
JNRID || ISSN 2984-8687 || © October 2025, Volume 3, Issue 10 

JNRID2510012 JOURNAL OF NOVEL RESEARCH AND INNOVATIVE DEVELOPMENT | JNRID.ORG a74 
 

Trends And Advancements In Atherosclerosis 

Diagnosis And Therapy: A Future Towards 

Predictive And Personalized Medicine 

 

Sataditya Jana1 *, Aditi Kulshreshtha1 *, Aditi Singh1 *, Kamel Haydar2, Azhar Khan2 ✉** 

1School of Bioengineering and Food Technology, Shoolini University of Biotechnology and 

Management Sciences, Solan, India 173229 

2Faculty of Applied Science and Biotechnology, Shoolini University of Biotechnology and Management 

Sciences, Solan, India 173229 

*These authors have contributed equally || ✉** The correspondence should be address to this author  

 

Abstract - Atherosclerosis remains the leading cause of ischemic heart disease and stroke, responsible for 

over 30 million cases annually and a significant global burden of Disability-Adjusted Life Years (DALYs). 

Despite advances in diagnostic technologies, current methods often fail to detect atherosclerosis in its 

silent or early stages, limiting opportunities for timely intervention. This review provides a comprehensive 

overview of traditional and modern diagnostic approaches, including physical examinations, imaging 

modalities, biomarker profiling, functional tests, and emerging artificial intelligence (AI) and machine 

learning (ML) applications. While conventional tools such as angiography, ultrasound, MRI, ECG, and 

treadmill testing continue to play critical roles, they suffer from limitations in sensitivity, specificity, and 

predictive accuracy. Biomarkers offer additional insights but lack reliability when used in isolation. Recent 

innovations in AI-driven imaging analysis, risk modeling, and biomarker integration demonstrate strong 

potential to address these diagnostic gaps, with convolutional neural networks, ensemble learning, and 

hybrid models achieving accuracies surpassing traditional methods. We emphasize the urgent need to 

combine multi-modal diagnostics with AI-based probabilistic models and reinforce health literacy through 

digital platforms. By integrating these strategies, the future of atherosclerosis management may shift from 

late-stage detection to proactive, personalized, and predictive prevention. 

Index Terms - Atherosclerosis; Early detection; Diagnostic techniques; Imaging modalities; Biomarkers; 

Artificial intelligence; Health literacy 

I. Introduction 

Atherosclerosis, with its progressive trends for three decades, has been identified as the major reason 

behind ischemic heart disease and ischemic strokes. Recorded with over 30 million cases annually for this 

decade, atherosclerosis supremacy is due to the limitations of its diagnostic techniques in detecting early-

stage atherosclerosis. These diagnostic flaws prompts the evading of silent atherosclerotic stages and 

resulting into numerous DALYs (Disability Adjusted Life Years) and deaths in further stages[1]. To our 

knowledge, the current literature demonstrate a paucity in delivering a comprehensive analysis of these 

diagnostic tools. Thereby, in this review, we provide a comprehensive overview of the atherosclerosis 

diagnostics and their flaws alongside delivering a future outlook on what to come next.  
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II. Diagnostic Techniques 

Manual Detection Techniques 

Atherosclerosis is characterized by the accumulation of plaques, cholesterol, and fatty acids in arterial 

walls, and it is a major cause of mortality, eventually leading to fatal conditions including heart attack, 

stroke, and cardiac arrest. Early detection of atherosclerosis has become crucial for mitigating the risk of 

life-threatening conditions like myocardial infarction, stroke, and others. Advanced imaging techniques, 

such as CTCA, OCTA scans, alongside biomarker validation and analysis, are crucial in the detection of 

plaques [2], [3]. However, physical examination and monitoring remain the foundation for the initial 

detection of atherosclerosis-related diseases [4], [5]. 

Physical examination is often cost-effective and can be accessed globally without the use of advanced 

technologies, which enables earlier detection of atherosclerosis-related diseases. Various traditional 

physical monitoring systems have been developed, which can be used for clinical validation. 

Cardiovascular disease is generally marked by essential biomarkers and lifestyle habits, including 

smoking, obesity, diabetes, and hypertension. Physical examination relies on analyzing biomarkers and 

accounting for harmful lifestyle habits, while also understanding various physical symptoms associated 

with related medical conditions, such as shortness of breath, chest pain, and sometimes difficulty in 

cognitive ability [5] [6]. 

Various physical monitoring systems have been developed and are widely used in the healthcare industry 

by experts. Pulse palpation techniques, one of the prominent detection techniques, are clinically significant 

in diagnosis. It involves examining the sounds of arteries, and any abnormality in the sound waves leads 

to the formation of bruits, which is a major indicator of abnormalities in arteries, commonly indicating 

atherosclerosis [4] [7]. 

The Ankle-Brachial Index (ABI) test is another common physical monitoring technique that relies on 

physical assessment and measurement. It is a non-invasive imaging technique used to detect Peripheral 

Artery Disease (PAD), involving the manual measurement of the systolic blood pressure of the ankle and 

the systolic blood pressure of the brachial artery. It is computed by dividing the higher systolic blood 

pressure of the ankle by the higher systolic blood pressure of the brachial artery in both arms [8]. ABI 

values of 0.90 suggest strong accuracy in detecting Peripheral Artery Disease [9] [10]. 

Other basic physical examinations include nail and skin examinations. Fifty percent of nail deformities, 

commonly known as onychodystrophy, are generally caused by fungi, while the rest are caused by 

inflammation. Nail deformities, when integrated with ABI index values, can be an emerging technology 

for detecting atherosclerosis-based abnormalities [11]. 

The skin examination approach involves detecting cholesterol in the skin, relying on the principle of 

absorption spectroscopy. Identifying cholesterol levels can be a crucial technique for the early assessment 

of atherosclerosis-related diseases [12]. 

Abdominal Aortic Aneurysms (AAA) represent another manual detection technique for assessing 

cardiovascular diseases, most prominently atherosclerosis. AAA is generally caused by the rapid 

enlargement of arterial walls to 1.5 times greater than in a healthy individual [13]. Manual checking for 

abdominal palpitations and identification of bruits are major indicators of atherosclerosis [5] [7]. 
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Treadmill testing is another non-invasive technique used for identifying patients at high risk, relying on 

the identification of symptoms like the response of the heartbeat under stress and the detection of induced 

chest pain (angina) [14]. 

While advanced imaging techniques and prominent AI models are growing rapidly, traditional manual 

physical monitoring systems remain significantly important due to their global accessibility and cost-

effectiveness. The integration of AI- and ML-based digitalization can further enhance the scope of these 

manual diagnostic techniques in predictive atherosclerosis diagnostics [3] [14]. 

Imaging Techniques 

Angioscopy 

Angioscopy refers to another widely used imaging technique in cardiology, which visualizes the inner 

surface of an artery [15] [16]. This feature enables the experts to closely examine the plaque structure 

within the artery and define its characteristics [17]. In addition, this process can offer color-based 

segregation of plaque, making the identification of thrombus or clots within the artery possible [16] [17]. 

The color codes appear to be red, white, or yellow, each corresponding to vital characteristics of plaque 

stability [18]. This feature provides a valuable insight into the potential of further plaque rupture or 

progression, allowing the estimation of impending stroke or ischemic heart disease risk [15] [18]. Despite 

its wide use, angioscopy also possesses some limitations. This technique cannot provide any information 

about the plaque-composition. Moreover, it is an invasive technique, and requires the use of a catheter, 

thus limiting its routine application for personalized atherosclerosis detection [15] [19]. Despite its flaws, 

this diagnostic technique holds a significant spot in the future of atherosclerosis diagnostics, especially in 

the field of surgical interventions for atherosclerosis treatment, while integration of modern AI techniques 

for the betterment of this method is also a possibility [16] [20]. 

Angiography 

Angiography, a widely used cardiac diagnostic technique, is also an effective tool for atherosclerosis 

identification due to its ability to visualize the lumen of arteries [21] [22]. This feature enables its 

unmatched diagnostic capability in visualizing atherosclerosis-related plaque structures or clots within the 

coronary, carotid, and peripheral arteries [22] [23]. Although this technique can provide crucial data and 

visualization of arterial diameter, helpful for tracking the potential narrowing, it does not offer any insights 

into the arterial wall, plaque type, or rupture possibilities, thus rendering it incapable for predictive 

diagnostics of atherosclerosis [23] [24]. While particularly effective at identifying severe stenosis, 

angiography fails to deliver insights on early lesions and differentiate high-risk plaque types, thus offering 

no warning about impending stroke or ischemic heart disease [23] [25]. Even with the most advanced 

angiography technique, namely quantitative coronary angiography, the process severely struggles from 

magnification errors, limited imaging angles, and an incapability to predict silent atherosclerosis onset 

[24] [26] [27]. Overall, although still in use, this technique either requires significant modifications for 

future applications or risks being replaced by modern imaging and predictive AI technologies in the field 

of atherosclerosis diagnostics [26] [27]. 

Ultrasound 

Ultrasound, one of the most common and widely accessible imaging techniques, is also a critical tool for 

atherosclerosis detection, particularly in the arteries that are more accessible, including carotid and 

peripheral vessels [28] [29] [30]. Though the traditional ultrasound imaging is widely used for plaque 

structure detection in arteries, some of the modern ultrasound techniques are becoming more and more 

usable for atherosclerosis diagnostics [28] [31] [32]. Duplex ultrasound, a modern type of ultrasound, 

combines traditional imaging with Doppler Flow, allowing experts to assess the severity of arterial 



JNRID || ISSN 2984-8687 || © October 2025, Volume 3, Issue 10 

JNRID2510012 JOURNAL OF NOVEL RESEARCH AND INNOVATIVE DEVELOPMENT | JNRID.ORG a77 
 

blockages, by measuring the peak systolic velocity at different points along a suspended blockage [33] 

[29] [30]. It also helps in evaluating the size and appearance of plaques, while its greyscale intensity offers 

alignment of the actual tissue characteristics of the plaque [30] [32] [34]. Modern ultrasound techniques, 

with detailed imaging-based AI implementation, can identify early stages of arterial thickening, including 

an increase in carotid intima-media thickness (C-IMT), thus helping in identifying the risk of ischemic 

heart disease, stroke, and hypertensive tendencies [32] [30] [35]. While this ultrasound technique is highly 

useful for population-based studies and early clinical trials of new treatment strategies, even with AI-

interventions, it lacks personalized atherosclerosis risk prediction or early insight delivering about 

atherosclerosis stages in silent conditions [36] [37] [34]. Contrast-enhanced ultrasound (CEUS) employs 

microbubble agents, such as Sulphur hexafluoride, to enhance its imaging capability, making the detection 

of neovascularization in plaque possible, thus providing insights into plaque vulnerability with high 

accuracy [32] [35] [38]. Additionally, it offers real-time visualization of blood flow, especially in cases of 

aortic aneurysms, thus identifying issues of Endo leaks in post-surgical repair [38] [39]. Modern 

ultrasound techniques also offer echogenicity, the process on how light or dark the plaque appears on the 

scan. This feature provides the differentiation of lipid-rich plaques and fibrous or calcified plaques through 

darker or echo lucent and brighter or echogenic colors respectively [31], [30] [35] [34]. This diagnostic 

differentiation can greatly help experts in assessing the stability of plaque, thus identifying the preliminary 

risk of stroke onset. Intravascular ultrasound (IVUS) offers a deeper look into coronary arteries, allowing 

experts to examine plaque from within the vessel, while also identifying the plaques that might not cause 

narrowing but pose a significant risk for arterial rupture and heart attack [28] [33] [35]. Though providing 

great insights about the plaque structure and atherosclerosis contribution, this ultrasound type cannot 

differentiate between calcified and lipid-rich plaques [34] [35]. Though widely used in atherosclerosis 

diagnostics for its non-invasiveness, ultrasound also possesses a few limitations. Ultrasound techniques 

cannot be initiated unless any symptom occurs in individuals, whereas its routine use is not possible in 

modern diagnostics, thus not suitable for personalized atherosclerosis diagnostics or risk prediction [36] 

[37]. Also, ultrasound techniques struggle to make the plaque imaging through dense calcifications, bone, 

or gas in certain parts of the body [31] [34] [39]. However, advancements in 3D ultrasound technology 

promises significant advancements in standardized scanning, they still lack the accuracy and versatility in 

atherosclerosis prediction or identification of silent atherosclerosis stages, thus prompting more advance 

approaches in this diagnostic fields [39] [40] [41]. 

MRI 

MRI (Magnetic Resonance Imaging) refers to the imaging of the human body using a strong magnetic 

field and radio waves, which is also a widely used imaging technique in atherosclerosis diagnostics [42] 

[43]. Commonly used alongside or as an alternative to CT angiography for evaluating coronary and carotid 

arteries, MRI offers valuable insights into the structure and characteristics of plaque within the artery [43] 

[44]. Black-blood MRI, a modern type of MRI, is commonly used to detect arterial wall thickening and 

positive remodeling in people, even in low-risk cases [45]. Its capability of identifying early changes in 

the vessel wall may signal the possibility of atherosclerosis onset [46]. Using different MRI sequences for 

carotid artery analysis, namely T1 and T2, it enables experts to differentiate between various plaque 

components [47] [48]. For example, fibrous tissue appears in low signal on T1 and high signal on T2 

during MRI, while calcified areas show up in dark in both sequences [48]. High-resolution 3D MRI, a 

modern technique of MRI, can also provide detailed insights of the fibrous cap of plaques [49]. For 

instance, a missing cap may appear as a strong indicator of unstable plaque structure and higher rupture 

risk [49]. MRI can also identify intraplaque hemorrhages, which serves as another marker of plaque 

instability and arterial rupture, thus indicating the risk of stroke onset [50] [51]. Additionally, post-contrast 

MRI can measure the lipid-rich necrotic core of a plaque, a key feature of high-risk lesions [45] [52]. 
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Dynamic contrast-enhanced MRI also plays a valuable role in characterizing plaque neovascularization, 

predicting the possibility of arterial rupture [52]. Despite its advanced applications, MRI also remains not 

ideal for personalized atherosclerosis diagnostics, mostly due to its lack of routine check-up, prolonged 

use-based side effects, higher costs, less accessibility, and inability to predict silent or early atherosclerosis 

onset tendency, genetic variability, and related cardiovascular disease possibilities [53] [54]. Here, a 

proper AI integration can play a crucial role in advancing this diagnostic process while providing 

important insights into the progression and further risk from atherosclerosis [54]. 

Blood and Biomarker Screening 

Biomarkers are measurable indicators that highlights the presence, progression or risk of the disease. 

These markers are generally associated with inflammation, which is a key process in atherosclerosis 

development [55] [56]. Interestingly, biomarkers can represent different aspects of the atherosclerosis, 

indicating the initiation and progression and reflecting plaque destabilization [57], consisting a wide range 

of molecules, including traditional biomarkers like HbA1c, lipid profile, BMI, and newer markers such as 

sdLDL-C, hs-CRP, and ApoB which offer better insights into cardiovascular risk assessment. The 

combination of these biomarkers provides a thorough approach to early detection and monitoring of 

atherosclerosis. These biomarkers have potential applications in diagnosis, risk assessment, prognosis, 

and as therapeutic targets in atherosclerosis management [55] [57]. However, the search for reliable 

biomarkers continues, as existing options may not be sufficient [58] [59].  

Table 1. Summary of blood and serum biomarkers used in atherosclerosis diagnosis. This table highlights commonly studied biomarkers, their biological 

significance, and representative studies demonstrating their role in detecting, monitoring, or predicting atherosclerosis. It also outlines the limitations of each 

marker, emphasizing the need for multi-biomarker and AI-integrated approaches for improved diagnostic accuracy. 

Biomarker Representative Study 

What it Detects 

(biological 

significance, or 

Biological 

implications) 

Limitations 

HbA1c [60] 

Glycated Hemoglobin 

and Subclinical 

Atherosclerosis in 

People Without 

Diabetes. 

Shows average blood 

glucose levels over 

the past 2-3 months 

and indicates 

glycemic control. 

Limited casual 

inference due to the 

cross-sectional 

design, further 

longitudinal studies 

are needed. 

Fasting Glucose and 

Insulin (HOMA-IR) 

[61] 

Insulin resistance, 

metabolic syndrome, 

and subclinical 

atherosclerosis: the 

Multi-Ethnic Study of 

Atherosclerosis 

(MESA) 

It analyze current 

blood glucose and 

insulin levels and 

assesses insulin 

resistance. 

Although associated 

with increased 

subclinical 

atherosclerosis, the 

relationship was not 

independent of MetS 

component risk 

factors. Limited 

predictive value. 

BMI (Body Mass 

Index) [62] 

Impact of body mass 

index and 

Framingham risk 

It assesses body fat 

based on height, 

May not accurately 

reflect cardiovascular 

risk, as BMI does not 
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score on coronary 

artery plaque 

weight and indicates  

obesity related risk. 

distinguish fat 

distribution 

SpO2 (Oxygen 

Saturation) [63] 

Obstructive sleep 

apnea, nocturnal 

hypoxemia, and 

retinal 

microvasculature: 

The Atherosclerosis 

Risk in Communities 

Study 

It measures blood 

oxygen levels and 

indicates hypoxia 

which can contribute 

to vascular damage. 

SpO2 does not directly 

relates to 

atherosclerosis and 

lacks sufficient 

specificity and 

sensitivity on its own. 

Lipid Profile (LDL, 

HDL, TG, TC) [64] 

Rosuvastatin, 

inflammation, C-

reactive protein, 

JUPITER, and 

primary prevention of 

cardiovascular 

disease--a perspective 

It assesses lipid 

levels, high LDL and 

triglycerides as risk. 

factors for plaque 

formation. 

LDL alone may not 

fully predict risk, and 

the role of HDL is 

increasingly debated. 

Complete Blood 

Count (CBC) [65] 

The Relation Between 

Atherosclerosis and 

the Neutrophil-

Lymphocyte Ratio 

It measures various 

blood components 

and few specific 

parameters that can 

indicate 

inflammation. 

Lacks specificity and 

can be influenced by 

infections or systemic 

inflammation. 

C-Reactive Protein 

(hs-CRP) [64] 

Rosuvastatin, 

inflammation, C-

reactive protein, 

JUPITER, and 

primary prevention of 

cardiovascular 

disease--a perspective 

It acts as a marker for 

systemic 

inflammation. 

Elevated levels are 

associated with 

increased 

cardiovascular risk. 

Not disease-specific 

and may be elevated 

in various non-

vascular conditions. 

Homocysteine & 

ApoB [66] 

Homocysteine 

Combined with 

Apolipoprotein B as 

Serum Biomarkers for 

Predicting Carotid 

Atherosclerosis in the 

Oldest-Old 

It detects elevated 

homocysteine linked 

to endothelial 

damage. Here ApoB 

indicates number of 

atherogenic particles. 

Single-center study 

limited to elderly 

Chinese individuals, 

lacks plaque 

component 

classification. 

Circulating 

microRNAs [67] 

Circulating 

microRNAs in 

patients with coronary 

artery disease 

It regulates gene 

expression. Certain 

microRNA associated 

with atherosclerotic 

processes. 

Requires multicenter 

validation and may be 

affected by potential 

confounding factors. 

YKL-40 and CD36 

[68] 

Assessment of 

potential biomarkers 

of atherosclerosis in 

Indian patients with 

YKL-40 detect 

inflammation while 

CD36 uptake lipid 

Limited 

generalizability and 

observed 

discrepancies 
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type 2 diabetes 

mellitus 

and foam cell 

formation. 

between serum levels 

and gene expression. 

Lp-PLA2 [69] 

Lipoprotein-

associated 

phospholipase A2, 

vascular 

inflammation and 

cardiovascular risk 

prediction 

It detects plaque 

inflammation and 

instability. 

Conflicting findings 

and limited utility for 

risk stratification in 

general population. 

Carotid Intima-Media 

Thickness (IMT) [70] 

Carotid Intima-Media 

Thickness for 

Atherosclerosis 

It detect subclinical 

atherosclerosis by 

arterial wall 

thickness. 

Operator-dependent, 

with non-

standardized cutoff 

values across studies. 

Plaque Biobank 

Markers [71] 

10-years of 

experience with the 

Athero-Express study 

It detects molecular 

composition and 

vulnerability of 

atherosclerosis 

plaques. 

Limited to a single 

time point and lacks 

generalizability 

across populations, 

involves invasive 

sample collection. 

 

ECG 

ECG stands for Electrocardiogram, a medical test which is used to measure electrical activity of the heart 

over time [72]. It records the timing and strength of electrical signals that trigger heartbeats and displays 

the results as waveforms. A human heart has a natural pacemaker called the sinoatrial (SA) node, which 

is located in the right atrium, the electrical impulses originates from here and spread throughout the heart 

[73]. Electrodes are placed on the skin which takes these electrical impulses, each phase of the heartbeat 

generates a distinct waveform on the ECG. These electrical signals detected by the electrodes are then 

amplified and graphically represented as a series of repeating waveforms, depicting heart’s rhythm and 

function [74] [75]. In the case of atherosclerosis, ECG does not detect it directly but identifies the signs 

of its effects on the heart. Atherosclerosis in coronary arteries reduces blood flow, leading to heart 

problems visible on ECG [76] [77]. Problems like reduced blood flow, myocardial infarction, arrhythmias 

and previous heart damages can be identified by observing the ST segment and waves generated by ECG 

[78]. As ECG only shows changes when blood flow is majorly reduced or blocked, it is cannot detect an 

early-stage atherosclerosis [34]. Moreover, ECG lacks structural details as it only measures electrical 

activity and cannot visualize plaques, narrowing, or arterial wall damage [79]. Though helpful as an initial 

test, ECG alone cannot be used for diagnosing atherosclerosis [80] [81].  

TMT 

The Treadmill Test, often referred to as the Exercise Stress Test, is a non-invasive diagnostic procedure, 

which is used to examine the heart-response to physical exertion [82]. It functions by inducing controlled 

physical stress on the heart, to see how well it works under increased demand for oxygen and blood flow. 

Initially, the resting heart rate of the patient, blood pressure, and ECG are recorded and small electrodes 

are attached to the chest to continuously monitor electrical activity of the heart [83]. A protocol similar to 

the Bruce procedure is followed, the patient walks on a mechanized treadmill alongside an increase in the 

speed and incline every three minutes [84]. In this state the heart has to work harder to pump blood rich 
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with oxygen to the muscles as the intensity rises. The test continuously tracks blood pressure, heart rate, 

and ECG in real time. The objective is to achieve a target heart rate which is typically 85% of the age 

predicted maximum, unless symptoms or an unusual conditions appear earlier [85]. The heart will pump 

effectively and produce steady ECG patterns if it is in good health. While in cases of inadequate blood 

flow or coronary artery disease (CAD), ST-segment depression or other ischemia anomalies may be seen 

on the ECG, the patient can also experience angina, chest pain, the abnormal blood pressure reactions or 

arrhythmias [14]. When the exercise is over, the patient is observed during the recovery to see how soon 

the heart rate and ECG return to normal. When coronary artery atherosclerosis results in blood flow 

blockage during the physical exertion, which increases the oxygen demand, TMT can be used to diagnose 

the condition [86]. It aids in identifying the consequences of atherosclerosis under stress, primarily the 

narrowing or blockage of coronary arteries caused by plaque accumulation. Myocardial ischemia induced 

by atherosclerotic restriction, is indicated by ST-segment elevation or depression. The presence of angina 

during the test could indicate decreased blood flow occurring due to coronary plaque [87]. Severe 

atherosclerosis patients might not be able to handle physical stress, which could end up in early exhaustion, 

dyspnea, or irregular heartbeats [51]. However, for mild or early atherosclerosis, the TMT may not yield 

conclusive results. It may produce in false positives, in people with baseline ECG anomalies, or false 

negatives if the arterial blockage is not severe. Therefore, though the TMT is a functional test and can help 

to identify the physiological effects of atherosclerosis under stress such as ischemia, it does not directly 

or completely prove the condition [14] [80]. 

AI and ML Diagnostics Techniques 

Cardiovascular diseases are a major cause of death worldwide, and atherosclerosis is the main 

contributing factor to these diseases, mostly evading modern diagnostic techniques in their early or pre-

clinical stages. Traditional clinical non-invasive imaging techniques, like Coronary Computed 

Tomography Angiography (CTCA), Optical Coherence Tomography (OCT), Coronary Artery Calcium 

(CAC) score, and carotid ultrasound [88], along with modern clinical trials like ISCHEMIA, SCOT-

HEART, and PROMISE [89], have failed in the early detection of atherosclerosis-related diseases due to 

their over-reliance on the symptomatic nature of patients and their inability to identify vulnerable and 

high-risk plaque structures within arteries . This can cause the silent onset of several atherosclerosis-

related conditions, including strokes, cardiac arrest, ischemic heart disease, heart failure, and hypertensive 

disorders [90] . Therefore, early detection of the disease is crucial to prevent any adverse health outcomes 

[91]. 

Integrating AI-based techniques and deep learning algorithms can be useful for the early detection of 

diseases [92], as they can analyze large datasets with multiple attributes, alongside image-based scans 

and biomarkers related to these diseases [93]. AI-based techniques can successfully predict these diseases 

at earlier stages and with enhanced accuracy, outperforming traditional clinical methods while 

significantly reducing detection time compared to traditional methods, thereby improving patient 

outcomes [94]. As traditional imaging fails to identify vulnerable and high-risk plaque structures, AI 

approaches like convolutional neural networks (CNNs) have become increasingly popular in modern 

medical diagnostics [95] [96] [97]. CNNs are based on automated segmentation, classification, and 

identification of plaque structures with high-risk markers, such as napkin-ring signs and even 

microcalcifications in plaques, which are not prominently visible to the naked eye [98]. 

Recent developments, such as the 3D U-Net model [99], can detect both calcified and non-calcified 

plaques from CT scan images. These models identified hard plaques with 95% accuracy, soft plaques 

with 93% accuracy, and high-risk plaques with 86% accuracy. The model is now integrated into various 
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healthcare systems, demonstrating real-world applicability [100]. In addition to image-based models, 

traditional demographic-based models have also been developed, such as Support Vector Machines 

(SVM) [101], K-Nearest Neighbors (KNN) [102], and decision trees [101] [103], which analyze clinical 

and demographic data to identify the risk of atherosclerosis [104]. These models offer high accuracy in 

predicting atherosclerosis-related diseases by considering structured datasets and ECG records [104]. 

SVM is a supervised machine learning algorithm that works by separating data points using algorithms 

such as the Radial Basis Function (RBF) kernel [105] [106]. A recent study exhibited the effectiveness of 

SVM in classifying individuals based on parameters, including data at the normal and at-risk stages. By 

analyzing datasets from STULONG, this model achieved an overall accuracy of 98.97% in differentiating 

between these categories [107] [108]. A recent study integrated algorithms like Random Forest 

Survival (RFS) for predicting cardiovascular diseases using datasets from the Multi-Ethnic Study of 

Atherosclerosis. It included a wide range of 735 attributes covering imaging data, electrocardiography 

results, and blood serum markers [109] [110], identifying top predictors of cardiovascular diseases. RFS 

emerged as a prominent algorithm, achieving an improvement in accuracy, clearly outperforming 

traditional approaches [111]. 

Another algorithm, K-Nearest Neighbor (KNN), has also been applied to predict these diseases. It 

compares patient data with the most similar individuals (the k-closest neighbors) in the dataset [112]. 

In one study, KNN incorporated attributes like weight, height, blood pressure, and cholesterol levels, 

achieving an overall accuracy of 91%. It can be applied to medium-sized datasets and is therefore suitable 

when data is limited. Along with algorithms like SVM, KNN, and RFS, decision trees have also been 

used for their transparency and ease of interpretation. In a study conducted by Qawqzeh and Otoom 

(2020), a decision tree model was introduced, which included various attributes such as age, blood 

pressure, cholesterol levels, and lifestyle habits from a clinical dataset. The model achieved an overall 

accuracy of 96 % making it feasible for initial assessments in healthcare settings. Although it does not 

outperform more advanced AI-driven models like ensemble models, it can be used for primary care and 

initial assessments [102] [113]. 

To enhance prediction capability, a binary classification model known as Logistic Regression (LR) has 

also been developed. A recent study demonstrated the use of logistic regression with various health-

related attributes, such as age, smoking habits, cholesterol levels, and blood pressure. The model was 

trained on the Framingham Heart Study and the Cleveland Heart Disease Dataset, achieving overall 

prediction accuracies of 80–85% [114]. The Framingham Heart Study, which included parameters like 

cholesterol levels, family history, age, and blood pressure, identified these as major contributors to the 

prediction of cardiovascular diseases [115]. 

Traditional machine learning models can also be integrated to create hybrid models, such as ensemble 

learning, which combines multiple AI techniques, including decision trees, SVM, and neural networks to 

improve prediction accuracy [116]. Another hybrid-based approach used SVM, RFS, and KNN to form 

a more reliable model. A recent study incorporated ensemble-based approaches for prediction, where the 

model was trained and tested on both the Cleveland and Framingham datasets. It combined several 

machine learning techniques, such as KNN, SVM, and results concluded that the ensemble model 

outperformed the individual classifiers, achieving an accuracy of 94% on the Cleveland dataset and on 

the proving its efficacy [117]. 

Thus, in modern medical diagnostics, it is clear that implementing AI techniques in the healthcare sector 

can revolutionize atherosclerosis diagnostic methods and improve patient outcomes by making early 
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detection easier and more feasible [93] [118] . 

III. Outlook 

If the diagnostic flaws are not addressed, then there is a slim chance of stopping the atherosclerosis 

supremacy. AI and ML techniques are showing great accuracy in identify moderate level atherosclerosis, 

while we feel in a few years of timeline, the AI-ML applications will be good enough to detect early-

stage atherosclerosis as well. Here, we feel that biomarker integration or biomarker-analysis-driven AI 

models can be sufficient enough to detect the atherosclerosis trends in patients. In this scenario, a 

probabilistic modeling can be used to correlate all biomarkers and make a multi-modal approach to assess 

the atherosclerosis tendency. Also, health literacy about atherosclerosis would be necessary for people to 

identify silent atherosclerosis progressions and get proper help. Here, app reinforced learnings can be 

used to literate this and future generations about atherosclerosis trends and burden. Overall, AI and ML 

predictive models can pioneer new horizons in this field through enabling the prediction of early-stage 

atherosclerosis, thus taking back the control of atherosclerosis management. 

IV. Conclusion 

Atherosclerosis continues to dominate as the primary driver of cardiovascular mortality, largely due to the 

diagnostic limitations that obscure its early and silent stages. Although manual and imaging-based 

techniques remain widely used, they fall short in predictive accuracy and timely detection. Biomarkers 

and functional tests add valuable context but are insufficient as standalone tools. AI- and ML-based 

innovations present a transformative opportunity, offering enhanced sensitivity in identifying high-risk 

plaque phenotypes and predicting disease onset before clinical symptoms appear. Future progress will 

depend on developing integrated, multi-modal diagnostic platforms that combine imaging, biomarkers, 

and AI-based risk modeling. Equally vital will be improving population health literacy and leveraging 

app-based educational tools to empower patients in recognizing and addressing disease progression early. 

By bridging diagnostic flaws with AI-driven precision and community-level awareness, the burden of 

atherosclerosis can be substantially reduced, opening a path toward predictive and preventive 

cardiovascular care. 
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