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A B S T R A C T 
Background: Cardiovascular diseases (CVDs) are a growing cause of morbidity and mortality, especially in 
rural India. Accurate risk assessment is crucial for effective primary prevention. This study estimated 10-year 
CVD risk in rural North Maharashtra using Cholesterol & Non cholesterol based WHO/ISH charts, identified 
data gaps, assessed agreement between charts, and employed Classification and Regression Tree (CART) 
analysis. 

Methods: The Cross-sectional study conducted among (n=110) rural adults (≥40 years). Data included de-
mographics, smoking, diabetes, Systolic blood pressure (SBP), Fasting blood sugar level (FBS), and Total cho-
lesterol (TC). CVD risk was determined using WHO/ISH charts (with/without cholesterol) for SEAR D coun-
tries. CART analysis used to predict the binary risk category (Mild Vs Moderate to severe) derived from Cho-
lesterol based WHO/ISH chart, and Kappa statistics assessed chart agreement. 

Results: Participants' mean age was 54.9 years. High prevalence included SBP >130 mmHg (62.7%), abnor-
mal TC (33.6%), and diabetes (25.5%). The WHO/ISH chart classified 37.3% as moderate-to-severe risk. 
CART analysis identified age, FBS, and TC as key predictors. Moderate agreement (kappa = 0.499) was found 
between the WHO/ISH charts. Age, diabetes, and TC linked significantly to severe risk. 

Conclusion: Rural North Maharashtra carries a significant CVD risk factor burden. Age, fasting blood sugar 
levels, and total cholesterol were key predictor of moderate to severe risk category. Including cholesterol in 
risk assessment is vital, as its omission may underestimate risk. 
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INTRODUCTION 

Cardiovascular diseases (CVDs), including myocardi-
al infarction (MI) and stroke, are leading global caus-
es of morbidity and mortality.1,2 Their burden is sig-
nificant in low- and middle-income countries 
(LMICs) like India, where demographic and epidemi-
ological transitions have increased CVD preva-
lence.3,4 While urban populations have historically 
faced higher risks, rural areas show a growing bur-
den. Based on the ICMR-INDIAB study, while urban 
areas have a higher diabetes prevalence at 16.4%, 
the epidemic is clearly shifting to rural India with a 
prevalence of 8.9%, alongside a high overall burden 
of hypertension at 35.5% and dyslipidemia at a stag-
gering 81.2%.5 The shift of the non-communicable 
disease (NCD) epidemic to rural areas is evident, re-
quiring urgent public health initiatives and a reorien-
tation of healthcare priorities with prevalence rates 
of diabetes and other metabolic NCDs much higher 
than previously reported, necessitating focused risk 
assessments.5,6 Identifying high-risk individuals is 
critical for primary prevention, encompassing life-
style modifications and pharmacological interven-
tions.4,6 

The World Health Organization/International Socie-
ty of Hypertension (WHO/ISH) risk charts, estimat-
ing 10-year risk based on age, sex, smoking status, 
systolic blood pressure (SBP), diabetes, and some-
times total cholesterol (TC), are prediction tools used 
in India to assess CVD risk.2,7,8 Studies in rural India 
report varying prevalence: 17% of those over 40 in 
rural South India had moderate-to-high risk9; 15.2% 
of rural Karnataka residents had a ≥30% chance of 
MI or stroke within ten years³; and 44.4% in rural 
North India had a CVD risk of ≥10%.6 Regional varia-
tion is further highlighted by research in Mysuru9 
and Puducherry.2,9 CVD risk also differed among oc-
cupational and urban cohorts; for example, urban 
CVD risk in Tamil Nadu was 25.6%10, and Bengaluru 
police officers showed 9.3% high CVD risk¹. A Tamil 
Nadu study found 1.12% of adult males had >30% 
10-year CVD risk via Framingham score. 11These dif-
ferences emphasize region-specific evaluations.11 

WHO/ISH risk charts are practical for risk stratifica-
tion, but alternative methodologies like Classification 
and Regression Trees (CART) offer advantages.7,12 
CART, a non-parametric statistical learning tech-
nique, partitions data into risk categories based on 
predictor variables, capturing complex interactions 
traditional models miss. While CVD risk models have 
been compared across populations13,14, their ap-
plicability in diverse Indian cohorts requires further 
evaluation. Thulani UB et al15 (2021) found the 
WHO/ISH (SEAR-B) chart overestimated risk in Sri 
Lanka, highlighting calibration's importance. Re-
search from 2018 noted wide geographic and socio-
demographic variations in India, reinforcing the need 
for tailored tools.16 

This study aims to fill a critical gap in region-specific 

CVD risk estimation. India belongs to the WHO/ISH 
SEAR D country group (with Sri Lanka, Nepal, Bhu-
tan, Pakistan, Bangladesh). While WHO/ISH charts 
are widely applied in India, rural North Maharashtra 
remains understudied. Comparing WHO/ISH (Type 
D)17 with CART analysis offers a unique opportunity 
to explore a data-driven approach's predictive capa-
bilities in this population. 

This primary objective was to quantitatively assess 
the 10-year cardiovascular disease (CVD) risk in a 
cohort of adults from rural North Maharashtra by us-
ing two distinct methodologies. First, the cholesterol-
based WHO/ISH risk chart (Type D)17 was applied to 
establish baseline risk estimations. Concurrently, the 
predictive efficacy of the Classification and Regres-
sion Tree (CART) model was evaluated. The investi-
gation also sought to determine the level of concord-
ance between the cholesterol-based and non-
cholesterol-based WHO/ISH charts. A core hypothe-
sis of the study was that the cholesterol-based model 
would identify a higher prevalence of at-risk individ-
uals, while the CART model would reveal non-linear 
interactions among key predictors, offering a more 
nuanced understanding of CVD risk factors. 

The Classification and Regression Tree (CART) anal-
ysis excels at uncovering novel, non-linear relation-
ships among risk factors that traditional, more rigid 
models might miss. Its key advantage over many 
other machine-learning methods is providing a 
transparent, visual decision tree that clearly shows 
how specific risk factor combinations lead to an out-
come, making the model's logic both powerful and 
interpretable in a clinical context. 

Integrating insights from both approaches, this study 
aimed to provide a comprehensive CVD risk assess-
ment, informing targeted prevention strategies in ru-
ral North Maharashtra. 
 

METHODOLOGY 

Study Design and Setting: This cross-sectional, 
community-based study was conducted at the Rural 
Health Training Centre (RHTC) of a tertiary 
healthcare institute located in Nashik, Maharashtra, 
India. The RHTC serves the surrounding rural popu-
lation, providing a representative setting to assess 
cardiovascular disease (CVD) risk profiles within a 
distinct regional context. 

Study Duration: The study duration was September 
2022 to May 2023. 

Sample Size and Participant Selection: The target 
sample size for this study was calculated using 
OpenEpi software, Version 3. Based on an assumed 
coronary heart disease prevalence of 13%18-20, a 95% 
confidence interval, a 5% margin of error, and a de-
sign effect of 1, the estimated sample size was 104 
participants, which was rounded up to 110 to ac-
count for potential non-response or incomplete data. 
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Participants were selected via simple random sam-
pling from the adult population aged 40 years and 
above residing in the RHTC's service area. Partici-
pants of aged 40 years or older with no prior history 
of documented cardiovascular events such as stroke, 
myocardial infarction (MI), ischemic heart disease 
(IHD), or cardiomyopathy were included. Partici-
pants who were not willing to either participate or 
provide written informed consent were excluded. 
Ethical approval for the study was obtained from the 
Institutional Ethics Committee of SMBT, IMSRC, 
Nashik (IEC approval of protocol no. SMBT/IEC/ 
2019/51, with reference no. 544/SMBT/02/SS/UG/ 
IEC/20/11 dated 18/01/2020). and comprehensive 
written informed consent was secured from all par-
ticipants prior to data collection. 

Operational Definitions: For consistency and clari-
ty, certain operational definitions were adopted. Di-
abetes was defined as a fasting plasma glucose level 
of ≥126 mg/dL, a postprandial glucose level of ≥140 
mg/dL (confirmed on two separate occasions), or 
current use of insulin or oral hypoglycemic agents. 
For reliable blood pressure measurement, two read-
ings of systolic blood pressure (SBP) were taken at 
least five minutes apart. The participant was seated, 
with their right upper arm at heart level during both 
readings, and the final SBP value was represented by 
mean of these two measurements. Participants were 
classified as smokers if they were current smokers or 
had ceased smoking within the past year. For Total 
Cholesterol (TC), levels exceeding 200 mg/dL were 
considered high. For conversion, mg/dL values were 
divided by 38 to obtain mmol/L. 

Data Collection: Data were systematically collected 
through a multi-faceted approach. A semi-structured 
questionnaire, which had been pilot-tested for clarity 
and validity, was administered to gather demograph-
ic information, lifestyle factors, and relevant medical 
history. Standardized anthropometric measurements 
were performed, including height (using a stadiome-
ter), weight (using a calibrated digital scale), and 
waist circumference (using a non-stretchable meas-
uring tape). Blood pressure readings were obtained 
using a calibrated sphygmomanometer, with meas-
urements taken after a 5-minute rest period in a 
seated position. 

For biochemical analyses, all 110 participants were 
asked to observe an 8-hour overnight fast before ve-
nous blood samples drawn. These samples were 
used to measure fasting blood sugar and total choles-
terol levels. Cholesterol testing was specifically per-
formed using the enzymatic CHOD-POD method. To 
ensure accuracy and consistency, all blood analyses 
were conducted at a NABL certified laboratory affili-
ated with the tertiary healthcare institute. 

Cardiovascular Risk Assessment: The 10-year risk 
of myocardial infarction (MI) and stroke for all 110 
participants was estimated using the both WHO/ISH 
risk prediction charts specifically designed for the 
South-East Asia Region, Type D (SEAR-D region)17.  

Two versions of the WHO/ISH charts were utilized: 

Basic WHO/ISH Chart: This chart assesses CVD risk 
based on a set of core parameters: age, sex, systolic 
blood pressure (SBP), smoking status, and diabetes 
status. (Figure 1) 

Cholesterol-Based WHO/ISH Chart: This advanced 
chart incorporates all the parameters of the basic 
chart but additionally includes serum total choles-
terol levels, providing a more comprehensive risk as-
sessment. (Figure 2) 

The risk estimation process was conducted through a 
standardized, stepwise methodology. The appropri-
ate risk chart was first selected according to the par-
ticipant’s diabetes status, with distinct charts applied 
for diabetic and non-diabetic individuals. Within 
each chart, gender-specific tables were employed to 
ensure precision in risk calculation. Participants’ 
smoking status was identified and categorized as 
current smoker, recent quitter (within the past year), 
or non-smoker. Age was classified into predefined 
groups (40-49, 50-59, and 60-69 years) based on 
chart-specific criteria. Systolic blood pressure (SBP) 
was measured in the seated position, and the corre-
sponding SBP category on the chart was used for risk 
determination. For cholesterol-based charts, serum 
total cholesterol concentrations were integrated into 
the calculation to refine cardiovascular risk estima-
tion. 

CVD risk classification was determined by color-
coded categories as per the WHO/ISH charts: Green 
(<10% risk), Yellow (10% to <20% risk), Orange 
(20% to <30% risk), Red (30% to <40% risk), and 
Deep Red (>40% risk). 

Statistics: All data collected were meticulously en-
tered and analyzed using SPSS statistical software, 
Version 22. Descriptive statistics, including frequen-
cies and percentages, were employed to characterize 
the distribution of risk factors and the 10-year cardi-
ovascular disease (CVD) risk categories within the 
study population. Pearson’s chi-square test was ap-
plied to assess associations between categorical risk 
factors and CVD risk classifications. The agreement 
between the cholesterol and non-cholesterol based 
WHO/ISH charts was evaluated using Kappa statis-
tics. A p-value of less than 0.05 (p <0.05) was consid-
ered to indicate statistical significance. Importantly, 
there were no missing data, and all 110 participants 
were included in the final analysis 

Classification and Regression Tree (CART) Analy-
sis Model: The data for CART analysis was imported 
meticulously and analyzed using Minitab® Version 
22 with inbuilt Classification and Regression Tree 
(CART) algorithm. Furthermore, CART analysis was 
conducted using specialized statistical software 
which randomly partitioned the dataset into 80% for 
training and 20% for testing. This analysis was based 
on the variables from the cholesterol-based 
WHO/ISH chart, with risk categories dichotomized 
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into mild versus moderate to severe CVD risk, ena-
bling a detailed evaluation of predictive associations 
between individual risk factors and the primary 
study outcomes. The outcome variable was defined 
as a binary classification, categorizing participants 
into two distinct groups: mild CVD risk versus mod-
erate-to-severe CVD risk. The CART algorithm itera-
tively partitioned the dataset into increasingly ho-
mogeneous subsets by identifying the optimal split 
points for predictor variables. This process, driven 
by the Gini index, ensured that each node in the tree 

optimally divided the outcome classes. This inbuild 
CART model uses 10-fold cross validation which sys-
tematically divides data into 10 subsets, where each 
fold served as a test set against the remaining nine 
folds used for training. 

The dataset was Model performance was compre-
hensively evaluated using a range of metrics, includ-
ing the confusion matrix (Sensitivity, Specificity) and 
the Area Under the Receiver Operating Characteristic 
(ROC) curve. 

 

   
Green (<10% risk), Yellow (10% to <20% risk), Orange (20% to <30% risk), Red (30% to <40% risk), and Deep Red (>40% risk). 

Figure 1: WHO- ISH Risk Prediction chart (non-cholesterol based)  
 

     
Green (<10% risk), Yellow (10% to <20% risk), Orange (20% to <30% risk), Red (30% to <40% risk), and Deep Red (>40% risk). 

Figure 2: WHO- ISH Risk Prediction chart based on Cholesterol level 
 

RESULTS 

A total of 110 participants were enrolled, with a 
mean age of 54.97 (±10.75) years. The majority 
(73.6%) were aged 41-60 years, and males constitut-
ed 70.9% of the study population. Elevated systolic 
blood pressure (≥130 mmHg) was observed in 
62.7% of participants, while 17.3% were current 
smokers. Abnormal total cholesterol (>5.16 mmol/L) 
and fasting blood sugar (>126 mg/dL) were reported 
in 33.6% and 21.8% of participants, respectively. 

Postprandial hyperglycemia was present in 66.4%, 
and 25.5% reported a family history of diabetes 
mellitus. These findings indicate that the study popu-
lation carried a substantial cardiometabolic burden 
(Table 1). 

Risk stratification by WHO/ISH charts is presented in 
Table 2. Using the cholesterol-based chart, 37.3% of 
participants were classified into the moderate-
severe risk category, whereas the non-cholesterol-
based chart identified only 24.6% in this group. 
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Table 1: Baseline characteristics of study partici-
pants (N = 110) 

Variable Participants (%) 
Age group (years)  

40-50 45 (40.9) 
51-60 36 (32.7) 
61-70 20 (18.2) 
>70 9 (8.2) 
Median (Mean ± SD)  53 (54.97 ± 10.75) 

Gender  
Female 32 (29.1) 
Male 78 (70.9) 

Systolic BP (mm Hg)  
≤120 23 (20.9) 
121-129 18 (16.4) 
130-139 35 (31.8) 
140-179 34 (30.9) 

Smoking status  
No 91 (82.7) 
Yes 19 (17.3) 

Total cholesterol  
Normal (≤5.16 mmol/L) 73 (66.4) 
Abnormal (>5.16 mmol/L) 37 (33.6) 
Median (Mean ± SD) 4.99 ± 1.22 

Fasting blood sugar level  
Normal (<126 mg/dl) 86 (78.2) 
Abnormal (>126 mg/dl) 24 (21.8) 
Median (Mean ± SD)  116 (115.57 ± 12.61) 

H/O Diabetes mellitus  
No  82 (74.5) 
Yes  28 (25.5) 

 

Table 2: Cardiovascular disease (CVD) risk cate-
gories by WHO/ISH charts with and without cho-
lesterol (N =110) 

Risk Categories With  
cholesterol 

Without  
cholesterol 

Risk Category   
Green (<10%) 69 (62.7) 83 (75.5) 
Yellow (10-<20%) 19 (17.3) 22 (20.0) 
Orange (20-<30%) 15 (13.6) 4 (3.6) 
Red (30-<40%) 2 (1.8) 0 (0.0) 
Deep Red (≥40%) 5 (4.5) 1 (0.9) 

Risk Category (Grouped)  
Mild (<10%) 69 (62.7) 83 (75.5) 
Moderate to Severe (≥10%) 41 (37.3) 27 (24.6) 

Figures in parenthesis indicate percentage 
 

Table 3: Agreement analysis between WHO ISH 
risk chart with and without Cholesterol 

Without Cholesterol With cholesterol Total 
Mild 
(<10%) 

Moderate 
to Severe  
(≥10%) 

 

Mild (<10%) 64 19 83 
Moderate-Severe (≥10%) 5 22 27 
Total 69 41 110 
Note: Observed agreement = 86 (78.2%); agreement expected by 
chance = 62.1 (56.5%); Kappa = 0.499 (moderate agreement); SE 
= 0.085; 95% CI = 0.332-0.666. 

The cholesterol-based chart categorized more indi-
viduals into high-risk strata, including 4.5% in the 
very high-risk (≥40%) category compared to 0.9% by 
the non-cholesterol chart. Overall, inclusion of cho-
lesterol led to an absolute increase of 12.7% in par-
ticipants labeled at higher CVD risk, suggesting pos-
sible overestimation. 

Agreement analysis between the two charts is shown 
in Table 3. Out of 110 participants, 86 (78.2%) had 
concordant risk classification, while 24 were dis-
cordant. Cohen’s Kappa statistic was 0.499 (95% CI: 
0.332-0.666), reflecting moderate agreement. This 
suggests that although broadly comparable, the non-
cholesterol chart may underestimate risk relative to 
the cholesterol-based chart. 

Age, diabetes, fasting blood sugar, and total choles-
terol were significantly associated with higher CVD 
risk. The prevalence of moderate-severe risk in-
creased from 17.8% in the 40-50-year group to 
88.9% in those >70 years (χ²=22.1, p<0.001). Partic-
ipants with history of diabetes (75.0%), abnormal 
fasting blood sugar (45.3%), and elevated cholesterol 
(70.3%) had markedly higher risk (all p<0.001). 
Postprandial hyperglycemia showed a non-
significant trend toward increased risk (p=0.06). 
Gender and smoking were not associated with risk 
(Table 3). 

The CART model identified fasting blood sugar (FBS) 
as the primary splitting variable (threshold 87 
mg/dL). Individuals with FBS ≤ 87 mg/dL were fur-
ther categorized by age: those ≤ 67 years predomi-
nantly classified as “Mild” risk (98.1%), while indi-
viduals > 67 years showed significantly higher risk, 
with 63.6% falling into the “Moderate to Severe” cat-
egory (Figure 3). 

Among individuals with FBS > 87 mg/dL, total cho-
lesterol (TC) was the next key determinant. If TC ex-
ceeded 5.603 mmol/L, all individuals (100%) were 
classified as “Moderate to Severe” risk. For those 
with TC ≤ 5.603 mmol/L, age again played a discrim-
inatory role: individuals ≤ 63.5 years underwent an 
additional FBS-based split, while those > 63.5 years 
were uniformly categorized as “Moderate to Severe” 
risk. 

The confusion matrix in Table 5 details the model's 
predictive accuracy, showing a high overall correct-
ness of 95.5% on the training set and 71.8% on the 
independent test set. Specifically, the model accu-
rately predicted 97.6% of the moderate-to-severe 
cases in the training set, although this dropped to 
61% on the test set. 

Table 6 provides key performance metrics in which 
the true positive rate or sensitivity for moderate-to-
severe CVD risk, was 97.6% in training but decreased 
to 61% in testing, indicating some overfitting. Con-
versely, the true negative rate or specificity for mild 
CVD risk, was robust at 94.2% in training and re-
mained relatively high at 78.3% in the test set. 
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Table 4: Association of Risk factors with CVD Risk categories 

Variable Mild (n=69) (%) Moderate-Severe (n=41) (%) χ² value p-value 
Age (years) 

  
 
22.1 

 
<0.001* 40-50 37 (82.2) 8 (17.8) 

51-60 23 (63.9) 13 (36.1) 
61-70 8 (40.0) 12 (60.0) 
>70 1 (11.1) 8 (88.9) 

Gender 
  

 
0.162 

 
0.687 Female 21 (65.6) 11 (34.4) 

Male 48 (61.5) 30 (38.5) 
Smoker 10 (52.6) 9 (47.4) 1.001 0.317 
Fasting Blood sugar level    

10.8 
 
<0.001 Normal <126 mg/dl 22 (91.7) 2 (8.3) 

Abnormal >126mg/dl 47 (54.7) 39 (45.3) 
Post prandial Blood sugar level    

3.57 
 
0.059 Normal 28 (75.7) 9 (24.3) 

Abnormal 41(56.2) 32(43.8) 
H/O Diabetes (DM) 7 (25.0) 21 (75.0) 22.867 <0.001* 
Total cholesterol 

  
 
25.96 

 
<0.001* Normal (≤5.16 mmol/L) 58 (79.5) 15 (20.5) 

Abnormal (>5.16 mmol/L) 11 (29.7) 26 (70.3) 
Mild = <10% 10-year CVD risk; Moderate-Severe = ≥10% 10-year CVD risk (WHO/ISH chart with cholesterol). 

 
Red: Mild Risk category, Blue: Moderate to High-risk category 

Figure 3: CART Model for Cardiovascular Risk Prediction 
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Table 5: The CART Model Analysis for CVD Risk 

Category of CVD Predicted class (Training set)  Predicted class (Test set) 
Moderate to severe Mild % Correct  Moderate to severe Mild % Correct 

Moderate to Severe Event 41 1 97.60%  25 16 61.00% 
Mild Event 69 65 94.20%  15 54 78.30% 
 Total 110 66 95.50%  40 70 71.80% 
 

 

Figure 4: Receiver Operating Characteristic (ROC) Curve 

 

Table 6: Performance Matrix of CART Model for 
CVD Risk 

Statistics Training 
(%) 

Test  
(%) 

True positive rate (sensitivity or power) 97.6 61 
False positive rate (type I error) 5.8 21.7 
False negative rate (type II error) 2.4 39 
True negative rate (specificity) 94.2 78.3 
 

 

Figure 5: Relative Variable importance for CVD 
risk 

As depicted in figure no. 4, training data set shows an 
excellent fit with an Area Under Curve (AUC) of 
0.9846, while the test data set's curve indicates a 
much lower performance with an AUC of 0.6605. 

As depicted in Figure 5, Age emerged as the most in-
fluential predictor (100%), followed by FBS (79.6%) 
and TC (69.8%). SBP also contributed significantly 
(54.3%), while smoking (5.3%) and sex (0.3%) had 
minimal impact.  
 

DISCUSSION 

Our study highlights a significant burden of cardio-
vascular disease (CVD) risk factors among adults in 
rural North Maharashtra in middle-aged males 54.97 
± 10.75 years. This demographic is highly susceptible 
to CVD, as validated by prior studies using risk pre-
diction tools.19,20 

The prevalence of modifiable risk factors is substan-
tial. A 62.7% had SBP >130 mmHg, indicating wide-
spread hypertension. It is consistent with earlier 
studies identifying hypertension as a major CVD con-
tributor for CVD among Indian population.11,21 Addi-
tionally, 33.6% had abnormal cholesterol levels, and 
25.5% had diabetes, reinforcing the clustering of 
metabolic risk factors. These findings align with pre-
vious research emphasizing the compounded impact 
of multiple risk factors on CVD.7,8 Moreover, a signifi-
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cant portion of the participants had multiple cardio-
vascular risk factors, highlighting the relevance of 
targeted prevention strategies in this population. 

A CVD risk prediction chart from the WHO/ISH that 
included total cholesterol (TC) classified 37.3% of 
individuals as having a moderate-to-high risk for a 
CVD event within the next decade. When cholesterol 
data was excluded, this figure dropped to 24.5%, un-
derscoring the importance of lipid profiles for accu-
rate risk estimation. Similar studies in rural India re-
ported that moderate-to-high-risk prevalence of CVD 
ranging from 17% to 44.4%, influenced by demo-
graphic and lifestyle variations.6,8,22 The differences 
in reported risk levels may stem from different study 
population characteristics and the choice of WHO 
sub-region charts.6 

Our findings reinforce the practicality of WHO/ISH 
risk charts in resource-limited settings like rural 
North Maharashtra.2,6-8,21The SEAR-D region-specific 
charts offer a feasible risk stratification tool.20 How-
ever, limitations in these charts encompasses the 
omission of key risk factors relevant to South Asian 
populations, such as abdominal obesity, family histo-
ry of CVD, high salt intake, and treatment status of 
non-communicable diseases. Concerns have also 
been raised about their accuracy in certain popula-
tions.8,11,23 Thus, determining the most suitable risk 
assessment model for Indian populations remains an 
area of ongoing research.11 

Agreement analysis between WHO/ISH charts with 
and without cholesterol showed moderate con-
sistency (kappa = 0.499), with 78.18% classification 
agreement, with 0.085 SE (kappa), and 0.332 to 
0.666 95% CI. This suggests that while both charts 
are useful, incorporating cholesterol may improve 
cardiovascular risk assessment, particularly for indi-
viduals in intermediate-risk categories. 

Excluding cholesterol underestimated CVD risk in a 
substantial proportion of individuals, echoing find-
ings from previous studies demonstrating poor 
agreement between these charts.16 Some studies re-
port 80.3% agreement with a kappa of 0.429, partic-
ularly noting discrepancies in higher-risk catego-
ries.24 Research from other groups indicate that ex-
cluding cholesterol led to a greater proportion of 
individuals being categorized as low risk.25 These re-
sults strengthen the recommendation to include cho-
lesterol in risk assessments especially in rural setting 
whenever possible for accurate CVD risk classifica-
tion.26,27 

In this study, age, diabetes, fasting blood sugar, and 
total cholesterol all demonstrated strong associa-
tions with moderate to severe CVD risk, while gen-
der and smoking status were not statistically signifi-
cant. This pattern is consistent with other published 
research, which has similarly found stronger links 
between metabolic and non-modifiable factors and 
CVD risk, with weaker or non-significant associa-
tions for gender and smoking in some populations. 
The lack of association with smoking in our study 

may be attributed to the lower number of smokers 
in the studied population or the presence of un-
measured confounders. Additionally, the predomi-
nance of smokeless tobacco uses in rural India, as 
highlighted in national surveys, may further explain 
this observation.26 While some studies report gender 
differences in CVD risk3,6,27, smoking remains a well-
established risk factor globally.2,6,23,20 The figure 5 
highlights the relative importance of variables such 
as higher FBS, elevated TC, and older age which sig-
nificantly increase the likelihood of severe cardio-
vascular risk, recognizing their importance in early 
screening, targeted interventions, and prevention 
strategies for high-risk populations. 

Performing CART analysis using the same parame-
ters as the cholesterol based WHO/ISH risk charts of-
fered a novel, data-driven approach to cardiovascu-
lar risk stratification. The CART model effectively 
identified fasting blood sugar (FBS), total cholesterol 
(TC), and age as key predictors. Individuals with 
lower FBS and younger age were predominantly 
classified in the “Mild” risk group, whereas higher 
FBS, TC, and advanced age led to consistent categori-
zation under “Moderate to Severe” risk. Unlike the 
WHO/ISH charts, which provide standardized esti-
mates, the CART model captured complex, non-linear 
interactions and allowed hierarchical risk interpreta-
tion. This enhances the clinical utility of risk predic-
tion by offering greater interpretability and preci-
sion. 

CART identified fasting blood sugar (FBS), TC, and 
age as primary risk predictors. Its hierarchical classi-
fication revealed that individuals with FBS >87 
mg/had significantly higher risk, especially if TC ex-
ceeded 5.603 mmol/L. Age also played a crucial role, 
with those >67 years classified predominantly in the 
moderate to severe risk category. This hierarchical 
decision-making framework provides a clear, clini-
cally interpretable structure for risk stratification in 
CVD prediction. This aligns with prior studies recog-
nizing age as a strong non-modifiable CVD predic-
tor.1-3,18,22,28 

Our study found that the CART model performed 
well on the training data, with an AUC of 0.98, but its 
performance dropped significantly on the independ-
ent test set, yielding an AUC of 0.6605. In compari-
son, advanced machine learning models have 
demonstrated superior predictive power in larger 
populations. A study done in China, showed a ran-
dom forest model achieving a superior AUC of 0.787 
for cardiovascular disease (CVD) prediction, signifi-
cantly outperforming a multivariate regression mod-
el which had an AUC of 0.7143.29 The overfitting ob-
served in the CART model, as indicated by the per-
formance discrepancy, was likely due to our 
relatively small dataset and its high variability. De-
spite this limitation, the CART algorithm remains a 
valuable tool because of its strong interpretability 
and ability to stratify risk in a clinically meaningful 
way. 
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This community-based study focused on a rural pop-
ulation in North Maharashtra, a region largely un-
derrepresented in cardiovascular disease (CVD) re-
search. By employing both the WHO/ISH risk predic-
tion charts and the CART model, the study provided a 
comprehensive comparison between conventional 
and machine learning-based approaches. This dual-
method evaluation offered context-specific insights 
which adds to CVD risk stratification and helpful for 
policy makers for future targeted prevention strate-
gies especially in rural settings. 
 

LIMITATIONS 

The WHO/ISH risk charts used may not fully capture 
important risk factors specific to South Asian popula-
tions, such as abdominal obesity and family history, 
which could influence the accuracy of risk predic-
tions. Additionally, questions remain about the gen-
eral calibration and applicability of these charts 
across diverse populations. The cross-sectional de-
sign, relatively small sample size, and sampling from 
a single rural health training center limit the repre-
sentativeness of the findings and introduce potential 
selection bias. Furthermore, reliance on self-
reported data for smoking and diabetes history may 
have introduced recall bias, affecting data validity. 
 

CONCLUSION 

The present study underscores a substantial burden 
of cardiovascular risk among adults in rural North 
Maharashtra. Age, fasting blood sugar, and total cho-
lesterol were the most significant predictors of mod-
erate to severe 10-year CVD risk. Inclusion of choles-
terol in risk assessment improved accuracy com-
pared to non-cholesterol-based charts. CART 
analysis provided additional insights into non-linear 
predictor interactions, enhancing interpretability 
and individualized risk estimation. Strengthening 
community-based screening, lifestyle modification, 
and targeted prevention initiatives is imperative to 
mitigate the rising CVD risk in rural populations. 
 

PUBLIC HEALTH IMPLICATION 

Incorporating cholesterol testing and data-driven 
analytical models such as CART into primary care 
settings can substantially improve early detection 
and risk stratification of cardiovascular disease in re-
source-limited rural regions of India. 
 

RECOMMENDATIONS 

Future research should involve multicentric trials 
with larger and more diverse populations to improve 
generalizability. It is also recommended to perform 
external validation of classification and regression 
tree (CART) models using independent cohorts to as-
sess their predictive accuracy in various settings. 
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