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ABSTRACT 
 

The early detection of cardiovascular disease (CVD) remains a critical challenge in preventive healthcare, 
requiring predictive models that are both accurate and interpretable. This study aims to develop an early CVD 
prediction model enhanced with Differential Evolution (DE) optimisation and explainable AI using LIME. 
The models were evaluated on a dataset of 500 samples comprising six features: age, body mass index (BMI), 
systolic blood pressure, diastolic blood pressure, cholesterol, and blood sugar. The ANFIS model was 
improved by optimising its premise and consequent parameters through mutation, crossover, and selection 
processes within the DE algorithm. LIME was employed to provide interpretability by revealing the 
contribution of each feature to the ANFIS-DE prediction outcomes. The dataset was evaluated using three 
different data-splitting schemes to identify the most effective training testing proportion. In Model 1, the data 
were divided into 60% for training and 40% for testing. Model 2 applied a 70%:30% split, whereas Model 3 
used an 80%:20% split. Among these configurations, Model 3 (80%:20%) yielded the highest predictive 
performance, indicating that a larger portion of training data contributed to better model generalisation and 
overall accuracy. The enhanced ANFIS-DE model outperformed the baseline ANFIS, achieving higher 
testing accuracy (0.9200 vs. 0.9167), precision (0.9290 vs. 0.9287), recall (0.9250 vs. 0.9250), and F1-score 
(0.9425 vs. 0.9367), alongside a lower error value (0.2011 vs. 0.2019). LIME analysis further indicated that 
blood sugar had the highest contribution (0.27), followed by systolic blood pressure (0.25), age (0.20), 
cholesterol (0.06), BMI (0.03), while diastolic blood pressure exerted a slight negative influence (–0.01), 
demonstrating the usefulness of feature-level explanations in supporting early CVD risk prediction. 

Keywords: Cardiovascular Disease, ANFIS, Differential Evolution (DE), LIME Explainable AI, Early 
Prediction Model 

 
1. INTRODUCTION  
 

Cardiovascular disease (CVD) remains the 
leading cause of death worldwide, accounting for 
approximately 32% of global mortality according to 
the World Health Organization (WHO, 2023). Each 
year, more than 17.9 million people die from CVD, 
which includes conditions such as coronary artery 
disease, stroke, and heart failure, many of which are 
preventable through early diagnosis, effective 
clinical management, and lifestyle modification[1]. 
Despite this, early detection and prevention of CVD 
remain major global health challenges, particularly 
in developing countries where limited healthcare 
resources, fragmented health information systems, 
and low public awareness hinder effective disease 
control [2]. 

The Adaptive Neuro-Fuzzy Inference System 
(ANFIS) and Differential Evolution (DE) are two 
widely used computational approaches in the 
development of modern predictive and optimization 
models due to their complementary strengths. 
ANFIS combines the flexibility of fuzzy logic with 
the learning capability of neural networks to 
construct nonlinear relationships that can be 
interpreted through fuzzy rules, making it suitable 
for applications requiring transparency in decision-
making. However, ANFIS has limitations in 
capturing temporal dynamics and complex 
sequential patterns [3], [4]. [5], [6]. Conventional 
ANFIS training procedures, which employ gradient 
descent in conjunction with least-squares estimation, 
are frequently characterized by sluggish 
convergence, a pronounced susceptibility to 
entrapment in local minima, diminished 
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optimization capability when addressing complex 
modelling tasks, and a marked sensitivity to initial 
parameter configurations [4]. [5], [6].   

Differential Evolution (DE) has emerged as a 
highly effective evolutionary optimization 
technique, particularly valued for its ability to 
navigate complex, multi-dimensional search spaces 
commonly encountered in medical data analysis. 
Unlike traditional gradient-based methods, DE 
performs global optimization through population-
based mutation and recombination, enabling it to 
avoid premature convergence and local minima. This 
characteristic is particularly important in medical 
prediction tasks, where the data are often noisy, 
nonlinear, and imbalanced. The robustness, stable 
convergence behavior, and minimal reliance on 
initial parameter settings make it exceptionally 
suitable for refining model parameters, enhancing 
predictive accuracy, and improving the reliability of 
computational models in clinical decision-support 
scenarios [7], [8], [9], [10], [11] 

Several studies have been conducted to improve 
the performance of ANFIS as a predictive model. 
One commonly used approach is the application of 
clustering techniques in data mining to determine the 
membership functions in the input layer. In addition, 
ANFIS has been further developed through 
integration with Genetic Algorithms (GA) to form 
hybrid models capable of enhancing prediction 
accuracy and efficiency [12],[13],[14]. Other 
performance enhancement efforts include 
optimizing model parameters using Particle Swarm 
Optimization (PSO)[15], [16], [17]. Furthermore, the 
Grey Wolf Optimizer (GWO) has also been applied 
as an alternative optimization method and has proven 
effective in improving the performance of ANFIS in 
various predictive studies [18], [19], [20], [21]. 

Improving the performance of predictive models 
has become increasingly important, particularly in 
the medical domain, where high accuracy and 
transparency are essential. Most machine learning 
and deep learning models operate as black boxes, 
making it difficult to observe the contribution of 
individual features in the prediction process. 
Although ANFIS includes a rule-generation 
mechanism and is therefore not entirely a black-box 
model, the contribution of each feature is still not 
fully transparent. To address this issue, Explainable 
AI (XAI) can be employed to reveal the role of each 
feature in generating predictions, both in machine 
learning models and ANFIS [22], [23], [24]. In 
general, XAI consists of two primary methods: Local 
Interpretable Model-Agnostic Explanations (LIME) 
and SHAP (Shapley Additive Explanations), both of 

which provide clearer and more quantifiable 
interpretations of predictive models [25], [26], [27]. 

In this study, a predictive model based on ANFIS 
was developed by modifying using Differential 
Evolution (DE) architecture. The ANFIS prediction 
model optimized using Differential Evolution (DE) 
operates through a layered computational pipeline in 
which fuzzy rules, membership parameters, and 
consequent parameters are integrated within a 
unified adaptive neuro-fuzzy framework. The 
Differential Evolution (DE) is recognized as a 
powerful evolutionary optimisation method for 
improving the learning performance of Adaptive 
Neuro Fuzzy Inference Systems (ANFIS) in early 
cardiovascular disease prediction. Conventional 
ANFIS relies on gradient based updates, which are 
often sensitive to initialisation and prone to 
convergence toward local minima, especially when 
processing nonlinear and high dimensional clinical 
data. DE introduces a global search strategy that 
systematically refines both the premise parameters in 
the fuzzy membership functions and the consequent 
parameters in the Sugeno rules, enabling ANFIS to 
achieve more accurate and stable inference. Through 
iterative processes of mutation, crossover, and 
selection, DE explores diverse candidate solutions 
and converges toward an optimal configuration of 
the ANFIS structure. In cardiovascular risk 
assessment, where complex interactions among 
variables such as age, blood pressure, cholesterol 
level, body mass index, and blood sugar strongly 
affect predictive outcomes, the integration of DE 
significantly enhances the model’s generalisation 
ability, sensitivity, and reliability, thus supporting 
more effective early disease detection. Input 
fuzzification via membership functions, computation 
of firing strengths, and normalization of rule 
weights. The principal innovation arises in Layer 4, 
where the defuzzification of the consequent no 
longer relies on least-squares estimated parameters, 
as in conventional ANFIS, but instead employs 
Differential Evolution to optimize the consequent 
parameters, enabling each fuzzy rule to generate the 
most suitable linear or non-linear output for the 
training data.  

Following the generation of predictions, the 
workflow proceeds with the application of the 
Explainable AI method LIME, which provides local 
interpretability for the model’s decisions. LIME 
produces a set of perturbed samples around the input 
instance and subsequently constructs an interpretable 
surrogate model, typically a local linear regression, 
to estimate the contribution of each feature to the 
final ANFIS-DE output. This process yields a 
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feature-attribution map indicating the relative 
influence of age, BMI, systolic blood pressure, 
diastolic blood pressure, cholesterol, and blood sugar 
on the predicted cardiovascular risk for each 
individual patient. The integration of DE and LIME 
therefore not only enhances predictive accuracy 
through optimization premise and consequent 
parameters, but also improves transparency and 
interpretability, making the approach particularly 
well suited to medical prediction tasks that demand 
both high performance and explainable model 
behaviors. 

2. MATERIAL AND METHODS 

2.1 DATASET 

The dataset consists of clinical data with the 
features blood sugar, cholesterol, systolic, diastolic, 
BMI, and age, comprising a total of 500 records. 
After processing data, the dataset was reduced to 300 
records. The dataset was obtained from PKU 
Surakarta Hospital and comprises samples from both 
cardiovascular and non-cardiovascular patients. 

The use of age, body mass index (BMI), systolic 
blood pressure, diastolic blood pressure, cholesterol 
level, and blood sugar concentration as predictive 
features for early cardiovascular risk assessment is 
supported by extensive clinical and biomedical 
evidence, and has been further validated through 
consultation with medical practitioners and 
academic experts in cardiovascular health. These 
variables capture key physiological pathways—such 
as atherosclerotic progression, metabolic 
dysregulation, and hemodynamic stress—that are 
known to precede clinically manifest cardiovascular 
disease. Medical professionals affirm that these 
routinely measurable indicators provide a reliable 
basis for identifying individuals at elevated risk, 
while academic experts highlight their consistent 
associations with cardiovascular outcomes across 
epidemiological and cohort studies. Consequently, 
the integration of these six features into predictive 
modelling frameworks is scientifically justified and 
clinically relevant for early detection strategies. 

Moreover, the acquisition of these six features is 
simple and highly accessible, as modern digital 
devices including automated blood pressure 
monitors, portable cholesterol analyzers, and digital 
blood glucose meters enable fast, user friendly, and 
reliable data collection both in clinical settings and 
at home. Medical professionals affirm that these 
routinely measurable indicators provide a robust 
basis for identifying individuals at elevated 
cardiovascular risk, while academic experts 
highlight their consistent associations with 

cardiovascular outcomes across epidemiological and 
cohort studies. Consequently, the integration of these 
features into predictive modelling frameworks is 
scientifically justified, clinically relevant, and 
operationally feasible for early detection strategies. 

A sample of the dataset used is presented in Table 
1: 

Table 1: Sample of Dataset 

 
 
2.2 ANFIS MODEL ARCHITECTURE 
 

The Adaptive Neuro-Fuzzy Inference System 
(ANFIS) model integrates the learning capability of 
artificial neural networks with the reasoning 
mechanism of fuzzy logic. 

 
 

Figure 1.  ANFIS Model Architecture 
 

      The ANFIS model has 5 layers, 1st layer is data 
input processing, we use Gaussian memberships 
function with formula: 

𝜇(𝑥) =
ଵ

ଵାቚ
ೣష೎

ೌ
ቚ
మ್                                              (1) 

where: μ(x) is membership function, a, b, c are 
premise parameters. 
 
The 2nd layer is the multiplication of the membership 
degrees. The formula in 2nd layer: 
 
𝑤௞ = ∏ 𝜇௡௞ =௡

ଵ 𝜇ଵ௞. 𝜇ଶ௞. 𝜇ଷ௞ … 𝜇௡௞                  (2) 
where: wk is multiplication of the membership 
degrees 
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The 3rd layer is the weight-to-weight ratio 
calculation, with formula: 
𝑤ഥ௞ =

௪ೖ

∑ ௪ೖ
ೖ
భ

=
௪ೖ

௪భା௪మା௪యା⋯ା௪ೖ
                         (3) 

The 4th layer is processing that each neuron in the 
fourth layer is an adaptive node to an output: 
𝑤ഥ௞. 𝑦௞ = 𝑤ഥ௞(𝑐௞ଵ. 𝑥ଵ + 𝑐௞ଶ. 𝑥ଶ + 𝑐௞ଷ. 𝑥ଷ + ⋯ +
𝑐௞௡ . 𝑥௡ + 𝑐௞଴                                                 (4) 
The 5th layer is processing output with formula: 
𝑦 =  ∑ 𝑤ഥ௞. 𝑦௞ =௞

ଵ 𝑤ഥଵ. 𝑦ଵ + 𝑤ഥଶ. 𝑦ଶ + 𝑤ഥଷ. 𝑦ଷ + ⋯ +
𝑤ഥ௞. 𝑦௞                                                                    (5) 
 
2.3 DIFFERENTIAL EVOLUTION (DE) 
 
     The Differential Evolution (DE) is a stochastic 
population based on optimization algorithm widely 
recognized for its effectiveness in solving high 
dimensional and multimodal optimization problems 
with strong computational efficiency. Operating 
without derivatives, DE is well suited for objective 
functions that are noisy, discontinuous, or 
analytically difficult to model, where gradient based 
methods often fail. Its optimization process relies on 
three key operators, mutation, crossover and 
selection, which collectively refine candidate 
solutions through adaptive exploration and 
convergence [7], [11], [28], [29]. In particular, the 
mutation step perturbs a base vector using the scaled 
difference of two population vectors, enabling broad 
search space exploration and reducing the risk of 
premature convergence to local optima. Owing to its 
robust convergence behavior and consistent 
empirical performance, DE has become a prominent 
choice in advanced optimization tasks across 
machine learning, biomedical modelling and 
complex system identification. The are 3 steps in 
DE, namely mutation, crossover and selection[10], 
[11], [28]. 
     The formula of mutation: 

𝒗𝒊 = 𝒙𝒑 + 𝝁. ൫𝒙𝒒 − 𝒙𝒓൯                                  (6) 

Where: 
𝒗𝒊 is mutated vector 
xp, xq, xr are distinct vectors randomly chosen from 
the current population 
𝝁 is the mutation scaling factor 
 
The formula of crossover: 

𝑢௜,௝ = ൜
𝑣௜,௝ ,   𝑖𝑓 𝑅𝑎𝑛𝑑௝  ≤  𝐶ோ 𝑜𝑟 𝑗 = 𝑗௥௔௡ௗ

𝑥௜,௝,                                                    𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
       (7) 

Where: 

𝒖𝒊,𝒋 is the 𝑗th component of the trial vector for the 𝑖th 

individual. 

𝒗𝒊,𝒋  is the jth component of the mutated vector. 
𝒙𝒊,𝒋  is the 𝑗th component of the target vector. 
CR is crossover rate 
𝑗௥௔௡ௗ    is a randomly chosen index to ensure that at 
least one component of the trial vector comes from 
the mutated vector. 
 
The selection process is given by: 

𝑥௜
௧ାଵ = ቊ

𝑢௜
௧ାଵ,              𝑖𝑓 𝑓(𝑢௜

௧ାଵ)  ≤  𝑓(𝑥௜
௧)

𝑥௜
௧                                                       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

     (8) 

 
  𝑥௜

௧ାଵ  is represents the updated solution for the 𝑖th 
individual in the next generation. 

𝑢௜
௧ାଵ  is trial vector 

f(.) is objective function 

 
2.5 LIME XAI  

     Explainable AI using Local Interpretable Model 
Agnostic Explanations (LIME) provides a 
systematic framework for understanding how 
complex machine learning models make individual 
predictions. LIME operates by generating a set of 
perturbed samples around a specific instance and 
evaluating how the model responds to these 
variations. It then constructs a simple, interpretable 
surrogate model, typically a local linear regression, 
to approximate the behaviour of the original model 
in the neighbourhood of that instance. Through this 
process, LIME quantifies the contribution of each 
feature to the predicted outcome, enabling 
researchers and practitioners to obtain intuitive and 
human readable explanations without requiring 
access to the internal structure of the model [30], 
[31]. 
 
     The formula of LIME XAI: 
arg min

௚ఢீ
𝐿( 𝑓, 𝑔, 𝜋௫) + Ω(𝑔)                                   (9) 

Where: 
g is the interpretable model used to approximate 

the complex model locally. 
G  is the family of interpretable models from which 

𝑔 is selected.  
L (f, g, πx) is the local fidelity loss, which measures 

how closely the interpretable model g matches 
the predictions of the original model 𝑓 around the 
instance 𝑥. 

Ω(g) is a complexity penalty that ensures the 
surrogate model remains simple and easy to 
interpret. 
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2.6 PROPOSED MODEL 

     The proposed model integrates ANFIS with 
Differential Evolution to optimise parameter 
learning and enhance predictive accuracy, while 
XAI LIME is employed to provide transparent, 
instance-level explanations of the model’s outputs. 
Six input features are processed through the ANFIS 
structure, refined through iterative mutation 
mechanism of DE, and subsequently interpreted 
using LIME to ensure both robust performance and 
explainability. The model shown in figure 2. 
 

 
Figure 2. Model Optimation Architecture 

    
  The predictive workflow proceeds in six clear 
steps. Step 1: normalise the six clinical features 
blood sugar, cholesterol, systolic pressure, diastolic 
pressure, BMI and age. Step 2: construct an ANFIS 
architecture with Gaussian membership functions, 
where each function is parameterised by a mean and 
a spread and each fuzzy rule uses a Takagi Sugeno 
first order consequent. Step 3: encode every premise 
parameter and every consequent coefficient into a 
single optimisation vector. Step 4: refine that vector 
with Differential Evolution, employing mutation, 
crossover and selection to minimise a validation 
error objective and thus reduce susceptibility to the 
local optima that impede conventional gradient 
based ANFIS training. Step 5: evaluate the 
optimised ANFIS on a held out test set to produce 
final performance metrics. Step 6: generate local 
explanations with LIME by creating perturbed 
samples around the instance, querying the trained 
ANFIS, weighting samples by proximity and fitting 
a sparse linear surrogate to reveal the relative 
contribution of each feature to the specific 
prediction. 
     To enhance predictive accuracy and ensure stable 
convergence, the ANFIS parameters are optimised 
using the Differential Evolution (DE) algorithm. DE 
operates as a population-based evolutionary 
optimiser that iteratively refines candidate solutions 
through mutation, crossover, and fitness-based 

selection. At each generation, the algorithm applies 
controlled perturbations to the parameter vectors, 
recombines them to produce trial solutions, and 
retains only those that minimise the prediction error. 
This optimisation process yields an ANFIS model 
with improved parameter configurations and 
enhanced generalisation capability. 
     Following optimisation, the ANFIS-DE model is 
employed to generate predictions for the target 
variable. To ensure transparency and support 
interpretability, particularly in a clinical context, the 
predictions are further analysed using the Local 
Interpretable Model-Agnostic Explanations (LIME) 
framework. LIME constructs perturbed samples 
around a specific instance and evaluates the 
corresponding outputs of the ANFIS-DE model. By 
fitting a local interpretable surrogate model, 
typically a sparse linear approximation, LIME 
quantifies the relative contribution of each input 
feature to the final prediction. This provides a clear 
and local explanation that complements the 
optimised model output. 
      
2.7 EVALUATION MODEL 

The predictive performance of the proposed 
model for cardiovascular disease was evaluated 
using the Adaptive Neuro-Fuzzy Inference System 
(ANFIS) integrated with Differential Evolution (DE) 
and Explainable Artificial Intelligence (XAI) 
through Local Interpretable Model-Agnostic 
Explanations (LIME). Model evaluation was 
conducted using a confusion matrix, which provides 
a comprehensive assessment of classification 
outcomes. The performance metrics include 
Accuracy, Recall, Precision, and F1-Score, which 
are standard measures in prediction model.  

Accuracy is defined as the proportion of correctly 
classified instances to the total number of instances, 
expressed as: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
்௉ା்

்௉ା்ேାி௉ାிே
                                  (10) 

 
Precision evaluates the proportion of true positive 
predictions among all positive predictions, defined 
as: 
 

𝑃𝑟𝑒𝑐𝑒𝑠𝑖𝑜𝑛 =
்௉

்௉ା ி௉
                                             (11) 

 
Recall (or Sensitivity) measures the model’s ability 
to correctly identify positive cases, given by: 
 

𝑅𝑒𝑐𝑎𝑙𝑙 =
்௉

்௉ା ிே
                                                   (12) 
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Meanwhile, the F1-Score, representing the harmonic 
mean of Precision and Recall, is calculated as: 
 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2 𝑥 
௉௥௘௖௜௦௜௢௡ ௫ ோ௘௖௔௟௟

௉௥௘௖௜௦௜௢௡ାோ
                     (13) 

where TP, TN, FP, and FN denote true positives, true 
negatives, false positives, and false negatives 
respectively.  

3. RESULT AND DISCUSSION 

3.1 THE ANFIS MODEL PERFORMANCE 
OVERVIEW 

     The ANFIS model was trained using a dataset 
comprising 300 instances with six clinical features, 
namely blood sugar, systolic blood pressure, 
diastolic blood pressure, cholesterol, BMI, and age, 
and a binary output indicating cardiovascular risk 0 
(lower susceptibility) or 1 (higher susceptibility).  

The Adaptive Neuro-Fuzzy Inference System 
(ANFIS) was employed to develop an early 
prediction model for cardiovascular disease. The 
model was experienced to 3 models. The model 1 
(60% training, 40% testing), model 2 (70% training, 
30% testing), and model 3 (80% training, 20% 
testing). Each model was subsequently evaluated 
using five training epochs (200, 400, 600, 800, and 
1000) with learning rate of 0.1. The predictive 
performance across all models’ variations were then 
compared, with the comparative results presented in 
Table 2 and illustrated in Figure 3. 

Table 2: Performance of ANFIS Models for CVD 
prediction  

 

 

Figure 3. Comparative performance of ANFIS 
models 

Based on Table 2 and Figure 3, Model 3 
demonstrates the best predictive performance. 
Therefore, Model 3 was selected for performance 
improvement using the Differential Evolution (DE) 
algorithm. The results of the optimisation processes 
applied to Model 3 are presented in Figure 4. 

 

Figure 4. Predicted table 

The confusion matrix illustrates in figure 4, the 
classification performance of the model in 
distinguishing between lower susceptibility and 
higher susceptibility classes. The model correctly 
identified 78 instances of lower susceptibility and 
152 instances of higher susceptibility, indicating 
strong predictive capability for both classes. Only 2 
cases of lower susceptibility were incorrectly 
classified as higher susceptibility, while 8 cases of 
higher susceptibility were misclassified as lower 
susceptibility. Overall, the distribution of correct and 
incorrect predictions demonstrates that the model 
achieves high accuracy and maintains balanced 
performance across both categories, with notably 
low misclassification rates. 

 

Figure 5. Accuracy of Model ANFIS 

According to figure 5, the plot presents the 
progression of training and testing accuracy over 
1000 epochs. The training accuracy curve shows a 
generally stable upward trend during the early 
epochs, reaching values consistently above 0.94 after 
convergence. Minor fluctuations occur, but the 

 Training 
Data

 Testing 
Data

 Training 
Data

 Testing 
Data

 Training 
Data

 Testing 
Data

Accuracy 0.9389 0.9088 0.9398 0.9167 0.9417 0.9167

Precision 0.9431 0.9061 0.9536 0.925 0.962 0.9487

Recall 0.936 0.8875 0.9464 0.9073 0.95 0.925

F1 Score 0.9347 0.9067 0.946 0.9261 0.956 0.9367

Confusion 
Metric

Model 1 60% Model 2 70% Model 3 80%
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overall pattern indicates that the model learns 
effectively and maintains high performance on the 
training data. The testing accuracy curve, although 
more variable, remains within a high accuracy range 
throughout training, typically oscillating between 
0.90 and 0.96. This variability suggests sensitivity to 
the smaller test sample but still reflects strong 
generalization capability. The absence of significant 
divergence between the two curves indicates that the 
model does not experience severe overfitting, and 
both training and test performances remain 
consistently high across epochs. 

3.2 IMPROVEMENT ANFIS MODEL USING 
DIFFERENTIAL EVOLUTION(DE) 

     The optimisation of the Adaptive Neuro-Fuzzy 
Inference System (ANFIS) using Differential 
Evolution (DE) is conducted to obtain an optimal set 
of premise and consequent parameters for binary 
cardiovascular risk prediction based on six clinical 
features: Blood Sugar, Systolic Blood Pressure, 
Diastolic Blood Pressure, Cholesterol, BMI, and 
Age. In the initial configuration, each membership 
function is defined by premise parameters typically 
denoted as a, b, and c-while each fuzzy rule is 
associated with a set of consequent parameters, such 
as k11, k21, …, k61, representing the linear coefficients 
for the input variables. 
     The DE algorithm begins by generating a 
population of candidate solutions, where each 
individual encodes a complete parameter set of the 
ANFIS model, including all premise and consequent 
components. Each individual is evaluated through 
forward computation within ANFIS, and its fitness 
is calculated using a binary classification metric such 
as cross-entropy loss or misclassification rate. 
     The optimisation proceeds iteratively through 
three fundamental evolutionary operators. First, 
mutation perturbs individuals by combining 
randomly selected population members according to 

𝒗𝒊 = 𝒙𝒂 + 𝝁. (𝒙𝒃 − 𝒙𝒄)                (14)          

where μ is a scaling factor and vi is the mutant vector. 
Second, crossover recombines the mutant vector 
with the original individual to produce a trial vector, 
governed by a crossover rate that determines the 
proportion of inherited parameters. Third, selection 
ensures survival of the fittest by replacing the current 
individual with the trial vector only if the latter 
exhibits superior fitness.  
     This cycle continues until convergence or a 
maximum number of generations is reached. The 
final solution represents the optimised set of 
membership-function parameters a, b, c and 

consequent coefficients k that collectively minimise 
prediction error. When integrated into ANFIS, these 
optimised parameters enhance the model’s ability to 
discriminate between classes 0 and 1, thereby 
improving its predictive accuracy for cardiovascular 
risk assessment.  
Table 3: Comparative performance of ANFIS and 

ANFIS-DE models Using Confusion Matrix 

Confusion 
Matrix & 
Error/loss 

ANFIS ANFIS-DE 

Data 
Training 

Data 
Testing 

Data 
Training 

Data 
Testing 

Accuracy 0.9417 0.9167 0.9458 0.9200 

Precision 0.9620 0.9287 0.9656 0.9290 

Recall 0.9500 0.9250 0.9625 0.9250 

F1 Score 0.9560 0.9367 0.9595 0.9425 

Error 0.1685 0.2019 0.1501 0.2011 

Based on Table 3, Differential Evolution 
demonstrably improves the performance of ANFIS. 
All confusion matrix values for ANFIS DE are 
superior to those of the standard ANFIS model. 
Likewise, the error metrics obtained from ANFIS DE 
are consistently lower than those produced by 
ANFIS alone. 

3.3 FEATURE IMPORTANCE AND 
EXPLAINABILITY ANALYSIS USING LIME 

The Local Interpretable Model-Agnostic 
Explanations (LIME) method was applied to 
ANFIS-DE model to improve performance.  LIME 
provided local feature-level explanations for 
individual predictions by approximating the complex 
model behavior with an interpretable surrogate 
model. Figure 3 illustrates an example LIME 
explanation for a positive (CVD) prediction 
generated by the ANFIS-DE model. The outcomes 
of the LIME XAI analysis further provide a visual 
representation of the contribution of each feature, as 
illustrated in the following figure 6 bellow. 

 

Figure 6. The Features Mapping Using XAI LIME 
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Conversely, features such as exercise-induced 
angina and fasting blood sugar were found to 
contribute negatively to the disease risk prediction 
for this instance. 

When applied to the ANFIS model, LIME 
explanations closely aligned with the fuzzy rule base, 
validating the consistency between rule-based 
inference and local model approximations. For 
example, ANFIS generated interpretable rules such 
as: 

IF (cholesterol is high) AND (blood pressure is high) 
THEN (risk = high). 

This rule corresponded directly with the high-weight 
features identified by LIME, demonstrating that both 
models captured similar clinical risk patterns, though 
through different representational mechanisms. 

     Explainable Artificial Intelligence (XAI) using 
Local Interpretable Model-Agnostic Explanations 
(LIME) was employed to provide a deeper 
understanding of the contribution of individual 
predictive features within the model. The outcomes 
of the explainable model using LIME analysis are 
presented in the following table 4. 

Table 4. Result of LIME Processing 

No Feature Contribution Value 

1 Blood Sugar 0.27 1.35 
2 Sistolic  0.25 0.84 
3 Age 0.20 0.31 
4 Cholesterol 0.06 0.12 
5 BMI 0.03 0.43 
6 Diastolic  -0.01 0.19 

     The figure 6 and table 4 illustrates the local 
explanation generated by LIME for a single test 
instance (one patient). The model outputs a predicted 
value close to 1, indicating a high estimated 
cardiovascular risk. LIME decomposes this 
prediction into feature-level contributions, showing 
which inputs increase or decrease the model’s 
output. On the right-hand side, the horizontal bars 
represent the magnitude and direction of each 
feature’s influence. Orange bars correspond to 
positive contributions, meaning these features push 
the prediction toward a higher risk. Blue bars 
indicate negative contributions, where the feature 
slightly reduces the predicted risk. 

     The most influential positive contributors for this 
instance are: 

1. BLOOD SUGAR > 0.78 (value = 1.35): 

This feature shows the strongest positive effect, 
substantially elevating the predicted risk. 

2. SISTOLIC > 0.62 (value = 0.84): 

A high systolic blood pressure further increases the 
prediction. 

3. AGE > 0.28 (value = 0.31): 

Although moderate, age still contributes positively to 
the risk assessment. 

CHOLESTEROL and BMI exhibit smaller positive 
effects, indicating mild contributions to increasing 
the model's output. In contrast, diastolic blood 
pressure (value = 0.19) exerts a minor negative 
contribution, slightly pulling the prediction 
downward, though its influence is negligible 
compared with the dominant risk-elevating features. 

Of the six features, blood sugar contributes 0.27, 
systolic blood pressure contributes 0.25, age 
contributes 0.20, cholesterol contributes 0.06, BMI 
contributes 0.03, and diastolic blood pressure 
contributes –0.01. 

     The feature-value table at the bottom of the figure 
displays the original input values for the explained 
instance, with colours matching their directional 
influence (orange for positive, blue for negative). 
Overall, the LIME explanation highlights that blood 
sugar, systolic pressure, and age are the primary 
drivers of the model’s high-risk prediction for this 
individual. This demonstrates LIME’s ability to 
produce transparent, instance-specific 
interpretations for an otherwise opaque neural-
network model. 

3.4 DISCUSSION  

   The ANFIS-based cardiovascular disease 
prediction model has demonstrated satisfactory 
performance, as reflected in its accuracy exceeding 
90%. Nevertheless, the standard ANFIS architecture, 
which employs the gradient descent method for error 
propagation and least squares estimation, still 
exhibits several limitations. These limitations 
include slow convergence, a tendency to become 
trapped in local minima, sub-optimal performance 
when addressing complex problems, and high 
sensitivity to initial parameter values [32], [33], [34]. 

In this study, the performance of ANFIS was 
enhanced through integration with the Differential 
Evolution (DE) algorithm. The hybrid model, 
referred to as ANFIS-DE, was designed to optimise 
both the fuzzy premise parameters and consequent 
parameters within the ANFIS structure. 

DE begins by generating a population of ANFIS 
candidate models with randomly initialised 
parameters. The mutation process in DE is 
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performed by computing the differences between 
candidate solutions to produce new and potentially 
more diverse candidates. This is followed by a 
crossover operation to further increase solution 
diversity within the population. 

The selection stage in DE is based on the ANFIS 
error value, where the candidate with the best 
performance is retained for the next generation. 
Through iterative evolutionary processes over 
multiple generations, DE is able to identify a more 
optimal combination of ANFIS parameters. The best 
parameters obtained are subsequently applied to the 
prediction model to generate improved output 
accuracy. 

The comparative results between the standard 
ANFIS model and the ANFIS-DE model are 
presented in Figure 7 

 

Figure 7. Improvement performs using DE 

Based on Figure 7, the confusion matrix results 
indicate that the ANFIS-DE model achieves higher 
values of accuracy, precision, recall and F1-score 
compared with the standard ANFIS model. In 
addition, the error produced by ANFIS-DE is lower 
than that of ANFIS. These findings demonstrate that 
the ANFIS-DE model successfully enhances the 
predictive performance of the original ANFIS 
model. 

This performance improvement can be attributed to 
several factors. First, the population-based global 
evolutionary mechanism of DE enables a more 
effective optimisation process. Second, the use of 
DE helps reduce the risk of the model becoming 
trapped in local minima. Third, DE enhances the 
exploration capability of the search space, allowing 
the model to identify more optimal solutions. Fourth, 
DE facilitates more efficient parameter tuning within 
the ANFIS structure, resulting in a better overall 
parameter configuration [29], [35]. 

The integration of Differential Evolution (DE) into 
the ANFIS model led to a statistically significant 

enhancement in performance. Specifically, the 
accuracy improved from 0.9417 for the standalone 
ANFIS model to 0.9458 for the ANFIS-DE model. 
In addition, the error rate was reduced from 0.1685 
to 0.1501, indicating superior predictive 
performance. 

The performance of ANFIS can also be enhanced 
using various alternative methods. Based on existing 
studies, multiple approaches for improving ANFIS 
performance can be compared with the proposed 
model in this research. This comparison is presented 
in the following table 5 

Table 5 Comparison of ANFIS Model Improvement 

 

Based on Table 5, it can be observed that the ANFIS-
DE model has achieved superior predictive 
performance. 

In general, prediction models developed using 
machine learning or artificial intelligence operate as 
black-box systems, meaning that the internal 
decision-making process does not explicitly reveal 
which features contribute most to the prediction. 
Explainable AI techniques, such as LIME, help 
illustrate the contribution of individual features to 
the model’s output. Through this approach, it 
becomes clear which features drive the prediction 
upward and which features contribute to reducing the 
predicted value [30], [31] 

The results of the XAI-LIME analysis for the 
ANFIS-DE model are presented in Figure 6. The 
most influential positive contributors in this instance 
are Blood Sugar (value = 1.35), Systolic Blood 
Pressure (0.84), and Age (0.31), all of which strongly 
drive the prediction towards a higher risk. 
Cholesterol and BMI provide smaller positive 
effects. Conversely, Diastolic Blood Pressure (0.19) 
exhibits a minor negative influence, though its effect 
is negligible compared with the dominant risk-
elevating features. 

The blood sugar feature plays the most significant 
role in this prediction model, followed by systolic 
blood pressure and age. Among the six features used 
in the prediction model, five features have positive 
contributions, with blood sugar having the greatest 

IMPROVMENT OF 
ANFIS MODELS

ERROR ACCURACY F1-SCORE

K-Medoids Clustering - 82.99% -
Genetic Algorithm 0.8977 90.35% -

ANFIS-PSO Experiment 
(UCI Global Data)

- 89.00% 89.00%

ANFIS-PSO 0.282 - -
PSO-ANFIS 0.928 - -
GA-ANFIS 0.8977 - -
ANFIS-DE 0.2011 92% 94.25%

PSOGA (ANFIS-
PSOGA)

- 91.83% -
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influence, followed by systolic blood pressure. Only 
one feature, diastolic blood pressure, shows a 
negative contribution. Given that systolic and 
diastolic blood pressure are both indicators of 
cardiovascular pressure, it can be inferred that blood 
pressure–related features collectively exert a positive 
influence on the prediction model. 

4. CONCLUTION 

The development of an early cardiovascular disease 
prediction model using ANFIS enhanced with 
Differential Evolution (DE) and LIME XAI 
demonstrates a substantial improvement in 
predictive performance. The original ANFIS model 
suffers from several limitations, including 
difficulties in converging reliably and a tendency to 
become trapped in local optima. These weaknesses 
are effectively addressed through the application of 
DE, which optimises the premise and consequent 
parameters via mutation, crossover, and selection 
mechanisms. As a result, the ANFIS-DE model 
achieves higher accuracy, precision, recall, and F1-
score across both the training and testing datasets, 
while also producing a lower error rate compared 
with the standard ANFIS model. 

The integration of LIME XAI enhances model 
transparency by identifying the relative contribution 
of each input feature to the ANFIS-DE predictions. 
The LIME analysis shows that blood sugar, systolic 
blood pressure, and age are the most influential 
features, with five of the six features contributing 
positively and only diastolic blood pressure 
exhibiting a slight negative effect. Overall, the 
interpretability provided by LIME XAI confirms that 
all features play a meaningful role in shaping the 
predictive performance of the ANFIS-DE model, 
reinforcing its suitability for early detection of 
cardiovascular risk. 
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