throughput requirements of an application (Mohri et al., 2018). It is an important metric, 

especially for real-time systems or those processing large volumes of data.  

3.6 Working Flowchart 

The structural overview of the hybrid model is illustrated in Figure (14). This approach was 

specifically designed to support clinical stroke diagnosis, starting with dataset preparation and 

the acquisition of standardized images, to the pre-processing techniques that were used to 

improve the performance of the models, and to the features extraction step in which the output 

were 1024 radiomic features that finally used as input to train three classical machine learning 

classifiers. The SPEM image enhancement model played a crucial role in enhancing image 

clarity while maintaining the visibility of relevant structures and potential anomalies. 
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Figure 13: Architecture of the Hybrid Ensemble Deep Learning model. Created by Draw.io 

application. 
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Chapter four: Results 

This chapter presents all research findings, these finding structured into three main stages. The 

first stage involved the evaluation of machine learning classifiers in classifying the extracted 

features by DenseNet-121 for B-NECT without pre-processing enhancement technique. The 

second stage including the evaluation of these classifiers’ performance of the extracted features 

when the B-NECT images were enhanced using CLAHE at Clip Limit 4. 

4.1 Optimal CLAHE Clip Limit Determination for SPEM Images 

Table 2 displayed the values of the averages EME and PSNR of the preprocessed B-

NECT. Noticeable improvement on image contrast observed at low levels, at Clip Limit 2 The 

EME had an average value of 16.115 while the PSNR was 21.399, indicating little change from 

the original images according to both metrics.  

Table 2: Average EME and PSNR findings of B-NECT at different Clip Limits of CLAHE 

As expected, higher values of Clip Limits led to greater contrast stretching but also began to 

produce unwanted artifacts. The EME dropped steadily, but the PSNR followed a downward 

trend, suggesting degradation of image quality. However, in levels 8 and 20, over-amplification 

of noise and artifacts noticed which led to image quality degrading, figure 14 represented the 

effect of different Clip Limites on CT image quality. 

Clip limit 2 2.5 3 4 8 20 

Average EME 16.115 17.187 20.105 21.965* 20.056 17.199 

Average PSNR 21.399 19.973 18.914 17.612* 15.952 14.946 
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When the clip limit was at level 4, both  EME and PSNR values saw an uptick. On 

inspection, the images exhibited strong yet natural-looking enhancement without visible noise. 

The average PSNR value was 17.612 and the EME was 21.965, indicating that the optimum 

balance point between enhancement and quality preservation was found. Figures 14 (d), 15, 

and 16 showed the resulted images when CLAHE- E was applied to B-NECT images across 

all ischemic stroke stages. 

Through this systematic evaluation using objective metrics in Python version 3.9.18, the 

optimum balance point clip limit that produced the best results for the study dataset was 

determined to be 4 that optimized the images for the downstream feature extraction by 

DenseNet-121, and classification stages of this research. 

Figure 15: left caudate nucleus Hyper-acute ischemic stroke. (a) DW-MRI, (b) original B-

NECT (c) B-NECT with CLAHE-4 

Figure 14: Acute ischemic stroke in the right caudate nucleus. (a) DW-MRI. (b) original B-

NECT. (c- f) B-NECT with CLAHE at different Clip Limits (2, 4, 8, and 20) retrospectively 
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4.2 Hybrid Model Performance Prior to Enhancement  

4.2.1 Performance Comparison of the Model at Various Algorithms in the Hyper-

acute Stage 

Figure (17) shows a comparison of the models performance metrics in the hyper-acute 

ischemic stroke stage at different classifiers before the application of CLAHE-4.   

Figure 16: B-NECTs (a, b) showed fogging phenomena in the left cerebral hemisphere 

indicating sub-acute ischemic stroke (b) CLAHE-4. (c, d) B-NECT chronic ischemic lesion 

(c) original image, (d) CLAHE-4 image 
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Figure 17: Hybrid models performance comparison in hyper-acute stage in non-enhanced 

datset. 
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For hyperacute ischemic strokes, the results showed that SVM achieved the highest 

classification accuracy of 94.9% with a precision of 94%, recall of 95.2%, and F1-score of 

94.6%  when applying the DenseNet121 features to the ischemic stroke lesion prediction task. 

SVM works by finding the optimal separating hyperplane between classes that maximizes the 

margin of separation. This allows it to discriminate strongly between positive and negative 

lesion cases, as evidenced by its highest AUC score of 98.9% out of all models.  

RF obtained only a slightly lower accuracy than SVM of 92% while maintaining high precision 

of 90.4%, 92.6% recall, 91.5% F1-score, and 97.5% AUC comparable to SVM. This 

demonstrates that random forest was also highly effective at the classification. RF works by 

constructing many decision trees during training and outputting the class which is the mode of 

the individual trees' predictions. This tends to result in more stable performance compared to a 

single decision tree. In contrast, LR attained an accuracy of 90.8%, with 90.7% precision, 

89.5% recall, 90.1% F1-score, and 96.7% AUC which is considered marginally lower than 

random forest.  

However, on the prediction time side - presented in Figure (18) -, the most significant result 

was that LR was by far the fastest model, requiring a mere 0.4 seconds on average to make 

predictions. In contrast, the RF model achieved the second prediction speed with an average 

time of 41.87 seconds, while the SVM model had the longest elapsed time of 53.05 seconds. 
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Figure 18: Comparison of hybrid models elapsed times in hyper-acute stage for non-

enhanced dataset. 
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4.2.3	 Performance Comparison of the Model at Various Algorithms in the Acute Stage	

RF classifier in the acute stage, the model achieved an accuracy of 90.7% with a 

precision of 92.1%, recall of 92.7%, and F1 score of 92.4%. The AUC was 96.8%, 

demonstrating strong discriminative ability. For the SVM classifier, the model is achieved a 

higher accuracy of 93.9% in the acute stage, with a precision of 96.3%, recall of 93.7%, and 

F1 score of 95%. It also had a higher AUC of 98.7%, indicating excellent discrimination of 

lesions. LR attained the highest accuracy of 95.3% in the acute stage, matching SVM's 

precision of 96.3% and outperforming it on recall (96%) and F1 score (96.2%). LR also had a 

high AUC of 98.8%. Figure (19) shows a comparison of the models performance in the acute 

ischemic stroke stage at different classifiers before the application of CLAHE. 

While performance was good, RF was the slowest of the three models in the acute stage in 

which the average elapsed time for predictions was 8.63 seconds. SVM maintained very high 

performance levels but was not the fastest model with an average elapsed time of 2.52 seconds, 

making it faster than Random Forest but slower than LR. Most notably, LR was by far the 

fastest model with an elapsed time of only 0.06 seconds. While it matched SVM's performance, 

LR provided predictions over 40 times faster as shown in Figure (20). This makes it the best 

option for applications requiring extremely fast, real-time predictions in the acute stage. 
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Figure 19: Hybrid models performance Comparison in acute stage for non-enhanced dataset. 
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4.2.3 Performance Comparison of the Model at Various Algorithms in the Sub-acute 

Stage	

In the sub-acute stage, Figure (21) showed that SVM model achieved the highest accuracy of 

96.3%, with precision and F1 scores of 98.6% and 95.8%. It also had a very high AUC of 

99.2%. Moreover, SVM was faster than RF, requiring only 0.34 seconds for predictions. 

Nonetheless, its recall of 93.2% was lower than LR. Overall, SVM displayed best-in-class 

accuracy but was not quite the fastest model. In terms of accuracy LR model follows SVM 

with accuracy of 95.7% in the sub-acute stage. Furthermore, it had the highest recall of 96%. 

Consequently, LR matched or outperformed the other models on multiple metrics, Its precision, 

F1 score and AUC were excellent at 94.7%, 95.3% and 99.4% respectively.  Howver, RF 

classifier achieved an accuracy of 93.3% with precision and recall scores of 93.2% and 91.9% 

respectively. Its F1 score was 92.5% and AUC was 99.2%, indicating very strong predictive 

performanceSVM attained the highest accuracy in the sub-acute stage of 96.3%, with precision 

and F1 scores of 98.6% and 95.8%. It also had a very high AUC of 99.2%.  
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Figure 20: Comparison of hybrid models elapsed times in acute stage for the non-enhanced 

dataset. 
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In the term of prediction speed illustrated in Figure (22), LR is considered the shortest elapsed 

time when it compared with SVM and RF models making it over 8 times faster than SVM and 

over 58 times faster than RF. It requested just 0.04s for prediction while RF model considered 

the slowest model with a time of 2.35s. Overall, SVM displayed best-in-class accuracy but was 

not quite the fastest model, it required 0.34s. 

 

Figure 22: Comparison of hybrid models elapsed times in acute stage for the non-enhanced 

dataset. 
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Figure 21: Hybrid models performance Comparison in sub-acute stage for non-enhanced 

dataset. 
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4.2.4 Performance Comparison of the Model at Various Algorithms in the Chronic 

Stage 

The results in Figure (23) showed a good classifiers' performance in the chronic stage. 

However, while RF achieved a respectable accuracy of 94.5%, precision of 95%, and recall of 

94.3%, yielding a strong F1 score of 94.7% and AUC of 98.6%, its elapsed prediction time of 

3.44 seconds was substantially slower than the other models as it clarified in the Figure (24). 

Therefore, though RF performed well, it was the least optimal choice for applications requiring 

rapid predictions.  

 

Figure 23: Hybrid models performance Comparison in chronic stage for non-enhanced 
dataset. 

Meanwhile, SVM attained higher accuracy in the chronic stage at 97.5% and had an excellent 

F1 score of 97.5% and AUC of 99.8%. Moreover, its prediction speed of 0.61 seconds, while 

it was faster than RF, but was still slower than LR. Thus, while SVM displayed top-tier 

accuracy, it was not the fastest overall. 

Most notably, LR achieved the highest accuracy of 97.8% along with the strongest precision 

of 98.8% and fastest prediction time of just 0.05 seconds. Furthermore, its recall of 95.9% and 

F1 score and AUC of 97.9% and 99.9% matched or exceeded the other models. Consequently, 

not only did LR demonstrate the best balance of high-performance metrics, but it was also over 

10 times faster than RF and over 12 times faster than SVM. Therefore, for applications 
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requiring both accuracy and real-time prediction speeds, LR proved to be the optimal classifier 

for the chronic stage. 

4.3 Hybrid Model Performance with SPEM Image Enhancement 

This section presents the results from experiments investigating the impact of CLAHE 

preprocessing on classifier performance for automated ischemic stroke classification from B-

NECT images. Three machine learning algorithms – SVM, RF, and LR - were evaluated on 

their ability to identify stroke subtypes ranging from hyper-acute to chronic. 

CLAHE with a clip limit of 4 was applied as a preprocessing step to enhance image intensities 

before feature extraction. Deep radiomic features were then extracted using DenseNet-121 

from the SPEM images. These formed the input data used to train and test the classifiers. 

The key focus of this section is to examine how CLAHE preprocessing with a clip limit of 4 

before feature extraction influences subsequent classifier diagnostic ability, as assessed 

through performance metric comparisons across stroke subtypes and algorithms.  

4.3.1 Performance Comparison of the Model at Various Algorithms in the Hyper-

acute Stage 

In the hyper-acute stage, while all classifiers performed exceptionally well, LR stood out as 

offering the best combination of accuracy, recall, and extremely rapid prediction times when 
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Figure 24: Hybrid models performance Comparison in chronic stage for non-enhanced 

dataset. 
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classifying hyper-acute lesions from SPEM images. Consequently, it is best suited for real-

time applications. 

In detail, all three classifiers achieved exceptional performance when applied to SPEM 

as displayed in the figures (25, and 26). RF attained very high accuracy of 98.32%, precision 

of 99.18%, F1 score of 98.38% and 99.95% AUC. However, its prediction time of 3.30s was 

the slowest. Therefore, while demonstrating strong predictive ability, RF was least optimal for 

applications requiring rapid results. 

SVM achieved an accuracy of 99.15% with precision and recall scores of 98.30% and 99.45%. 

It also had an excellent F1 score and AUC. Furthermore, SVM was faster than RF, requiring 

only 0.52 seconds for predictions. However, it was still slower than LR. Thus, SVM displayed 

high performance but was not the fastest model. 
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Figure 25: Hybrid models performance Comparison in hyper-acute stage for 
SPEM model. 
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LR attained the best performance with an accuracy of 99.57%, precision of 99.14%, recall of 

99.32% and F1 score of 99.57%. Moreover, its AUC of 0.9999 demonstrated near-perfect 

discriminative ability. Most significantly, LR was the fastest model, requiring a mere 0.04 

seconds for predictions. Consequently, not only did it achieve the highest accuracy, but it was 

over 100 times faster than the other classifiers. Therefore, LR proved to be the optimal choice 

for applications requiring both strong predictive capabilities and real-time prediction speeds. 

4.3.2 Performance Comparison of the Model at Various Algorithms in the Acute Stage 

In the acute stage after CLAHE application, all models performed well as illustrated in Figures 

27 and 28, LR model achieved the highest accuracy while being over 100 times faster than the 

RF model and over 58 times than SVM, demonstrating it is the optimal classifier for real-time 

model applications. In general, SVM achieved the highest accuracy of 99.30% when applied 

to SPEM, with excellent precision, recall and F1 score of 99.31%, 99.30% and 99.30% 

respectively. It also demonstrated very strong discriminative ability with an AUC of 99.97%. 

However, its prediction time of 24.74 seconds, while faster than RF, was still much slower than 

LR. 

As for LR, the model achieved an accuracy of 99.22% with precision, recall and F1 scores of 

99.19%, matching SVM's performance. Impressively, it completed predictions within just 0.42 

seconds, over 50 times faster than SVM and over 100 times faster than Random Forest. 
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Figure 26: Comparison of hybrid models elapsed times in hyper-acute stage for SPEM 

model. 
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On the other side, RF attained an accuracy of 97.16%, along with precision, recall and F1 scores 

of 95.34%, 98.96% and 97.11%. It also had a high AUC of 0.9961. Nonetheless, it was the 

slowest model, requiring 42.73 seconds for predictions. 

Therefore, while SVM and LR demonstrated comparable high performance, LR stood out as 

the optimal choice for acute lesion classification from contrast-enhanced SPEM images due to 

its unparalleled prediction speed combined with excellent accuracy and other metrics. Its rapid 

results make it especially well-suited for time-critical applications. 

 

Figure 28: Comparison of hybrid models elapsed times in acute stage for SPEM model. 
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Figure 27: Hybrid models performance Comparison in acute stage for SPEM 

model. 



 
63 

 

4.3.3 Performance Comparison of the Model at Various Algorithms in the Sub-acute 

Stage 

In the sub-acute stage the performance results illustrated in the Figure (29), all models 

performed very well; however, LR model balanced strong accuracy with the fastest prediction 

speeds, demonstrating its effectiveness for real-time use cases. Specifically, as shown in 

Figure(30) LR model achieved the highest performance with an accuracy of 97.55% for 

classifying lesions from SPEM images. It demonstrated excellent precision, recall and F1 score 

of 97.55%, 97.53%, 97.53% and 97.53% respectively. Impressively, it completed predictions 

within a mere 0.03 seconds, over 10 times faster than SVM. While SVM matched LR's 

performance closely with an accuracy, precision, recall and F1 score of 96.39%, 98.76% and 

97.56% respectively. SVM's discriminative ability was also very strong, with an AUC of 

99.93%. Notably, it was faster than RF, requiring just 0.31 seconds for predictions. 

However, for RF model its attained an accuracy of 95.09% along with precision, recall and F1 

scores of 93.98%, 96.30% and 95.12%. Its AUC was also high at 99.18%. However, it took the 

longest time of 2.07 seconds to make predictions. 

While SVM and LR achieved comparable high accuracy and other metrics, LR model stood 

out as the preferred model for sub-acute lesion classification due to its unparalleled speed of 
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Figure 29: Hybrid models performance Comparison in sub-acute stage for 
SPEM model. 
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just 0.03 seconds per prediction, combined with its excellent performance. Its rapid results 

indicate it is optimally suited for time-sensitive use cases. 

4.3.4 Performance Comparison of the Model at Various Algorithms in the Chronic 

Stage 

Generally, as shown in Figures 31 and 32, in the chronic stage all models performed well, but 

LR model stood out as offering the best combination of predictive accuracy, recall, and 

extremely rapid prediction times, making it particularly suitable for almost real-time 

applications involving chronic lesions. 

More clearly,  SVM achieved the highest accuracy of 99.59% for classifying lesions from 

SPEM images. It demonstrated excellent precision, recall and F1 score of 99.28%, 99.41% and 

99.64% respectively. SVM's discriminative ability was nearly perfect, with an AUC of 99.99%. 

While it was faster than RF at 1.83s, it was still slower than LR. Despite of  LR model matched 

SVM's performance closely with an accuracy, precision, recall and F1 score of 99.59%, 

99.28%, 99.76% and 99.64%, it completed predictions within just 0.06s, over 30 times faster 

than SVM and over 100 times faster than RF. 
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Figure 31: Hybrid models performance Comparison in chronic stage for SPEM model. 

In contrast, RF model attained an accuracy of 97.36% along with precision, recall and F1 scores 

of 96.49%, 98.92% and 97.69%. Its AUC was also very high at 99.8%. However, it took the 

longest time of 8.36s to make predictions. Therefore, while SVM and LR demonstrated 

equivalent high predictive performance, Logistic Regression stood out as the preferred model 

for chronic lesion classification due to its unparalleled speed of 0.06 seconds per prediction 

combined with its excellent metrics. Its rapid results indicate it is optimally suited for time-

critical chronic lesion assessment. 
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Chapter five: Discussion 

Based in the proposed framework, this chapter discusses the construction of hybrid models and 

how was the experiment carried out. Also, the selection of optimum clip limit for CLAHE in 

the preprocessing step. Moreover, it discusses the realization of the architecture that presented 

in chapter three for the selection and evaluation of the three machine learning classifiers (RF, 

SVM and LR) used in building of the models. 

5.1 Optimal CLAHE Clip Limit Determination for SPEM Images 

CLAHE applied as pre-processing step to improve the image quality for the purpose of 

standardization of data representation to effectively enhance the performance of feature 

extraction from B-NECT images when it applied to DenseNet-121. Thus, lead to increase the 

performance efficiency of classifiers. 

The clip limit parameter controls the contrast limiting and determines the amount of 

amplification applied across the image. The optimal clip limit parameter was determined 

through quantitative analysis at different clip limits (2, 2.5, 3, 4, 8 and 20) by measuring the 

EME and PSNR for the images. EME indicates the level of contrast enhancement achieved, 

with higher values representing better differentiation of intensities across the image. PSNR 

reflects image quality after processing, with higher dB values signifying less noise and 

distortion. 

In this work, the results showed that a clip limit of 4 achieved the highest average EME of 

21.965 while maintaining a good PSNR of 17.612 dB. Figure (33) describes the change that 

occurs to average EME and PSNR at different levels of clip limits (2, 2.5, 3, 4, 8, and 20). As 

seen, EME values generally increased from clip limits of 2 to 4, indicating improving contrast 

enhancement. However, from limits of 4 to 20, EME began to plateau and even decreased at 

higher limits (20). This suggests that amplification gains diminished or edge information lost 

beyond a limit of 4.  
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Figure 33: Chart illustrates CLAHE Clip Limit impact on both average EME and PSNR. 
 

PSNR values remained high from limits of 2 to 3 but dropped steadily from 3 to 20. This drop 

was sharpest between limits of 4 to 8, and 8 to 20. This figure represents an optimal balance 

between maintaining image quality and preserving the intricacy of edges in the images. Our 

findings on image enhancement using the CLAHE algorithm align with prior studies, which 

have reported its effectiveness in enhancing image quality by preserving edge details and fine 

features. Furthermore, existing studies that used similar metrics for assessment, and which 

employed CLAHE for enhancing images, have reported a range of results that vary based on 

the characteristics and type of images utilized (Isa et al., 2017; Przelaskowski et al., 2007). The 

decreasing PSNR implies increasing noise and loss of useful detail in processed images at 

higher clip limits because a large Clip Limit value spreads out the histogram of grayscale pixels, 

amplifying noise but providing less contrast improvement. So, small Clip Limit value risks 

minimal enhancement which was described by Fawzi et al, to optimize the image enhancement 

(Fawzi et al., 2021).  

By balancing the highest EME of 21.965 at limit 4 with an acceptable PSNR of 17.612, a clip 

limit of 4 provided the optimal trade-off between enhancement and preservation of quality for 

feature extraction. Therefore, based on quantitative analysis of evaluation metrics on a dataset 

of brain CT images, a CLAHE clip limit of 4 was selected as the parameterization that 

maximized pre-processing benefits for this study. The enhanced images with improved contrast 

aided in more accurate classification.  
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5.2 Hybrid Model Performance Before Enhancement 

5.2.1 Performance Comparison of the Model at Various Algorithms in the Hyper-
acute Stage 

The study evaluated the performance of three different classifiers (RF, SVM, and LR) on their 

ability to classify five categories (normal, hyper-acute, acute, sub-acute, and chronic) on B-

NECT features extracted by DenseNet-121 before image enhancement by CLAHE.  

A similar trend is seen in the other evaluation metrics, with SVM achieving the highest 

precision, recall, and F1 scores out of the three classifiers tested. This indicates SVM makes 

the fewest mistakes in both correctly predicting and detecting true hyper-acute cases, achieving 

the best-balanced performance (García-Díaz et al., 2020). 

The superior performance of SVM can likely be attributed to its maximal margin approach, 

which is well-suited for complex classification tasks involving high-dimensional feature spaces 

that contain more than 2000 dimensions (vectors) like those extracted by DenseNet-121. This 

high-dimensional nature poses challenges for other classifiers which are prone to overfitting 

such as logistic regression. However, SVM's intrinsic regularization properties derived from 

its maximal margin formulation allow it to learn robust decision boundaries even in very large 

dimensional spaces that conflict with the preventing of overfitting. As a result, this can indeed 

contribute to increased training time complexity compared to other classifiers compared with 

RF and LR retrospectively (53.05 s Vs. 41.87 s Vs. 0.4 s) (Statnikov et al., 2008). 

RF classifier achieved excellent performance that was on par with the top-performing SVM 

model according to the evaluation metrics reported. Specifically, the random forest attained an 

accuracy of 92% and AUC of 97.5%, demonstrating a strong ability to discriminate between 

the normal and hyper-acute subtypes. 

These results were slightly better than the logistic regression, which achieved an accuracy of 

90.8% without other metrics provided for direct comparison. The RF's use of an ensemble of 

decision trees likely allowed it to model complex nonlinear relationships between the high-

dimensional radiomic features extracted from the CT images better than the single decision 

boundary approach of logistic regression. Additionally, random forests tend to be more robust 

to outliers and are less likely to overfit than logistic regression given their averaging 

methodology.  
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These properties enabled the RF to outperform LR for this challenging classification problem 

involving subtle differences between stroke types in medical images. These findings were 

agreed with Belgiu and Dragut who discussed how RF average multiple decision trees to obtain 

better predictive performance than a single model as LR, with less variance and better handling 

of outliers (Belgiu & Drăguţ, 2016). 

Breiman and Statnikov reported in their research that the fact beyond the shortest time shown 

in LR training is that it fits a simple linear decision boundary to the classification problem 

compared to other models. Logistic regression involves solving a convex optimization problem 

to determine the optimal weights, which can be efficiently approximated using gradient descent 

algorithms. This linear boundary is computationally inexpensive to calculate for large datasets 

compared to more complex nonlinear models. In contrast, RF and SVM models, have complex 

nonlinear relationships between features through an ensemble of decision trees and the 

determination of a maximal margin hyperplane, respectively.  

These approaches provide superior performance but require solving non-convex optimization 

problems that are computationally intensive. This difference in computational complexity 

becomes greatly magnified during model training for high-dimensional medical imaging data 

with thousands of features (Bishop, 2006; Kim et al., 2005). 

In this study on classifying CT images of stroke subtypes, logistic regression trained over 40 

times faster than random forests, completing in just 0.4 seconds versus 41.87 seconds. Even 

faster support vector machines took around 53 seconds to train. While logistic regression 

performance was marginally lower, the ability to train a model nearly instantly provides 

advantages for time-critical applications like acute stroke diagnosis where rapid clinical 

decision-making is essential. Therefore, the shortest training time of logistic regression results 

from its computationally simple linear boundary formulation. 

5.2.2 Performance Comparison of the Model at Various Algorithms in the Acute Stage 

The models in this study achieved higher performance when classifying acute stroke cases 

compared to the hyper-acute stage on the CT image dataset, as evidenced by the increased 

accuracy, precision, recall, F1-score and AUC metrics. Specifically, the SVM model attained 

an accuracy of 93.9%, precision of 96.3%, recall of 96.3%, and F1-score and AUC of 97.2% 

for the acute stage, surpassing the metrics achieved for hyper-acute classification. 
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Additionally, the LR model classified acute strokes with a faster processing time of only 0.06 

seconds compared to 8.63 seconds for RF in the hyper-acute stage. Faster prediction speeds are 

crucial for time-sensitive clinical workflows. 

These results are consistent with the results of previous studies that have also observed 

increased classifier performance for later stage ischemic strokes that explained the reasons of 

this improvement. Previous work has also demonstrated higher reliability in acute stroke 

assessment scales versus hyper-acute scales. This suggests the definition of acute stroke may 

have been more consistent, presenting relatively "easier" classification cases, that also 

elucidated the general decreased time needed to classify the image in acute stage when 

compared with hyper-acute stage, which noticed in our results. 

First, Peng and Chen were justified in their automated model that the visual features extracted 

by DenseNet-121 may have allowed for clearer separation between acute stroke and 

normal/other classes compared to hyper-acute. Moreover, DenseNet-121 has been shown to 

learn highly discriminative features for medical image classification tasks that improve with 

increased training data (Peng et al., 2022). He and Garcia were reviewed the challenges while 

training machine learning models, one of these challenges is overfitting negative impact that 

affect model performance. In this thesis, the acute stroke cases were potentially more numerous 

and balanced compared with hyper-acute stage (4000 acute Vs. 1260 hyper-acute images), 

which reduced the negative effects of overfitting known to hinder classifiers (He & Garcia, 

2009). 

In the case of RF performance and LR performance in both hyper-acute and acute stages, we 

can’t ignore that the number of datasets is 1260 images in hyper-acute while 4000 images in 

acute. This relatively lower images caused the LR have lower performance due to overfitting 

in the hyper-acute state resulted from the class imbalance. In fact, RF is better in the 

classification task due to the way of features analysis, in which the predictions resulted from 

all trees that employed it were averaged to overcome the overfitting problem, while LR 

performance increased with increased number of dataset as in acute stage (Liaw & Wiener, 

2002).  

On the other side, good classification performance was noticed in SVM in both hyper-acute 

and acute stages despite the difference of dataset size, this emphasizes the strong performance 

of SVM in limited data due to the kernelization process that enables hyperplane non-linear 
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high-dimensional feature space. SVM consistently achieved strong performance for both 

hyper-acute and acute stroke subtype classification, validating SVM as an effective algorithm 

for complex medical imaging problems involving thousands of discriminative features 

extracted from deep learning models, as also demonstrated in other studies as reported by Hebli 

et. al, in their study that used SVM for the classification purposes of brain tumor types using 

SVM classifier on brain MRI images (Hebli & Gupta, 2017). Moreover, the increased 

performance of SVMs and logistic regression over random forest implies the ability of these 

models to capture more complex nonlinear decision boundaries provided greater benefit for 

classifying acute strokes as reported by Abedi et, al. in their study (Abedi et al., 2020).  

However, our findings showed that RF is slower when it compared with SVM in the case of 

acute stage which is contradicted hyper-acute result (8.36 s Vs. 2.52 s). To clarify the reasons, 

the algorithm nature of RF is constructed by ensemble of multiple independent decision trees 

(around 600 trees), when the task is for high-dimensional feature space, features were 

partitioned randomly and distributed to the trees in the ‘forest’. For the individual tree to 

achieve the optimum decision RF must probe deeper. Additionally, the final output is the 

average of total prediction from all trees or the most common votes from all trees, so this 

process need longer prediction time when it compared with SVM where the algorithm nature 

utilize sparse solution and kernel trick application that relies a mapping between the input space 

and feature space for the approximations during the prediction in the high-dimensional feature 

space, that means the SVM need only to detect the signs to make decision (Genuer et al., 2010; 

Schölkopf & Smola, 2002).  

5.2.3 Performance Comparison of the Model at Various Algorithms in the Sub-acute 

and Chronic Stages 

The sub-acute stage classification performance using RF, SVM, and LR algorithms showed 

high accuracy. RF achieved an accuracy of 0.933, precision of 0.932, recall of 0.919, F1-score 

of 0.925, and AUC of 0.992, demonstrating strong discriminative ability to distinguish sub-

acute cases.  

SVM attained even higher accuracy of 0.963, precision of 0.986 indicating over 98% of 

positive predictions were true, recall of 0.932 correctly identifying 93.2% of actual positives, 

F1-score of 0.958, and AUC of 0.992 showing near-perfect classification.  
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LR yielded accuracy of 0.957, precision of 0.947 correctly classifying over 94.7% of cases, 

recall of 0.960 identifying 96% of true positives, F1-score of 0.953 and AUC of 0.994 both 

signifying excellent performance for sub-acute classification. 

Regarding the chronic stage, the machine learning models demonstrated high performance 

based on CT imaging features. SVM achieved the highest accuracy of 97.5% for identifying 

chronic cases correctly. Notably, LR and SVM both attained near-perfect discrimination ability 

with AUCs exceeding 0.999, indicating exceptional ability to distinguish chronic from non-

chronic cases. Precision scores were also extremely high for both LR and SVM at over 98%, 

suggesting a minimal rate of false positive predictions. While RF accuracy was slightly lower 

at 94.5%, its precision, recall, F1 and AUC metrics still signified strong classification capability 

for the chronic stage. Overall, the results confirm that chronic stroke manifestations have 

developed sufficiently clear visual patterns over time to be readily distinguished from other 

conditions or earlier stroke stages by sophisticated algorithms. 

Upon reviewing the result, the models in sub-acute and chronic ischemic stroke stage showed 

improved performance for all classifiers, this is due to the increased ischemic stroke visual 

patterns on CT over time to later ischemic stages. Specifically, both the SVM and RF classifier 

exhibited accuracy gains of approximately 3-4% from the hyper-acute to chronic task. LR also 

improved by 2-5% between successive stages. This trend held for other evaluation metrics such 

as precision, recall and F1-score.  

In general, the gradual enhancing of visual biomarkers over time thus appears to make later 

stage identification increasingly easier, benefiting all models as predictive performance rose in 

tandem with advancing pathology. Notably, the chronic classification yielded the peak results 

across SVM, RF and LR, corroborating it as the most discernible stage. These consistent 

improvements validate the potential for automated analysis to become more effective as stroke 

signs evolve on medical images. 

Despite the increased visual patterns of ischemic stroke in CT over the time, the elapsed 

training times for the sub-acute classification task, in RF was 2.35 s, while SVM took 0.34 s, 

and LR 0.04 seconds. In contrast, for the chronic stage representing the most advanced 

pathology, RF time was 3.44 s, SVM 0.61 s, and LR 0.05 s, which mean that all classifiers in 

the chronic stage were slower than that in the sub-acute stage, Figure (34) illustrates the 

comparison between the prediction times for both stages. This suggests that as signs evolve the 
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furthest over the longest duration, the chronic classification problem imposed relatively more 

computational complexity for the models to solve compared to sub-acute. The trend of 

declining elapsed times from hyper-acute through acute and sub-acute stages validates that 

identification difficulty decreases as pathology progresses visually on imaging. 

 

5.3 Hybrid Model Performance with SPEM Image Enhancement 

This discussion section analyzes results from experiments investigating the impact of CLAHE 

preprocessing on classifier performance for automated acute ischemic stroke classification 

from B-NECT images. Three machine learning algorithms – SVM, RF, and LR - were 

evaluated on their ability to identify stroke subtypes ranging from hyper-acute to chronic. 

CLAHE with a clip limit of 4 was applied as a preprocessing step to enhance image intensities 

before feature extraction. Deep radiomic features were then extracted using DenseNet-121 

from the SPEM images. These formed the input data used to train and test the classifiers. 

The key focus of this analysis is to examine how CLAHE preprocessing with a clip limit of 4 

prior to feature extraction influences subsequent classifier diagnostic ability, as assessed 

through performance metric comparisons across stroke subtypes and algorithms. Findings will 

also be discussed about previous work investigating similar preprocessing approaches. 
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Figure 34: Comparison of hybrid models elapsed times in sub-acute and chronic stages for 

non-enhanced dataset. 
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Through investigating the impact of CLAHE, the aim is to provide insights that could help 

optimize automated acute stroke analysis methods. This may assist in developing more accurate 

clinical decision support tools derived from routinely acquired non-contrast CT scans. 

5.3.1 Performance Comparison of the Model at Various Algorithms in the Hyper-

acute Stage 

The performance of machine learning models for automated classification of hyper-acute 

ischemic stroke using radiomic features extracted from B-NECT were evaluated in both with 

and without pre-processing image enhancement. 

Findings provide valuable insights into optimizing machine learning approaches for hyper-

acute ischemic stroke classification using CT imaging. The significant improvements observed 

across performance metrics when incorporating SPEM indicated that pre-processing plays an 

important role in feature extraction and subsequent classification. 

By applying CLAHE with a clip limit of 4, SPEM enhances the contrast of subtle differences 

between healthy and pathological tissue, resulting in radiomic features that more clearly 

distinguish stroke subtypes. This allows classifiers to learn more discriminative patterns, 

improving their diagnostic ability. 

The 5-9% absolute gains in accuracy, 3-5% increases in precision and recall, and 2-3% boosts 

to AUC seen with SPEM pre-processing demonstrate its ability to enhance subtle visual 

biomarkers that may otherwise be imperceptible without contrast adjustment. This agrees with 

prior work showing CLAHE improves lesion detection (Melingi et al., 2022). 

Interestingly, training time was also substantially reduced, especially for SVM (53.05 s Vs. 

0.52 s) and RF (41.87 s Vs. 3.30 s). This suggests SPEM normalization results in features with 

stronger class-separability, making classification an easier problem to solve computationally. 

Notably, all three classifiers - including LR - benefited similarly from SPEM. This validates 

the pre-processing impacted the data itself rather than any particular learning algorithm. 

By applying CLAHE to adjust the dynamic range and contrast of pixel intensities. This 

enhances subtle differences between healthy and pathological tissues in hyper-acute stroke CT 

scans, where lesions initially present with only slight contrast to surrounding brain parenchyma 

(Tan et al., 2012). By amplifying subtle intensity variations, SPEM enhancement model 
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extracted radiomic features from DenseNet-121 enable more clearly distinguishing of stroke 

subtypes based on their characteristic appearance patterns. Previous studies have shown 

CLAHE improves lesion detection sensitivity by enhancing low contrast regions (Tan et al., 

2012). 

Features extracted from enhanced images produce decision boundaries that are easier for 

classifiers to learn, resulting in more accurate classification. This agrees with Wang et al. 

(2020) who demonstrated data equalization enhancement techniques affects the transferability 

of deep neural networks by yielding features with stronger class-separability (X. Wang et al., 

2020). So, incorporating SPEM enhancement prior to feature extraction using DenseNet-121 

represents an effective strategy for optimizing hyper-acute stroke classification from non-

contrast CTs. The consistent, significant gains across performance metrics validate its ability 

to enhance subtle visual patterns informative for diagnosis. 

5.3.2 Performance Comparison of the Model at Various Algorithms in the Acute Stage 

In acute stage, results showed significant performance improvement of the three classifiers -

RF, SVM, and LR- when CLAHE-4 applied to CTs before the DenseNet-121 feature extraction 

process. Notably, when trained and tested on features extracted without preprocessing from 

raw images, RF achieved an accuracy of 90.7% while SVM and LR achieved 93.9% and 95.3% 

respectively. However, when using features extracted from SPEM-preprocessed images via 

DenseNet-121, all models demonstrated significantly improved classification metrics. RF 

accuracy increased to 97.2%, a 6.5% absolute improvement. Similarly, SVM accuracy 

improved by 5.5% to 99.3% and LR by 3.9% to 99.2%. 

This improvement was also observed in other evaluation metrics as precision, recall and F1-

score across all classifiers when using features extracted from SPEM preprocessed images via 

DenseNet-121 versus without preprocessing. This improvement indicated that the contrast 

adjustment technique plays an important role that optimized the model performance.  

In RF, precision increased from 92.1% to 95.34% when SPEM features were trained which 

means false positive predictions reduced. Recall increasing from 92.7% to 98.96% indicating 

better identification of true positives (acute stroke) detected. Correspondingly, F1-score rose 

from 92.4% to 97.11% reflects an overall better balance between precision and recall achieved 

through SPEM. The F1-score considers both precision and recall, so its increase validates that 

both false positives and false negatives were reduced. Furthermore, the AUC relatively 
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increased when compared with features without CLAHE demonstrating that SPEM features 

allowed RF to achieve the near-perfect ability for acute ischemic stroke prediction, in other 

words, increased ability true positives from false positives.  

On the other hand, significant improvement was also noticed in the performance of SVM when 

trained on features directly extracted from non-preprocessed images, SVM attained an 

accuracy of 93.9%, precision of 96.3%, and F1-score of 95%. In contrast, after applying 

CLAHE-4 preprocessing, SVM's accuracy increased to 99.3%, representing a 6% boost. 

Precision and F1-score also improved to 99.3%, gains of 3% and 4.5% respectively. 

Additionally, SVM achieved near-perfect recall and AUC metrics of 99.3% and 99.997%.In 

LR, SPEM model features added improvement to the accuracy compared with non-

preprocessed features (99.2% Vs. 95.3%). Moreover, precision and recall both rose (96.3% Vs. 

99.2%) and (96% Vs.99.2%) retrospectively, while AUC increased from 98.8% to 99.9%. 

These improvements indicate that CLAHE-4 enhancement amplified the subtle differences in 

radiodensity patterns in the acute prediction subtype. This allowed SVM, RF, and LR to learn 

more discriminative features, resulting in a more effective decision boundary with fewer 

misclassifications. 

However, the elapsed time considered a critical consideration in medical applications 

especially in which real-time decisions must be as soon as possible as in acute and hyper-acute 

stroke stages. In this experimental assessment, the result showed that LR stands out as the most 

efficient computationally algorithm in the classification and prediction of acute ischemic stroke 

from high-dimensional extracted SPEM features from DenseNet-121. In fact, LR on average 

required less than a half second (0.42s) for the prediction task which considered extremely 

rapid, while SVM required nearly more than 59 times than LR (24.74s Vs. 0.42s), and RF 

required over 100 times longer than LR (42.73s Vs. 0.42s) made it the slowest classifier in 

acute stage prediction.  

This extreme speed in LR is due to the computational simplicity to fit the logistic function for 

class probability estimation. Moreover, the linear relationship between decision boundaries that 

allowing very fast calculation of class prediction compared to non-linear algorithms like SVM 

and RF. Furthermore, the parallelization nature of LR; refers to the ability to split up 

computational tasks and perform them simultaneously across multiple processing units, such 

as the multiple cores in a CPU or the compute units in a GPU, this enables LR to deal with 

high-dimension and complex dataset (Hastie et al., 2009). 
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Concerning RF, this too long elapsed time is due to the algorithm's nature depending on the 

type of features, in this study the dataset was complex high-dimensional radiomic features led 

to increase the depth for individual decision tree and the need of large number of trees for 

accurate prediction outcome. While on the subject of SVM, the superior speed performance in 

classification is due to the computational complexity of the maximum hyperplane of classes by 

the use of kernel functions that considered computationally intensive during model training for 

high-dimensional medical imaging data with thousands of features (Bishop, 2006; Kim et al., 

2005).  

The prediction elapsed times for the hyper-acute and acute stroke classification tasks using 

non-preprocessed versus SPEM preprocessed features provided interesting insights. Without 

CLAHE, classifying hyper-acute cases required significantly longer prediction times across all 

classifiers relative to acute cases. For instance, SVM predictions on hyper-acute data took an 

average of 53.05s compared to only 2.52s for acute cases. However, when trained on features 

extracted from SPEM preprocessed images, this was reversed, the acute stroke stage 

necessitated markedly elevated prediction times for all models relative to hyper-acute. Using 

SPEM features, SVM prediction time increased to 24.74s for acute versus 0.52s for hyper-

acute. These findings suggest that appropriate preprocessing like SPEM can substantially 

impact computational efficiency by altering the relative complexity of classification problems.  

5.3.3 Performance Comparison of the Model at Various Algorithms in the Sub-acute 
Stage 

In the sub-acute stage, the results demonstrated that applying CLAHE-4 in SPEM models led 

to enhanced classification and prediction across all three machine learning classifiers – SVM, 

RF, and LR- performance compared to when trained on features directly extracted from non-

preprocessed CT images.  

The result showed that the SPEM features extracted by DenseNet-121 were improved RF 

classification performance for predicting the sub-acute stroke stage. This is due to the filtering 

out of noise and irrelevant variation that is unrelated to the prediction task. For accuracy, 

increased from 93.3% to 95.09% with SPEM preprocessing, which suggested better classifying 

the sub-acute cases correctly. While precision increased slightly from 93.2% to 93.98%, which 

means fewer false positive predictions. Notable increase was noticed in recall (91.9% Vs. 

96.3%) means the model is finding more of the true sub-acute stroke cases. The F1 score 

Increased from 92.5% to 95.12%. The F1-score considers both precision and recall and their 
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balanced harmonic mean. So, higher F1 score indicated better overall prediction performance 

considering both precision and recall. This means that SPEM enhances the model's balanced 

predictive ability. No significant change in AUC remaining it nearly 99.2% which reflect the 

high ability of the model to distinguish between sub-acute cases and non-cases of sub-acute. 

SVM performance metrics showed improved prediction in hyper-planning separation between 

sub-acute cases and non-cases of sub-acute. Generally, improved performance was observed 

on SPEM preprocessed features when it compared with non pre-processed. Slightly increased 

of accuracy (96.3% Vs. 97.54%), F1-score (95.8% Vs. 97.56%) indicated better overall 

classification accuracy and balanced performance. More notably recall increased (93.2% Vs. 

98.76%) demonstrating the SVM's enhanced ability to identify a higher percentage of true sub-

acute cases. The near-perfect AUC for SPEM preprocessing (99.93% Vs. 99.2%) underscores 

the model's excellent discriminative power between classes. 

Furthermore, the results show that SPEM preprocessing led to improved performance of the 

LR classifier for sub-acute stroke stage prediction. LR estimates the probabilities of different 

outcome classes by learning optimal coefficients for the features. All key evaluation metrics 

saw small gains with SPEM: accuracy and F1-score increased slightly, indicating better overall 

classification. Precision and recall increased more noticeably, demonstrating enhanced ability 

to precisely predict true positives and identify actual cases respectively. The near-perfect AUC 

of 99.86% for SPEM underscores the model's excellent discriminative power between classes.  

General decreased elapsed time needed for the prediction of sub-acute SPEM feature in all 

classifiers when were compared with non-preprocessed features, due to the removal of 

irrelevant features that cause increasing in the computational time. 

In summary, by filtering noise and retaining informative patterns using CLAHE-4, SPEM 

preprocessing provided RF, SVM, and LR with representation allowing to better learn the 

relationships between features and outcomes. This highlights the value of preprocessing for 

enhancing standard classifier performance. 
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5.3.4 Performance Comparison of the Model at Various Algorithms in the Chronic 

Stage 

The results demonstrated that the SPEM pre-processed features extracted by DenseNet-121 

from B-NECT chronic cases led to improved performance of the RF classifier for predicting 

chronic stroke stage.  

Better classification accuracy observed (94.3% Vs. 97.36%) suggested increased ability of RF 

to true chronic ischemic stroke, Precision increased from 94.3% to 96.49%, indicating more 

reliable prediction of chronic cases. Recall substantially increased from 94.3% to 98.92%, 

demonstrating greatly enhanced detection of actual chronic patients. The F1-score rose slightly 

from 94.7% to 97.69%, reflecting overall improved performance. Notably, the AUC increased 

from 98.6% to 99.8%, representing much stronger discriminative power between classes. 

While training time took longer at 8.36 seconds compared to 3.44 previously, the sizeable 

improvements across key predictive metrics like precision, recall and AUC achieved through 

SPEM preprocessing demonstrate its value for providing RF more effective representation of 

the imaging features to learn from. 

SVM saw even larger gains - accuracy improved more significantly from 97.5% to 99.59%, a 

2.21% boost, outperforming non-preprocessed features. Precision increased more noticeably 

from 98.3% to 99.28%, reflecting more reliable positive predictions, while recall rose more 

substantially from 96.7% to 99.41%, demonstrating better sensitivity. F1-score likewise saw a 

larger increase from 97.5% to 99.64%, and AUC rose remarkably from 99.8% to near perfect 

99.99%, underscoring vastly improved class separation ability with SPEM. 

LR also benefited, with accuracy rising from 97.8% to 99.59%. Precision and recall both 

increased noticeably from 98.8% to 99.28% and 95.9% to 99.76% respectively, and F1-score 

rose similarly from 97.9% to 99.64%. AUC increased slightly from an already high 99.9% to 

99.97%. 

However, training time increased for all models when using SPEM preprocessed features, this 

was likely due to the additional computations required during the preprocessing stage to filter 

irrelevant variations and extract core patterns. Specifically, RF training time rose from 3.44 to 

8.36 seconds. For SVM it increased from 0.61 to 1.83 seconds. And LR saw only a minor 

increase from 0.05 to 0.06 seconds. However, the substantial boosts to key predictive 

performance metrics like accuracy, precision, recall and AUC achieved through the enriched 
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feature representations provided by SPEM preprocessing far outweighed the marginal 

increases in training time. This suggests the value of incorporating SPEM as a data 

preprocessing step to enhance machine learning models for chronic stroke prediction 

applications.  

5.4 Impact of DenseNet-121 and CLAHE in Models Performance 

Summery   

5.4.1 DenseNet-121 

The use of DenseNet-121 as a deep-CNN feature extractor strength the machine learning 

classifiers performance. compared with previous study if the application of CLAHE-4 as an 

image enhancement technique ignored.  In this study, the results demonstrated a significant 

improvement when the extracted features by DenseNet-121 coupled with LR as a final 

classifier the 90% and 95% accuracy with high other metrics performance for hyper-acute and 

acute stage retrospectively compared with other studies. For example, Hyunna et al. in 2020, 

reached the greatest sensitivity of 75% and 82.6%, 83.1% specificity and AUC retrospectively 

when applied to features extracted from different image features descriptors or extractors as 

GLCM, gray level run-length matrices (GLRLM) from FLAIR and DWI-MRI images. 

Moreover, Gangavarapu and Gorli in 2021 reported in there analytical research of the 

performance of ML classifiers in stroke prediction that the LR reached accuracy and precision 

of 78% and 77.5% retrospectively, and 77.6% F1-score (Lee et al., 2020; Sailasya & Kumari, 

2021). 

In the other side, the performance of RF In this study showed significant performance 

improvement in classification of DenseNet-121 features, we can notice from performance 

evaluation that the RF accuracy was 92% with AUC of 97.5% for hyper-acute stage, and 90.7% 

with AUC of 96.8% in acute stage. Compared with previously Kniep et al. paper in 2020 who 

proposed RF to classify early ischemic changes in 20 most important B-NECT extracted 

features by PyRadiomics Python package. However, Hanning results focused solely on AUC 

which their result showed 82% for thalamus and 70% for cerebellum area.  

While DenseNet-121 features classification using SVM showed high performance of 95% 

accuracy, 94% precision, and 99% AUC in hyper-acute stage and 94% accuracy, 96% 

precision, and 99% accuracy in acute stage compared with Roman et al, 2017 who evaluated 
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the SVM performance by measuring the AUC score of 94%-96% in classifying features 

extracted by GCM and RLM form registered B-NECT with DWI-MRI images. Also, Peixoto 

et al. in 2018, measured the specificity, sensitivity, F1-score, and accuracy of SVM to 

distinguish and classify B-NECT to healthy, or ischemic, or hemorrhagic stroke. He founded 

that 99%, 97%, 98%, and 98% retrospectively (Peixoto & Rebouças Filho, 2018; Peter et al., 

2017; Roman Peter. Panagiotis Korfiatis, 2017).   

In contrast to the previous study, our study undertook comprehensive evaluation of three 

classifiers performance including accuracy, precision, recall, F1-score and AUC. This 

extensive assessment increased the robustness of model building. Moreover, the time is a 

critical measurement especially in clinical application where the discesion must be as fast as 

possible for the essential treatment and management planning which the previous studies 

ignored it. Our study, however introduces a novel dimension by incorporating elapsed time as 

an essential metric, addressing an aspect that has been largely overlooked in the existing 

literature. 

So, in summary, the use of DenseNet-121 for feature extraction likely contributed significantly 

to the strong performance achieved across classifiers. Some ways DenseNet-121 could have 

positively impacted the results: 

• Representation power: DenseNet-121 is able to learn rich, hierarchical representations 

from raw pixel data due to its dense connectivity. This results in highly discriminative 

features that capture subtle visual patterns related to ischemic stroke subtypes. 

• Generalization: DenseNet-121 is pretrained on large natural image datasets, providing 

a good starting point for the model to generalize to new medical image data. This 

transfer learning approach helps prevent overfitting. 

• Feature reuse: Dense blocks allow earlier layer features to be reused extensively, 

improving information flow and regularization. This leads to more robust features 

compared to traditional architectures. 

• Dimensionality: DenseNet-121 extracts thousands of features, providing classifiers 

with a very rich, high-dimensional space to learn complex decision boundaries from. 

This likely contributed to classifiers like SVM achieving strong performance. 

• Automation: No manual feature engineering is required, saving time and removing 

potential bias compared to handcrafted features. End-to-end training also tailor features 

directly to the classification task (Huang, (2016).). 
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5.4.2 CLAHE-4 

While a comprehensive review of the literature was conducted to identify studies that employed 

CLAHE in stroke prediction as a pre-processing technique, no relevant studies were found. 

However, too many researchers studied the priority of image enhancement before AI modeling 

and reported that the selection of optimum pre-processing technique that appropriate to specific 

type of dataset will maximize the analysis and training performance on medical images this is 

due to: 

• The enhancement of the image contrast, CLAHE works by improving the CT images 

contrast on a local scale that assessed quantitatively by EME. EME serves as an 

indicator of contrast variation within an image by comparing the local contrast across 

the image to a reference level. An increase in EME values after applying CLAHE 

indicates a successful enhancement of contrast at specific scales within the image. This 

enhancement can be critical for the subsequent application of AI modeling, as higher 

contrast can lead to more accurate feature extraction and therefore better model 

performance. Our results demonstrate a significant improvement in contrast, as 

evidenced by higher EME measurements post-CLAHE application. These findings 

suggest that the use of CLAHE for pre-processing CT images can lead to a more 

pronounced and detailed representation of the anatomical structures, thus enhancing 

the quality of the input data for AI modeling in thesis work. 

• Visual representation standardization for automated pattern recognition. In this study 

dataset where B-NECT used to train the model, stroke detection especially in hyper-

acute and acute stages, the low contrast and the large dynamic range that limited the 

visual representation of stroke lesion is improved by optimizing the CLAHE at Clip 

Limit 4, which led to improved model performance as noticed from the results 

(Shanmugavadivu & Balasubramanian, 2014).  

• The reduction of noise and inconsistences in raw images that lead to mislead model 

during training. PSNR is a widely-used metric for measuring the quality of 

reconstructed images by comparing the similarity between the original image and the 

pre-processed image. It specifically quantifies the ratio between the maximum 

possible signal of an image and the power of corrupting noise that affects its fidelity. 

A higher PSNR value generally indicates a lower level of noise and, thus, a higher 

quality image.  
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This reduction of noise and improvement of contrast have direct implications on the 

modeling performance for several reasons. First, noise reduction aids in mitigating the risk 

of overfitting, where a model learns noise as if it were a part of the signal. This is essential 

for enhancing the generalizability of the AI model. Second, improving image contrast via 

pre-processing like CLAHE can lead to more accurate segmentation and feature extraction, 

critical steps in the workflow of image analysis using DenseNet-121. As a result, models 

built on pre-processed images are typically more accurate and reliable in their predictions, 

which is highly desirable in clinical diagnostics and related research fields. 

Therefore, the combination of PSNR and EME provides a comprehensive assessment of 

the quality and applicability of pre-processed images for use in AI models. By including 

these metrics in our analysis, we can confirm that CLAHE significantly enhances the utility 

of CT images for the development of robust AI systems in medical imaging. 
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Chapter six: Conclusion and Recommendation 

6.1 Conclusion  

In this study, the examination of the DenseNet-121 deep learning model's capacity for feature 

extraction in stroke identification is conducted in two distinct stages. Initially, the original 

dataset, without the application of the CLAHE image enhancement technique, is utilized to 

ascertain the impact of DenseNet-121 on the performance of various classifiers. The results 

from this first stage indicated that the DenseNet-121 significantly improved the model's 

performance across all considered machine learning classifiers—RF, SVM, and LR. It resulted 

in high metrics across the board; RF achieved an accuracy between 0.90-0.94, SVM between 

0.94-0.97, and LR was found to be between 0.90-0.97, with all classifiers exhibiting high 

precision, recall, f1-score, and AUC. 

Upon entering the second stage of the study, CLAHE applied to enhance the CT images, 

referred to as SPEM, to evaluate further gains in model functionality. The application of 

CLAHE led to noticeable improvements in performance metrics for all models, with accuracy 

rates for classifiers between 0.98-0.99, paired with enhanced precision, recall, f1-score, and 

AUC, signifying the effectiveness of image enhancement in boosting diagnostic precision. 

Among the classifiers models performed very well, however, LR distinguished itself by 

demonstrating superior performance in terms of computational efficiency, with elapsed 

classification times ranging from 0.03 to 0.4 seconds, outpacing both SVM and RF. Of interest, 

the performance time for the RF and SVM classifier was variable, changing according to the 

stroke stage, highlighting the importance of selecting the appropriate model depending on the 

specific requirements of real-time applications. 

In conclusion, the first stage of the study established the formidable baseline capabilities of 

DenseNet-121 for feature extraction across various classifiers, while the second stage with the 

CLAHE-enhanced dataset not only substantiated the enhancement in diagnostic accuracy but 

also underscored the advantage of LR in achieving rapid real-time classification.  

Through this pioneering work, we not only contribute to the advancement of medical imaging 

analytics but also bring hope for more effective stroke management protocols, underscoring 

the pivotal role of integrated technologies in the future of healthcare. 
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6.2 Recommendation 

Clinical Validation is recommended to increase the efficacy and generalizability of the 

developed model in real-word clinical application. However, this process required availability 

of sufficiently large and diverse dataset especially for hyper-acute stage in which dataset is 

limited which can be achieved by: 

I. Extend the period of data collection. 

II. Involving a variety of hospitals to include governmental, non-governmental (NGOs) 

and private hospitals in Palestine. By this expanded involvement, strong generalization 

achieved. Moreover, this diversity is crucial to develop the model to deal with different 

patient cases, stroke severity and imaging protocols. 

From findings achieved in this model it is recommended to: 

I. Study the ability to employ the model to include more brain diseases as brain tumours, 

haemorrhages, etc.  

II. Study the ability of model employment in other diseases as breast cancer, lung cancer, 

liver cancer classifications in different medical imaging modalities as MRI, ultrasound, 

mammography, etc.  

III. Study the impact of CLAHE as image processing technique in the sensitivity of diseases 

detection in different medical imaging techniques.  

IV. Extend the study to include different dataset types including patient age, gender and 

history, etc. that enables to develop the model for diagnosis and treatment planning.  

6.3 Study Limitation 

While the results of this study provide a valuable high-performance model, several limitations 

impeded the research progress: 

• In the collection stage, there were some difficulties reaching the data site due to the 

unfortunate frequent occupational incursions in West Bank especially in Nablus and 

Jenin. So that, this cost a large effort and a long period for data collection. 

• Limited data size especially in the hyper-acute and sub-acute stages, larger and more 

diverse datasets are needed to validate our results and provide more conclusive 

evidence. 
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• As a retrospective study, there were missing data including DW-MRI, B-NECT images 

and reports.  

• One pertinent limitation of the current study is its patient representation, which is 

predominantly sourced from three private hospitals. This selective scope restricts our 

findings as it doesn't encompass the potentially diverse socioeconomic and health 

profiles of patients admitted to governmental hospitals. Including patients from public 

health facilities could have offered a more comprehensive understanding and increased 

the generalizability of our results. Future research should aim to incorporate a broader 

patient demographic, potentially including those from governmental hospitals, to 

better reflect the entire population and enhance the study's applicability to a wider 

clinical context. 

6.4 Future Studies  

The proposes of this work showed a novel and powerful promising advancements and 

innovations in healthcare toward the prediction, classification, and management of ischemic 

strokes especially in early ischemic stages in which the sensitivity of stroke detection visually 

is limited. By utilizing the robustness and strength of DenseNet-121 in extraction of radiomic 

features from pre-processed B-NECT by CLAHE, coupled with advanced classifiers (SVM, 

RF, and LR) to predict and classify ischemic stroke stages. As we look towards what the future 

holds, subsequent investigations were mapped out to expand the power and scope of this 

diagnostic instrument.  

Through this process, the mission is not only to validate the model but also to alter it into 

globally online available tool that provide the healthcare professionals the ability to save the 

important time for save lives accurately:  

1. Model deployment: By transition the model from the research phase to user-centric web 

platform in which health professionals can access in real-time. 

2. Interface and Accessibility: By Creating a secure and intuitive interface that allows the 

easy upload and analysis of CT images, as well as a good integration with the healthcare 

IT systems. 

3. Algorithm enhancement for stroke segmentation and localization and lesion size 

assessment by enhancing the algorithm to not only detect and predict ischemic stroke 
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but also to provide precise segmentation of the lesion as represented in the Figure 35, 

which is critical for determining the stroke's extent and affected brain regions.  

 

 

4. Expanding dataset variety by including more dataset from different CT scanners types 

from different hospitals and expanded patient demographics for further studies to 

increase the robustness and generalizability of the model. 

5. Real-Time Feedback for Emergency Settings that offers immediate insights to the 

medical staff in the emergency states which improve the speed and accuracy of stroke 

interventions. 

6. Clinical Trials and Validation: By Conduct extensive clinical trials involved 

complementary team of highly experienced medical specialists including radiologists 

and neurologists with data scientists and engineers, software developers, and IT 

specialists. 

7. Developing an Open-Source Framework which enable the researchers and developers 

to improve the application over the time. 

8. Ethical and Privacy Considerations: by Addressing any ethical concerns and ensure 

privacy by employing strict. 

 

 

 

 

           Figure 35: Hybrid Segmentation Model Deployment. 
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 ةیغامدلا ةتكسلا لحارم عیمج ربع فینصتلاو ؤبنتلل نیجھلا يعانطصلاا ءاكذلا جذومن
 ةیلیلظلا ةداملاب ةززعملا ریغ ةبسوحملا ةیعطقملا روصلا ةیرافقلإا

 حیدق میھاربإ ماسب میھاربإ :بلاطلا دادعإ

 يوارصقلا ناوضر .د :فارشإ

	صخلملا

 بسحب و ،تایفولا ثودح ىلإ يدؤت دقو ةریبك ةقاعإ ىلإ يدؤت ثیح ،ىربك ةیملاع ةیحص ةلكشم ةیغامدلا ةتكسلا ربتعت

 اذھل ةعیرسلا ةباجتسلاا نإ .ضرملا اذھب اًیونس صخش نویلم 16 يلاوح باصی )WHO( ةیملاعلا ةحصلا ةمظنم ریراقت

 يتلاو ،ةیغامدلا تاتكسلا .ىضرملل ةیجلاعلا جئاتنلا نیسحتو غامدلا فلت نم فیفختلل ةیمھلأا غلاب ارًمأ ضارملأا نم عونلا

 نكمیو لوصحلا ةیلآ يف فلتخت ثیح ،ةیفیزنلا تاطلجلاو ةیرافقلإا تاطلجلا امھو نیعون ىلإ لولأا ماقملا يف اھفینصت متی

 ،ةدودحملا ةیداصتقلاا دراوملا تاذ لودلا نم ربتعت يتلا ،نیطسلف لثم قطانم يفو .ةجلاعملل ةلباقلا رطخلا لماوعب رثأتت نأ

 ةززعملا ریغ ةیعطقملا غامدلا تاصوحف ةیدودحم ببسب ةیصیخشتلا تایدحتلا مقافتت .ةافولل اًعئاش اًببس ةیغامدلا ةتكسلا دعت

 .ةیغامدلا ةتكسلا ةلحرم ىلع ءًانب اھتیلاعف يف فلتخت يتلاو ،)B-NECT( ةیلیلظلا ةداملاب

 يذلا )SPEM( ةیغامدلا ةتكسلا ةقد نیسحت جذومن مادختساب ،يعانطصلاا ءاكذلا ىلع امًئاق اًدیدج ارًاطإ ةساردلا هذھ مدقت

 يف ةیغامدلا ةتكسلا لحارم فینصت زیزعتل يللآا ملعتلاو قیمعلا ملعتلاو روصلا ةجلاعم تاینقت مدختسی يذلا و ،ھمیمصت مت

 )CLAHE( نیابتلل ةدودحملا يفیكتلا ينایبلا مسرلا ةلداعم يلعفلا تقولا يف طلتخملا جذومنلا اذھ جمدی .B-NECT روص

 متی .)DenseNet-121( 121-ةفاثكب ةلصتملا ةیفیفلاتلا تاكبشلا للاخ نم تازیملا جارختسا ءارجإ عم ،ةقبسملا ةجلاعملل

 زیكرتلا عم ،)LR( يتسجوللا رادحنلااو ،)RF( ةیئاوشعلا تاباغلاو ،)SVM( معدلا لقان ةلآ مادختساب فینصتلا ءارجإ

 .ةفلتخملا ءادلأا سییاقم ىلع ءًانب ةیلاعف رثكلأا ةقیرطلا دیدحت ىلع

 يف ھنأ ركذلاب ریدجلاو .LR فنصملا عم DenseNet-121 جمد دنع ةصاخ ،SPEM ـل يئانثتسا ءادأ ىلإ جئاتنلا ریشت

 ىنحنم تحت ةقطنم سایقم يف زیمم مییقت و ،0.9914 هردق ماكحإ و ،0.9957 اھردق ةقد جذومنلا ققح ،ةدحلا ةدیدش ةلحرملا

 فنصم ظفاح دقو .طقف ةیناث 0.04 غلبی فینصتو ةجلاعم تقو عم ،0.9999 تغلب ثیح )AUC( لِبقتسملا لیغشت صئاصخ

LR ززعملا جذومنلا اذھ تاناكمإ ىلع ءوضلا جئاتنلا هذھ طلست .ىرخلأا ةیغامدلا ةتكسلا لحارم ربع لثامم لٍاع ءادأ ىلع 

 .ةركبملا لحارملا يف ةیغامدلا ةتكسلا جلاعل ةقد رثكأو عرسأ ةیریرس تارارق ذاختا لیھست يف يعانطصلاا ءاكذلاب

 ةیریرسلا ةسرامملا ىلع ریبك لكشب رثؤی نأ نكمیو ةیغامدلا تاتكسلا فینصتو عقوت يف ةدعاو جئاتن نیجھلا جذومنلا رھظُی

 لمعلا ریس يف لماكتلاو ریسفتلا ةیناكمإ زیزعتو ،ربكأ تانایب تاعومجم ىلع ھتحص نم ققحتلاو ثحبلا نم دیزم ءارجإ دنع

 .يریرسلا
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Appendix B: Models Evaluation Performance of the Original 

Dataset Summery 

Table 3: Performance Evaluation of the Original Data Using Different Machine Learning 

Classifiers, with respect to DenseNet121 Deep Learning Model 

Brain Ischemic Stroke Prediction (without enhancement) 

Stages Classifier Accuracy Precision Recall F1 AUC Time(S) 

 

Hyperacute 

  

Random Forest 0.920 0.904 0.926 0.915 0.975 41.87 

SVM 0.949 0.940 0.952 0.946 0.989 53.05 

Logistic Regression 0.908 0.907 0.895 0.901 0.967 0.4 

Acute 

Random Forest 0.907 0.921 0.927 0.924 0.968 8.63 

SVM 0.939 0.963 0.937 0.950 0.987 2.52 

Logistic Regression 0.953 0.963 0.960 0.962 0.988 0.06 

Subacute 

Random Forest 0.933 0.932 0.919 0.925 0.992 2.35 

SVM 0.963 0.986 0.932 0.958 0.992 0.34 

Logistic Regression 0.957 0.947 0.960 0.953 0.994 0.04 

Chronic 

Random Forest 0.945 0.950 0.943 0.947 0.986 3.44 

SVM 0.975 0.983 0.967 0.975 0.998 0.61 

Logistic Regression 0.978 0.988 0.959 0.979 0.999 0.05 
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Appendix C: Models Evaluation Performance of the SPEM 

Dataset Summery 

Table 4: Performance Evaluation of the Enhanced Data Using SPEM model, Using Different 

Machine Learning Classifiers, with respect to DenseNet121 Deep Learning Model 

SPEM at CLAHE (Clip Limit=4) 

Stages Classifier Accuracy Precision Recall F1 AUC Time(S) 

Hyperacute 

Random Forest 0.9832 0.9918 0.976 0.9838 0.9995 3.30 

SVM 0.9915 0.9830 0.9945 0.9915 0.9998 0.52 

Logistic Regression 0.9957 0.9914 0.9932 0.9957 0.9999 0.04 

Acute 

Random Forest 0.9716 0.9534 0.9896 0.9711 0.9961 42.73 

SVM 0.9930 0.9931 0.9930 0.9930 0.9997 24.74 

Logistic Regression 0.9922 0.9919 0.9919 0.9919 0.9994 0.42 

Subacute 

Random Forest 0.9509 0.9398 0.9630 0.9512 0.9918 2.07 

SVM 0.9754 0.9639 0.9876 0.9756 0.9993 0.31 

Logistic Regression 0.9755 0.9753 0.9753 0.9753 0.9986 0.03 

Chronic 

Random Forest 0.9736 0.9649 0.9892 0.9769 0.9980 8.36 

SVM 0.9959 0.9928 0.9941 0.9964 0.9999 1.83 

Logistic Regression 0.9959 0.9928 0.9976 0.9964 0.9997 0.06 

 


