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Abstract

Cardiac disease is a major public health concern in India, and accurate statistical techniques are required for early risk assessment.

Traditional regression analysis generally depends on fixed clinical thresholds; however, cardiovascular risk factors such as blood

pressure, cholesterol, diabetes, obesity, tobacco use, and physical activity involve uncertainty because they gradually move from

the absence of risk to the presence of risk. This study applies fuzzy regression to develop a statistical modelling framework

for analysing cardiovascular disease risk factors using the Heart Attack Risk and Prediction dataset from Kaggle. The proposed

modelling process includes data preprocessing, descriptive analysis, fuzzy membership construction, fuzzy regression modelling,

and comparison with conventional regression models. The selected clinical and lifestyle variables are transformed into linguistic

risk levels such as low, moderate, and high risk, thereby allowing the uncertainty associated with individual risk profiles to be

represented more meaningfully. The performance of the models is evaluated using statistical measures such as mean absolute

error, root mean square error, accuracy, sensitivity, specificity, and receiver operating characteristic area under the curve. The

fuzzy statistical modelling approach improves interpretability and provides a flexible risk assessment structure compared with

conventional modelling methods. Overall, this study presents a fuzzy regression-based statistical framework to support data-driven

cardiovascular risk assessment in the Indian healthcare context.
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1 Introduction
Cardiovascular disease has emerged as one of the major public health challenges in India, affecting patients, families, and healthcare systems.

The increasing prevalence of hypertension, diabetes, obesity, smoking, sedentary lifestyle, poor diet, and stress has contributed to a higher

risk of cardiovascular complications. Early identification of such risk factors is essential for preventive healthcare planning and effective

disease management. Statistical modelling provides a useful framework for examining the relationship between cardiovascular risk factors

and disease outcomes. Conventional regression models are frequently used to analyse clinical data and predict significant health outcomes.

However, these models are often based on fixed cut-off points and crisp classification systems.

In real medical situations, clinical indicators such as blood pressure, cholesterol level, body mass index, diabetes status, and physical

activity do not always belong strictly to a single risk category. A patient may partially belong to low, moderate, or high-risk categories

depending on the combined effect of clinical and lifestyle factors. Therefore, the use of rigid classification boundaries may not represent the

true nature of cardiovascular risk. This limitation creates the need for modelling approaches that can handle uncertainty, imprecision, and

gradual transitions in health-related variables.

Fuzzy regression provides an effective statistical approach for modelling such uncertainty. Unlike conventional regression, fuzzy

regression can represent risk factors through linguistic categories such as low risk, moderate risk, and high risk. This feature makes

fuzzy regression suitable for cardiovascular risk modelling because clinical boundaries frequently overlap, and patient risk cannot always

be classified precisely. By incorporating fuzzy membership functions, the patient risk profile can be represented more realistically than with

strictly crisp statistical models.

In the Indian healthcare context, cardiovascular risk assessment methods should be statistically valid as well as easily interpretable.

Publicly available healthcare datasets provide opportunities to study cardiovascular risk patterns using advanced statistical techniques. The

use of fuzzy regression in preventive healthcare decision-making can improve the interpretation of uncertain clinical information and support

flexible risk assessment.

Therefore, this study proposes a fuzzy regression framework for the statistical modelling of cardiovascular risk factors using Indian

healthcare data. The methodology includes data preprocessing, identification of important clinical and lifestyle risk factors, construction of

fuzzy membership functions, fuzzy risk score estimation, fuzzy regression modelling, and comparison with conventional regression analysis.

The main aim is to develop an interpretable and uncertainty-aware statistical framework for cardiovascular risk assessment.

2 Literature Review
Recent developments in cardiovascular disease diagnosis show a gradual shift from conventional statistical techniques to intelligent

computing approaches that are capable of handling nonlinear, uncertain, and complex physiological data. Neural networks, M5Tree models,

and adaptive neuro-fuzzy inference systems have been widely applied for predictive classification because of their ability to model nonlinear

relationships among variables associated with cardiovascular disease [1]. However, many knowledge-based diagnostic systems still depend

heavily on expert-defined rules. These rules are often difficult to construct, time-consuming to validate, and may not always be applied

consistently by healthcare professionals [2, 3].

To overcome these limitations, researchers have focused on integrating data-driven rule extraction with statistical regression techniques

to improve the objectivity and reliability of cardiovascular risk assessment [4]. In this context, fuzzy-based models are particularly useful

because most clinical indicators do not have strict boundaries. For instance, risk factors such as low-density lipoprotein, systolic blood

pressure, cholesterol level, and body mass index may gradually move from normal to abnormal categories rather than changing abruptly.

Recent studies have shown that fractional-order fuzzy membership functions can effectively capture the uncertainty associated with clinical

risk factors such as elevated LDL level and systolic blood pressure [5].

Fuzzy rule-based systems have also improved predictive ability by accommodating ambiguous clinical patterns and enhancing

diagnostic sensitivity and specificity [6,7]. These models are useful because they can include patient-specific characteristics such as smoking

history, family history, diabetes status, and obesity status in the risk classification process [8]. As a result, fuzzy systems provide a more

flexible representation of cardiovascular risk than purely crisp classification models.

Another important advantage of fuzzy diagnostic systems is interpretability. By using linguistic terms and IF–THEN rules, fuzzy models

provide meaningful explanations of how individual variables contribute to cardiovascular risk classification [9]. This feature helps bridge
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the gap between computational model outputs and clinical judgement, allowing physicians and healthcare professionals to interpret risk

predictions more easily [10]. The integration of deep learning with fuzzy inference has further strengthened this field by combining feature

extraction ability with interpretable fuzzy reasoning [11]. Such hybrid models are capable of analysing high-dimensional patient data while

maintaining a decision-making structure that can handle uncertain and overlapping clinical threshold levels [12].

The combination of fuzzy and neural methods also supports real-time diagnosis and monitoring by transforming raw and multi-source

clinical data into meaningful and interpretable outputs [13]. Nevertheless, an important challenge in fuzzy model development is the

construction of appropriate membership functions. These functions often require domain expertise and may not remain stable across

different patient populations or clinical settings [14]. To address this issue, recent studies have proposed dynamic and adaptive frameworks,

including transfer-learning-based models, which allow changes in patient health status to be incorporated over time [15].

Fuzzy set theory continues to be effective in medical applications because it provides a structured way to handle incomplete, uncertain,

and imprecise information instead of relying only on binary classifications [16]. Fuzzy logic can transform continuous clinical measurements

into useful linguistic categories, especially when fixed threshold values are difficult to define [17]. Therefore, fuzzy-based methods are

highly suitable for analysing longitudinal patient data and nonlinear relationships associated with the progression of cardiovascular disease

[18].

Moreover, hierarchical information extraction in hybrid diagnostic models improves predictive performance by reducing noise in

electronic health records and enhancing the quality of fuzzy rules used for long-term risk estimation [19]. These developments also increase

transparency and clinical usability because they provide clearer diagnostic pathways when compared with many black-box machine learning

methods [20]. Recent advancements in federated learning and Edge-AI have further supported the deployment of fuzzy-integrated models

in real-time clinical environments while preserving patient privacy [21].

Expert knowledge-based constraints can also ensure that model decision boundaries remain consistent with established medical

guidelines, thereby reducing the possibility of clinically unrealistic predictions [22]. Multi-layered transparent modelling frameworks may

improve the trust of healthcare providers by offering interpretable explanations for automated cardiovascular risk assessments [23, 24]. In

addition, integration with electronic health records and clinical decision-support systems can support personalized patient care and improve

diagnostic accuracy across different healthcare environments [25].

Although existing studies have explored machine learning, fuzzy logic, and hybrid models for cardiovascular disease prediction, many

of them mainly focus on improving predictive accuracy. Comparatively fewer studies emphasize a simple, interpretable, and statistically

grounded fuzzy regression framework for modelling cardiovascular risk factors in the Indian healthcare context. Hence, the present study

applies fuzzy regression to represent clinical and lifestyle variables through gradual risk membership levels and compares its performance

with conventional logistic regression.

3 Research Gap and Motivation
Several studies have examined the use of machine learning algorithms, fuzzy logic systems, and hybrid intelligent models for predicting

cardiovascular disease risk. However, most of these studies mainly focus on improving predictive accuracy rather than developing a

statistically interpretable model that explains how each clinical and lifestyle variable contributes to cardiovascular risk. In healthcare

data analysis, interpretability is highly important because medical practitioners require a clear understanding of how variables such as blood

pressure, cholesterol level, diabetes, obesity, smoking habits, physical activity, and stress influence an individual’s cardiovascular risk.

Conventional regression models are useful for evaluating relationships between health-related variables, but they generally depend on

crisp numerical values and fixed classification boundaries. In real clinical situations, cardiovascular risk factors do not always follow rigid

cut-off limits. A patient may lie between two risk categories, such as low and moderate risk or moderate and high risk. This creates

uncertainty in classification, which cannot be represented effectively by traditional regression models.

Another limitation of conventional regression is that it produces a single crisp prediction value. Such a prediction may not fully explain

the gradual nature of cardiovascular risk. For example, a patient with borderline systolic blood pressure or cholesterol level may not be

completely classified as high risk or low risk. Instead, the patient may partially belong to more than one risk category. This type of partial

classification is better represented through fuzzy membership functions.

To address this research gap, the present study applies fuzzy regression for modelling cardiovascular risk factors using Indian healthcare

data. Fuzzy regression provides a statistical framework that combines regression modelling with fuzzy membership concepts. It allows
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clinical and lifestyle variables to be represented through gradual risk levels such as low, moderate, and high. Therefore, the proposed

approach provides a more flexible, interpretable, and uncertainty-aware method for cardiovascular risk assessment.

The motivation of this study is to develop a fuzzy regression-based statistical model that can support cardiovascular risk prediction while

preserving interpretability. By comparing the fuzzy regression model with conventional logistic regression, this study attempts to identify

whether the fuzzy approach provides better clinical usefulness, particularly in terms of sensitivity and risk identification. Thus, the study

contributes to the development of an interpretable statistical framework for cardiovascular risk assessment in the Indian healthcare context.

4 Objectives of the Study
The primary objective of this study is to develop a fuzzy regression-based statistical model for assessing cardiovascular risk factors using

Indian healthcare data. The study focuses on modelling the uncertainty present in clinical and lifestyle variables by applying fuzzy

membership functions to selected cardiovascular risk factors.

The specific objectives of the study are as follows:

1. To identify and analyse the major demographic, clinical, and lifestyle risk factors associated with cardiovascular disease in the Indian

healthcare dataset.

2. To perform descriptive and inferential statistical analysis for understanding the distribution and association of selected cardiovascular

risk variables.

3. To construct fuzzy membership functions for selected cardiovascular risk factors such as age, cholesterol level, LDL level, systolic

blood pressure, diastolic blood pressure, and stress level.

4. To classify selected clinical variables into linguistic risk categories such as low risk, moderate risk, and high risk using fuzzy

membership values.

5. To develop a fuzzy risk score that combines fuzzy-transformed clinical variables with relevant binary risk factors such as diabetes,

hypertension, obesity, smoking, and family history.

6. To formulate a fuzzy regression model for examining the relationship between cardiovascular risk factors and heart attack risk.

7. To compare the performance of the proposed fuzzy regression model with the conventional logistic regression model using measures

such as AIC, accuracy, sensitivity, specificity, balanced accuracy, and ROC-AUC.

8. To propose an interpretable and uncertainty-aware statistical framework for cardiovascular risk assessment in the Indian healthcare

context.

Overall, the study aims to provide a flexible and clinically meaningful statistical modelling approach that can support healthcare

professionals in identifying cardiovascular risk under uncertainty.

5 Materials and Methods
This study adopts a quantitative statistical modelling approach to analyse cardiovascular risk factors using Indian healthcare data. Both

conventional statistical techniques and fuzzy regression modelling are applied to examine the relationship between selected clinical and

lifestyle variables and heart attack risk. Since many cardiovascular risk factors do not have clearly defined boundaries, fuzzy regression is

used to represent gradual transitions in risk levels and to improve the interpretability of the model.

5.1 Data Source

The dataset used in this study was obtained from the Heart Attack Risk and Prediction Dataset in India, available from Kaggle [26].

The dataset contains patient-level information collected from Indian healthcare sources and includes demographic, clinical, behavioural,

lifestyle, environmental, and healthcare-related variables. These variables are useful for assessing cardiovascular risk and identifying

patterns associated with heart attack risk.
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5.2 Study Variables

The dependent variable considered in this study is heart attack risk, denoted by Y . The independent variables include selected cardiovascular

risk factors such as age, gender, cholesterol level, LDL level, HDL level, systolic blood pressure, diastolic blood pressure, diabetes,

hypertension, obesity, smoking, alcohol consumption, stress level, physical activity, family history, previous heart attack history, and other

health-related factors available in the dataset.

The general relationship between the dependent variable and the selected explanatory variables is expressed as

Y = f (X1,X2,X3, . . . ,Xk),

where Y represents the cardiovascular risk outcome and X1,X2,X3, . . . ,Xk denote the selected cardiovascular risk factors. This formulation

helps to examine how different demographic, clinical, and lifestyle variables contribute to cardiovascular risk.

5.3 Data Preprocessing

Before applying statistical and fuzzy regression techniques, the dataset was preprocessed to ensure accuracy and consistency. Missing

values were examined and treated appropriately based on the type of variable. Categorical variables were converted into numerical form

using suitable encoding methods. Continuous variables were checked for outliers, scale differences, and distributional characteristics.

For a continuous variable X , min–max normalization may be applied as follows:

X∗ =
X −Xmin

Xmax −Xmin
,

where X∗ is the normalized value, Xmin is the minimum value, and Xmax is the maximum value of the variable. This transformation brings

the values into a common scale and supports the construction of fuzzy membership functions.

5.4 Descriptive Statistical Analysis

Descriptive statistical analysis was performed to understand the basic characteristics of the selected cardiovascular risk variables. For

continuous variables, measures such as mean, standard deviation, minimum, median, maximum, skewness, and kurtosis were considered.

For categorical variables, frequency and percentage distributions were computed.

The mean of a variable is calculated as

X̄ =
1
n

n

∑
i=1

Xi,

and the standard deviation is given by

s =

√
∑n

i=1(Xi − X̄)2

n−1
,

where Xi represents the observed value and n denotes the number of observations. These measures provide an initial understanding of the

distribution and variability of cardiovascular risk factors.

5.5 Correlation Analysis

Correlation analysis was used to examine the strength and direction of the linear relationship between selected cardiovascular risk factors

and heart attack risk. Pearson’s correlation coefficient is given by

r =
∑n

i=1(Xi − X̄)(Yi − Ȳ )√
∑n

i=1(Xi − X̄)2
√

∑n
i=1(Yi − Ȳ )2

,

where r denotes the degree of linear association between two variables. A positive value of r indicates a direct relationship, whereas a

negative value indicates an inverse relationship. This analysis helps to identify variables that are more closely associated with cardiovascular

risk.
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5.6 Conventional Regression Model

To establish a baseline model, conventional logistic regression was first applied. Since the dependent variable is binary, representing the

presence or absence of heart attack risk, the logistic regression model is expressed as

P(Y = 1) =
1

1+ e−Z ,

where

Z = β0 +β1X1 +β2X2 + · · ·+βkXk.

Here, P(Y = 1) represents the probability of cardiovascular risk, β0 is the intercept, β1,β2, . . . ,βk are regression coefficients, and

X1,X2, . . . ,Xk are the selected risk factors.

The model can also be written in logit form as

log
(

P(Y = 1)
1−P(Y = 1)

)
= β0 +β1X1 +β2X2 + · · ·+βkXk.

This model provides a conventional statistical basis for evaluating the relationship between risk factors and cardiovascular outcomes.

5.7 Construction of Fuzzy Membership Functions

To handle uncertainty in medical risk factors, selected continuous variables were transformed into fuzzy linguistic categories. Clinical

variables such as age, cholesterol level, LDL level, systolic blood pressure, diastolic blood pressure, and stress level may not have rigid

boundaries in real healthcare interpretation. Therefore, these variables were represented using fuzzy sets such as low risk, moderate risk,

and high risk.

A triangular membership function is defined as

µA(x) =



0, x ≤ a,

x−a
b−a

, a < x ≤ b,

c− x
c−b

, b < x < c,

0, x ≥ c,

where a, b, and c are the lower, middle, and upper limits of the fuzzy set, respectively. The value µA(x) lies between 0 and 1 and represents

the degree of membership of x in the fuzzy set A.

This fuzzy transformation allows each patient to belong partially to more than one risk category, thereby reflecting the uncertainty

present in medical assessment.

5.8 Fuzzy Risk Score Construction

After defining the fuzzy membership functions, a fuzzy risk score was constructed for each patient. Let the fuzzy membership values of

selected risk factors be denoted by

µ1,µ2,µ3, . . . ,µk.

The overall fuzzy cardiovascular risk score is expressed as

FRSi =
k

∑
j=1

w jµi j,

where FRSi is the fuzzy risk score for the i-th patient, w j is the weight assigned to the j-th risk factor, and µi j is the membership value of

the j-th risk factor for the i-th patient. A higher fuzzy risk score indicates a higher level of cardiovascular risk.
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5.9 Fuzzy Regression Model

The fuzzy regression model was developed to examine the relationship between fuzzy-transformed cardiovascular risk factors and heart

attack risk. The general fuzzy regression model is expressed as

Ỹi = β̃0 + β̃1Xi1 + β̃2Xi2 + · · ·+ β̃kXik + ε̃i,

where Ỹi represents the fuzzy cardiovascular risk outcome for the i-th patient, Xi1,Xi2, . . . ,Xik are the selected cardiovascular risk factors,

β̃0, β̃1, . . . , β̃k are fuzzy regression coefficients, and ε̃i is the fuzzy error term.

If the fuzzy coefficients are represented as triangular fuzzy numbers, each coefficient can be written as

β̃ j = (β L
j ,β

M
j ,βU

j ),

where β L
j , β M

j , and βU
j denote the lower, middle, and upper values of the fuzzy coefficient, respectively. Thus, the fuzzy regression output

can be interpreted as an interval-based risk prediction rather than a single crisp value.

The predicted fuzzy cardiovascular risk is expressed as

Ỹi = (Y L
i ,Y

M
i ,YU

i ),

where Y L
i , Y M

i , and YU
i represent the lower, most likely, and upper levels of predicted cardiovascular risk. This structure is useful in medical

data analysis because it provides a range of possible risk values instead of a single rigid prediction.

5.10 Model Evaluation

The performance of the proposed fuzzy regression model was evaluated and compared with the conventional logistic regression model. For

numerical risk prediction, error-based measures such as Mean Absolute Error and Root Mean Square Error were considered.

The Mean Absolute Error is defined as

MAE =
1
n

n

∑
i=1

|Yi − Ŷi|,

and the Root Mean Square Error is defined as

RMSE =

√
1
n

n

∑
i=1

(Yi − Ŷi)2,

where Yi is the actual value and Ŷi is the predicted value.

For binary cardiovascular risk outcomes, classification measures such as accuracy, sensitivity, specificity, balanced accuracy, and

ROC-AUC were used. Accuracy is given by

Accuracy =
T P+T N

T P+T N +FP+FN
.

Sensitivity is defined as

Sensitivity =
T P

T P+FN
,

and specificity is defined as

Speci f icity =
T N

T N +FP
,

where T P, T N, FP, and FN denote true positive, true negative, false positive, and false negative cases, respectively. These evaluation

measures help to determine whether the fuzzy regression approach provides better predictive performance and interpretability for

cardiovascular risk modelling.

5.11 Methodological Framework

The overall methodology consists of data collection, data preprocessing, descriptive statistical analysis, correlation analysis, conventional

logistic regression modelling, construction of fuzzy membership functions, estimation of fuzzy risk scores, fuzzy regression modelling,

and comparative model evaluation. This systematic framework supports the development of an interpretable statistical model capable of

handling uncertainty in cardiovascular risk assessment using Indian healthcare data.
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6 Results and Discussion
This section presents the statistical and fuzzy regression results obtained from the Indian healthcare dataset. The analysis was carried out

using RStudio on a dataset consisting of 10,000 observations and 26 variables related to demographic, clinical, lifestyle, environmental, and

healthcare factors. The dependent variable considered in the analysis was heart attack risk.

6.1 Preliminary Data Inspection

The dataset contained 10,000 records and 26 variables. No missing values were observed in the dataset, indicating that the data were suitable

for direct statistical modelling. The mean value of the heart attack risk variable was 0.3007, which shows that approximately 30.07% of

the individuals in the sample were classified as having heart attack risk. The dataset included important cardiovascular risk factors such as

age, diabetes, hypertension, obesity, smoking, cholesterol level, LDL level, HDL level, blood pressure, stress level, family history, access to

healthcare, and previous heart attack history.

6.2 Descriptive Statistics

Descriptive statistics were computed for selected numerical cardiovascular risk variables to understand their distribution and variability. The

results are presented in Table 1.

Table 1. Summary of fuzzy high-risk membership values for selected cardiovascular risk factors.

Fuzzy Variable Mean Q1 Median Q3 Maximum

Age_High 0.1982 0 0 0.3333 1

Chol_High 0.1961 0 0 0.3667 1

LDL_High 0.1930 0 0 0.3448 1

SBP_High 0.2190 0 0 0.4211 1

DBP_High 0.1949 0 0 0.3571 1

Stress_High 0.1945 0 0 0.5000 1

The average age of the participants was 49.39 years, indicating that the sample consisted of both middle-aged and older individuals. The

average cholesterol level was 224.80, LDL level was 123.90, systolic blood pressure was 134.70, and diastolic blood pressure was 89.31.

These clinical variables showed sufficient variation for modelling cardiovascular risk. The mean stress level was 5.519, suggesting moderate

variability in psychological risk exposure among the individuals.

6.3 Frequency Distribution of Risk Factors

The gender distribution showed that 5516 individuals were male and 4484 were female. Among the 10,000 individuals, 3007 were classified

as having heart attack risk, representing 30.07% of the sample, while 6993 individuals were classified as not having heart attack risk,

representing 69.93%. With respect to clinical and lifestyle risk factors, 929 individuals had diabetes, 2469 had hypertension, 3037 were

obese, 3014 had smoking habits, and 3528 reported alcohol consumption. Further, 4036 individuals reported exposure to air pollution, 3113

had a family history of heart attack, 1525 had previous heart attack history, and 3447 had health insurance coverage. These findings confirm

the presence of multiple clinical and lifestyle-related cardiovascular risk factors in the dataset.

6.4 Correlation Analysis

Correlation analysis was performed to examine the linear association between selected predictors and heart attack risk. The results indicated

that the selected predictors had weak linear association with heart attack risk. Among the variables considered, LDL level showed the

strongest positive correlation with heart attack risk, with a correlation value of 0.0212. This was followed by age with a correlation value of

0.0155 and emergency response time with a correlation value of 0.0151. The remaining variables showed either very weak positive or weak

negative correlations.
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These results indicate that simple linear association alone is not sufficient to explain heart attack risk in the dataset. Therefore, a

modelling approach that can handle uncertainty, gradual transitions, and combined risk effects is more appropriate. This supports the use of

fuzzy regression for representing cardiovascular risk factors more effectively than traditional linear association-based interpretation.

6.5 Conventional Logistic Regression

A conventional logistic regression model was first fitted as the baseline model. The model used heart attack risk as the dependent variable

and selected demographic, clinical, and lifestyle variables as independent variables. The logistic regression model provided a conventional

statistical framework for estimating the probability of heart attack risk. However, the results showed limited predictive strength, indicating

that the selected variables did not strongly separate individuals with and without heart attack risk under the conventional crisp regression

framework.

6.6 Performance of Logistic Regression

The predicted probabilities obtained from the conventional logistic regression model ranged from 0.2159 to 0.3779. Since all predicted

probabilities were below the standard cut-off value of 0.5, the default classification classified all individuals as non-risk cases. This resulted

in a sensitivity value of 0.0000 and an accuracy value of 0.6993. Although the accuracy appeared high under the default threshold, the

model failed to identify risk cases.

To improve classification, an optimal threshold was identified using the Youden index. The optimal threshold for the logistic regression

model was 0.3038791. At this threshold, the model produced an accuracy of 0.5455, sensitivity of 0.4895, specificity of 0.5696, balanced

accuracy of 0.5295, and AUC of 0.5311. These values indicate weak discriminatory ability of the conventional logistic regression model.

Figure 1. ROC curve comparison of conventional logistic regression and fuzzy regression models for cardiovascular risk prediction.

6.7 Fuzzy Membership Construction

Fuzzy triangular membership functions were constructed for selected continuous cardiovascular risk variables, namely age, cholesterol level,

LDL level, systolic blood pressure, diastolic blood pressure, and stress level. These variables were transformed into fuzzy risk categories

such as low risk, moderate risk, and high risk. The use of fuzzy membership functions allowed partial membership in more than one risk

category, thereby avoiding strict crisp classification.

The mean high-risk membership values ranged from 0.1930 to 0.2190. Among the selected variables, systolic blood pressure had the

highest mean high-risk membership value of 0.2190. This indicates that systolic blood pressure showed a relatively stronger fuzzy high-risk

representation in the dataset.
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Table 2. Summary of fuzzy high-risk membership values for selected cardiovascular risk factors.

Fuzzy Variable Mean Q1 Median Q3 Maximum

Age_High 0.1982 0 0 0.3333 1

Chol_High 0.1961 0 0 0.3667 1

LDL_High 0.1930 0 0 0.3448 1

SBP_High 0.2190 0 0 0.4211 1

DBP_High 0.1949 0 0 0.3571 1

Stress_High 0.1945 0 0 0.5000 1

Figure 2. Fuzzy membership functions for cholesterol-based cardiovascular risk classification.

Figure 3. Fuzzy membership functions for systolic blood pressure-based cardiovascular risk classification.

6.8 Fuzzy Risk Score

The fuzzy risk score was constructed using two approaches. The first approach considered only the fuzzy membership values of continuous

clinical variables and produced an average fuzzy risk score of 0.1993. The second approach used an adjusted fuzzy risk score by combining

fuzzy membership values with binary risk factors such as diabetes, hypertension, obesity, smoking, and family history. The adjusted fuzzy

risk score produced a higher average value of 0.2229.

The increase in the adjusted fuzzy risk score indicates that combining clinical fuzzy membership variables with binary risk factors
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provides a broader and more realistic representation of cardiovascular risk. This result confirms that cardiovascular risk is influenced not

only by continuous clinical indicators but also by lifestyle and medical-history-related factors.

Figure 4. Distribution of adjusted fuzzy risk score among individuals in the Indian healthcare dataset.

Figure 5. Distribution of adjusted fuzzy risk score according to heart attack risk status.

6.9 Fuzzy Regression Analysis

The fuzzy regression model included fuzzy-transformed variables such as Age_High, Chol_High, LDL_High, SBP_High, DBP_High, and

Stress_High, along with binary risk factors such as diabetes, hypertension, obesity, smoking, and family history. The regression estimates

provided information on the contribution of each explanatory variable to heart attack risk.

Among the fuzzy-transformed variables, LDL_High showed a positive estimate of 0.126379 with a p-value of 0.0775, suggesting a

marginal contribution to cardiovascular risk. DBP_High showed a negative estimate of -0.137098 with a p-value of 0.0599, indicating

marginal significance. The remaining variables were not statistically significant at the 5% level. The fuzzy regression model produced a

null deviance of 12229, residual deviance of 12217, and AIC value of 12241.28. Since the AIC value of the fuzzy regression model was

lower than that of the conventional logistic regression model, the fuzzy model showed a slight advantage in model fit.



Arti
cle

in
pr

es
s

Analytical and Numerical Solutions for Nonlinear Equations | 2026, Volume 11, Issue 2 12 of 15

6.10 Performance of Fuzzy Regression

The predicted probabilities from the fuzzy regression model ranged from 0.2390 to 0.3534. Similar to the conventional logistic regression

model, all probabilities were below the standard cut-off value of 0.5. Therefore, the default threshold classified all individuals as low-risk

cases. To improve classification, the optimal threshold was identified using the Youden index. The optimal threshold for the fuzzy regression

model was 0.2909567.

At this threshold, the fuzzy regression model produced an accuracy of 0.4194, sensitivity of 0.7672, specificity of 0.2698, balanced

accuracy of 0.5185, and AUC of 0.5193. The higher sensitivity indicates that the fuzzy regression model identified a greater number of

individuals with heart attack risk. Although the model had lower specificity, its ability to detect risk cases is important in medical screening

contexts where identifying high-risk individuals is often more critical than excluding non-risk cases.

6.11 Model Comparison

The performance of the conventional logistic regression and fuzzy regression models is compared in Table 3.

Table 3. Comparative performance of conventional logistic regression and fuzzy regression models.

Model AIC AUC Optimal Threshold Accuracy Sensitivity Specificity Balanced Accuracy

Conventional Logistic Regression 12253.76 0.5311 0.3039 0.5455 0.4895 0.5696 0.5295

Fuzzy Regression 12241.28 0.5193 0.2910 0.4194 0.7672 0.2698 0.5185

The fuzzy regression model produced a lower AIC value, indicating a better model fit compared with the conventional logistic regression

model. However, the logistic regression model showed slightly higher AUC, accuracy, specificity, and balanced accuracy. The most notable

advantage of the fuzzy regression model was its sensitivity, which increased from 0.4895 in the conventional logistic regression model to

0.7672 in the fuzzy regression model. This improvement is important in medical risk screening because the early identification of high-risk

individuals is more important than classifying all non-risk individuals correctly.

Figure 6. Performance comparison of conventional logistic regression and fuzzy regression models using selected classification measures.

6.12 Discussion

The results indicate that the selected cardiovascular variables showed weak linear association with heart attack risk. In the conventional

logistic regression model, the predicted probabilities were concentrated within a narrow range and failed to classify high-risk individuals

under the default threshold. Although the optimal threshold improved the classification performance, the model still showed weak

discriminatory power.
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The fuzzy regression approach provided an interpretable modelling structure by converting selected clinical variables into fuzzy

high-risk membership values. This transformation allowed gradual representation of cardiovascular risk instead of forcing each individual

into a strict risk category. Among the fuzzy variables, systolic blood pressure showed the highest mean high-risk membership value,

indicating its strong representation as a fuzzy risk factor in the dataset.

The adjusted fuzzy risk score provided a more comprehensive representation of individual risk by integrating fuzzy clinical variables

with binary clinical and lifestyle factors. Although the fuzzy regression model produced slightly lower AUC and accuracy than the

conventional logistic regression model, it achieved a lower AIC and substantially higher sensitivity. This suggests that fuzzy regression

may be more useful as a preliminary screening approach, especially when the primary objective is to identify individuals who may be at risk

of heart attack.

Overall, the findings show that fuzzy regression provides an uncertainty-aware and interpretable statistical modelling framework for

cardiovascular risk assessment. While the predictive separation of both models was limited, the fuzzy regression model offered better risk

identification through improved sensitivity and meaningful fuzzy risk representation.

7 Conclusion and Future Work
This study developed a fuzzy regression-based statistical modelling framework for assessing cardiovascular risk factors using Indian

healthcare data. The analysis was carried out on a dataset containing 10,000 observations and 26 variables related to demographic, clinical,

lifestyle, environmental, and healthcare characteristics. The conventional logistic regression model was first applied as a baseline model,

and fuzzy regression was then used to represent uncertainty in selected cardiovascular risk factors through fuzzy membership functions.

The descriptive analysis showed sufficient variation in key clinical variables such as age, cholesterol level, LDL level, systolic blood

pressure, diastolic blood pressure, and stress level. The correlation analysis indicated that the selected predictors had only weak linear

association with heart attack risk. This finding supports the need for an uncertainty-based modelling approach rather than depending only

on conventional linear association and crisp classification methods.

The fuzzy membership construction transformed selected clinical variables into gradual high-risk membership values. Among these

variables, systolic blood pressure showed the highest mean high-risk membership value, indicating its relatively stronger fuzzy risk

representation in the dataset. The adjusted fuzzy risk score further improved the representation of cardiovascular risk by combining fuzzy

clinical variables with binary risk factors such as diabetes, hypertension, obesity, smoking, and family history.

The comparative model evaluation showed that the fuzzy regression model produced a lower AIC value than the conventional logistic

regression model, indicating a slight improvement in model fit. Although conventional logistic regression showed slightly higher accuracy,

specificity, AUC, and balanced accuracy, the fuzzy regression model achieved much higher sensitivity. This is important in healthcare

screening because the early identification of high-risk individuals is more valuable than simply classifying non-risk cases correctly.

Overall, the findings suggest that fuzzy regression provides an interpretable and uncertainty-aware statistical framework for

cardiovascular risk assessment. The proposed approach is useful for representing gradual transitions in clinical risk factors and can support

healthcare professionals in making flexible and meaningful risk-based decisions.

For future work, the proposed fuzzy regression framework may be extended by incorporating larger real-time clinical datasets and

additional medical variables. Further studies may also compare fuzzy regression with advanced machine learning and hybrid fuzzy models

to improve both predictive accuracy and interpretability in cardiovascular risk prediction.
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