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This study explored multiplex, country-level connections between a wide range of cardiac risk factors and associated mortality within the South Asian Association for Regional Cooperation (SAARC) countries. The grey relational analysis (GRA) methodology is used to evaluate data from 2001 to 2018 to compute scores and rank countries based on cardiac mortality. Subsequently, we used the conservative (Min-Max) technique to determine which South Asian country contributes the most to cardiac mortality. The Hurwicz criterion is further applied for optimization by highlighting the risk factors with the highest impact on cardiac mortality. Empirical findings revealed that India and Nepal are the leading drivers of cardiovascular disease (CVD) mortality among all SAARC nations based on the results of the GRA methodology. Moreover, the outcomes based on the Hurwicz criterion and the conservative criterion indicated that CVD mortality is considerably impacted by household air pollution from the combustion of solid fuel, with India as a potential contributor in the SAARC region. The outcomes of this research may enable international organizations and public health policymakers to make better decisions and investments within the SAARC region to minimize the burden of CVD while also strengthening environmentally sustainable healthcare practices.
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Introduction

Cardiovascular diseases (CVDs) are the leading cause of death and disability worldwide (1). Over the past few decades, cardiac deaths have dropped in various high-income countries (HICs), whereas they have surged in low- and middle-income countries (LMICs), with these economies bearing the majority of the burden, approximately 23% of the world's population (2–4). As a result of rapid modernization, improved survival from acute illnesses, aging, and chronic noncommunicable diseases (NCDs), notably CVDs, have become a grave risk in LMICs, specifically in the densely packed South Asian region (5, 6). In South Asia, NCDs currently contribute to 52% of deaths, and by 2030, they are predicted to be responsible for about 72% of all deaths (7). Ample evidence has demonstrated that South Asians have a higher risk of cardiac disorders, spurring calls to strengthen the management of CVD within this region and among migrant populations (8, 9). In order to establish global and context-specific prevention approaches, we need to document the consistency or discrepancies in the correlations between cardiac risk variables and accompanying deaths, both globally and country-wise categorization by monetary perspectives. To help mitigate the cardiac risk factors at the population level, viable endeavors are recommended.

Multiple objectives are a frequent challenge with systemic issues, which ultimately brings ambiguity. Thus, finding methodologies that incorporate the most criteria in the decision-making procedure and directly affect decisions is important in this situation to decrease inaccuracies (10, 11). The majority of the time, this strategy is challenging to execute due to frequently fluctuating decision-making criteria, increasing the level of uncertainty in the ultimate solution. Health-related procedures are far more complicated since they involve not only technical or financial issues but also a human component that can lead to conflicts of interest and impede the decision-making process. To enhance the health systems overall, several kinds of investigations were performed by applying the multicriteria decision analysis (MCDA) (12, 13). Several distinct MCDA methods conducted in the past in the healthcare domain are summarized in Table 1. These procedures are appreciated for many reasons. From a methodological perspective, researchers hypothesized that the process allowed distinctness, uniformity, and reliability toward more appropriate strategic planning. The MCDA implementation procedures are considered effective and productive in prioritizing contexts more generally (22, 23). These investigations are regulated by employing multiple methodologies to investigate and identify ideal solutions for improving patient care and the healthcare system as a whole. Nevertheless, little is known about the best possible ways to improve the caliber of research and its implementation.


TABLE 1 Multicriteria decision analysis (MCDA) techniques in healthcare.
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Particularly as it relates, the relationship between cardiac risk factors and related mortality is being investigated globally using a wide range of scientific and analytical approaches. These studies incorporated either a limited set of risk factors or nations for their investigations and none of them quantitatively scrutinized the role of all South Asian nations, resulting in contradictory outcomes. These bodies of research contributed key insights into the literature studies. However, by considering all South Asian Association for Regional Cooperation (SAARC) economies collectively with a variety of risk factors, we might draw a more comprehensive breadth of the connections. Accordingly, in the current investigation, we attempted to fill the gaps in the literature by probing the nexus between low physical activity, high blood pressure (hypertensive), smoking, high body-mass index (BMI), high fasting plasma glucose (diabetes mellitus), high total cholesterol (hyperlipidemia), household air pollution from combustion of solid fuels, ambient air pollution, and cardiac mortality within the SAARC region (Maldives, Bangladesh, India, Afghanistan, Nepal, Sri Lanka, Pakistan, and Bhutan) using the grey relational models (GRA) models: (i) Deng GRA, (ii) absolute GRA, and (iii) the second synthetic GRA (SSGRA) model. The purpose of the absolute GRA model is to provide integral closeness or proximity between two variables, whereas Deng's GRA model just reveals partial closeness or proximity. The second synthetic GRA model, on the other hand, incorporates the characteristics of both Deng's GRA and absolute GRA models to offer a more comprehensive closeness, also known as inclusive proximity. This closeness or proximity is also known as the correlation in the current literature. The core idea behind the GRA models is to evaluate the degree of relationships between the study variables based on how comparable their geometric curves are to one another. To put it simply, the fundamental goal of GRA models is to quantify the proximity or closeness of two data sequences that indicate two curves from a distinct perspective. These insights set one GRA model apart from another.

Based on the notion of an association between the reference series and the comparability series of the data, GRA can ascertain the potential factors of the given inputs. These models have higher precision and could produce more reliable solutions only with limited data. Besides, we also utilized two decision-making approaches: (i) the Hurwicz (Min-Max) criterion and (ii) the conservative criterion to carry out a comparative assessment of all risk factors and cardiac mortality within South Asia to indicate the significant contributor (among country and chosen risk factors) of cardiac mortality. When compared to existing strategies for compelling outcomes, the recommended approaches are more effective and help to minimize endogeneity challenges. The proposed model is a vital tool and an additional pragmatic framework for policymakers who seek to mitigate mortality attributable to cardiac events. Figure 1 represents the graphical framework of the investigated work.
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FIGURE 1
 The graphical abstract.




Materials and methods


Data source

Data on the prevalence of cardiac risk factors (high systolic blood pressure, high fasting plasma glucose, high BMI, low physical activity, smoking, high total cholesterol, ambient air pollution, household air pollution due to combustion of solid fuels, and cardiac mortality within the SAARC nations (Afghanistan, Bangladesh, India, Maldives, Nepal, Sri Lanka, Bhutan, and Pakistan) are retrieved from the Global Burden of Disease (GBD) Study 2018 for the timespan 2001–2018.



Grey relational analyses

Grey relational analysis methods are one of the fundamental aspects of grey system theory (GST), which was presented in 1982 by Chinese scholar Deng Julong to deal with ambiguous processes with partial information (33). The basic principle behind grey modeling is that the measure of closeness (or correlation) of the multilateral pattern of a given dataset representing the structural properties could be used to foresee the closeness of a linkage among system variables. A detailed description of the GRA method can be found in Liu et al.'s study (34). The grey methodology was successfully applied in a variety of research domains (35–39). The data series was investigated by engaging GRA methodologies. The GRA models were designed using SPSS (2019), whereas Microsoft Excel software (2019) was used to solve the conservative (min-max) criterion and the Hurwicz's criterion. Initially, the degree of correlations is estimated between the chosen study variables independently using Deng's degree of GRA, and then, the degree of influence is estimated using the absolute degree of the GRA model. Later, the second synthetic GRA model is estimated by incorporating the outcomes obtained from Deng GRA and absolute GRA models, which we named weights. Based on those calculated weights, we set a ranking pattern of the countries to conclude which country is more prone to the selected risk factors. For decision-making under uncertainty, the conservative (Min-Max) technique is deployed to choose the most influential factor affecting cardiac mortality within South Asia. Furthermore, Hurwicz's approach is adopted to distinguish the risk variables that have a relatively strong influence on CVD mortality in South Asian countries. Figure 2 depicts the conceptualized GRA paradigm. The accompanying section summarizes the computing algorithms for grey relational models.
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FIGURE 2
 The operationalized framework of grey relational analyses (GRA).



Deng's GRA model

Let Yi be the reference sequence denoting a dependent parameter and Yj be the comparative sequences denoting an independent parameter. Then, at that point grey relational gradient (GRG), the real number degree addressing the output of the GRA model is depicted as γij or γ(𝕐i, 𝕐j) and can be accompanied by:
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Where,
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In this case, ζ ϵ (0, 1) represents a distinguishing coefficient and is assumed to be at 0.5.



Absolute GRA model

If 𝕐i(dependent) and 𝕐j(independent) are two distinct data series connected within a system, the algorithm for computing the absolute GRA is shown below (34).

[image: image]
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Second synthetic GRA model

The Second synthetic GRA (SSGRA) model can be produced by incorporating the given equation.

[image: image]

where ′[image: yes]′ indicates the SSGRA model, [image: image] indicates the absolute GRA model, and ′γ′ indicates Deng's GRA model outcomes across the two grey data series, i.e., Yi and Yj. Whenever a decision-maker seeks an inclusive evaluation that combines the pros of both ′ϵ′and ′γ′ without endorsing one over another and so sets ϑ at 0.5, we assumed ϑ at 0.5 for our analysis. The detailed literature on grey modeling can be obtained from Liu et al. and Kalyon et al.'s studies (34, 40).





Results

The present study employed grey techniques to accurately measure the degree of relationship between cardiac risk factors and related mortality within SAARC economies (Afghanistan, Bangladesh, India, Maldives, Nepal, Sri Lanka, Bhutan, and Pakistan) from 2001 to 2018. Table 2 shows the conclusions of the grey relational models, specifically the Deng GRA, the Absolute GRA, and the SSGRA, for cardiac risk factors and associated mortality among SAARC economies. The parameters for the SSGRA and absolute GRA models range from 0–1, while, in the case of Deng's GRA model, it ranges from 0.5–1. Additionally, it is regarded to be strongly associated if it is close to 1 and frailly assosciated if it deviates from 1. The obtained ranking sequence based on GRA is shown in Figure 3 in decreasing sequence for comparison purposes. Table 3 displays the criterion action matrix of GRA.


TABLE 2 Grey assessment between cardiac risk factors and associated mortality.

[image: Table 2]


[image: Figure 3]
FIGURE 3
 Ranking sequence based on grey assessment.



TABLE 3 Criteria action matrix.
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According to Absolute GRA findings, India showed the highest linkage between high systolic blood pressure and cardiac deaths, whereas a frail association is experienced in Bangladesh. Similarly, a distinct sequence is generated among SAARC nations based on Deng's GRA model. Maldives accumulated the maximum weight accompanied by Nepal and Bangladesh based on the results of Deng's GRA model. The weakest associations were found in Sri Lanka and Pakistan, with grey scores of 0.5761 and 0.6370, respectively. Consequently, the SSGRA model projections revealed that, among South Asian economies, India appeared to be the strongest country for raising CVD mortality, owing to raised blood pressure, trailed by Maldives and Nepal. Hypertension influenced approximately 22% of the overall population and is thought to be the cause of around 9.4 million deaths each year (41). As per the reports of the World Health Organization (WHO), high blood pressure is more concerning in LMICs, and India is not an exception, as it is currently experiencing a 2-fold disease burden because it transitioned from a period of communicable diseases to one with a higher prevalence of NCD (42). The substantial connection between high systolic blood pressure and CVD mortality in India emphasized that there is an immediate need for hypertension prevention and efforts to optimize the hypertension care continuum.

A multitude of detrimental health and cognitive effects are coupled with high fasting plasma glucose and CVDs (43). Nepal is recognized as the SAARC country with the most substantial contribution to cardiac mortality due to high fasting plasma glucose with a grey score of 0.96321; however, Bhutan has the least favorable association under absolute GRA model output. Additionally, the strength of association for Nepal is shown to be significant as compared to Bhutan. Nonetheless, as per Deng's GRA model, Bangladesh gave off an impression of being profoundly powerful in raising CVD mortality and positioned top among SAARC nations, whereas Afghanistan showed up with the most fragile relationship by acquiring a weight of 0.6381 and positioned last. Notably, with the SSGRA model, Bangladesh sustained its position and placed first within all South Asian economies, demonstrating that the country is significantly potent in raising CVD mortality, owing to high fasting plasma glucose levels in its population, trailed by Nepal and Maldives. Afghanistan and Bhutan were found to have the least effect on cardiac mortality in the SAARC region by attaining grey scores of 0.7658 and 0.7421, respectively. The increased level of fasting plasma glucose is related to an increased incidence of DM, which is a substantial risk factor in the progression of cardiovascular disorders. Our findings corroborated some earlier investigations that showed a substantial linkage between high fasting plasma glucose levels and higher CVD mortality (44, 45). This finding emphasized that the significance of raising awareness and screening together with a customized approach is fundamental for ending the scourge of diabetes and pre-diabetes in Bangladesh.

The literature provided abundant evidence that the predominance of high BMI is reliably and firmly related to a greater risk of cardiac incidence and in turn leading to mortality globally (46, 47). As per the results of Deng's GRA model, Bangladesh showed a more stable degree of association between high BMI and cardiac mortality while Afghanistan showed the weakest connection. In the case of Nepal, the findings appeared to be the same for Deng GRA and the SSGRA models, signifying a significant linkage between cardiac-related mortality and high BMI in its population led by Bangladesh and Sri Lanka. The significant linkage between high BMI and cardiac deaths in Nepal was revealed to be the most striking risk factor for assessing and foreseeing cardiac-related mortality. Afghanistan and Bhutan emerged as the SAARC economies with the least grey scores, representing the frail relationship of high BMI with cardiac mortality under absolute and SSGRA model outcomes, individually. The outcomes supported earlier studies that established the relevance of high BMI in the onset and progression of cardiac-related diseases (48, 49). Obesity will disproportionately affect LMICs in the future. Continuous urbanization stimulates risk factors such as sedentary behavior and fat and sugar-loaded eating regimens. Low-income nations like Nepal experience a 2-fold disease burden of communicable dieases and NCDs, which are usually accompanied by obesity (50).

Considering the impact of low physical activity on cardiac mortality within the South Asian region, Pakistan, Maldives, and Bhutan sustained their positions against all grey relational models. However, the degree of relationship was assessed to be more significant for the Pakistani populace than for Maldives and Bhutan. Sri Lanka positioned second under absolute GRA and Deng GRA models, but moved its position to third under the SSGRA model; however, the estimated grey relational weight is found higher in absolute GRA. Similarly, among all SAARC countries, the assessed outcomes for Afghanistan remained the same under Deng GRA and the SSGRA models with a weak intensity of association. Under the SSGRA model, the strength of the relation is meaningfully stronger for Nepal, suggesting that low physical activity has a sizeable influence on mortality in its dense population, accompanied by India and Sri Lanka. The grey relational findings of our study are found reliable with a scope of past investigations in which sedentary behavior is discussed as a significant risk factor. As the cardiac burden has been expanding, primary and secondary care are likely to be fundamental public healthcare policy priorities in the foreseeable future (51, 52).

Based on the findings from the Deng GRA and SSGRA models with relatively stronger intercorrelations, smoking was found to be the most significant prognostic risk factor for cardiac mortality in the Indian population. Nevertheless, Bangladesh and Sri Lanka were ranked second and third, respectively, in the South Asian region. As determined by the absolute GRA and SSGRA models, Maldives and Afghanistan had the lowest scores, suggesting that they have the lowest disease burden among SAARC nations as a result of smoking. Considerable studies showed that smoking raises the risk of almost all CVD subtypes, essentially increasing the risk of cardiac mortality, such as stroke, heart failure, and AMI (53, 54). It is estimated that, currently, 275 million individuals consume tobacco in India. Tobacco is projected to cause approximately one million deaths per annum in India, posing a significant burden of mortality (55). Treatments for smoking cessation that are based on scientific evidence are available. To combat the tobacco pandemic, more dissemination, adoption, and execution are essential. The cardiology department has a professional responsibility to help improve tobacco control initiatives and can play a pivotal role in accomplishing a smoke-free future.

Table 2 provides an analysis utilizing the grey relational models of the association between high total cholesterol and mortality associated with cardiac disorders within South Asia. The findings of this research corroborated with past research studies that established the importance of high total cholesterol with cardiac events and related mortality. Also, given the scores computed by each of the three grey relational models, Sri Lanka, Bhutan, Afghanistan, and the Maldives continued their position and were designated as third, sixth, seventh, and eighth, sequentially. Despite this, Maldives and Afghanistan are considered the least influential countries with the impact of high total cholesterol on CVD mortality among South Asian countries. It is important to note that Nepal obtained the highest weight based on the calculated findings of the SSGRA model portraying the contribution of the significant burden of disease in its populace due to high total cholesterol trailed by India and Sri Lanka. Epidemiological and clinical research exhibited that an abnormal degree of cholesterol intensifies the risk of coronary heart disease (CHD) (56, 57). Evidence also suggested that having low HDL-C and high triglyceride levels were a substantial risk factor for major coronary events (58), and the post hoc analysis of various clinical trials revealed that individuals with low HDL-C and high triglycerides levels have the highest likelihood of suffering from CHD (59). To minimize or forestall the risk of CVD in the Nepalese population, the promotion of a healthy lifestyle and the implementation of a comprehensive elevated serum cholesterol screening, treatment, and control plan were required.

Our study additionally explored the influence of outdoor pollution on CVD mortality among SAARC nations. The conclusions of GRA models revealed that Bangladesh was positioned at the top under the absolute GRA model, Pakistan ranked first under Deng's GRA model, whereas India ranked top under the SSGRA model, which indicated a potential effect of ambient air pollution as a substantial predictive risk factor of CVD mortality. Furthermore, it appeared that Sri Lanka, Bhutan, and the Maldives were the countries with the weakest evidence of a link between outdoor pollution and cardiac mortality. Similarly, Bangladesh ranked second under the Deng GRA and SSGRA model outcomes while Pakistan was positioned third under the absolute GRA and SSGRA model outcomes, depicting that, after India, these regions had the most notable repercussions of ambient air pollution on cardiac mortality, with a strong linkage. The current findings supported several other research studies that demonstrated a significant contribution of ambient air pollution to the onset, progression, and mortality of CVD.

An intriguing ranking pattern emerged when the effect of household pollution due to solid fuels on cardiac mortality was examined among SAARC economies. The risk factor of household air pollution signified a greater impact on CVD deaths in densely populated countries of Nepal and India, although they shuffled their position under the absolute and Deng GRA models. The findings exhibited that household air pollution is a significant prognostic risk factor to measure and foresee cardiac event-related fatalities among the population of Nepal and India. Pakistan, Bangladesh, Bhutan, and the Maldives maintained their ranking order against each of the three grey relational outcomes with a significant degree of correlation observed in the case of Pakistan in particular. Of note, Afghanistan ranked sixth and Sri Lanka ranked seventh under the absolute and SSGRA models, depicting the least influence of the disease burden because of indoor pollution due to solid fuels. The findings of the present study showed a high correlation between indoor pollution due to solid fuels and several cardiac ailments and related mortality, which was consistent with the range of epidemiological studies (39, 60, 61).

To proceed with the further analysis, we defined the country variables as Pakistan (C1), Bangladesh (C2), Maldives (C3), Afghanistan (C4), Nepal (C5), India (C6), Sri Lanka (C7), and Bhutan (C8). However, risk factors are defined as high systolic blood pressure (A1), high fasting plasma glucose (A2), high BMI (A3), low physical activity (A4), smoking (A5), total high cholesterol (A6), ambient air pollution (A7), and household air pollution from solid fuel (A8).


The conservative (min-max) criterion

Subsequently, we followed the conservative (Min-Max) technique to ascertain which South Asian economy is more accountable for the rise in cardiac mortality. This metric was adopted in line with the guidance provided by Prasad et al. (62). As cardiac mortality needs to be lowered, the following Min-Max criterion was adopted:

[image: image]

According to the estimated figures, among the SAARC countries, India has a substantial part attributable to cardiac events. The results of the decision-making procedure demonstrated that India can promote a novel approach and implemented corrective actions to lower total cardiac mortality within South Asia.



Hurwicz's criterion result

Hurwicz's method is applied to indicate probable CVD mortality risk factors among SAARC countries. The reference can be seen in the literature on the algorithms of this method (63). Hurwicz's criterion would be determined by maintaining α = 0.8 since we seek to reduce cardiac mortality for the present investigation.

[image: image]

Table 4 displays the weighted mean that is determined using Hurwicz's criterion. Given the estimated weighted average, indoor pollution due to combustion (0.5781) was revealed to be a more intense risk factor for accelerated cardiac mortality among SAARC countries when compared with the remainder of the risk determinants. The projected findings of both decision-making techniques demonstrated that, among SAARC nations, Nepal is the leading contributor to cardiac mortality, while household air pollution is the most intensified risk factor in accelerating cardiac events. Thus, renewed endeavors to address the prevention, intervention, diagnosis, and administration of CV risk factors among SAARC countries are required.


TABLE 4 Assessment based on the Hurwicz criterion.
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Discussion

The findings of GRA revealed that India and Nepal are the leading drivers of high CVD mortality in the regions of South Asia. Of note, Afghanistan, Bhutan, and the Maldives appeared as the least influential countries in terms of disease burden in the present investigation. Also, the outcomes of the decision-analysis integrating two distinct approaches demonstrated a robust connection between India, household air pollution from solid fuels, and cardiac mortality within the SAARC economies. More precisely, the findings of the present investigations indicated that household air pollution from solid fuels significantly affected CVD mortality, with India as a leading contributor of CVD-related deaths in the SAARC regions more potentially than other variables.

The primary contribution of the present study is that it takes into account a range of determinants and mortality associated with CVD in all SAARC nations. In India, the prevention of risk factors to forestall the CVD burden is poor. Although patients with such ailments need medical care, they are commonly misdiagnosed, overlooked, or left unmanaged. To curb the rise of the CVD burden in India, new cost-effective techniques to alter cardiac risk factors will need to be implemented, distributed, scaled, and sustained (64, 65). Developed economies encountered considerable reductions in age-adjusted cardiac mortality because of population-wide primary preventive efforts combined with advances in secondary and emergency treatment. To accomplish comparable additions, India must adopt the populace-level approach intercessions while fortifying and coordinating its regional, local, and national health care systems. To enable all Indians to achieve their right to health, providing universal health insurance, particularly financial risk protection, remains an idealistic objective. Innovation in research across the therapeutic continuum will be fundamental for effective control and prevention of CVD in India, with bits of knowledge that could impact worldwide endeavors.

Surprisingly, of all selected CV risk factors, household air pollution held considerable domination in cardiac deaths within South Asian countries. Chronic exposure to air pollutants is a known risk factor for a range of CV-associated morbidity and mortality (66, 67). Almost 33% of the total population and an incredibly greater part of households in low-income settings depend on biomass fuels like wood, coal, manure, and agricultural wastes as their principal source of homegrown energy. Because of their fragmented ignition, a large number of pollutants related to undeniable degrees of indoor air pollution are produced, which incorporate suspended particulate matter (SPM), formaldehyde, carbon monoxide (CO), polycyclic fragrant hydrocarbons, nitrogen dioxide (NO2), and much more (68). There is growing evidence suggesting that exposure to these pollutants may raise the risk of cardiac events and associated mortality. It is estimated that the use of solid fuels in residences, mostly for cooking, causes more than 3.5 million early deaths per annum and approximately 110 million disability-adjusted life years (DALYs) (69, 70). The effects of indoor air pollution on cardiac health and outcomes have received less attention in emerging Asian nations, although they use equivalent or more biomass fuel than industrialized countries, indicating higher levels of indoor air pollution and relatively higher CVD burdens (61). It is one of the significant worldwide public health challenges and needs increased preventative endeavors via studies and legislation. Multiple workarounds are known to lower indoor emissions while cooking. At the community scale, energy technology must be modernized and public knowledge of the severity of cooking-related pollution must increase. Adequate actions to address a wide range of cooking-related difficulties through education, economic growth, and renewable energy resources may be very advantageous in lowering the potential heart health risks caused by biomass fuel emissions.

The data from GBD relied on regularly accessible statistics from several countries and regions, despite being comprehensive and open to almost all nations around the globe. There may be variations in the reliability of data collection and processing and the validity of the cause of mortality. In addition, if the variables (risk factors) are extended, subsequent research may be conducted using more grey relational methodologies to do a comparative analysis with other regions of the world.



Conclusion

Our insights have considerable implications for health policies and decision-makers for achieving sustainable development goals (SDGs) of wellbeing and good health. To attain a health goal with a perspective of CVD, we need to comprehend that the healthcare industry is merely one of many contributors to healthier longevity. Nutrition, lack of physical activity, environmental sustainability, and tobacco usage will all be impacted by agricultural, climatic, transportation, economic, and trade deals. To endorse and vindicate a meaningful reversion in cardiovascular health, we must cooperate across disciplines and geographic boundaries. Only then could we encourage other organizations and enterprises to devote themselves to our shared objectives, which are essential to global population healthcare and prosperity. Ideally, the SAARC governments should solidly work together, advocate, and emphasize initiatives that might reduce the burden of CVD in the zone via evidence-based therapeutics encompassing prompt diagnostics and prevention to optimal care and treatments. We suggest that multi-sectoral cooperation involving all stakeholders is vital to develop an awareness of risk factors, mitigation, treatment, and aftercare of heart disease across the South Asian region.
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