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1. SUMMARY 

 

Ischemic Heart Disease (IHD), also known as Coronary Artery Disease (CAD) or Coronary Heart Disease (CHD), 

is a condition characterized by reduced blood flow to the heart muscle, often resulting from atherosclerosis—

a buildup of plaque in the coronary arteries. This can lead to chest pain (angina), shortness of breath, and in 

more severe cases, heart attack (myocardial infarction), potentially leading to heart failure and other 

complications. Risk factors include age, family history, smoking, high blood pressure, high cholesterol levels, 

diabetes, and a sedentary lifestyle. The integration of Artificial Intelligence (AI) in healthcare has shown 

promising advancements in the diagnosis, treatment, and management of IHD. AI algorithms, particularly 

Machine Learning (ML) and Deep Learning (DL), are utilized to analyze complex medical data, enhancing the 

accuracy and efficiency of clinical decision-making. In the field of medical imaging, AI has revolutionized the 

interpretation of cardiac images. For example, AI-powered software can analyze coronary angiograms, 

echocardiograms, and cardiac MRI images to detect signs of IHD, assess the severity of artery blockage, and 

predict patient outcomes. These tools aid cardiologists in making more informed decisions regarding patient 

care. Moreover, AI is employed in predicting the risk of IHD development based on patient’s historical data, 

lifestyle, and genetic factors. Algorithms can identify patterns and associations that may be non-obvious to 

humans, enabling early intervention and personalized treatment plans. In the following manuscript the 

potential application of AI to facial features to early identify patients with high risk atherosclerosis will be 

discussed and explored experimentally. 

 

2.  Ischemic Heart Disease 

2.1.  Epidemiology 

Ischemic Heart Disease (IHD) is a formidable global health challenge with far-reaching consequences for 

individuals and communities. Its pervasive impact is underscored by its status as the leading cause of death 

worldwide. According to the World Health Organization (WHO), the year 2022 witnessed a staggering 18.6 

million deaths attributed to IHD, accounting for a substantial 16.6% of total global deaths (WHO, 2022). 
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However, IHD is not merely a statistic; it is a disease that transcends geographical boundaries and affects 

individuals from all walks of life. While the burden of IHD has traditionally been higher in developed countries, 

a noteworthy shift is underway. Emerging economies are witnessing a surge in IHD cases, driven by rapid 

urbanization, the adoption of Westernized diets, and increasingly sedentary lifestyles accompanying 

economic growth and development. 

Gender disparities in IHD epidemiology are a well-established phenomenon, with men generally exhibiting a 

higher incidence of the disease compared to women. Nonetheless, it is vital to acknowledge that IHD remains 

a significant cause of morbidity and mortality in women, and its clinical presentation can vary from that in 

men. Furthermore, racial and ethnic differences in IHD incidence and outcomes underscore the complex 

interplay of genetic predispositions and disparities in healthcare access and quality. 

The epidemiology of IHD is intricately intertwined with a constellation of risk factors that contribute to its 

global prevalence. Smoking, physical inactivity, poor dietary choices, and the burgeoning issue of obesity are 

among the primary modifiable risk factors underpinning the burden of IHD. The increasing prevalence of 

these risk factors, especially among younger populations, underscores the urgency of preventive measures 

and targeted lifestyle interventions. Moreover, the aging of the global population significantly contributes to 

the epidemiological challenges posed by IHD. As people live longer, the incidence of chronic diseases, 

including IHD, rises. The growing prevalence of comorbid conditions such as diabetes, hypertension, and 

metabolic syndrome further complicates the epidemiological landscape, making a holistic approach to 

managing these risk factors crucial in the fight against IHD. 

References: 

1. World Health Organization (WHO). (2022). Cardiovascular Diseases (CVDs). 

[https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)] 

 

2.2.  Pathophysiology of Ischemic Heart Disease 

 

https://www.who.int/en/news-room/fact-sheets/detail/cardiovascular-diseases-(cvds)
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2.2.1. Atherosclerosis: The Underlying Mechanism 

Atherosclerosis, a multifaceted and persistent inflammatory condition, is the cornerstone of understanding 

the pathophysiology of Ischemic Heart Disease (IHD), and its intricate processes have far-reaching 

implications for cardiovascular health (Libby, 2012). This chronic disease unfolds with the gradual 

accumulation of cholesterol-laden plaques within the coronary arteries, responsible for supplying the heart 

with vital oxygen and nutrients. Atherosclerosis's significance in IHD lies in its capacity to disrupt the delicate 

balance between myocardial oxygen demand and supply, resulting in ischemia and its associated clinical 

manifestations. 

The development of atherosclerosis is a complex pathophysiological process that commences with 

endothelial dysfunction. However, various risk factors, including hypertension, hyperlipidemia, smoking, and 

diabetes, can incite endothelial dysfunction. This dysfunction leads to impaired endothelium-dependent 

vasodilation, increased vascular permeability, and the upregulation of pro-inflammatory factors. 

The subsequent stage in atherosclerosis's progression involves the infiltration of low-density lipoprotein (LDL) 

particles into the subendothelial space, where they become oxidized and incite an inflammatory response. A 

critical step follows—the recruitment of monocytes and their transformation into macrophages at the site of 

injury. These activated macrophages ingest the oxidized LDL particles, giving rise to foam cells, and instigate 

the formation of the characteristic fatty streaks that mark the early stages of atherosclerosis. 

As time elapses, the ongoing inflammation, combined with the continued accumulation of lipid-laden foam 

cells, leads to the development of fibrous plaques. These plaques feature a fibrous cap, composed of smooth 

muscle cells and extracellular matrix, which shields the lipid-rich core. The progression of these plaques can 

progressively narrow the coronary arteries, compromising blood flow to the myocardium, particularly during 

moments of heightened demand, such as physical exertion or emotional stress. Finally, this reduction in 

coronary blood flow can result in episodes of stable angina, where patients experience chest pain or 

discomfort during exertion due to inadequate oxygen supply to the heart. 
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However, atherosclerosis's impact extends beyond the formation of stable plaques. Vulnerable plaques, 

characterized by a thin fibrous cap and a lipid-rich core, are particularly susceptible to rupture or fissure. 

When such an event transpires, it triggers an acute thrombotic response. Platelets congregate at the site of 

rupture, forming a blood clot or thrombus. This thrombus can partially or completely obstruct the coronary 

artery, resulting in the abrupt cessation of blood flow to a specific region of the heart. This scenario 

culminates in an acute coronary syndrome (ACS), manifesting with clinical presentations ranging from 

unstable angina to myocardial infarction (MI), contingent upon the extent of vessel occlusion and the 

resultant myocardial injury. 

References: 

1. Libby, P. (2012). Inflammation in atherosclerosis. Arteriosclerosis, thrombosis, and vascular biology, 

32(9), 2045-2051. 

2. Benjamin, E. J., Blaha, M. J., Chiuve, S. E., Cushman, M., Das, S. R., Deo, R., ... & Muntner, P. (2017). 

Heart disease and stroke statistics—2017 update: a report from the American Heart Association. 

Circulation, 135(10), e146-e603. 

 

2.2.2. Plaque Rupture and Thrombosis: Precursors to Acute Coronary Syndromes 

Within the intricate pathogenesis of Ischemic Heart Disease (IHD), plaque rupture and the resultant 

thrombosis play a central role in the development of Acute Coronary Syndrome (ACS), including Myocardial 

Infarction (MI). These events mark a critical turning point in the course of atherosclerosis, with profound 

implications for coronary blood flow and, ultimately, patient outcomes. 

On this regard, plaque rupture is a pivotal event in atherosclerosis progression. Atherosclerotic lesions are 

characterized by lipid-rich cores covered by a fibrous cap. These lesions often involve inflammatory processes, 

oxidative stress, and the presence of macrophages (Hansson & Hermansson, 2011). Various factors can 

contribute to plaque rupture, including: 
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• Hemodynamic forces: Blood flow patterns and turbulence can exert stress on the fibrous cap of the 

atherosclerotic plaque, making it more susceptible to rupture (Cheng et al., 2006). 

• Inflammatory mediators: The presence of inflammatory cells and the release of inflammatory 

mediators within the plaque can weaken the fibrous cap, increasing its vulnerability (Libby & Theroux, 

2005). 

• Oxidative stress: Oxidative stress leads to the oxidation of lipids within the plaque, promoting 

inflammation and weakening the fibrous cap (Stocker & Keaney, 2004). 

• Physical or mechanical stress: Mechanical stressors, such as hypertension and shear stress, can 

contribute to plaque destabilization and rupture (Virmani et al., 2006). 

When the fibrous cap ruptures, it exposes the lipid-rich core to the circulating blood, setting the stage for 

further events. 

Thrombosis follows plaque rupture and is a key step in the development of ACS. Acute thromvbosis is 

promoted by several pathophysiological processes. First, the disrupted fibrous cap promote the exposure of 

subendothelial collagen, which triggers platelet adhesion and activation (Ruggeri, 2002). Then, tissue factor 

is exposed following plaque rupture, initiating the extrinsic pathway of the coagulation cascade (Mackman, 

2004) and Von Willebrand factor promotes platelet adhesion and aggregation at the site of plaque rupture 

(Ruggeri, 2007). Simultaneously, the coagulation cascade is activated, leading to the generation of fibrin, 

which reinforces the clot's structure (Mackman, 2008). 

As the thrombus enlarges within the coronary artery, it can partially or completely obstruct the vessel's 

lumen, leading to varying degrees of myocardial ischemia. 

The degree of occlusion determines the extent of myocardial ischemia, which is a critical determinant of 

clinical presentation in ACS. Partial occlusion may lead to unstable angina, with transient and reversible 

ischemia causing chest pain or discomfort upon exertion. Complete occlusion can result in MI, characterized 

by sustained deprivation of oxygen and nutrients to a portion of the heart muscle. 
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The consequences of plaque rupture and thrombosis are profound, precipitating a sudden and acute 

reduction in coronary blood flow, leading to myocardial injury or infarction. The size and location of the 

thrombus influence the extent of damage, with larger thrombi often causing more severe MIs. Moreover, the 

thrombus can embolize, complicating the clinical picture further. 

Understanding the intricacies of plaque rupture and thrombosis is fundamental to the diagnosis and 

management of ACS. Rapid reperfusion strategies, such as thrombolytic therapy and percutaneous coronary 

intervention (PCI), are employed to restore blood flow, salvage viable myocardium, and mitigate the 

devastating consequences of MI.  

References: 

1. Hansson, G. K., & Hermansson, A. (2011). The immune system in atherosclerosis. Nature Immunology, 

12(3), 204-212. 

2. Cheng, C., Tempel, D., van Haperen, R., van der Baan, A., Grosveld, F., Daemen, M. J., & Krams, R. 

(2006). Atherosclerotic lesion size and vulnerability are determined by patterns of fluid shear stress. 

Circulation, 113(23), 2744-2753. 

3. Libby, P., & Theroux, P. (2005). Pathophysiology of coronary artery disease. Circulation, 111(25), 3481-

3488. 

4. Stocker, R., & Keaney, J. F. (2004). Role of oxidative modifications in atherosclerosis. Physiological 

Reviews, 84(4), 1381-1478. 

5. Virmani, R., Burke, A. P., Farb, A., & Kolodgie, F. D. (2006). Pathology of the vulnerable plaque. Journal 

of the American College of Cardiology, 47(8_Suppl), C13-C18. 

6. Ruggeri, Z. M. (2002). Platelets in atherothrombosis. Nature Medicine, 8(11), 1227-1234. 

7. Mackman, N. (2004). Role of tissue factor in hemostasis, thrombosis, and vascular development. 

Arteriosclerosis, Thrombosis, and Vascular Biology, 24(6), 1015-1022. 
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8. Ruggeri, Z. M. (2007). The role of von Willebrand factor in thrombus formation. Thrombosis Research, 

120, S5-S9. 

9. Mackman, N. (2008). Triggers, targets, and treatments for thrombosis. Nature, 451(7181), 914-918. 

 

2.2.3. Myocardial Ischemia and Infarction 

 

Myocardial ischemia occurs when the heart muscle doesn't receive an adequate blood supply, leading to 

oxygen deprivation. Prolonged and severe ischemia can result in a more severe condition known as 

myocardial infarction, commonly referred to as a heart attack. 

Ischemia-induced cellular injury is a complex process that involves a cascade of events within the heart 

muscle cells, or cardiomyocytes. When blood flow is reduced or blocked, as is often the case in coronary 

artery disease, the heart muscle cells begin to suffer from insufficient oxygen and nutrients. This triggers a 

series of responses aimed at preserving cellular integrity. 

One of the primary consequences of ischemia is the initiation of cell death pathways. Two main forms of cell 

death are prominent in this context: 

- Necrosis, which is a form of cell death often associated with ischemic events. It is characterized by cell 

swelling, rupture, and the release of cellular contents into the surrounding tissue. This release of cellular 

components can trigger inflammation and further tissue damage, exacerbating the situation (Golstein & 

Kroemer, 2007). In the case of myocardial ischemia, necrosis can lead to the formation of a myocardial 

infarction. 

- Apoptosis, which is a more controlled form of cell death. It plays a role in eliminating damaged cells during 

ischemia but can also contribute to tissue loss if excessive or unregulated. Apoptosis involves programmed 

cell death, where the cell shrinks, forms membrane-bound apoptotic bodies, and is then efficiently removed 
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by the immune system (Elmore, 2007). In the context of myocardial ischemia, an imbalance between pro-

survival and pro-apoptotic signaling can lead to excessive apoptosis, further compromising heart tissue. 

The balance between cell survival and death is critical during myocardial ischemia. The heart attempts to 

adapt to reduced blood flow by activating survival pathways to maintain cellular functions. However, if 

ischemia is severe or prolonged, these survival mechanisms may become overwhelmed, leading to cell death. 

References: 

1. Golstein, P., & Kroemer, G. (2007). Cell death by necrosis: towards a molecular definition. Trends in 

Biochemical Sciences, 32(1), 37-43. 

2. Elmore, S. (2007). Apoptosis: a review of programmed cell death. Toxicologic Pathology, 35(4), 495-

516. 

 

2.2.4. Ventricular Remodeling and Heart Failure 

Chronic Ischemic Heart Disease (IHD) can have profound and far-reaching consequences on the structure and 

function of the heart, often culminating in the development of heart failure, a serious and debilitating 

condition (Braunwald, 2013). 

Adverse ventricular remodeling is a hallmark of chronic IHD. Following an acute event, such as acute 

myocardial infarction, which causes myocardial cell death, the heart undergoes structural changes in response 

to the chronic stress of reduced blood supply and oxygen deprivation. The heart's chambers, particularly the 

left ventricle, may dilate or enlarge as they attempt to compensate for impaired function. This dilation can 

lead to thinning of the ventricular walls, diminishing the heart's ability to contract forcefully and efficiently. 

Concurrently, there are functional changes in the heart. Impaired coronary blood flow can lead to ischemic 

cardiomyopathy, a condition where the heart's pumping ability is compromised due to damaged or 

dysfunctional heart muscle. This results in decreased cardiac output, reduced ejection fraction, and 

ultimately, heart failure (Jessup & Brozena, 2003). 
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Neurohormonal responses also play a critical role in the progression of heart failure in IHD patients. The 

body's sympathetic nervous system is activated in response to the diminished cardiac output, leading to the 

release of stress hormones such as adrenaline and noradrenaline. While these hormones initially help the 

heart pump harder and faster, they can contribute to further myocardial damage and remodeling over time. 

Additionally, the renin-angiotensin-aldosterone system becomes activated, leading to increased blood 

pressure and fluid retention, which strain the heart even more (Mann & Bristow, 2005). 

As chronic IHD progresses to heart failure, patients may experience symptoms such as shortness of breath, 

fatigue, fluid retention, and decreased exercise tolerance. These symptoms often necessitate medical 

intervention, including medications like angiotensin-converting enzyme (ACE) inhibitors, beta-blockers, and 

diuretics, which aim to alleviate the workload on the heart and mitigate adverse remodeling. In some cases, 

advanced therapies like implantable cardioverter-defibrillators (ICDs) or cardiac resynchronization therapy 

(CRT) may be recommended (Yancy et al., 2021). 

Overall, the progression of heart failure in chronic IHD is a complex interplay of structural, functional, and 

neurohormonal changes within the heart. Thus, timely diagnosis, risk factor management, and targeted 

medical interventions are crucial in mitigating the impact of IHD on the heart and improving the quality of life 

for affected individuals. On this regard, primary prevention programs aimed at reducing the atherosclerosis 

burden are of utmost importance for the prevention of heart failure occurrence. 

References: 

1. Braunwald, E. (2013). Heart failure. JACC: Heart Failure, 1(1), 1-20. 

2. Jessup, M., & Brozena, S. (2003). Heart failure. New England Journal of Medicine, 348(20), 2007-2018. 

3. Mann, D. L., & Bristow, M. R. (2005). Mechanisms and models in heart failure: the biomechanical 

model and beyond. Circulation, 111(21), 2837-2849. 

4. Yancy, C. W., Jessup, M., Bozkurt, B., Butler, J., Casey, D. E., Colvin, M. M., ... & Wilkoff, B. L. (2021). 

2021 ACC/AHA/HFSA focused update of the 2017 ACC/AHA/HFSA heart failure guideline: a report of 
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the American College of Cardiology/American Heart Association Joint Committee on Clinical Practice 

Guidelines. Journal of the American College of Cardiology, 77(6), 772-810. 

 

2.3. Risk Factors for Ischemic Heart Disease 

2.3.1. Modifiable Risk Factors 

 

Lifestyle-related factors play a pivotal role in influencing the risk of developing Ischemic Heart Disease (IHD), 

and understanding their impact is crucial for designing effective preventive strategies. These modifiable risk 

factors encompass a range of behaviors and conditions that, when managed or improved, can significantly 

reduce an individual's susceptibility to IHD. 

One of the major risk factors for IHD is smoking. The harmful chemicals in tobacco smoke can damage the 

inner lining of blood vessels, promoting the formation of fatty plaques that narrow and harden the arteries, 

a process known as atherosclerosis (Benjamin et al., 2019). Quitting smoking is one of the most impactful 

steps an individual can take to lower their IHD risk. 

Diet plays a critical role in IHD prevention. A poor diet high in saturated and trans fats, refined sugars, and 

excessive salt can contribute to the development of atherosclerosis. In contrast, adhering to a heart-healthy 

diet rich in fruits, vegetables, whole grains, lean proteins, and unsaturated fats can help maintain healthy 

cholesterol levels and blood pressure, thus mitigating IHD risk (Estruch et al., 2013). 

Physical inactivity is another significant contributor to IHD risk. Regular exercise not only helps with weight 

management but also improves heart and vascular health. Engaging in physical activity reduces the likelihood 

of developing obesity and hypertension while enhancing cardiovascular fitness (Thompson et al., 2003). 

Hypertension (high blood pressure) is a well-established risk factor for IHD. Elevated blood pressure can strain 

the arteries, making them more susceptible to damage and atherosclerosis. Lifestyle modifications, including 

dietary changes, exercise, and stress management, are often recommended to manage and prevent 

hypertension (Whelton et al., 2018). 
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Dyslipidemia, characterized by abnormal lipid profiles, is closely linked to IHD risk. High levels of low-density 

lipoprotein (LDL) cholesterol and low levels of high-density lipoprotein (HDL) cholesterol are associated with 

an increased risk of atherosclerosis. Lifestyle modifications, along with medication if necessary, can help 

maintain healthy lipid levels. 

Obesity is not only a risk factor for IHD but also exacerbates other risk factors such as diabetes and 

hypertension. Excess body fat can lead to insulin resistance, inflammation, and an increased workload on the 

heart. Weight loss through a combination of a balanced diet and regular exercise is a fundamental approach 

to mitigating IHD risk in individuals with obesity. 

Diabetes, particularly type 2 diabetes, is a potent contributor to IHD risk due to its adverse effects on blood 

sugar regulation and blood vessel function. Managing blood glucose levels through lifestyle changes and, 

when necessary, medication is crucial in reducing IHD risk in individuals with diabetes. 

References 

1. Benjamin, E. J., Muntner, P., Alonso, A., Bittencourt, M. S., Callaway, C. W., Carson, A. P., ... & Virani, 

S. S. (2019). Heart disease and stroke statistics—2019 update: a report from the American Heart 

Association. Circulation, 139(10), e56-e528. 

2. Estruch, R., Ros, E., Salas-Salvadó, J., Covas, M. I., Corella, D., Arós, F., ... & Ruiz-Gutiérrez, V. (2013). 

Primary prevention of cardiovascular disease with a Mediterranean diet. New England Journal of 

Medicine, 368(14), 1279-1290. 

3. Thompson, P. D., Buchner, D., Pina, I. L., Balady, G. J., Williams, M. A., Marcus, B. H., ... & Berra, K. 

(2003). Exercise and physical activity in the prevention and treatment of atherosclerotic 

cardiovascular disease. Circulation, 107(24), 3109-3116. 

4. Whelton, P. K., Carey, R. M., Aronow, W. S., Casey, D. E., Collins, K. J., Dennison Himmelfarb, C., ... & 

Wright, J. T. (2018). 2017 ACC/AHA/AAPA/ABC/ACPM/AGS/APhA/ASH/ASPC/NMA/PCNA Guideline 

for the Prevention, Detection, Evaluation, and Management of High Blood Pressure in Adults: A 
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Report of the American College of Cardiology/American Heart Association Task Force on Clinical 

Practice Guidelines. Hypertension, 71(6), e13-e115 

 

2.3.2. Non-Modifiable Risk Factors 

 

Non-modifiable risk factors have a substantial impact on an individual's susceptibility to Ischemic Heart 

Disease (IHD) and understanding their role is crucial for a comprehensive assessment of cardiovascular risk 

(Benjamin et al., 2019). 

Advancing age is a prominent non-modifiable risk factor for IHD. With increasing age, arteries tend to become 

less flexible and more susceptible to atherosclerosis. Aging also leads to other physiological changes such as 

elevated blood pressure and alterations in lipid metabolism, which contribute to cardiovascular risk (Benjamin 

et al., 2019). 

Gender is another non-modifiable factor affecting IHD risk. Historically, men have been considered at higher 

risk for IHD compared to women, with risk generally increasing after menopause in women. However, gender 

differences in IHD risk are not solely due to biological factors; lifestyle and socioeconomic factors can also 

play a significant role (Benjamin et al., 2019). 

A family history of IHD can be a strong predictor of an individual's risk. If close relatives, such as parents or 

siblings, have experienced heart disease, especially at a young age, it suggests a genetic predisposition that 

may increase one's susceptibility to IHD. This underscores the importance of early screening and prevention 

in individuals with a family history of heart disease (Benjamin et al., 2019). 

Genetic factors are increasingly recognized as playing a critical role in IHD susceptibility. Specific gene variants 

can influence various aspects of cardiovascular health, including lipid metabolism, blood pressure regulation, 

and the clotting system. Research in this field has identified several genetic markers associated with an 

increased risk of IHD. Moreover, ongoing studies explore the complex interaction between genetics and 
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environmental factors, shedding light on the interplay that contributes to the development of IHD (Benjamin 

et al., 2019). 

The interaction between genetics and environmental factors is a burgeoning area of research in IHD. Even 

individuals with genetic predispositions can reduce their risk through healthy lifestyle choices. For example, 

individuals with a family history of heart disease may have a higher genetic risk, but adopting a heart-healthy 

diet, engaging in regular physical activity, and avoiding tobacco can still have a profound impact on their 

overall cardiovascular health. 

References: 

1. Benjamin, E. J., Muntner, P., Alonso, A., Bittencourt, M. S., Callaway, C. W., Carson, A. P., ... & Virani, 

S. S. (2019). Heart disease and stroke statistics—2019 update: a report from the American Heart 

Association. Circulation, 139(10), e56-e528. 

2. Estruch, R., Ros, E., Salas-Salvadó, J., Covas, M. I., Corella, D., Arós, F., ... & Ruiz-Gutiérrez, V. (2013). 

Primary prevention of cardiovascular disease with a Mediterranean diet. New England Journal of 

Medicine, 368(14), 1279-1290. 

3. Thompson, P. D., Buchner, D., Pina, I. L., Balady, G. J., Williams, M. A., Marcus, B. H., ... & Berra, K. 

(2003). Exercise and physical activity in the prevention and treatment of atherosclerotic 

cardiovascular disease. Circulation, 107(24), 3109-3116. 

 

2.3.3. Emerging Risk Factors 

 

Emerging risk factors are increasingly garnering attention in the field of IHD research, shedding light on 

previously overlooked aspects of its pathogenesis. These factors, which include inflammation, oxidative 

stress, and genetic markers, are expanding our understanding of IHD's complex mechanisms and opening new 

avenues for prevention and treatment. 
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Chronic inflammation within the arterial walls is now recognized as a key player in atherosclerosis and IHD 

development. Inflammatory processes can damage the endothelial lining of blood vessels, promoting the 

accumulation of cholesterol-laden plaques. In addition to traditional risk factors, markers of inflammation, 

such as high-sensitivity C-reactive protein (hs-CRP), have been linked to IHD risk (Libby, 2012). Emerging 

research is exploring anti-inflammatory strategies, including medications like statins and newer agents, to 

reduce the risk of IHD and its complications. 

Oxidative stress occurs when there is an imbalance between the production of harmful reactive oxygen 

species (ROS) and the body's ability to counteract their effects with antioxidants. This oxidative damage can 

lead to endothelial dysfunction and contribute to atherosclerosis. Recent studies have shown that oxidative 

stress markers, such as malondialdehyde (MDA) and oxidized low-density lipoprotein (oxLDL), are associated 

with IHD risk (Münzel et al., 2017). Antioxidant-rich diets and supplements are being explored as potential 

preventive measures. 

Advances in genomics have revealed numerous genetic variants associated with IHD susceptibility. These 

genetic markers influence various aspects of cardiovascular health, including lipid metabolism, blood pressure 

regulation, and clotting factors. Genome-wide association studies (GWAS) have identified specific genes and 

genetic loci that contribute to IHD risk (Khera et al., 2016). This knowledge is paving the way for personalized 

medicine, where genetic information can be used to tailor prevention and treatment strategies. 

Research on these emerging risk factors is ongoing and continues to refine our understanding of IHD. 

Importantly, these factors are not isolated but often interact with traditional risk factors like hypertension, 

dyslipidemia, and diabetes, further complicating the disease's pathogenesis. The current state of research 

involves exploring how these factors intersect and influence each other to better predict IHD risk. 

In clinical practice, the assessment of these emerging risk factors is becoming more common to provide a 

more comprehensive risk profile for patients. This allows healthcare professionals to better identify 

individuals at heightened risk for IHD and implement preventive measures or treatments accordingly. 
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Overall, the recognition of inflammation, oxidative stress, and genetic markers as important contributors to 

IHD pathogenesis represents a significant advancement in cardiovascular medicine. As research in these areas 

continues to evolve, it holds the promise of improving risk assessment, prevention, and treatment strategies 

for this prevalent and life-threatening condition. 
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2.3.4. Genetic Predisposition 

 

Genetic predisposition to IHD is a multifaceted phenomenon characterized by a complex interplay of multiple 

genes (Erdmann & Schunkert, 2011). Understanding the genetic basis of IHD is a dynamic field of research 

that has been greatly enhanced by the advent of genome-wide association studies (GWAS), which have 

helped identify specific susceptibility loci and shed light on the intricate genetic factors contributing to IHD 

risk. 

IHD is considered a complex polygenic disorder, meaning it results from the combined influence of multiple 

genetic variations. Unlike monogenic diseases, where a single gene mutation primarily drives the condition, 

IHD's genetic underpinnings involve numerous genes, each with a relatively small effect on overall risk. These 
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genes contribute to various aspects of cardiovascular health, including lipid metabolism, blood pressure 

regulation, inflammation, and clotting factors. 

GWAS has been instrumental in unraveling the genetic basis of IHD. This approach involves scanning the entire 

human genome to identify common genetic variations, called single nucleotide polymorphisms (SNPs), that 

are associated with an increased risk of IHD. By studying large cohorts of individuals with and without IHD, 

researchers can pinpoint these SNPs, which often reside near or within genes related to cardiovascular 

function. 

GWAS have revealed numerous susceptibility loci associated with IHD risk. These loci are often found in or 

near genes involved in lipid metabolism (e.g., LDLR, APOB), inflammation (e.g., IL6R, IL1RN), blood pressure 

regulation (e.g., NOS3, HNF1A), and other cardiovascular processes. For instance, variations near the PCSK9 

gene have been linked to LDL cholesterol levels and IHD risk, leading to the development of PCSK9 inhibitors 

as cholesterol-lowering medications. 

It's important to note that genetic predisposition to IHD doesn't exist in isolation; it interacts with 

environmental factors, including lifestyle choices such as diet, exercise, and smoking. Individuals with a 

genetic predisposition may be more susceptible to the detrimental effects of an unhealthy lifestyle, 

emphasizing the significance of risk factor modification (Nikpay et al., 2015). 
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2.3.5. Risk Stratification and Scoring Systems 
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Risk stratification and scoring systems are indispensable in the realm of ischemic heart disease (IHD) as they 

provide a systematic and evidence-based approach to assessing an individual's risk of developing this serious 

cardiovascular condition (Conroy et al., 2003). One particularly noteworthy system is SCORE2, which stands 

for the Second European Cardiovascular Disease Risk Assessment model. 

SCORE2 factors in a comprehensive range of risk variables, emphasizing their collective impact on an 

individual's likelihood of experiencing a fatal cardiovascular event, which often includes IHD. Age is a 

fundamental component, recognizing that as individuals grow older, their risk for cardiovascular disease 

naturally increases. Sex is considered because men and women may exhibit different risk profiles. Smoking 

status is critically assessed, as smoking is a potent and modifiable risk factor for IHD. Blood pressure 

measurements are included, as hypertension is a well-established risk factor for heart disease. Cholesterol 

levels, particularly low-density lipoprotein (LDL) cholesterol, are considered because elevated levels 

contribute to atherosclerosis, a key precursor of IHD. Lastly, diabetes, another significant risk factor, is 

incorporated into the assessment. 

What sets SCORE2 apart is its ability to provide a precise and personalized estimate of an individual's 10-year 

risk for a fatal cardiovascular event (Conroy et al., 2003). By considering multiple risk factors simultaneously, 

it paints a more accurate picture of the complex interplay between these variables in the context of IHD. 

Healthcare professionals can then use this risk assessment to tailor their recommendations and interventions 

to each patient's unique risk profile. For high-risk individuals, more aggressive preventive measures may be 

recommended, including intensive lifestyle modifications such as adopting a heart-healthy diet, increasing 

physical activity, quitting smoking, and, when necessary, initiating medication therapy to manage blood 

pressure, cholesterol, and diabetes. 

SCORE2 represents a significant advancement in the field of IHD risk assessment and management (Conroy 

et al., 2003). It enables healthcare providers to prioritize limited resources effectively by focusing on those 

individuals most at risk, which can ultimately lead to improved patient outcomes and a reduction in the overall 

burden of ischemic heart disease. Moreover, it highlights the importance of a holistic approach to 
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cardiovascular health, considering not just individual risk factors but their interactions within the complex 

web of IHD pathogenesis. 
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2.4. Clinical Manifestations 

2.4.1. Stable Angina 

 

Stable angina is a common manifestation of ischemic heart disease, characterized by predictable chest pain 

or discomfort typically triggered by exertion or emotional stress (Roffi et al., 2016). Understanding its clinical 

presentation, diagnostic criteria, and management is crucial for both healthcare providers and individuals 

experiencing these symptoms. 

The hallmark symptom of stable angina is anginal chest pain or discomfort. This pain is often described as a 

squeezing, pressure-like sensation in the chest, which may radiate to the arms, neck, jaw, or back. The pain 

typically lasts for a few minutes and is relieved by rest or the use of sublingual nitroglycerin (O'Gara et al., 

2013). Stable angina episodes are usually predictable, occurring during activities that demand increased 

oxygen supply to the heart, such as walking briskly, climbing stairs, or emotional stress. Importantly, stable 

angina pain is reproducible with similar levels of exertion and usually follows a consistent pattern in an 

individual. 

The diagnosis of stable angina is based on a combination of clinical history, physical examination, and 

diagnostic tests. Healthcare providers will consider the typical anginal symptoms, their precipitating factors, 

and the patient's medical history. Electrocardiography (ECG) may show transient changes during angina 
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episodes, such as ST-segment depression or T-wave inversion (Amsterdam et al., 2014). Additionally, stress 

testing, either with exercise or pharmacological agents, can help provoke angina and identify abnormal 

changes in the heart's function or blood flow. Coronary angiography may be performed to visualize coronary 

artery blockages directly. These diagnostic tools aid in confirming the presence and severity of stable angina 

and guide treatment decisions. 

The management of stable angina aims to alleviate symptoms, reduce the risk of cardiovascular events, and 

improve quality of life (Fihn et al., 2014). Lifestyle modifications play a pivotal role and include adopting a 

heart-healthy diet low in saturated and trans fats, regular physical activity, smoking cessation, and stress 

management. Medications such as beta-blockers, calcium channel blockers, and nitroglycerin can help control 

symptoms by reducing the heart's oxygen demand or increasing its oxygen supply. Additionally, antiplatelet 

agents like aspirin and cholesterol-lowering medications such as statins may be prescribed to reduce the risk 

of heart attacks and strokes. In some cases, if coronary artery blockages are severe or refractory to medical 

therapy, revascularization procedures like angioplasty with stent placement or coronary artery bypass grafting 

(CABG) may be considered to improve blood flow to the heart muscle. 

In conclusion, stable angina is a clinical syndrome characterized by predictable chest pain or discomfort 

associated with exertion or emotional stress. Its diagnosis involves a combination of clinical assessment and 

diagnostic tests, with treatment focused on lifestyle modifications, medications, and, in some cases, invasive 

interventions. Timely and appropriate management can significantly improve the quality of life for individuals 

with stable angina and reduce the risk of adverse cardiovascular events. 
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2.4.2. Unstable Angina 

 

Unstable angina is a critical and more severe manifestation of Ischemic Heart Disease (IHD) that often serves 

as a warning sign of an impending myocardial infarction (MI), commonly known as a heart attack (Amsterdam 

et al., 2014). Understanding the clinical features, diagnostic evaluation, and urgent management of unstable 

angina is of paramount importance for healthcare providers and individuals experiencing these symptoms. 

Unstable angina is characterized by the sudden onset or worsening of chest pain or discomfort. What 

distinguishes it from stable angina is its unpredictability and lack of a clear pattern (Amsterdam et al., 2014). 

The pain in unstable angina is often more intense, lasts longer, and may occur at rest or with minimal exertion. 

It may also have a different character, such as a sense of tightness, pressure, or a crushing sensation in the 

chest. In addition to chest pain, patients with unstable angina can experience symptoms such as shortness of 

breath, sweating, nausea, and lightheadedness. These symptoms can be particularly concerning because they 
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suggest that the heart's blood supply is critically compromised, and there's an increased risk of progressing 

to a heart attack. 

The diagnostic evaluation of unstable angina is urgent and comprehensive. It involves a thorough medical 

history, physical examination, and diagnostic tests (Amsterdam et al., 2014). Electrocardiography (ECG) is 

crucial and may reveal characteristic changes such as ST-segment depression or T-wave inversion. However, 

it's important to note that ECG findings in unstable angina can be transient and may not always be present. 

Blood tests to measure cardiac biomarkers like troponin are essential, as elevated levels may indicate ongoing 

heart muscle damage even in the absence of ECG changes. Imaging studies such as echocardiography or 

nuclear imaging may be used to assess heart function and identify areas of ischemia. Coronary angiography 

is often performed urgently to visualize the coronary arteries and determine the extent and location of 

blockages. 

Unstable angina requires immediate medical attention and often hospitalization (Amsterdam et al., 2014). 

The goals of management are to alleviate symptoms, stabilize the patient, and prevent progression to a heart 

attack. Treatment typically includes medications such as nitroglycerin to relieve chest pain, antiplatelet agents 

like aspirin to prevent clot formation, and anticoagulants to reduce the risk of blood clots in the coronary 

arteries. Beta-blockers, which slow the heart rate and decrease oxygen demand, are commonly prescribed. 

In some cases, invasive procedures like coronary angioplasty with stent placement or coronary artery bypass 

grafting (CABG) may be necessary to open blocked arteries and restore blood flow to the heart muscle. 

In conclusion, unstable angina represents a severe form of IHD that often signals an impending myocardial 

infarction (Amsterdam et al., 2014). Its clinical features are characterized by unpredictable and intensified 

chest pain or discomfort, and its diagnosis involves urgent evaluation through a combination of clinical 

assessment and diagnostic tests. Prompt and appropriate management, including medications and, in some 

cases, invasive procedures, is critical to stabilize the patient and reduce the risk of a heart attack. Early 

recognition and intervention in cases of unstable angina can be life-saving and help preserve heart function. 
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2.4.3. Myocardial Infarction (MI) 

 

Myocardial infarction (MI), commonly known as a heart attack, is a critical manifestation of Ischemic Heart 

Disease (IHD) that encompasses two main types: ST-segment elevation MI (STEMI) and non-ST-segment 

elevation MI (NSTEMI) (O'Gara et al., 2013). Understanding the diagnostic criteria, clinical presentation, and 

management strategies for MI is crucial for healthcare providers and individuals experiencing these life-

threatening events. 

Diagnostic Criteria: The diagnosis of MI is based on a combination of clinical features, electrocardiography 

(ECG) findings, and cardiac biomarkers. Both STEMI and NSTEMI share common diagnostic criteria 

(Amsterdam et al., 2014). These criteria include typical symptoms such as severe chest pain or discomfort, 

often described as crushing, squeezing, or pressure-like, and that may radiate to the arms, neck, jaw, or back. 

ECG changes are pivotal; in STEMI, there is persistent ST-segment elevation in two contiguous leads, while in 

NSTEMI, there may be ST-segment depression, T-wave inversion, or dynamic ECG changes. Elevated cardiac 

biomarkers, particularly troponin, are indicative of myocardial injury or necrosis. 

Clinical Presentation: The clinical presentation of MI can vary but often includes severe and persistent chest 

pain or discomfort (Amsterdam et al., 2014). Other symptoms may accompany this, such as shortness of 

breath, profuse sweating, nausea, and lightheadedness. In some cases, especially in NSTEMI, symptoms may 

be atypical or more subtle, making prompt recognition challenging. However, any suspicion of MI should be 

taken seriously and evaluated promptly. 

Management Strategies: The management of MI is urgent and involves a multi-faceted approach to limit 

heart muscle damage and reduce the risk of complications (O'Gara et al., 2013). Prompt reperfusion therapy 
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is a cornerstone of treatment. In STEMI, this typically involves emergent percutaneous coronary intervention 

(PCI), a procedure to open the blocked coronary artery and restore blood flow to the heart muscle. In cases 

where PCI is not immediately available, thrombolytic therapy (clot-dissolving medication) may be 

administered to help restore blood flow. 

For NSTEMI, management involves a combination of medications, including antiplatelet agents (such as 

aspirin and P2Y12 inhibitors), anticoagulants, beta-blockers, and medications to manage pain and symptoms 

(Amsterdam et al., 2014). In both STEMI and NSTEMI, statins are commonly prescribed to lower cholesterol 

levels and reduce the risk of future cardiovascular events. 

Patients who experience MI are typically monitored in a coronary care unit or intensive care unit, where their 

condition can be closely observed. Cardiac rehabilitation is recommended to help patients recover and reduce 

the risk of subsequent events through lifestyle modification and exercise programs. 

In conclusion, MI is a critical and life-threatening manifestation of IHD, encompassing STEMI and NSTEMI 

(O'Gara et al., 2013). Rapid recognition and diagnosis are paramount, and the choice of management 

strategies, whether PCI or thrombolytic therapy, depends on the specific type of MI and the patient's clinical 

presentation. Timely intervention and comprehensive care are crucial for improving outcomes and minimizing 

the long-term effects of myocardial infarction. 
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2.5. Diagnostic Modalities 

 

Diagnostic modalities in Ischemic Heart Disease (IHD) encompass a range of sophisticated tools and 

techniques aimed at accurately assessing and understanding the condition. These modalities include 

electrocardiography (ECG) for detecting electrical abnormalities and ischemic changes, stress testing (both 

exercise and pharmacological) to provoke symptoms and identify abnormal heart function, echocardiography 

to assess cardiac structure and function, and coronary angiography for direct visualization of coronary arteries 

and detection of blockages. Cardiac biomarkers such as troponin and creatine kinase-MB (CK-MB) help 

confirm myocardial damage during acute events. Advanced imaging techniques like coronary computed 

tomography angiography (CCTA) and cardiac magnetic resonance imaging (MRI) provide detailed information 

about coronary anatomy, blood flow, and myocardial viability. These diagnostic modalities collectively enable 

healthcare providers to make accurate assessments, tailor treatment plans, and provide timely interventions 

to manage IHD effectively and improve patient outcomes. 

2.5.1. Electrocardiography (ECG) 

 

In the context of IHD, ECG findings can vary depending on the specific type of cardiac event or ischemic 

condition: Ischemic Changes: ECG can detect ischemic changes in the heart's electrical activity. This often 

manifests as ST-segment depression or T-wave inversion, indicating that there is an insufficient blood supply 

to a particular area of the heart. These changes are typically seen during episodes of angina (stable or 

unstable) when the heart muscle is temporarily deprived of oxygen. Infarction Patterns: In cases of myocardial 

infarction (MI), ECG findings are particularly critical for diagnosis and risk assessment. In ST-segment elevation 

MI (STEMI), ECG typically shows persistent ST-segment elevation in the affected leads, indicating complete 

coronary artery occlusion and the need for immediate reperfusion therapy such as PCI. In non-ST-segment 

elevation MI (NSTEMI), ECG may demonstrate ST-segment depression, T-wave inversion, or dynamic changes, 

indicating partial coronary artery occlusion or coronary spasms. Arrhythmias: IHD can lead to various 
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arrhythmias, which can have serious clinical implications. ECG can identify abnormal rhythms such as atrial 

fibrillation, ventricular tachycardia, or ventricular fibrillation, which may be precipitated by ischemia or 

myocardial damage. Arrhythmias can further complicate the clinical picture, potentially leading to 

hemodynamic instability and cardiac arrest. The clinical significance of ECG findings in IHD is profound. These 

findings serve as immediate indicators of myocardial ischemia, injury, or infarction, prompting timely 

intervention and guiding treatment decisions. For example, ST-segment elevation in the context of acute chest 

pain signals the need for rapid revascularization to minimize heart muscle damage and improve patient 

outcomes. In NSTEMI, ECG findings assist in risk stratification and determine the urgency and intensity of 

medical management. In summary, ECG is an indispensable diagnostic tool in IHD, providing valuable 

information about ischemic changes, infarction patterns, and arrhythmias. The interpretation of ECG findings 

requires expertise and clinical acumen, as it informs critical decisions regarding the management of ischemic 

events and helps healthcare providers provide optimal care to patients with IHD.  
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2.5.2. Echocardiography 

 

Echocardiography is a versatile and invaluable imaging technique in the evaluation of Ischemic Heart Disease 

(IHD). It provides comprehensive information about cardiac structure and function, allowing healthcare 
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providers to assess various aspects of the heart's health and detect abnormalities related to IHD (Amsterdam 

2014). 

 

Echocardiography enables the precise measurement of ventricular dimensions, including the left ventricle 

(LV) and the right ventricle (RV). Changes in ventricular size can provide insights into the impact of IHD. For 

example, ventricular dilation may indicate chronic volume overload or myocardial damage, while reduced 

ventricular size may suggest impaired contractility due to ischemia or infarction. 

 

Moreover, echocardiography is particularly sensitive in identifying regional wall motion abnormalities, which 

are hallmark signs of myocardial ischemia or infarction. During an acute myocardial infarction, 

echocardiography can pinpoint the specific regions of the heart where blood flow has been compromised, 

resulting in impaired wall motion. This information is vital for determining the location and extent of the 

infarcted myocardium and can guide treatment decisions, including revascularization strategies. 

 

IHD can also affect the heart's valves, leading to regurgitation (leaking of blood backward) or stenosis 

(narrowing of the valve orifice). Echocardiography provides detailed assessments of valve structure and 

function, enabling the identification and quantification of valvular abnormalities. Valvular regurgitation or 

stenosis can be a consequence of chronic ischemic changes or related to secondary effects of myocardial 

damage. 

 

Echocardiography can calculate the ejection fraction (EF), which is a critical measure of the heart's pumping 

ability. A reduced EF may indicate impaired cardiac function due to IHD, particularly in cases of significant 

myocardial damage from infarction. EF assessment helps in risk stratification and treatment planning, 

including decisions about medications and potential interventions. 
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Finally, serial echocardiograms can track changes in ventricular size, wall motion, and valvular function over 

time, helping healthcare providers assess treatment effectiveness and disease progression. 
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2.5.3. Stress Testing 

 

Stress testing, encompassing both exercise stress tests and pharmacological stress tests, is a vital tool in 

cardiology for detecting inducible myocardial ischemia and evaluating functional capacity (Amsterdam et al., 

2014). These tests play a critical role in diagnosing and managing patients with Ischemic Heart Disease (IHD) 

or suspected coronary artery disease (CAD). Let's explore these modalities in detail, citing different imaging 

techniques commonly used in conjunction with stress testing: 

Exercise stress tests are applied in various clinical scenarios, including: 

1. Diagnosis of IHD: Exercise stress tests are often employed to diagnose IHD in patients with symptoms 

such as chest pain, shortness of breath, or angina. 

2. Risk Assessment: They help stratify cardiovascular risk in asymptomatic individuals with risk factors 

like hypertension, diabetes, or a family history of heart disease. 

3. Assessment of Functional Capacity: Exercise stress tests evaluate a patient's exercise tolerance and 

functional capacity, providing insights into their ability to engage in physical activities. 
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During an exercise stress test, the patient walks on a treadmill or pedals a stationary bicycle while being 

closely monitored. This gradually increases the intensity of exercise to reach a target heart rate. Imaging 

modalities that can be combined with exercise stress tests include: 

1. Myocardial Perfusion Imaging: This is often performed with Single-Photon Emission Computed 

Tomography (SPECT) or Positron Emission Tomography (PET) to visualize blood flow to the heart 

muscle. Radioactive tracers are injected, and images are taken at rest and during stress to identify 

areas with reduced blood flow, indicating ischemia. 

2. Echocardiography: Stress echocardiography involves performing echocardiography before and 

immediately after exercise to assess changes in wall motion. It can detect regional wall motion 

abnormalities that may suggest ischemia. 

The interpretation of exercise stress tests involves assessing ECG changes, blood pressure responses, and 

symptoms. The addition of imaging modalities aids in identifying the presence and location of ischemia, which 

can inform further diagnostic and treatment decisions. 

Pharmacological stress tests are used in specific situations: 

1. Inability to Exercise: When patients are physically unable to exercise, pharmacological stress tests 

provide an alternative means of inducing cardiac stress. 

2. Increased Sensitivity: These tests are employed when higher sensitivity is needed, such as in cases 

where exercise stress tests may yield inconclusive results. 

Pharmacological stress tests involve administering medications intravenously to simulate the effects of 

exercise on the heart. Different imaging modalities used in conjunction with pharmacological stress tests 

include: 

1. Nuclear Cardiac Imaging (SPECT or PET): Similar to exercise stress tests, pharmacological stress tests 

can be combined with nuclear imaging to assess myocardial perfusion. Radioactive tracers are 

injected, and images are acquired before and after stress induction. 



33 
 

2. Cardiac Magnetic Resonance Imaging (MRI): Pharmacological stress tests with cardiac MRI provide 

high-resolution images of the heart, helping to identify areas of ischemia, assess cardiac function, 

and detect myocardial scar tissue. 

Interpretation of pharmacological stress tests is based on ECG changes, blood pressure responses, and 

symptoms, similar to exercise stress tests. The accompanying imaging modalities enhance sensitivity and 

specificity, allowing for a more precise assessment of myocardial perfusion, function, and ischemia 

localization. 
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2.5.4. Coronary Angiography 

 

Coronary angiography, often referred to as cardiac catheterization or coronary angiogram, serves as the gold 

standard for visualizing coronary artery anatomy and identifying stenotic lesions (Amsterdam et al., 2014). 

This invasive procedure plays a pivotal role in the diagnosis and treatment planning of coronary artery disease 

(CAD) and other cardiovascular conditions, although it carries potential risks and complications. 

Coronary angiography is typically performed in a specialized cardiac catheterization lab (cath lab).  

The patient is usually awake during the procedure but may receive sedatives to help them relax. Local 

anesthesia is administered at the site where the catheter will be inserted, often in the groin or wrist. 
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A thin, flexible tube called a catheter is carefully threaded through a blood vessel (usually the femoral artery 

in the groin or the radial artery in the wrist) and guided toward the coronary arteries under fluoroscopy, a 

real-time X-ray imaging technique. A contrast dye is injected through the catheter directly into the coronary 

arteries. This dye makes the blood vessels visible on X-ray images, allowing the cardiologist to visualize the 

coronary arteries and any potential blockages or narrowing. X-ray images are continuously captured as the 

contrast dye flows through the coronary arteries. These images provide a detailed roadmap of the coronary 

artery anatomy, and any stenotic lesions or blockages become readily apparent. The cardiologist reviews the 

angiographic images to assess the extent and severity of coronary artery disease. This information is crucial 

for diagnosis and treatment planning, which could be performed immediately after diagnosis using 

percutaneous coronary intervention techniques. While coronary angiography is generally considered safe, it 

does carry potential risks and complications, including bleeding at the catheter insertion site, allergic 

reactions to contrast dye, arrhythmias, blood vessel injury, and very rarely, heart attack or stroke. The overall 

risk depends on the patient's individual health and the expertise of the medical team performing the 

procedure. 

Revascularization strategies in IHD are tailored to individual patient characteristics and coronary artery 

anatomy. PCI is less invasive and suitable for many patients, while CABG is preferred for more complex or 

extensive disease. Both interventions aim to restore coronary blood flow, alleviate ischemia, and improve 

patients' quality of life. The choice between PCI and CABG should be made through shared decision-making 

between the patient and their healthcare team, considering the unique clinical circumstances and goals of 

care (Amsterdam et al., 2014). 
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2.6. Medical Management 

2.6.1. Pharmacotherapy 

 

Pharmacotherapy is a cornerstone of Ischemic Heart Disease (IHD) management, with various classes of 

medications playing crucial roles in improving symptoms, preventing complications, and reducing the risk of 

cardiovascular events (Amsterdam et al., 2014). 

Aspirin is one of the most widely used antiplatelet agents in IHD management. It works by inhibiting platelet 

aggregation and reducing the risk of blood clot formation in coronary arteries, which can trigger heart attacks. 

It is often prescribed long-term for patients with IHD. P2Y12 Inhibitors are often used in combination with 

aspirin, particularly after percutaneous coronary intervention (PCI) or stent placement. They further reduce 

platelet activation and clot formation, minimizing the risk of stent thrombosis. 

Statins are the primary agents for reducing elevated cholesterol levels. They lower LDL (bad) cholesterol, 

decrease inflammation in the arterial walls, and stabilize plaques. Statin therapy is a cornerstone in preventing 

recurrent heart attacks and reducing overall cardiovascular risk. Often used in combination with statins, 

ezetimibe reduces cholesterol absorption in the intestines, further lowering LDL cholesterol levels. New drugs, 

like PCSK-9 inhibitors have been recently introduced in the clinical practice and represent second level therapy 

for those patients who cannot reach LDL target level or are statin-intollerant. 

Other drugs like Beta-blockers (e.g., Metoprolol, Atenolol) reduce heart rate, blood pressure, and myocardial 

oxygen demand. They are particularly useful in managing stable angina, controlling arrhythmias, and 

improving outcomes after a heart attack. Beta-blockers reduce the workload on the heart and can relieve 

symptoms in IHD patients. ACE inhibitors reduce blood pressure, decrease afterload on the heart, and 

improve blood flow to the heart muscle. They are used in IHD patients, especially if there is concurrent heart 

failure or left ventricular dysfunction. Calcium Channel Blockers (e.g., Amlodipine, Verapamil) reduce blood 

pressure and relax blood vessels, improving coronary blood flow. They are often used to manage stable angina 

when beta-blockers are contraindicated or not effective. 
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The choice of medications and their combination in IHD management depends on the specific clinical 

presentation, comorbidities, and individual patient characteristics. Treatment plans are tailored to address 

the unique needs of each patient to optimize symptom relief, reduce the risk of recurrent cardiovascular 

events, and improve overall quality of life (Amsterdam et al., 2014). 
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3. The advent of Cardiac Computed Tomography 

 

Computed Tomography (CT) with the administration of iodinated contrast medium intravenously is a valuable 

non-invasive imaging technique that has revolutionized the field of cardiac imaging. This method enables the 

comprehensive assessment of the coronary arteries, cardiac chambers, and the functional evaluation of the 

left ventricle, all without the need for invasive procedures. The potential to obtain information that is not 

only comparable but, in some instances, even superior to what can be acquired through invasive coronary 

angiography has spurred continuous advancement in this field. These advancements are directed towards 

fundamentally altering the management of patients with coronary atherosclerotic disease. 

 

Cardiac CT angiography (CCTA) has become an indispensable tool in the realm of cardiac imaging. It involves 

the injection of iodinated contrast medium, typically through an intravenous route, while employing multi-

detector CT scanners to capture high-resolution images of the heart and coronary arteries. This non-invasive 

approach has gained prominence for several compelling reasons. 
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Firstly, the visualization of coronary arteries has been greatly enhanced by CCTA. The detailed images it 

provides enable the detection and characterization of coronary artery disease, including the identification of 

atherosclerotic plaques and the assessment of stenosis severity. This information is pivotal in risk 

stratification, guiding therapeutic decisions, and predicting cardiovascular events. 

 

Secondly, CCTA offers an in-depth evaluation of the cardiac chambers. It allows for the assessment of chamber 

size, wall motion abnormalities, and the presence of any structural anomalies. This comprehensive evaluation 

aids in the diagnosis and management of various cardiac conditions, such as cardiomyopathies and congenital 

heart diseases. 

 

Furthermore, CCTA is a potent tool for the functional evaluation of the left ventricle. It provides quantitative 

data on ejection fraction, ventricular volumes, and myocardial perfusion. This information is invaluable in 

determining the extent of myocardial damage and helps guide therapeutic strategies, such as 

revascularization procedures or medical management. 

 

Importantly, the non-invasive nature of CCTA reduces the associated risks and discomfort for patients. In 

contrast to invasive coronary angiography, which requires the insertion of a catheter into the coronary 

arteries and carries a small but inherent risk of complications, CCTA is a safer and more patient-friendly 

option. Moreover, CCTA offers the advantage of shorter recovery times, fewer hospital admissions, and 

potentially lower healthcare costs. 

 

Several studies and trials have reinforced the value of CCTA in the assessment of coronary artery disease. For 

example, the PROMISE trial (Prospective Multicenter Imaging Study for Evaluation of Chest Pain) (Taron, 2021) 
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demonstrated that CCTA was non-inferior to invasive angiography in terms of clinical outcomes for patients 

with stable chest pain. Additionally, the SCOT-HEART trial (Scottish Computed Tomography of the Heart) 

(Williams, 2020) indicated that the use of CCTA led to improved diagnosis and patient management in cases 

of suspected angina. 
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3.1. Physical principles 

The term "tomography" pertains to the fundamental concept of generating an analytical image that 

reproduces a specific layer within the body. The descriptor "computerized" underscores the pivotal role 

played by the computer in guiding the entire process of image acquisition and reconstruction. Central to the 

capabilities of computed tomography (CT) is the measurement of X-ray beam attenuation, achieved by 

directing X-rays of suitable maximum energy (typically 120-140kV) from an X-ray tube through the body layer 

under examination along "infinite" trajectories. This attenuation component is subsequently calculated and 
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assigned to individual voxels, resulting in a numerical value that is translated into a visual display on a monitor. 

This resultant quantity is known as the attenuation value and is expressed in Hounsfield units (UH). 

 

In CT imaging, each anatomical structure is associated with minimum and maximum attenuation values. This 

intrinsic characteristic imparts high contrast resolution to CT when compared to traditional techniques. While 

traditional methods necessitate at least a 5% differential in X-ray absorption to distinguish between two 

adjacent structures, CT achieves this with as little as 0.5% difference in UH. The computed tomographic image 

is portrayed on a TV monitor by assigning each pixel a shade of gray proportionate to the attenuation value 

(V att ) of the corresponding voxel. For instance, water corresponds to medium gray at V att = 0 UH, compact 

bone appears as absolute white at V att = +1000 UH, and air is rendered as absolute black at V att = -1000 

UH. The entire scale of Hounsfield units, comprising 2001 different shades of gray, can be represented on the 

TV monitor. 

 

In practical terms, it is necessary to limit the range of UH values simultaneously displayed in the image to 

maintain optimal contrast. This is achieved by selecting a window of attenuation values, which will be 

represented as increasingly lighter to darker shades of gray. This window is defined by an upper limit value 

beyond which structures appear white and a lower limit value below which structures appear black. The size 

of the window inversely affects the image contrast: a larger window reduces contrast, while a smaller window 

enhances it. 

 

The attenuation of the X-ray beam is directly proportional to the electronic density of the tissues within the 

voxel. This is why the term "densitometric value" is often used interchangeably with the attenuation value. 

Consequently, a CT image is a "monoparametric" representation of electron density distribution within the 

studied body layer. There exists a unidirectional relationship between electron density, densitometric value, 
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and the shade of gray, such that a voxel with higher electron density will be portrayed with a lighter shade of 

gray compared to a voxel with lower electron density. 

 

3.2. Technical aspects 

3.2.1. The tomograph 

Over time, advancements in technology have significantly enhanced the capabilities of tomography, 

particularly in terms of scanning speed and image resolution. We've progressed beyond the era of 3rd 

generation tomographs, which featured X-ray beams directed at a fan shape and 500-1000 detectors capable 

of completing a 360° rotation around the patient in 2-4 seconds. The evolution has led us to continuous 

rotation tomographs. Unlike their predecessors, these tomographs overcome the constraint of power cables, 

which previously necessitated layer-by-layer acquisitions. Instead, they enable the continuous acquisition of 

images over a span of 50-60 seconds, with a rotation time of 0.7-1 second. This allows for a single, 

uninterrupted scan of the entire thoracic or abdominal volume, often referred to as volumetric acquisition. 

 

Previously, high mechanical forces associated with the tube-detector system's rotation set limitations on 

maximum rotation speed and the x-ray tube's emission capacity. These restrictions made it challenging to 

achieve a robust signal-to-noise ratio. The advent of multislice tomographs provided a solution. These 

tomographs consist of multiple detector chains that permit the simultaneous scanning of multiple layers. The 

X-ray beam, instead of fanning out, features an extended longitudinal opening, capable of covering a more 

substantial portion of the body volume under study. This results in faster single rotations and broader 

longitudinal coverage, allowing for the acquisition of thinner layers. 

 

As technology has continued to evolve, the number of data output channels, each including one or more 

detector chains, has increased from 4 to 16, 64, 128, 256, and up to 320 channels. These innovations have 
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paved the way for the rapid acquisition of high-resolution images of large body volumes and moving organs, 

such as the heart, with layers that can be submillimetric in thickness. 

 

Furthermore, the introduction of dual-energy tomographs in more recent equipment has enabled the nearly 

simultaneous capture of images of the same body volume at varying tube voltage settings. This results in 

distinct images of each body layer, highlighting differences in tissues and materials present within a single 

voxel, such as iodine in vessel lumens, calcium in bones, calcific plaques, and kidney stones. 

 

It's crucial to bear in mind that in clinical practice, it's not always necessary to employ state-of-the-art 

equipment at its performance limits. In many cases, 2-3 mm layers suffice, and data from individual 

submillimeter detectors are employed secondarily to generate a series of multiplanar and three-dimensional 

secondary images. 

3.2.2. Tomographic scanning and contrast agents 

Tomographic scans can be categorized as direct or post-contrast, and the choice of method depends on the 

diagnostic question at hand and the available equipment. Several methods can be employed: Acquisition of 

single adjacent layers with an appropriate thickness; repeated acquisition at short intervals of one or more 

contiguous layers, which is useful for assessing the diffusion dynamics of the contrast medium within 

parenchyma or lesions; volumetric acquisition (as previously mentioned). 

On these initial images, various instantaneous measurements can be conducted. This includes adjusting the 

window to modify contrast, determining the densitometric value at any point within the image, allowing for 

a preliminary characterization of the substance's nature (e.g., liquid, solid, adipose, calcific), and measuring 

distances and angles. For post-contrast scans, different types of contrast agents are used, such as oral, rectal, 

intravenous, intravesical, endoliquoral, depending on the specific diagnostic purpose. 
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Intravenous administration is employed for uro-angiographic contrast media and is carried out using 

automatic bolus injectors, which enable the predetermined volumes and flow rates of the solution. Timing 

the diffusion dynamics of the contrast medium facilitates the recognition of the vascular phase (venous or 

arterial) and the parenchymal phase, which denotes the equilibrium between the interstitium and the blood 

pool typical of the specific organ. This phase forms the basis for contrast enhancement, which is reflected in 

the varying degrees of homogeneous attenuation values. 

Through the appropriate methods of contrast agent administration and precise timing of the scan, modern 

CT angiography has made it possible to generate images that greatly reduce the necessity for conventional 

angiography. 

 

3.2.3. Image acquisition in cardiac CT 

The latest multi-detector CT (MDCT) equipment, featuring 256-320 layers, can rapidly acquire a 

corresponding number of image layers in a very brief period, approximately 300 milliseconds. This capability 

makes it well-suited for examining organs with continuous and rapid systolic-diastolic motion, such as the 

heart. During the cardiac cycle, the phase characterized by the least cardiac movement is diastole, specifically 

the mid-diastolic interval. Diastole's duration is closely tied to the heart rate (HR), necessitating the 

monitoring of the patient's HR. An optimal HR for image acquisition is ≤ 65 beats per minute (bpm), a 

threshold below which cardiac motion is minimal, and temporal resolution is enhanced. 

 

If a patient's HR exceeds this value, pharmacological control is employed through the intravenous 

administration of negative chronotropic drugs, typically β-blockers, until the target HR is achieved. In addition 

to HR control, coronary vasodilation is induced to enhance vessel visualization. This is achieved by 

administering sublingual nitroglycerin to the patient in doses ranging from 400-800 μg. 
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Once the target HR is attained, the acquisition of patient images must be synchronized with their 

electrocardiographic tracing (ECG gating). This synchronization is essential to associate spatial information 

with the phases of the cardiac cycle. In this context, gating can be either retrospective or prospective. In 

clinical practice, most cardiac CT scans utilize multi-detector equipment with retrospective gating, enabling 

continuous image acquisition synchronized with ECG recording. Subsequently, this approach permits the 

retrospective reconstruction of images by extracting data from different phases of the cardiac cycle, creating 

images during diastole (the phase of minimal cardiac movement) and selecting data from another point in 

the cardiac cycle to generate images during systole. This is crucial because individual coronary arteries are 

best visualized during different phases of the cardiac cycle. 

 

Retrospective gating also allows for an assessment of cardiac function, including the quantification of right 

and left ventricular functions, which align with findings from other diagnostic modalities such as 

echocardiography and cardiac magnetic resonance (CMR). For a more comprehensive discussion of this topic, 

please refer to the relevant section. 

 

3.3. Clinical applications 

Cardiac CT offers a comprehensive assessment of both anatomical and functional aspects within a single 

examination. The anatomical evaluation encompasses the examination of the ventricular cavities, coronary 

arteries, aorta, pulmonary artery, and the cardiac venous system. Additionally, specialized software enables 

tasks such as quantifying flow reserve (FFR), facilitating the assessment of the hemodynamic significance of 

stenoses. 

Furthermore, late-phase targeted scans yield intriguing findings in terms of evaluating late myocardial 

contrast enhancement, akin to the techniques employed in cardiac magnetic resonance (CMR). 

3.3.1. Evaluation of the coronary arteries 
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Cardiac CT plays a pivotal role in clinical practice with various applications, one of the most significant being 

the evaluation of coronary atherosclerotic disease (CAD). This is particularly valuable for individuals 

presenting with chest pain who have a low or intermediate probability of coronary artery disease, both with 

or without positive stress tests indicating inducible ischemia. The timely identification and treatment of CAD 

can profoundly impact primary prevention efforts, potentially modifying the natural course of the disease and 

averting acute coronary events (Montalescot et al., 2013). 

 

The main clinical indications for coronary CT encompass several scenarios, including patients with ECG 

changes and an intermediate probability (30-70%) of hemodynamically significant coronary artery stenosis 

(>50%), individuals experiencing chest pain with negative ECG and biochemical markers of myocardial injury, 

and those who require planning for coronary bypass surgery or minimally invasive cardiac procedures (Mieres 

et al., 2019). Cardiac CT is also employed for follow-up assessments of coronary bypass grafts and to plan 

reoperations, as well as for monitoring patients after angioplasty or stent placement. Furthermore, it is a 

valuable tool for individuals with suspected congenital anomalies of coronary origin when other diagnostic 

modalities such as cardiac magnetic resonance (CMR) are unavailable or contraindicated (Taylor et al., 2015). 

 

The evaluation of coronary heart disease via cardiac CT involves a two-phase approach. Initially, non-contrast 

images are acquired, allowing for the quantification of calcium deposits in atherosclerotic lesions. This leads 

to the calculation of the Coronary Artery Calcium Score (CACS), with coronary calcifications indicated by areas 

of attenuation values exceeding 130 Hounsfield Units (UH) and dimensions greater than 1 mm². The presence 

of calcium in coronary arteries is indicative of atherosclerotic disease, and it moderately correlates with the 

likelihood of at least one significant stenosis (>50%). This relationship is independent of the location of the 

calcium deposit, as stenosis often occurs in regions with marked positive remodeling but without significant 

narrowing (Nasir et al., 2006). 
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Numerous studies have highlighted the prognostic value of CACS, as it serves as an independent predictor of 

acute cardiac events, surpassing traditional atherothrombotic risk factors. Notably, a high calcium load in the 

coronary arteries, even in individuals without conventional risk factors, is associated with a heightened risk 

of cardiovascular events (Detrano et al., 2008). Conversely, the absence of calcium, even in high-risk 

individuals, is linked to a lower risk of such events. However, it is crucial to recognize the limitations of this 

correlation, as plaque calcification primarily signifies stabilization and may not provide information about 

luminal stenosis (Criqui et al., 2005). 

 

The second phase of coronary assessment involves contrast-enhanced image acquisition to evaluate plaque 

presence and stenosis quantified in percentage terms relative to the vascular lumen's area. Plaque burden is 

traditionally assessed through two scores: the Segment Involvement Score (SIS) and the Segment Stenosis 

Score (SSS). These scores determine the presence of plaque and the degree of plaque-induced stenosis, 

respectively, providing prognostic insights for patients with CAD (Budoff et al., 2013). 

 

More recently, a novel scoring system, the Leaman score (CT-LeSC), has been introduced, incorporating lesion 

location and plaque composition in addition to stenosis degree. The CT-LeSC has demonstrated its 

independence as a long-term predictor of adverse cardiovascular events. Application of this new score in 

patients with CAD or those without CAD has revealed a correlation with a higher risk of future cardiovascular 

events (Motoyama et al., 2017). 

 

Beyond its fundamental role in diagnosing and excluding obstructive CAD, cardiac CT has emerged as a 

primary non-invasive method for assessing plaque morphology. Studies have demonstrated a strong 

correlation between plaque characteristics detected by cardiac CT and those observed through intravascular 

ultrasound (IVUS) (Versteylen et al., 2013). This advanced plaque analysis involves both quantitative and 

qualitative evaluations, utilizing the same images employed for coronary lumen assessment but with distinct 
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post-processing methods. Qualitative or semi-quantitative assessments include indicators of plaque 

vulnerability, such as the positive remodeling index (PRI), low attenuation plaque (LAP), the presence of spotty 

calcification (SC), and the napkin ring sign (NRS), which indicates a thin semicircular hyperdense stripe 

encircling the plaque along the vessel's external contour. These vulnerable plaque characteristics are 

associated with the presence of thin cap fibroatheroma, a precursor to unstable plaques and the 

development of acute coronary syndromes (ACS) (Maurovich-Horvat et al., 2013). 

Importantly, these plaque characteristics serve as predictive factors for acute cardiac events independently 

of the degree of stenosis caused by the lesion. Recent research has illustrated that the presence of at least 

two high-risk plaque characteristics significantly increases the probability of developing ACS, even in patients 

with isolated non-obstructive CAD (Oikonomou et al., 2018). 
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4. The need for a biomarker 

 

4.1. Definition of Biomarkers 

 

In the clinical practice, biomarkers serve several crucial functions. More specifically, biomarkers provide a 

means to identify and diagnose diseases at early stages or even before symptoms manifest. For instance, 

elevated levels of prostate-specific antigen (PSA) in blood can be indicative of prostate cancer, enabling early 

intervention and improved outcomes. 

Moreover, biomarkers aid in predicting the course and severity of diseases. They can help determine the 

likelihood of disease progression and inform treatment decisions. In cancer, for example, specific genetic 

biomarkers can reveal the aggressiveness of tumors and guide therapy choices. Biomarkers are used to track 

the progression of diseases over time, helping clinicians make informed decisions about treatment 

adjustments or the need for additional interventions. Biomarkers are instrumental in assessing the 

effectiveness of treatments, allowing healthcare providers to tailor therapies to individual patients. For 

instance, cholesterol levels serve as biomarkers for assessing the impact of statin medications on lipid profiles 

in cardiovascular disease management. Biomarkers also play a role in evaluating the safety of new drugs or 

interventions during clinical trials. They can help identify potential adverse effects and guide decision-making 

about drug approval. With advancements in genomics and molecular biology, biomarkers are increasingly 

integral to the concept of personalized medicine. They enable the tailoring of treatments to an individual's 

genetic makeup and disease characteristics, optimizing therapeutic outcomes while minimizing side effects. 

Beyond clinical applications, biomarkers are instrumental in various fields of scientific research. They aid in 

understanding the underlying mechanisms of diseases, exploring new drug targets, and unraveling complex 
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biological pathways. In genetics, biomarkers are pivotal in studying genetic variations associated with disease 

susceptibility or drug response. Moreover, biomarkers have a wide range of applications in environmental 

science, where they help assess the impact of pollutants on ecosystems and wildlife. In forensic science, they 

are used for identifying individuals, determining the cause of death, or establishing timelines in criminal 

investigations. 
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4.2. Significance and Objectives 

 

The significance of biomarkers lies in their ability to provide crucial information that can inform clinical 

decisions, enhance disease diagnosis, monitor treatment efficacy, and streamline drug development 

processes. The primary objectives of biomarkers in healthcare and research include: 

- Early Disease Detection: Biomarkers can help identify diseases at an early, often more treatable stage. 

Disease Diagnosis and Classification: Biomarkers aid in the accurate diagnosis and classification of diseases, 

guiding appropriate treatment strategies. 

- Treatment Monitoring: They allow healthcare professionals to monitor a patient's response to 

therapy and make necessary adjustments. 
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- Personalized Medicine: Biomarkers enable tailored treatment plans, ensuring therapies are effective 

and minimize side effects. 

- Drug Development: Biomarkers expedite drug development by providing insights into drug safety and 

efficacy. 

- Research and Discovery: Biomarkers contribute to scientific advancements and the understanding of 

disease mechanisms. 

 

4.3. Types of Biomarkers 

Biomarkers, a diverse and invaluable category of measurable indicators, play a pivotal role in shedding light 

on biological processes and health conditions. They exhibit remarkable diversity and encompass various 

categories based on their nature and applications, thus significantly transforming healthcare, research, and 

clinical practice. These distinct types of biomarkers have revolutionized our understanding of the human body 

and its complexities (Anderson et al., 2016). 

 

Molecular biomarkers involve the quantification of specific molecules, such as proteins, nucleic acids (DNA 

and RNA), lipids, and small molecules, providing valuable insights into biological processes and disease states. 

For example, measuring the levels of prostate-specific antigen (PSA) in the blood serves as a molecular 

biomarker for prostate cancer diagnosis (Duffy et al., 2001). 

 

Cellular biomarkers focus on the characteristics and behaviors of individual cells or cell populations. Flow 

cytometry, a common technique, allows the measurement of cell surface markers or intracellular proteins in 

immune cells, aiding in the identification of cellular biomarkers (Nolan & Mandy, 2006). 
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Imaging biomarkers, derived from medical imaging techniques like X-rays, magnetic resonance imaging (MRI), 

computed tomography (CT), and positron emission tomography (PET), offer structural and functional insights 

into tissues and organs. They play a crucial role in disease diagnosis and treatment planning (Erdi et al., 2004). 

 

Genetic biomarkers are intimately linked to an individual's genetic makeup. These biomarkers encompass 

mutations, polymorphisms, or variations in DNA sequences associated with disease susceptibility and 

treatment response. For instance, the BRCA1 and BRCA2 genes are genetic biomarkers correlated with an 

increased risk of breast and ovarian cancer (Nik-Zainal et al., 2016). 

 

Proteomic biomarkers involve the study of proteins and their alterations in various diseases. Techniques such 

as mass spectrometry and protein microarrays are commonly used to identify and quantify proteomic 

biomarkers. Elevated levels of specific proteins in cerebrospinal fluid, for example, can indicate 

neurodegenerative diseases like Alzheimer's (Guerreiro et al., 2013). 

 

Metabolomic biomarkers center on small molecules known as metabolites, which are the end products of 

cellular metabolism. The analysis of metabolites in bodily fluids provides critical insights into metabolic 

disorders, drug responses, and disease progression (Johnson et al., 2016). 

 

These diverse biomarker categories significantly contribute to medical and scientific advancements, offering 

valuable insights into the intricacies of human biology and health. 
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4.4. The Role of Biomarkers in Disease Diagnosis 

Biomarkers, fundamental to disease diagnosis, are indispensable tools in modern medicine, providing 

objective and quantifiable indicators of specific biological processes or disease states. Their versatility and 

importance are evident across a spectrum of medical conditions, where they play a pivotal role in facilitating 

accurate and early diagnosis, ultimately improving patient outcomes. 
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In the realm of oncology, biomarkers represent a transformative breakthrough. Genetic biomarkers, such as 

mutations in the EGFR gene in non-small cell lung cancer (Mok et al., 2009), are prime examples. These 

mutations serve as critical diagnostic criteria, categorizing tumors into distinct molecular subtypes. More 

importantly, they inform treatment decisions, guiding the use of targeted therapies like tyrosine kinase 

inhibitors (TKIs), which specifically inhibit the EGFR pathway. This personalized approach not only enhances 

treatment efficacy but also minimizes unnecessary exposure to chemotherapy and its associated side effects. 

 

Similarly, in breast cancer, biomarkers like the estrogen receptor (ER), progesterone receptor (PR), and human 

epidermal growth factor receptor 2 (HER2) status are pivotal (Fisher et al., 2004; Wolff et al., 2007). These 

biomarkers help categorize breast cancer into distinct subtypes, guiding treatment decisions. Patients with 

ER-positive tumors benefit from hormone therapy, while those with HER2-positive tumors can receive HER2-

targeted therapies. These tailored approaches optimize therapeutic outcomes and minimize the use of less 

effective treatments. 

 

In infectious diseases, molecular biomarkers, such as viral load in HIV or hepatitis C, have revolutionized 

diagnostics and treatment monitoring (Panel on Antiretroviral Guidelines for Adults and Adolescents, 2021; 

AASLD-IDSA HCV Guidance Panel, 2021). By quantifying the amount of viral genetic material in the blood, 

these biomarkers enable early detection of infection, assessment of disease progression, and evaluation of 

treatment responses. This precision in disease management has significantly improved patient care and long-

term outcomes. 

 

Furthermore, metabolic biomarkers like hemoglobin A1c are fundamental in the diagnosis and management 

of diabetes mellitus (American Diabetes Association, 2020). Hemoglobin A1c provides insights into a patient's 

long-term glycemic control, guiding treatment decisions and helping prevent diabetes-related complications. 
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In essence, biomarkers represent a transformative force in medicine, offering a path to more precise 

diagnostics, tailored treatments, and improved patient outcomes. Their multidimensional utility spans 

various medical fields, reflecting their indispensable role in shaping modern healthcare and biomedical 

research. 
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4.5. Biomarkers in Ischemic Heart Disease 

https://clinicalinfo.hiv.gov/en/guidelines/adult-and-adolescent-arv/whats-new-guidelines
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Biomarkers in ischemic heart disease (IHD) constitute a cornerstone in the understanding, diagnosis, and 

management of this complex cardiovascular condition. These biomarkers encompass a diverse array of 

molecular entities, with cardiac troponins, specifically troponin T and troponin I, standing as paramount 

indicators of myocardial injury. Elevated levels of cardiac troponins in the bloodstream are indicative of 

myocardial damage, and their precise measurement is pivotal for diagnosing acute myocardial infarction (MI), 

which is a critical manifestation of IHD (Thygesen et al., 2018). Additionally, other essential biomarkers in IHD 

include creatine kinase-MB (CK-MB), myoglobin, and brain natriuretic peptide (BNP). Each of these 

biomarkers offers complementary information about different aspects of cardiac health. CK-MB serves as an 

indicator of myocardial damage, myoglobin reflects the early presence of cardiac injury, and BNP is a vital 

marker for assessing left ventricular function and diagnosing heart failure (Jaffe, 2011; Januzzi et al., 2018). 

 

Beyond these well-established biomarkers, the evolving landscape of IHD research has unveiled the potential 

of emerging biomarkers, such as high-sensitivity C-reactive protein (hs-CRP) and various genetic markers. 

High-sensitivity C-reactive protein has garnered attention for its association with inflammation and its 

potential role in risk stratification for IHD (Koenig et al., 1999). Moreover, genetic markers are under scrutiny 

for their capacity to refine risk assessment and tailor treatment strategies for IHD patients. Genome-wide 

association studies (GWAS) have identified specific genetic variants associated with IHD susceptibility, 

providing valuable insights into the genetic underpinnings of the disease and its interaction with 

environmental factors (Nikpay et al., 2015). The integration of these emerging biomarkers into clinical practice 

holds promise for enhancing early detection, precise risk assessment, and personalized therapeutic 

interventions in individuals at risk for or affected by IHD, ushering in a new era of cardiovascular medicine. 
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5. The Facial Alterations: a novel approach to an “ancient biomarker” 

 

Facial alterations associated with systemic diseases are multifaceted and diverse, reflecting a wide range of 

underlying pathophysiological processes. These alterations encompass a plethora of changes in skin color, 

texture, and structure, as well as the appearance of specific facial features, all of which can serve as valuable 

clinical indicators. Recognizing and understanding these alterations are paramount for healthcare 

professionals, as they play a pivotal role in facilitating early diagnosis, appropriate management, and 

comprehensive support for individuals affected by systemic diseases. 

 

Facial alterations often manifest as changes in skin color, such as erythema (redness), pallor (paleness), or the 

presence of pigmented lesions. These color variations can be indicative of underlying vascular, hematological, 

or dermatological conditions. Additionally, alterations in skin texture, including swelling, edema, or 

thickening, may suggest systemic diseases like heart failure, kidney dysfunction, or autoimmune disorders. 
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Furthermore, the emergence of specific facial features, such as xanthelasma, malar rash, or telangiectasia, 

can provide diagnostic clues for associated lipid abnormalities, autoimmune diseases, or vascular disorders. 

 

The significance of recognizing these facial alterations lies in their potential to expedite the diagnostic process, 

enabling healthcare providers to initiate timely interventions and tailor treatment plans. Early detection of 

systemic diseases through these visual cues not only improves patient outcomes but also enhances the overall 

quality of care by addressing the underlying conditions promptly. Furthermore, understanding the diverse 

array of facial alterations associated with systemic diseases emphasizes the importance of a holistic and 

patient-centered approach to healthcare, considering both the visible and hidden aspects of a patient's health 

status. 

 

Facial alterations represent an intriguing and often overlooked avenue in the realm of biomarkers, offering a 

novel approach to what can be considered an "ancient biomarker." While modern medicine has significantly 

advanced our ability to detect and monitor diseases through molecular and genetic markers, the human face 

continues to hold valuable information about health. These alterations, encompassing changes in skin color, 

texture, symmetry, and various facial features, can serve as visual indicators of underlying medical conditions. 

This ancient form of biomarker assessment, when combined with modern technology and diagnostic tools, 

can provide a holistic and non-invasive approach to disease detection and monitoring. Leveraging facial 

alterations as a biomarker not only harkens back to the earliest practices of medical diagnosis but also 

showcases the potential for innovation in the field, bridging the gap between ancient wisdom and cutting-

edge healthcare. 

 

 

5.1. Anatomy of the Facial Skin 
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The skin, the largest organ in the human body, is a remarkably intricate and multifunctional structure that 

serves as a protective barrier between the internal organs and the external environment. It comprises three 

primary layers: the epidermis, dermis, and subcutaneous tissue, each with distinct functions and 

components. The epidermis, the outermost layer, provides waterproofing and protection against pathogens. 

It constantly regenerates, with new cells produced at the basal layer and pushed to the surface as they 

mature. Beneath the epidermis lies the dermis, a connective tissue layer containing blood vessels, nerves, 

hair follicles, and sweat glands. The dermis is responsible for skin elasticity and strength, housing collagen 

and elastin fibers. Finally, the subcutaneous tissue, also known as the hypodermis, consists of fat cells that 

regulate temperature and provide cushioning. 

 

In the context of facial skin, understanding its anatomy is of paramount importance for comprehending how 

systemic diseases can impact it. The facial skin is unique due to its relatively thinner epidermis and fewer 

sebaceous glands compared to other parts of the body. Consequently, it is more susceptible to external 

factors such as UV radiation and environmental pollutants. Moreover, facial skin's proximity to vital sensory 

organs like the eyes, nose, and mouth makes it particularly sensitive to systemic diseases that can manifest 

with cutaneous manifestations. These can include dermatologic conditions like lupus erythematosus, which 

can cause a characteristic butterfly-shaped rash on the face, or systemic diseases like diabetes, which may 

lead to skin changes such as diabetic dermopathy or necrobiosis lipoidica. Thus, comprehending the 

intricacies of facial skin anatomy is crucial for both dermatologists and healthcare providers to identify and 

manage systemic diseases with cutaneous involvement effectively. 

5.2. How Systemic Diseases Affect the Skin 

 

Systemic diseases have the potential to disrupt the skin's homeostasis through diverse and intricate 

mechanisms, often involving inflammation, immune system dysregulation, vascular changes, and metabolic 
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alterations. These disruptions can give rise to a broad spectrum of facial alterations, ranging from visible 

rashes and discoloration to profound structural changes. 

 

Inflammatory systemic diseases, such as lupus erythematosus and psoriasis, exemplify how inflammation can 

profoundly affect facial skin. In lupus, autoimmunity triggers a complex inflammatory cascade that can lead 

to the development of the characteristic butterfly-shaped facial rash, known as the malar rash (Kuhn et al., 

2001). Psoriasis, on the other hand, is marked by an overactive immune response and chronic inflammation, 

leading to the formation of scaly, red plaques that can appear on the face and cause significant discomfort 

and aesthetic concerns (Rachakonda et al., 2014). 

 

Immune system dysregulation can also manifest in facial skin alterations. In conditions like scleroderma, an 

autoimmune disease characterized by excessive collagen production, facial skin may become thickened and 

tight, leading to a mask-like appearance. This fibrotic process can extend to other facial structures, including 

the mouth and eyes, impacting their function (Ferri et al., 2017). 

 

Vascular changes seen in systemic diseases like systemic sclerosis and certain types of vasculitis can result in 

facial symptoms. Systemic sclerosis can cause a narrowing of blood vessels and impaired circulation, leading 

to Raynaud's phenomenon, which can affect the lips and facial skin, causing color changes and discomfort 

(Denton and Khanna, 2017). Vasculitis, an inflammation of blood vessels, may present with palpable purpura 

on the face, which are small red or purple spots due to blood vessel damage (Jennette et al., 2013). 

 

Metabolic alterations in conditions like diabetes can also impact the skin, including the facial area. Diabetic 

dermopathy, for instance, can manifest as round, brown patches on the face and elsewhere, due to changes 

in blood vessel function and skin collagen (Kingsley and Douglas, 2013). 
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5.3. Common Facial Alterations in Systemic Diseases 

 

Facial alterations associated with systemic diseases encompass a wide spectrum of manifestations, each 

offering valuable clues for diagnosis and management. These alterations can include erythema (redness), 

telangiectasia (dilated blood vessels), discoloration, rash, swelling, thickening, and more. Importantly, these 

facial changes often exhibit unique patterns or characteristics specific to the underlying systemic disease, 

thereby aiding in the diagnostic process. 
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Erythema or redness of the face may result from various causes, including systemic lupus erythematosus 

(SLE), where a butterfly-shaped malar rash can develop (Kuhn et al., 2001). Telangiectasia, characterized by 

small dilated blood vessels near the skin's surface, is commonly seen in systemic sclerosis and rosacea, often 

contributing to facial redness and flushing (Hsu et al., 2015; Gallo et al., 2018). 

 

Discoloration of facial skin can be seen in systemic diseases like dermatomyositis, where a characteristic 

purple or reddish-brown rash often appears on the face, especially around the eyelids (Dalakas, 2019). Rash 

on the face can also be a hallmark of conditions such as systemic vasculitis or drug reactions, each with distinct 

patterns (Jennette et al., 2013; Chaiken, 2019). 

 

Facial swelling, particularly around the eyes, may occur in systemic diseases like nephrotic syndrome due to 

fluid retention (Müller-Deile et al., 2019). Thickening of the facial skin is a notable feature of scleroderma, 

contributing to the tight, mask-like appearance often seen in this disease (Ferri et al., 2017). 

 

These unique facial alterations provide valuable diagnostic insights, helping healthcare providers identify the 

underlying systemic condition promptly. Early recognition and intervention are critical for managing these 

diseases effectively and improving patient outcomes. 
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5.4. Cardiovascular Systemic Diseases 

Facial alterations associated with cardiovascular systemic diseases extend beyond the previously mentioned 

manifestations and can include specific dermatological findings like xanthelasma. Furthermore, conditions 

such as Marfan syndrome exemplify how facial features can provide important diagnostic clues for underlying 

cardiovascular systemic diseases. 

Marfan syndrome is a hereditary connective tissue disorder caused by mutations in the FBN1 gene. While it 

primarily affects the cardiovascular system by predisposing individuals to aortic aneurysms and dissections, 

it can also manifest with distinctive facial features. These features may include a long, narrow face, a high-

arched palate, a crowded oral cavity, and a prominent jaw and chin (De Paepe et al., 1996). These facial 

characteristics, along with other systemic signs like joint hypermobility and skeletal abnormalities, can prompt 
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healthcare providers to consider the diagnosis of Marfan syndrome and initiate cardiovascular evaluations to 

assess the risk of aortic complications (Lindsay et al., 2012). 

Xanthelasma, on the other hand, is a dermatological finding characterized by yellowish, cholesterol-rich 

deposits on the eyelids, particularly near the inner corners of the eyes. While xanthelasma itself is not a 

cardiovascular systemic disease, it is often associated with dyslipidemia and increased cardiovascular risk 

(Cohen et al., 2008). Recognizing xanthelasma during a clinical examination can alert healthcare providers to 

the potential presence of underlying lipid abnormalities that warrant further evaluation and management to 

reduce cardiovascular risk. 

These examples underscore the importance of a comprehensive clinical assessment, including facial features, 

in the evaluation of patients with suspected or known cardiovascular systemic diseases. Early recognition of 

these distinctive facial alterations can lead to timely diagnosis and intervention, ultimately improving patient 

outcomes and preventing cardiovascular complications. However, the wide variability of facial somatic 

features makes any classification of difficult use both in the clinical and research setting. On this regard 

application of advanced software for image analysis, including those based on artificial intelligience, may 

represent a novel approach to facial analysis and for correlation between facial features and pathological 

conditions (Lin, 2020). 
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6. Artificial Intelligence in Medicine 

6.1. Introduction 

 

Artificial Intelligence (AI) in medicine is a groundbreaking field that leverages advanced technology and data 

analysis techniques to revolutionize healthcare. This transformative paradigm shift encompasses a wide range 

of applications, from medical diagnosis to treatment optimization and patient care. AI in medicine merges 

the power of computer algorithms with vast datasets, enabling healthcare professionals to tackle complex 

medical challenges with unprecedented precision and efficiency. This convergence of human expertise and 

machine intelligence ushers in a new era of healthcare where AI augments the capabilities of medical 

practitioners, leading to more accurate diagnoses, personalized treatment plans, and proactive insights into 

patient health. 

The applications of AI in medicine are multifaceted and encompass areas such as medical imaging 

interpretation, drug discovery, treatment recommendations, and patient management. For instance, AI 

algorithms have demonstrated remarkable accuracy in interpreting medical images, including X-rays, MRIs, 

and CT scans, aiding radiologists in detecting and diagnosing conditions like cancer and fractures (Ehteshami 

Bejnordi et al., 2017). In drug discovery, AI-driven approaches are expediting the identification of potential 

drug candidates and predicting their efficacy, significantly reducing the time and cost associated with 

developing new pharmaceuticals (Aliper et al., 2016). AI-powered clinical decision support systems are 

becoming integral tools for healthcare providers, offering personalized treatment recommendations based 

on individual patient data and medical research (Obermeyer & Emanuel, 2016). Moreover, predictive 
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analytics driven by AI are enabling healthcare institutions to anticipate patient needs, optimize resource 

allocation, and improve overall patient care (Rajkomar et al., 2018). 

The integration of AI in medicine holds tremendous promise for enhancing healthcare outcomes, reducing 

diagnostic errors, and optimizing treatment strategies. However, it also brings challenges related to data 

privacy, ethical considerations, and the need for regulatory frameworks. As AI in medicine continues to evolve, 

it is essential to strike a balance between harnessing its potential and addressing these critical issues to ensure 

that AI-driven healthcare innovations benefit both patients and healthcare systems. 
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6.2. Artificial Intelligence Basics 

6.2.1. Explanation of Artificial Intelligence 

 

Artificial Intelligence (AI), in its broadest sense, represents a transformative technological paradigm that 

encompasses the development of computer systems capable of performing tasks that traditionally 

necessitate human intelligence. These tasks span a vast spectrum of cognitive functions, including problem-
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solving, pattern recognition, decision-making, and the ability to learn from experience. Within the domain of 

medicine, AI systems harness these capabilities to process, interpret, and extract valuable insights from an 

ever-expanding corpus of medical data, thereby serving as indispensable tools for healthcare practitioners 

and researchers alike. 

The utilization of AI in medicine is not a recent phenomenon but rather a continuously evolving field with far-

reaching implications. AI-driven applications have the potential to revolutionize various aspects of healthcare, 

such as medical diagnosis, treatment optimization, patient care, and drug discovery. One of the most 

prominent applications is in medical imaging interpretation, where AI algorithms have demonstrated 

remarkable accuracy in detecting abnormalities in X-rays, MRIs, and CT scans, assisting radiologists in 

diagnosing conditions like cancer, fractures, and neurological disorders (Ehteshami Bejnordi et al., 2017; 

Wang et al., 2017). Moreover, AI-powered clinical decision support systems leverage patient data to offer 

personalized treatment recommendations based on the latest medical research, enhancing the precision and 

efficacy of medical interventions (Obermeyer & Emanuel, 2016). 

AI also plays a pivotal role in the realm of drug discovery, where it expedites the identification of potential 

drug candidates and predicts their effectiveness, significantly reducing the time and cost associated with the 

development of new pharmaceuticals (Aliper et al., 2016). Additionally, AI-driven predictive analytics and 

patient management systems empower healthcare institutions to anticipate patient needs, optimize resource 

allocation, and enhance overall patient care (Rajkomar et al., 2018). 

While AI holds tremendous promise for improving healthcare outcomes and reducing diagnostic errors, it also 

presents challenges related to data privacy, ethical considerations, and the need for robust regulatory 

frameworks (Topol, 2019). As AI in medicine continues to advance, it is imperative to strike a balance between 

harnessing its potential and addressing these critical issues to ensure that AI-driven innovations benefit both 

patients and healthcare systems. 
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applications for predicting pharmacological properties of drugs and drug repurposing using 

transcriptomic data. Molecular Pharmaceutics, 13(7), 2524-2530. 

5. Rajkomar, A., Oren, E., Chen, K., Dai, A. M., Hajaj, N., Hardt, M., ... & Zhang, M. (2018). Scalable and 

accurate deep learning with electronic health records. NPJ Digital Medicine, 1(1), 1-10. 
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Nature Medicine, 25(1), 44-56. 

6.2.2. Machine Learning and Deep Learning 

 

At the core of AI's transformative potential in medicine, two pivotal domains stand out as fundamental 

enablers: Machine Learning (ML) and Deep Learning (DL). These subfields of AI play a pivotal role in 

harnessing the power of data to enhance medical diagnosis, treatment, and patient care. 

Machine Learning (ML) is a subset of AI that empowers computer systems to learn from data, recognize 

patterns, and make predictions without explicit programming. ML algorithms are designed to iteratively 

improve their performance as they process more data, making them invaluable tools for extracting valuable 

insights from the vast volumes of medical information available today. In healthcare, ML has demonstrated 
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its prowess in tasks such as predictive modeling, disease risk assessment, and treatment recommendation 

systems. For example, ML algorithms can analyze electronic health records to predict patient outcomes, 

optimizing treatment plans and resource allocation (Obermeyer & Emanuel, 2016). ML models have also been 

applied to predict disease trajectories, such as the progression of diabetic retinopathy, enabling early 

intervention and preventing vision loss (Gulshan et al., 2016). 

Deep Learning (DL), a specialized form of ML, takes inspiration from the intricate architecture of the human 

brain, employing artificial neural networks to handle complex and unstructured data. DL models, particularly 

Convolutional Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), have been instrumental in 

medical image analysis, natural language processing (NLP), and genomics research. In medical imaging, CNNs 

have exhibited remarkable accuracy in detecting and classifying abnormalities in X-rays, CT scans, and MRI 

images (Ehteshami Bejnordi et al., 2017). In NLP, DL models have made significant strides in extracting 

meaningful information from clinical notes, research articles, and patient records, facilitating data-driven 

healthcare insights (Miotto et al., 2017). Furthermore, DL has revolutionized genomics research by enabling 

the analysis of massive genomic datasets, uncovering genetic associations with diseases, and advancing 

precision medicine (Angermueller et al., 2016). 

As AI, ML, and DL continue to evolve, their applications in medicine are poised to further transform healthcare 

by enhancing diagnostic accuracy, treatment personalization, and patient outcomes. However, it is essential 

to address challenges related to data quality, privacy, and ethical considerations as these technologies 

become increasingly integrated into clinical practice (Obermeyer et al., 2019). 

References: 

1. Obermeyer, Z., & Emanuel, E. J. (2016). Predicting the future—Big data, machine learning, and clinical 

medicine. New England Journal of Medicine, 375(13), 1216-1219. 

2. Gulshan, V., Peng, L., Coram, M., Stumpe, M. C., Wu, D., Narayanaswamy, A., ... & Webster, D. R. 

(2016). Development and validation of a deep learning algorithm for detection of diabetic retinopathy 

in retinal fundus photographs. JAMA, 316(22), 2402-2410. 



70 
 

3. Ehteshami Bejnordi, B., Veta, M., Johannes van Diest, P., van Ginneken, B., Karssemeijer, N., Litjens, 

G., ... & van der Laak, J. (2017). Diagnostic assessment of deep learning algorithms for detection of 

lymph node metastases in women with breast cancer. JAMA, 318(22), 2199-2210. 

4. Miotto, R., Wang, F., Wang, S., Jiang, X., & Dudley, J. T. (2017). Deep learning for healthcare: review, 

opportunities and challenges. Briefings in Bioinformatics, 19(6), 1236-1246. 

5. Angermueller, C., Pärnamaa, T., Parts, L., & Stegle, O. (2016). Deep learning for computational biology. 

Molecular Systems Biology, 12(7), 878. 

6.2.3. Neural Networks 

Neural networks are a fundamental concept within the realm of deep learning, playing a central role in the 

impressive capabilities of artificial intelligence (AI) systems. These artificial networks are designed to mimic 

the functioning of the human brain, consisting of interconnected nodes, often referred to as "neurons" or 

"units," that process and analyze data. Neural networks are characterized by their ability to learn and adapt 

from data, making them particularly well-suited for tasks such as image recognition, natural language 

processing, and predictive modeling. 

A typical neural network consists of multiple layers, each comprising numerous neurons. These layers are 

categorized into three main types: 

1. Input Layer: This is the initial layer that receives the raw input data, which could be in the form of 

images, text, or numerical values. 

2. Hidden Layers: These intermediate layers between the input and output layers are where the network 

performs complex computations. Each neuron in a hidden layer processes a combination of inputs 

and applies mathematical transformations to produce an output. 

3. Output Layer: The final layer of the neural network produces the desired output, which could be a 

classification, prediction, or decision. 
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During the training process, neural networks adjust the connections (or weights) between neurons to 

minimize the difference between their output and the target output, gradually improving their ability to make 

accurate predictions or classifications. This training involves iterative optimization techniques, such as 

gradient descent, which fine-tune the network's parameters. 

In the context of healthcare and medicine, neural networks have demonstrated exceptional capabilities in 

various applications. Convolutional Neural Networks (CNNs), a specific type of neural network, excel in 

medical image analysis, including the detection of diseases in radiological images like X-rays, MRIs, and CT 

scans (Ehteshami Bejnordi et al., 2017). Recurrent Neural Networks (RNNs) are well-suited for tasks involving 

sequential data, such as analyzing patient records and monitoring disease progression over time (Miotto et 

al., 2017). Natural Language Processing (NLP) models, often based on neural networks, enable the extraction 

of valuable information from medical texts, clinical notes, and research articles (Lample & Conneau, 2019). 

In summary, neural networks are a foundational concept within deep learning, enabling AI systems to process 

and understand complex data. Understanding the basics of AI, including its machine learning and deep 

learning components, is essential for grasping the remarkable applications and transformative potential of AI 

in medicine. The subsequent sections of this document will delve into these applications and explore how AI 

is reshaping the landscape of healthcare. 
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6.3. Applications of AI in Medicine 

 

6.3.1. Diagnostic AI 

 

AI-driven diagnostic tools have ushered in a transformative era in the field of medicine, offering unparalleled 

precision and efficiency in the detection of diseases and conditions. These applications span various medical 

domains, including: 

1. Image Recognition and Radiology: AI algorithms have demonstrated remarkable capabilities in the 

analysis of medical images, such as X-rays, MRIs, and CT scans. These systems can discern subtle 

abnormalities, often surpassing human capabilities in terms of accuracy and speed. In the context of 

radiology, AI-powered diagnostic tools have the potential to revolutionize early disease detection. For 

instance, in the diagnosis of lung cancer, AI-based algorithms can identify minute nodules on chest X-

rays that might escape human notice, enabling early intervention and potentially improving patient 

outcomes (Ardila et al., 2019). Similarly, AI systems have proven invaluable in detecting diabetic 

retinopathy from retinal images, facilitating timely treatment to prevent vision loss (Gulshan et al., 

2016). 

2. Pathology and Histology: Pathologists, who play a pivotal role in diagnosing diseases, are increasingly 

benefiting from AI-powered tools. These tools assist in the analysis of tissue samples, such as 

biopsies, by identifying and classifying cells and tissues accurately. AI-based systems can detect 

cancerous cells with high sensitivity and specificity, streamlining the diagnostic process. Moreover, 

they can predict disease outcomes based on histological data, aiding clinicians in making informed 

decisions about treatment strategies. For example, in the field of dermatopathology, AI algorithms 

have demonstrated the ability to identify skin cancer with high accuracy by analyzing skin biopsy 

slides (Esteva et al., 2017). This not only enhances diagnostic accuracy but also expedites the 

diagnostic process, leading to timely interventions. 
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These AI-driven diagnostic tools represent a significant advancement in the medical field, providing 

healthcare professionals with powerful tools to enhance disease detection, improve diagnostic accuracy, and 

ultimately, save lives. As AI continues to evolve, its applications in healthcare are expected to expand, further 

augmenting the capabilities of healthcare providers in delivering quality patient care. 
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6.3.2. Treatment Planning 

 

AI's impact on treatment planning stands as one of its most promising and transformative aspects, offering 

the potential to revolutionize healthcare by making it more personalized and effective: 

1. Personalized Medicine: AI-driven healthcare is at the forefront of advancing personalized medicine. 

By harnessing the power of AI, healthcare providers can tailor treatment plans to individual patients 

based on their unique genetic makeup, medical history, and specific clinical data. This approach 

ensures that patients receive treatments that are not only effective but also optimized to minimize 

adverse effects. For instance, in the field of oncology, AI-based platforms can analyze genetic profiles 

and clinical data to identify the most appropriate cancer therapies for individual patients, enhancing 
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treatment outcomes and quality of life (Doroshow et al., 2019). Personalized medicine driven by AI 

has the potential to reshape the landscape of healthcare, offering targeted therapies that maximize 

efficacy while minimizing side effects. 

2. Drug Discovery: AI has ushered in a new era in drug discovery, significantly accelerating a historically 

time-consuming and costly process. By analyzing vast datasets containing biological information, 

chemical structures, and historical drug data, AI algorithms can identify potential drug candidates and 

predict their efficacy. This innovation is particularly relevant in addressing emerging diseases and 

drug-resistant pathogens. AI-driven drug discovery platforms have the capability to rapidly screen 

and identify compounds with therapeutic potential, expediting the development of novel drugs. For 

example, in the fight against COVID-19, AI has played a crucial role in identifying potential drug 

candidates and accelerating the evaluation of existing drugs for repurposing (Beck et al., 2020). 

These AI-driven advancements in treatment planning represent a paradigm shift in healthcare, offering the 

potential to deliver more effective, precise, and tailored therapies to patients. As AI continues to evolve and 

integrate into clinical practice, the future of healthcare holds the promise of treatments that are not only 

more effective but also safer and more accessible. 
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6.3.3. Monitoring and Predictive Analytics 
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AI's capability to continuously monitor and analyze patient data has ushered in significant advancements in 

predictive healthcare, revolutionizing how medical professionals diagnose, treat, and manage patients: 

1. Patient Monitoring: AI-driven remote monitoring devices have emerged as a game-changer in 

healthcare. Equipped with sophisticated algorithms, these devices can collect and analyze real-time 

patient data, including vital signs, activity levels, and even physiological parameters. This continuous 

monitoring enables healthcare providers to detect subtle changes in a patient's condition promptly, 

facilitating early intervention. This is particularly crucial for patients with chronic conditions such as 

diabetes or hypertension, as well as post-operative care where early detection of complications can 

be life-saving (Liu et al., 2019). 

2. Disease Progression Prediction: AI has proven to be a valuable tool in predicting disease progression 

by analyzing a patient's health records and historical data. These predictions assist physicians in 

making informed decisions about treatment plans, resource allocation, and follow-up care. For 

instance, AI algorithms can analyze electronic health records to identify patients at risk of developing 

conditions like sepsis, enabling timely interventions and improved patient outcomes (Rajkomar et al., 

2018). Additionally, AI-driven models have been instrumental in predicting the progression of 

neurodegenerative diseases like Alzheimer's, aiding in early diagnosis and intervention (Pérez-Pérez 

et al., 2019). 

AI's applications in medicine extend well beyond these examples, encompassing areas such as drug discovery, 

genomics, and personalized medicine. These highlights exemplify AI's transformative potential in healthcare, 

promising to improve diagnostic accuracy, optimize treatment strategies, and enhance patient care on a 

global scale. 
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6.4. Challenges and Ethical Considerations 

 

Ethical considerations surrounding artificial intelligence (AI) are of paramount importance, particularly in the 

healthcare sector, where AI is increasingly integrated into clinical practice. These considerations encompass 

several key dimensions: 

1. Patient Privacy and Data Security: AI systems in healthcare often rely on vast amounts of sensitive 

patient data, raising significant concerns about privacy and data security. Ensuring robust encryption, 

access controls, and data anonymization are essential to safeguard patient information and maintain 

trust (Chen et al., 2020). 

2. Accountability and Transparency: Understanding how AI systems make decisions is crucial, especially 

when these decisions directly impact patient care. Healthcare practitioners and patients should have 

access to information about the algorithms used, their validation processes, and the factors that 

influence their recommendations. Transparent AI systems help establish accountability and foster 

trust (Mehrabi et al., 2019). 

3. Bias Mitigation: Bias in AI algorithms can perpetuate healthcare disparities, as they may yield 

different results for different demographic groups. Addressing bias in AI involves careful data 

selection, preprocessing, and ongoing monitoring to ensure that algorithms do not discriminate 

against particular populations (Obermeyer et al., 2019). 
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4. Informed Consent: Patients should be adequately informed about the use of AI in their care and 

should provide informed consent for its application. Patients have the right to understand how AI is 

used to inform their diagnosis and treatment, and they should have the option to opt-out if they so 

choose. 

5. Regulation and Guidelines: Ethical AI practices are often guided by regulatory bodies and 

professional organizations. Healthcare institutions should adhere to these guidelines to ensure 

ethical AI deployment in patient care. 

6. Fair Allocation of Benefits: The benefits of AI in healthcare should be equitably distributed among 

patients, ensuring that AI does not exacerbate existing healthcare disparities but rather serves as a 

tool to reduce them. 

7. Continual Monitoring and Evaluation: Healthcare institutions should establish mechanisms for 

ongoing monitoring and evaluation of AI systems to identify and rectify any ethical issues or biases 

that may arise over time. 

Ethical frameworks and guidelines, such as the American Medical Association's AI Ethics Policy, play a pivotal 

role in shaping responsible AI practices in healthcare. By adhering to these ethical principles, healthcare 

providers can ensure that AI technologies serve the best interests of patients and society while upholding the 

highest standards of patient care. 
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7. The Experimental Study 

7.1. The scope of the study 

 

Coronary artery disease (CAD) still represents one of the leading causes of death and disability worldwide (1). 

Previous studies suggested that 50-60% of patients presenting with acute coronary syndrome (ACS) had no 

prior manifestation of cardiovascular disease (CVD), while myocardial infarction (MI) was the most common 

first presentation of CVD despite risk factors were under control (2-3). These data underline the need of 

improving primary prevention strategies using a personalized approach for risk stratification and subsequent 

medical therapy.  Among several non-invasive tools, cardiac computed tomography (CCT) has been recently 

introduced in the management of patients with suspected CAD (4-5). Beyond non-invasive evaluation of 

coronary lesions, recent data suggest that CCT may also detect atherosclerotic precursors of ACS (6).  

A sub-analysis of the SCOT-HEART study demonstrated that implementing aggressive medical therapy (i.e. 

high statin dose and aspirin) was effective in reducing MI incidence, especially in patients with non-

obstructive CAD identified at CCT (7) in whom the risk of CVD events would have been otherwise 

underestimated. These data emphasize the importance of early detection of high-risk atherosclerosis by CCT, 

even in patients with non-obstructive disease (8-10), in order to implement personalized primary prevention 

therapies (11). However, beyond the usual indication for CCT in patients with diabetes and a strong family 

history of CAD, as suggested by international guidelines (5), no specific biomarkers are available to identify 

subgroups of patients at high risk of CAD in whom there is an indication to perform CCT for primary 

prevention. Similarly, traditional risk stratification scores (i.e. SCORE2 specific for European countries) may 

underestimate cardiovascular risk, especially among women and young subjects. Recently, artificial 

intelligence (AI) application to healthcare has been proposed as a promising strategy to support the work of 

https://www.ama-assn.org/system/files/2021-06/ai-ethics-policy.pdf
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physicians and improve the quality of care (12). Lately, AI has also been used for the prediction of significant 

coronary lesions through facial features (13). However, no data are available on whether this type of 

diagnostic approach may predict high-risk coronary atherosclerosis in the absence of obstructive disease. 

Being able to develop this capability using CCT could be of considerable clinical benefit to identify 

atherosclerosis at an early stage, providing clinicians with the opportunity to implement a personalized 

therapeutic approach for primary prevention strategies. Thus, aim of the present study was to explore for the 

first time the potential role of facial features analysis by AI for the prediction of high-risk atherosclerosis as 

demonstrated at cardiac CT. 

 

7.2. MATERIAL AND METHODS 

7.2.1. Study population 

This prospective observational study was conducted at the Centro Cardiologico Monzino, Milan, Italy. 

Between January 2022 and August 2022, we enrolled a consecutive cohort of patients without known 

cardiovascular disease at the time of a clinically indicated CCT for suspected CAD (Supplementary Figure 1). 

Exclusion criteria were known CAD, previous percutaneous or surgical coronary revascularization, previous 

MI, structural heart disease (i.e. congenital heart defects, heart valve disease, cardiomyopathies), and any 

previous artificial facial alteration (e.g. cosmetic surgery or facial trauma) All eligible patients provided 

informed written consent for participating in the study and having their photos used for the purpose 

described above. The protocol was approved by the Institution Ethical Committee (approval number CCM 

1678). 

7.2.2. Study procedures 

All patients were evaluated for the presence of traditional CVD risk factors such as diabetes mellitus (glucose 

level of >7 mmol/l or the need for insulin or oral hypoglycemic agents), hypercholesterolemia (total 

cholesterol level >5 mmol/l or treatment with lipid-lowering drugs), hypertension (blood pressure>140/90 

mmHg or use of antihypertensive medications), positive family history of CAD (presence of CAD in first-degree 
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relatives younger than 55 years [male] or 65 years [female]), and current smoking). The presence of symptoms 

(dyspnea, typical angina, atypical angina) was recorded to evaluate the pre-test probability of CAD among 

symptomatic patients, while SCORE2 or SCORE2-OP, according to patients age, were calculated for 

asymptomatic patients according to international guidelines recommendations (4). 

7.2.3. CCT acquisition and analysis 

In all patients, a clinically indicated CCT was performed using a Revolution CT (GE Healthcare, Milwaukee, WI, 

USA) with the following parameters: slice configuration 256 x 0.625 mm, gantry rotation time 280 msec and 

prospective ECG triggering. A new generation of iterative reconstruction, called ASIR-V (GE Healthcare, 

Milwaukee, WI, USA), was used for image reconstruction.  

Coronary plaques were defined as structures of at least one mm2 area within and/or adjacent to artery lumen, 

clearly distinguishable from the vessel lumen, and surrounded by pericardial tissue. Tissue with a signal 

intensity below -40 HU was considered pericardial fat and was excluded from the analysis.  

High-risk plaque features were evaluated as follows: arterial remodeling index (RI), assessed using vessel area 

(RIa=lesion plaque area/reference area), plaque burden (PB=[lesion plaque area-lesion lumen area]/lesion 

plaque area), napkin ring sign (NRS), defined as the presence of a semicircular thin enhancement around the 

plaque along the outer contour of the vessel, and small spotty calcifications (SC) as any discrete calcification 

≤3 mm in length and occupying ≤90° arc when viewed in short axis. Plaque consistency was assessed using 

Hounsfield Unit (HU) and low-attenuation plaque (LAP) was defined as the presence of any voxel <30 HU (14). 

Total plaque volume was evaluated and reported in mm3, as previously reported (10-14). Low-attenuation 

plaque volume and non-calcified plaque volume were expressed as the amount of plaque with <30 HU and 

<150 HU, respectively. Plaque volume was also evaluated as a qualitative dichotomous variable using 

predetermined cut-off values (10) on a per patient basis as follows: 300 mm3 for defining high total plaque 

volume, 80 mm3 for high non-calcified (less than 150 HU) plaque volume and 10 mm3 for elevated low-

attenuation (less than 30 HU) plaque volume. Cardiac CT analysis was conducted by two expert physician in 

cardiovascular imaging (E.C. and D.A.), blinded from AI facial features analysis. 
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7.2.4. Facial pictures acquisition 

Before CCT, we collected 10 facial pictures (size 3,000 x 4,000 px) for each patient using different random 

angles and zoom to reproduce what is generally done by the “offline data augmentation”, an automatic 

process that can generate synthetic data from existing data with small alterations, in order to improve the 

performance of the prediction models. Then, each image was cropped around the patient face using a 2,500 

x 2,500 px squared box and resized to 256 x 256 px, exploiting the R “magick” package. At the end, the dataset 

was composed of 1,000 256 x 256 px images. 

7.2.5. Autoencoder implementation 

The autoencoders are a standard unsupervised deep learning architecture able to compress the input into a 

lower-dimensional code, called latent feature space, and then reconstruct the output from this 

representation. We designed the autoencoder implementing a sequential model of dense layers with 256,512 

128 and 64 neurons for the encoder, and 128,512 and 256 for the decoder. The ReLU activation function (15) 

was used for each neuron, except for the output layer of the decoder (activation function: “sigmoid”) and the 

output layer of the encoder, called bottleneck (activation function: “linear”). Finally, we used the “Adam” 

optimizer to minimize the mean squared error. For training the model, we set the number of epochs = 50, the 

batch size = 48 and the fraction of validation split = 20%. At the end of the training process, a numeric matrix 

composed of 1,000 observations (i.e. images) and 64 features (the number of neurons of the “bottleneck”) 

were learnt by the autoencoder. The Keras and tensorflow packages were used to build and evaluate the 

autoencoders. Being an unsupervised deep learning architecture, no information about outcomes was 

provided to the autoencoder during the training step. To prevent noisy learning, we monitored the mean 

squared error for training and validation sets over epochs. The mean squared error was lower than 0.015 for 

both sets and the curve distribution denoted that overfitting was properly controlled (Supplementary Figure 

2). This analysis was performed by a dedicated team of AI specialist (headed by M.C) blinded from CCT 

analysis. 
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7.2.6. Statistical analysis 

Continuous variables are presented as median and interquartile ranges, while categorical data are reported 

as frequencies and percentages. Group comparisons for continuous and categorical variables were performed 

by Mann-Whitney U test and by chi-square (χ2) test, respectively. For continuous variables, the Anderson-

Darling test was used to assess the hypothesis of data normality. The association between variables was 

assessed by Pearson’s R correlation coefficient, using a standardized univariate logistic regression model. 

Receiver Operating Characteristic (ROC) curves and related area under curves (AUC) were computed by the 

“ROCR” R package. The De-Long test was used to compare the AUC values between ROC curves. The 

Benjamini-Hochberg procedure was used to control for the false discovery rate (FDR), when appropriate. A p-

value < 0.05 was considered statistically significant. All plots were generated by the “ggplot2” R package. 

Estimating that the prevalence of high-risk CAD is 30% in an unselected cohort of patients with a clinical 

indication for CCT, 322 observations were needed to evaluate an uncertainty of 5% and a significance 

threshold of 0.05. By planning to take 10 photos in each patient, it follows that the sample size included 1,000 

observations, a number well beyond the calculated minimum threshold. 

 

7.3. RESULTS 

The study population included 100 patients with a mean age of 62 ± 10.7 years (69% male) from whom 1,000 

different facial images were recorded. Among them, 61% reported symptoms but only 11 subjects reported 

typical angina. On the contrary, 39% of patients were asymptomatic and cardiac CT was requested due to 

high-risk clinical profile (i.e. diabetes and/or family history of CAD). SCORE2 and pre-test probability of CAD 

were 7.2 ± 4.2 % and 16.7 ± 12.4%, respectively (Table 1).  All patients underwent clinically indicated CCT and 

no adverse events were recorded. Among all patients, 70% had at least one coronary plaque and 26% had at 

least one coronary stenosis >70%. On a per patient analysis, total plaque volume was 102 ± 60.5 mm3, non-

calcified plaque volume was 40.5 ± 71.5 mm3 and low-density plaque volume was 6.4 ± 14.5 mm3. When 

considered as dichotomous variables, 14%, 17% and 20% had high total plaque volume, high non-calcified 

plaque volume and high low-density plaque volume, respectively, while 33% presented at least one high-risk 
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plaque feature. These data are consistent with the prevalence of high-risk plaque features we used for the 

population power calculation. 

The autoencoders identified 64 latent facial features, highly linked with the main CVD risk factors suggesting 

that the learned features were able to discern relevant somatic patterns from facial images. Indeed, several 

facial features showed a significant association with dyslipidemia, diabetes and family history. Of interest, 

several facial features were positively related to adverse plaque characteristics. More specifically, a total of 

15, 23 and 5 facial features showed a significant positive association with high non-calcified plaque volume 

(OR ranging 0.62-1.82 and FDR < 0.05, Figure 1 panel A and Supplementary File 2), high low-density plaque 

volume (OR ranging 0.6-1.94 and FDR < 0.05, Figure 1 panel B and Supplementary File 2) and the presence of 

at least one high-risk plaque feature (OR ranging 0.74-1.45 and FDR < 0.05, Figure 1 panel C and 

Supplementary File 2), respectively. Moreover, all the facial features associated with high non-calcified plaque 

volume were significantly associated with high low-attenuation plaque volume. Additionally, 80% (4 out of 5) 

of facial features that demonstrated a positive association with high-risk plaque features were also associated 

with high low-attenuation plaque volume (Table 2, in bold facial features common to different plaque 

characteristics). Finally, 8 facial features that resulted to be positively or negatively associated with age, sex, 

and family history of CAD were significantly linked to all adverse plaque features (high non-calcified plaque 

volume, high low-attenuation plaque volume and high-risk plaque characteristics) (Figure 2). On the other 

hand, no facial feature was significantly associated with a high total plaque volume (Figure 1 panel D and 

Supplementary, File 2).  

We also implemented multivariate logistics models to compare the capability of the AI model applied to facial 

images vs. SCORE2, which is the ESC validated score for predicting CVD in asymptomatic subjects,  to predict 

the presence of high non-calcified plaque volume, high low-attenuation plaque volume and at least one high-

risk plaque characteristic. All the models based on facial features showed a predictive capability higher than 

that provided by SCORE2 among asymptomatic subjects regarding high non-calcified plaque volume (AUC = 

0.89 vs. AUC_Score2 = 0.66, De-Long p-value << 0.001), high low-density plaque volume (AUC = 0.94 vs. 

AUC_Score2 =0.64, De-Long p-value << 0.001) and the presence of at least one high-risk plaque feature (AUC 
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= 0.79 vs. AUC_Score2 =0.65, De-Long p-value =0.002) (Figure 3). Similarly, all the models based on the facial 

features and analyzed through AI showed higher predictive capability as compared to pre test probability of 

CAD among symptomatic subjects regarding high non-calcified plaque volume (AUC = 0.78 vs. AUC_ProbCAD 

= 0.70, De-Long p-value <0.04) and high low-density plaque volume (AUC = 0.86 vs. AUC_ProbCAD =0.59, De-

Long p-value << 0.001). In contrast, no predictive ability was demonstrated with regard to the presence of at 

least one high-risk plaque feature (AUC = 0.67 vs. AUC_ProbCAD =0.68, De-Long p-value =0.91) 

(Supplementary Figure 3). 

 

7.4. DISCUSSION 

To the best of our knowledge, the present study suggests for the first time that AI models applied to facial 

features may predict the presence of high-risk coronary atherosclerosis identified at CCT, irrespective of 

symptoms and the presence of traditional cardiovascular risk factors. Moreover, several facial features 

included in the model resulted uniquely associated with high non-calcified plaque volume, high low-density 

plaque volume and the presence of at least one high-risk plaque characteristic, while no features were 

correlated with high total plaque volume. These are important findings as previous studies suggested that 

the volume of low-density plaque is associated with systemic inflammation and adverse CVD outcome. On 

the contrary, total plaque volume, and particularly the volume of calcified plaque have been considered an 

aging process that is not directly related to cardiovascular outcome (9-16-17). Thus, our AI model applied to 

facial features seems to predict the presence of high-risk atherosclerosis, independently from the age-related 

atherosclerosis burden further supporting its biological plausibility. 

Although previous data supported the possible association between few somatic characteristics (i.e. male 

pattern baldness, earlobe crease, and xanthelasma) and CAD (18-19), only recently Lin et al. described the 

potential role of AI facial analysis regarding such a relationship (13). The authors applied to a Chinese 

population an AI model for CAD prediction and reported a moderate performance of a deep learning 

algorithm in detecting significant coronary lesions that were confirmed at invasive coronary angiography 
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(ICA). However, it should be noted that several non-invasive tests with high accuracy vs. ICA are available for 

detecting significant coronary lesions in symptomatic patients. Thus, use of facial features instead of 

functional testing in this context may be of limited clinical value. On the contrary, a non-invasive test enabling 

accurate early identification of asymptomatic patients who may be at high risk for coronary atherosclerosis is 

still missing. Of note, previous studies suggested that CCT itself might have a role as a non-invasive diagnostic 

test for early identification of high-risk atherosclerosis, promoting a personalized approach to primary 

prevention strategies that may reduce CVD events, particularly in patients with non-obstructive disease (7). 

However, CCT cannot be used as a screening tool in the general population because of healthcare cost and 

patient safety issues. On the contrary, an AI model applied to facial features could be a safe screening tool, a 

kind of new “biomarker”, which may help physicians for the early identification of a selected subgroup of 

patients at high risk of CAD in whom CCT could be performed, even if they are asymptomatic. Indeed, CCT 

has already been proposed as a tool for primary prevention, but its use has been limited to patients with a 

strong family history of CAD and to those with diabetes. 

It is of significance that our AI model for facial features analysis showed a predictive power for atherosclerotic 

lesions at high risk of CVD events higher than that of SCORE2. Indeed, the latter is the risk prediction algorithm 

currently suggested by international guidelines for CVD risk stratification in asymptomatic subjects. In 

particular, we identified facial features associated with high non-calcified and low-density plaque volume. 

However, no association was found with  the presence of coronary atherosclerosis (i.e. total plaque volume). 

These data may support the hypothesis that there are two distinct pathophysiology phenomena, the first 

characterized by diffuse atherosclerosis, which is widely represented across the entire population, and the 

second by high non-calcified and low-density plaque volume, which are associated with CVD events and 

probably recognize a genetic basis related to systemic inflammation (9- 16-17). 

7.5. Study Limitations 

The present study presents several limitations. First, it is a single-center experience including only Caucasian 

subjects, providing an unbiased model but limited for its application across different ethnicities. Second, we 

have not extracted specific anatomical descriptions of facial features associated with high-risk atherosclerosis, 
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such as the color of the eyes or the length of the forehead, limiting biological support to our data. However, 

it must be remembered that the latent features extracted from the bottleneck of the autoencoders are able 

to capture complex and non-trivial relationships among data. Indeed, as we showed, some features are highly 

related to sex, BMI and dyslipidemia; thus, it is highly likely that those variables incorporate contributions 

from the size, shape and lineament of faces. Third, the study included only 100 patients, but is supported by 

the power calculation of the sample size. Nevertheless, this should be considered as a hypothesis-generating 

study and further prospective randomized trials are needed before this AI-based approach could be extended 

to clinical practice. 

8. CONCLUSION 

This prospective observational trial mentioned highlights a groundbreaking application of Artificial 

Intelligence (AI) in medicine, particularly in the field of cardiology. The AI algorithm in question has been 

designed to analyze facial features, potentially allowing for the non-invasive detection of patients with high-

risk coronary lesions. This application of deep learning, a subset of machine learning, represents a novel 

“biomarker” – a measurable indicator of a medical state that can be accurately and reliably detected. 

 

The use of facial features as a biomarker for cardiac conditions is a relatively new concept, and it leverages 

the capabilities of AI to discern patterns and anomalies that might be indicative of underlying ischemic heart 

disease. The AI algorithm may detect subtle changes in facial features, skin texture, or coloration that are 

correlated with atherosclerotic changes in the coronary arteries. This non-invasive method stands in contrast 

to traditional diagnostic tools such as Coronary Computed Tomography Angiography (CCT), which, while 

effective, are more invasive, costly, and resource-intensive. 

 

By applying this AI model selectively in asymptomatic subjects, healthcare providers may be able to identify 

individuals at high risk of atherosclerosis earlier than would be possible with current standard care practices. 
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This early identification is crucial as it allows for the timely initiation of preventative measures and 

interventions, which could significantly reduce the incidence of cardiovascular disease (CVD) events. 

 

Furthermore, this approach aligns with the principles of precision medicine, which seeks to tailor healthcare 

to the individual characteristics of each patient. The AI-driven analysis of facial features for cardiac risk 

assessment exemplifies how personalized healthcare can be achieved through innovative technology. 

 

However, while the potential benefits of this application are substantial, it is crucial to address the challenges 

and ethical considerations associated with AI in medicine. These include ensuring the privacy and security of 

patient data, addressing potential biases in the AI model, and validating the accuracy and reliability of the AI 

algorithm through extensive clinical trials. Only with rigorous evaluation and adherence to ethical standards 

can the full potential of AI in medicine be realized, ultimately leading to improved patient outcomes and a 

more efficient healthcare system. 

In conclusion, the use of AI to analyze facial features for the detection of high-risk coronary lesions represents 

a revolutionary step in non-invasive cardiac diagnostics. This approach has the potential to enhance early 

detection, promote preventative care, and contribute to the personalization of healthcare. However, it is 

imperative to navigate the associated challenges and ethical considerations carefully, ensuring that the 

integration of AI into clinical practice is conducted with the utmost attention to accuracy, reliability, 

transparency, and ethical standards. 
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9. TABLES 

Table 1. Baseline population characteristics and adverse plaque features. 

 

 

 

HRP: high-risk plaque features; CAD: coronary artery disease; SD: standard deviation. 

Table 2. Facial features positively associated with adverse plaque characteristics at multivariate analysis 

(corrected for traditional cardiovascular risk factors).  

Facial  
Features 

High non-calcified plaque 
volume 

Facial 
Features 

High low-attenuation 
plaque volume 

Facial 
Features 

At least 1 HRP 

 
OR (95%CI) 

p-
value 

 
OR (95%CI) 

p-
value 

 
OR (95%CI) 

p-
value 

feat_01 1.82 (1.51-2.21) 0.000 feat_01 1.94 (1.62-2.35) 0.000 feat_62 1.45 (1.27-1.67) 0.000 

feat_61 1.52 (1.28-1.81) 0.000 feat_61 1.74 (1.47-2.35) 0.000 feat_25 1.41 (1.23-1.62) 0.000 

feat_25 1.48 (1.25-1.75) 0.000 feat_25 1.59 (1.35-1.87) 0.000 feat_08 1.36 (1.19-1.55) 0.000 

feat_11 1.42 (1.20-1.68) 0.001 feat_57 1.54 (1.31-1.82) 0.000 feat_56 1.22 (1.07-1.4) 0.024 

  
  

All 
population 

High total plaque 
volume 

High non-calcified 
plaque volume 

High low-
attenuation plaque 

volume 

At least 1 HRP 

  
  

 n=100 N=14 p-
value 

n=17 p n=20 p-
value 

n=33 p 

Age y/o (mean±SD) 62.7 ± 10.8 67.4 ± 10.1 0.08 63.2 ± 11.1 0.84 61.0 ± 8.88 0.35 64.2 ± 10.7 0.35 

Sex, n(%) 69 (69.0%) 10 (71.4%) 1 13 (76.5%) 0.66 15 (75.0%) 0.71 23 (69.7%) 1 

BMI Kg/m2 (mean±SD) 25.6 ± 3.53 24.8 ± 3.64 0.29 25.5 ± 3.59 0.95 25.2 ± 3.27 0.59 25.1 ± 2.96 0.38 

Any Symptoms, n(%) 61 (61.0%) 9 (64.3%) 1 11 (64.7%) 0.94 12 (60.0%) 1 22 (66.7%) 0.55 

Typical angina, n(%) 11 (11.0%) 4 (28.6%) 0.07 5 (29.4%) 0.03 3 (15.0%) 0.81 7 (21.2%) 0.05 

Atypical angina, n(%) 29 (29.0%) 3 (21.4%) 0.72 6 (35.3%) 0.74 7 (35.0%) 0.70 11 (33.3%) 0.66 

Non angina chest pain, 
n (%) 

10 (10.0%) 0 (0%) 0.39 0 (0%) 0.29 2 (10.0%) 1 2 (6.1%) 0.57 

Dyspnea, n(%) 11 (11.0%) 2 (14.3%) 1 0 (0%) 0.24 0 (0%) 0.17 2 (6.1%) 0.44 

Dyslipidemia, n (%) 40 (40.0%) 10 (71.4%) 0.02 9 (52.9%) 0.36 11 (55.0%) 0.20 15 (45.5%) 0.57 

Diabetes, n (%) 5 (5.0%) 1 (7.1%) 1 1 (5.9%) 1 2 (10.0%) 0.57 2 (6.1%) 1 

Acitve Smoke, n(%) 18 (18.0%) 4 (28.6%) 0.46 3 (17.6%) 1 4 (20.0%) 1 6 (18.2%) 1 

Family history of CAD, 
n (%) 

28 (28.0%) 4 (28.6%) 1 4 (23.5%) 0.88 8 (40.0%) 0.29 9 (27.3%) 1 

Hypertension, n (%) 40 (40.0%) 7 (50.0%) 0.60 10 (58.8%) 0.14 10 (50.0%) 0.44 18 (54.5%) 0.06 

SCORE2 (mean±SD) 7.25 ± 4.19 6.38 ± 2.88 0.80 5.45 ± 3.62 0.26 5.58 ± 3.24 0.26 5.66 ± 2.94 0.15 

Pre-test probability of 
CAD (mean±SD) % 

16.8 ± 12.4 23.7 ± 16.2 0.08 23.5 ± 13.0 0.03 19.9 ± 11.2 0.13 20.2 ± 13.1 0.05 
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feat_33 1.4 (1.18-1.67) 0.001 feat_59 1.54 (1.3-1.84) 0.000 feat_43 1.2 (1.06-1.37) 0.030 

feat_49 1.4 (1.18-1.67) 0.001 feat_49 1.51 (1.28-1.78) 0.000    
feat_59 1.38 (1.16-1.65) 0.002 feat_14 1.49 (1.27-1.77) 0.000    
feat_10 1.35 (1.14-1.61) 0.004 feat_11 1.46 (1.25-1.72) 0.000    
feat_56 1.3 (1.1-1.55) 0.010 feat_05 1.45 (1.23-1.72) 0.000    
feat_57 1.29 (1.09-1.54) 0.012 feat_30 1.44 (1.24-1.68) 0.000    
feat_05 1.27 (1.07-1.51) 0.019 feat_62 1.44 (1.24-1.69) 0.000    
feat_60 1.27 (1.08-1.5) 0.012 feat_10 1.43 (1.22-1.69) 0.000    
feat_62 1.26 (1.07-1.48) 0.016 feat_06 1.42 (1.21-1.69) 0.000    
feat_08 1.25 (1.06-1.48) 0.025 feat_33 1.39 (1.19-1.64) 0.000    
feat_30 1.22 (1.04-1.43) 0.042 feat_18 1.37 (1.17-1.61) 0.000    
   feat_08 1.36 (1.16-1.59) 0.000    
   feat_41 1.35 (1.15-1-6) 0.001    
   feat_43 1.35 (1.16-1.57) 0.000    
   feat_12 1.34 (1.14-1.59) 0.001    
   feat_60 1.33 (1.14-1.55) 0.001    
   feat_56 1.3 (1.11-1.53) 0.002    
   feat_52 1.21 (1.04-1.42) 0.021    
   feat_15 1.2 (1.03-1.41) 0.031    

HRP: high-risk plaque features; OR: odds ratio; CI: confidence interval; The bold feats denote statistically 

significance. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

10. FIGURE LEGENDS 
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Figure 1. Vulcano plots highlighting the association between facial features and high-risk plaque 

characteristics (both quantitative and qualitative) in panel A to C. Panel D shows the absence of a significant 

association between facial features and total plaque volume. 

 

Figure 2. Venn diagram demonstrating that 8 facial features are associated to all high-risk plaque 

characteristics at CCT. Note the frequent overlap between facial features association with high-risk plaque 

and traditional risk factors that supports the biological plausibility of our analysis. 
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Figure 3. ROC curves analysis demonstrating that the prediction power of subclinical high-risk 

atherosclerosis is significantly higher for the AI model applied to facial features compared to SCORE2 in the 

subgroup of asymptomatic patients. 

 

Figure 4: Example of plaque analysis 
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Figure 5: Example of high risk plaque features. Coronary arterial positive remodeling index (PRI) assessed 

using vessel area (PRI = lesion area/reference area). (Panel A and B). Low attenuation plaque: plaque 

consistency was also assessed using Hounsfield Units (HU) resulting to be less than 30 HU (panel C and D) 

Napkin ring sign was defined as the presence of a semicircular thin enhancement (<200 HU) around the 

plaque along the outer contour of the vessel (panel D). Small spotty calcifications were defined as the 

presence of calcification with a diameter <3 mm. (panel E) 
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Figure 6: Representative figure of study design 

 

 

Figure 7: Rappresentative figure of the novel approach to coronary artery disease aimed at halting the 

plaque progression. Modified from Ahmadi, A. et al. J Am Coll Cardiol. 2019;74(12):1608–17 
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Figure 8: A case example of a patients wit early detection of high risk coronary atherosclerosis at CT (panel 

A). Invasive coronary angiography appeared to be negative (panel B) and no aggressive medical therapy was 

implemented. After 3 years the patient had a NSTEMI due to plaque progression on left main (panel C) 

 

 

 

 


