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Abstract 

Diabetes patients face a severe health cost from cardiovascular disease (CVD). Recognising the risk 

factors for CVD in this group of people is critical for developing effective preventative and 

management measures. In this study, we use an ontological data mining approach, LightGBM, to 

analyze a dataset of diabetes patients and investigate the risk variables that contribute to CVD. The 

association between diabetes and CVD is investigated, emphasising the increased risk that diabetes 

patients confront. We look into the demographics, health behaviors, and physiological indicators that 

influence the emergence of heart disease in this population. We use LightGBM to find complicated 

relationships and trends within the dataset, allowing us to identify critical risk variables. Our research 

contributes to the field by offering a thorough examination of the diabetes-CVD link and applying an 

advanced machine-learning technique for information extraction. The results have implications for 

specific interventions, risk evaluation models, and personalised therapy approaches aimed at reducing 

the effect of CVD in diabetics. 

 

Keywords: Cardiovascular disease; Diabetes, Risk causes; Ontological data mining; Knowledge 

representation; Data-driven techniques; Semantic reasoning; Health data analysis. 

 

1. Introduction 

Diabetes mellitus is a chronic metabolic condition that is characterised by high blood glucose levels 

due to insulin insufficiency or insulin resistance. These elevated blood glucose levels can be caused 

by either insulin resistance or insulin insufficiency. It has been linked to some different consequences, 

one of the most serious and life-threatening of which is cardiovascular disease (also known as CVD), 

which affects millions of individuals all over the world [1]. The term CVD refers to a group of 

disorders that can have an adverse effect on the heart and blood vessels. These conditions include 

heart failure, stroke, peripheral artery disease, and coronary artery disease. People who have diabetes 
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have a significantly increased risk of acquiring CVD as compared to people who do not have diabetes 

[2-3]. 

There is a strong and nuanced correlation between diabetes and CVD. Atherosclerosis, characterised 

by the formation of fatty plaques within the artery walls, is exacerbated by the elevated blood glucose 

levels characteristic of diabetes [4]. The risk of cardiovascular events like heart attacks and strokes is 

raised when arteries become narrowed and hardened due to atherosclerosis. The risk of CVD is already 

elevated by diabetes, and it is commonly accompanied by other risk factors such as hypertension, 

dyslipidemia, and obesity. Insulin resistance, in which cells do not properly respond to insulin, is 

strongly linked to the development of type 2 diabetes. Diabetes and cardiovascular problems are two 

conditions in which insulin resistance is thought to have a major role [5]. 

For these reasons, it is critical to screen diabetic patients for CVD risk factors. To begin, healthcare 

providers are better able to stratify patients based on risk when they have a firm grasp on the risk 

variables linked with CVD in diabetic patients. Patients at high risk of developing CVD and its 

complications can benefit from this risk classification by receiving targeted interventions and 

therapies [6]. Second, being able to take preventative actions and make changes to one's way of life 

when CVD risk factors are first recognised is a powerful tool. Diabetes patients can greatly reduce 

their risk of cardiovascular events by making adjustments to their lifestyles, such as eating healthier, 

being more physically active, and giving up smoking. The most effective use of healthcare resources 

is achieved when treatment plans are individualised for each patient based on their unique risk profiles. 

It paves the way for individualised care plans to meet the specific requirements of each patient, which 

may improve health and well-being [7-8]. 

Ontological data mining is an innovative technique that integrates the principles of data mining and 

ontology to extract knowledge and discover hidden relationships from complex datasets. In the context 

of our study, an ontology represents a structured and formalized representation of relevant concepts 

and their relationships in the domain of diabetes and CVD [9-10]. By leveraging ontological data 

mining, researchers can process vast amounts of heterogeneous data, such as electronic health records, 

clinical databases, and biomedical literature, to uncover meaningful patterns and associations. 

This work provides several substantial advances in the field of diabetes-related CVD research. For 

starters, it presents a thorough examination of the association between diabetes and CVD, emphasising 

the elevated risk that diabetes patients confront. Our study intends to help the development of tailored 

preventive measures and interventions by identifying and understanding the risk factors linked with 

CVD in this specific population. Furthermore, to analyse and extract knowledge from complicated 

datasets, this study applies an ontological data mining technique, especially LightGBM. We can use 

LightGBM to find hidden patterns, correlations, and prediction features that would not be seen using 

typical analytical methods. 

2. Related Work 

Several studies have been conducted to explore the intricate relationship between diabetes and CVD 

and to identify the risk factors contributing to this deleterious association. These investigations have 

illuminated critical insights into the pathophysiological mechanisms underlying the heightened CVD 

risk in individuals with diabetes. Moreover, previous research has emphasized the significance of 

identifying and understanding these risk factors to implement targeted interventions, enhance patient 

care, and alleviate the burden of cardiovascular complications in diabetic populations. Qrenawi and 

Al Sarraj [1] conducted a study using ontological data mining techniques to identify CVD risk factors 

among diabetes patients. Their work laid the foundation for exploring the application of ontological 

data mining in this specific domain. More, Kuo et al. [2] presented a medical case study where domain 

ontology was used to drive data mining. This approach demonstrated the potential of leveraging 

domain knowledge through ontologies to enhance data mining outcomes. In addition,  Abbas et al [3] 

focused on data mining and ontology-based techniques in healthcare management. Although not 

specifically targeting CVD risk causes among diabetes patients, their research highlighted the 

potential of data mining and ontologies in healthcare settings. Kavakiotis et al. [4] conducted a 

comprehensive review of machine learning and data mining methods in diabetes research. While not 

explicitly utilizing ontological data mining, their work provided insights into various machine-

learning approaches and their applications in diabetes-related studies. Mehmood et al. [5] explored 

the use of deep convolutional neural networks for predicting heart disease. Although not directly 

related to ontological data mining, this study demonstrates the broader range of machine learning 

techniques employed in CVD research. 
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Kumar et al. [6] discussed big medical data mining and processing in e-healthcare, providing a broader 

perspective on data mining techniques in healthcare domains. This work emphasized the importance 

of efficient data processing and analysis in healthcare applications. Tiwari and Singh [7] proposed a 

significant attribute selection and classification approach for predicting diabetes disease. Although not 

focused on CVD risk causes, their work presented  insights into feature selection and classification 

techniques that can be relevant in identifying risk factors. Further, Karystianis et al. [8] investigated 

the use of local lexicalized rules to identify heart disease risk factors in clinical notes. Their study 

showcased a different approach, highlighting the importance of textual analysis and rule-based 

methods for risk factor detection. 

While the preceding research has provided significant insights into the relationship between heart 

disease and diabetes, it is clear from the discussion of these connected studies that ontological data 

mining approaches should be used to detect risk causes among diabetes patients. This motivates the 

current study and highlights the promise of ontological data mining for overcoming the shortcomings 

of prior research into the root causes of cardiovascular illness in people with diabetes. Ontological 

data mining provides a distinct advantage in the full analysis of complicated interactions and the 

discovery of hidden patterns within heterogeneous healthcare data by merging domain-specific 

knowledge represented through ontologies with advanced data mining methods. To better understand 

risk variables and their interplay in the context of CVD and diabetes, this method allows for the 

incorporation of structured, unstructured, and cognitively supplemented data sources. 

3. Methodology 

Ontological data mining techniques force the supremacy of machine learning algorithms to abstract 

knowledge and patterns from composite datasets, allowing us to uncover valuable insights and 

relationships between variables. One such powerful algorithm used in this study is LightGBM (Light 

Gradient Boosting Machine). LightGBM is a gradient-boosting framework that has obtained 

acceptance due to its efficiency, scalability, and capability to handle large-scale datasets with high-

dimensional features. It is specifically well-suited for ontological data mining tasks, including the 

identification of CVD risk factors among diabetes patients [11-14].  

LightGBM employs gradient boosting, a technique that iteratively builds an ensemble of weak models 

to minimize a specific loss function. Let's assume we have a training dataset consisting of 𝑁 samples 

and 𝐾 features. Each sample is represented by a feature vector 𝑋 and a corresponding target variable 

𝑦. LightGBM utilizes an objective function that defines the loss to be minimized during training.  

𝑂bj(𝑡) = ∑ 𝑙(𝑦𝑖
𝑛

𝑖=1
, 𝑦̂𝑖

(𝑡)
) + ∑ Ω(𝑓𝑖)

𝑡

𝑖=1
= ∑ 𝑙(𝑦𝑖

𝑛

𝑖=1
, 𝑦̂𝑖

(𝑡−1)
+ 𝑓𝑡(𝑥𝑖)) + ∑ Ω(𝑓𝑖)

𝑡

𝑖=1
 (1) 

The objective function takes the current model's predictions, 𝑦̂𝑖
(𝑡)

, and the true labels, 𝑦𝑖, as inputs and 

calculates a measure of the prediction error. LightGBM uses decision trees as the weak learners within 

the boosting framework. A decision tree is a hierarchical structure of nodes and branches, where each 

internal node represents a feature, and each leaf node represents a prediction. All nodes of the decision 

tree are traversed through the accumulation of 𝑛 samples. 

𝑂𝑏𝑗(𝑡) ≅ ∑ [𝑔𝑖𝑓𝑡(𝑥𝑖) +
1

2
ℎ𝑖𝑓𝑡

2(𝑥𝑖)]
𝑛

𝑖=1
+ Ω(𝑓(𝑡))                                               (2) 

LightGBM employs a unique approach called "leaf-wise" tree growth, which differs from the 

traditional depth-wise growth strategy. In leaf-wise growth, instead of growing the tree level by level, 

LightGBM selects the leaf with the maximum gradient to expand, resulting in a more balanced and 

efficient tree structure [15]. 

 

LightGBM uses the gradient-based optimization technique to calculate the gradients and Hessians, 𝐻𝑗, 

of the loss function with respect to the predicted values. 

𝜕

𝜕𝑤𝑗
[(∑ 𝑔𝑖𝑖∈𝐼𝑗

) 𝑤𝑗 +
1

2
(∑ ℎ𝑖𝑖∈𝐼𝑗

+ 𝜆) 𝑤𝑗
2] = ∑ 𝑔𝑖𝑖∈𝐼𝑗

+ (∑ ℎ𝑖𝑖∈𝐼𝑗
+ 𝜆) 𝑤𝑗                        (3) 

where, 
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𝑤𝑗 = −
𝐺𝑗

𝐻𝑗+𝜆
,                                                                                                           (4) 

and 

𝐺𝑗 = ∑ 𝑔𝑖𝑖∈𝐼𝑗
, 𝐻𝑗 = ∑ ℎ𝑖𝑖∈𝐼𝑗

                                                                                                   (5) 

The model is then able to update its parameters in the direction that best reduces the loss function with 

the help of these gradients. Its efficient implementation makes it appropriate for ontological data 

mining tasks since it can handle large-scale datasets with high-dimensional features. 

4. Results and Analysis 

In our experiment, we evaluated the performance of our proposed model on a publicly available 

dataset that focuses on exploring the risk factors associated with CVD in adults. The dataset aims to 

investigate how various demographic factors, health behaviors, and biological markers contribute to 

the development of heart disease. The data is composed of many variables, which are summarized as 

follows.  

• Age: The age of the participant is recorded as an integer value. 

• Gender: The gender of the participant, categorized as either male or female. 

• Height: The height of the participant, measured in centimeters (integer value). 

• Weight: The weight of the participant, measured in kilograms (integer value). 

• Ap_hi: Systolic blood pressure reading taken from the patient, recorded as an integer. 

• Ap_lo: Diastolic blood pressure reading taken from the patient, recorded as an integer. 

• Cholesterol: The total cholesterol level of the participant, measured in mg/dL on a scale of 0 to 5+ 

units (integer value). Each unit represents an increase or decrease of 20 mg/dL. 

• Gluc: The glucose level of the participant, measured in mmol/L on a scale of 0 to 16+ units (integer 

value). Each unit represents an increase or decrease of 1 mmol/L. 

• Smoke: Indicates whether the participant is a smoker or not (binary value: 0 = No, 1 = Yes). 

• Alco: Indicates whether the participant consumes alcohol or not (binary value: 0 = No, 1 = Yes). 

• Active: Indicates whether the participant is physically active or not (binary value: 0 = No, 1 = Yes). 

• Cardio: Indicates whether the participant suffers from CVD s (binary value: 0 = No, 1 = Yes). 

To evaluate the performance of our model, we utilized this dataset, leveraging the information 

provided by the different variables to predict the likelihood of developing CVD. By training our model 

on this data and employing appropriate evaluation metrics, we aimed to assess the effectiveness of our 

approach in identifying and understanding the risk factors associated with CVD in the given 

population. In Table 1, we provide some descriptive analysis of the dataset. 

 

Table 1: Descriptive statistics for the case study for CVD risk factors 

 

  count mean std min 25% 50% 75% max 

age 70000 19468.87 2467.252 10798 17664 19703 21327 23713 

gender 70000 1.349571 0.476838 1 1 1 2 2 

height 70000 164.3592 8.210126 55 159 165 170 250 

weight 70000 74.20569 14.39576 10 65 72 82 200 

ap_hi 70000 128.8173 154.0114 -150 120 120 140 16020 

ap_lo 70000 96.63041 188.4725 -70 80 80 90 11000 

cholesterol 70000 1.366871 0.68025 1 1 1 2 3 

gluc 70000 1.226457 0.57227 1 1 1 1 3 

smoke 70000 0.088129 0.283484 0 0 0 0 1 

alco 70000 0.053771 0.225568 0 0 0 0 1 

active 70000 0.803729 0.397179 0 1 1 1 1 

cardio 70000 0.4997 0.500003 0 0 0 1 1 

 

 

In Figure 1, we present a bar chart that visualizes the distribution of variables within the dataset related 

to the risk factors for cardiovascular heart disease. This visualization enables to obtain a 

comprehensive identification of the frequency or occurrence of different variables, enabling us to 
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identify patterns and trends in the data. Figure 1 illustrates the distribution of each variable as 

individual bars, with the x-axis representing the variable categories and the y-axis denoting the 

frequency or count of each category. 

 

Figure1:  Variable distributional analysis in our case study for CVD risk factors 

 

Table 2 presents the Pearson correlation results, which showcase the strength and direction of the 

linear relationship between pairs of variables in the dataset. The Pearson correlation coefficient 

measures the degree of linear association between two variables, ranging from -1 to +1. A value of +1 

indicates a perfect positive linear relationship, -1 indicates a perfect negative linear relationship, and 

0 indicates no linear relationship between the variables. 

 

 

 

Table 2: The results of Pearson correlation analysis on  the features of our case study. 
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In Figure 2, we present the distributional characteristics of each variable in the dataset using 

probability plots and density plots.  
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Figure 2: visualization of probability and density plot for each variable in our study 

These visualizations provide a comprehensive understanding of the distributional properties of the 

variables, shedding light on their underlying statistical characteristics. The probability plots, also 

known as quantile-quantile (Q-Q) plots, are displayed for each variable. The density plots, on the other 

hand, depict the estimated probability density function of each variable. The x-axis represents the 

values of the variable, and the y-axis represents the corresponding probability density. The density 

plots provide insights into the shape, symmetry, and skewness of the variable's distribution.  In 

addition, we present the results of our study by comparing the performance of our proposed model 

with other ML algorithms commonly used in the domain of cardiovascular disease risk prediction. To 

evaluate the models, we employ precision-recall curves, which provide insights into the trade-off 

between precision and recall for different classification thresholds. Figure 3 displays the precision-

recall curves for each model, allowing us to assess their performance. A higher precision indicates a 

lower rate of false positives, while a higher recall suggests a lower rate of false negatives. As noted, 

we can determine which model strikes the best balance between these two metrics. 
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Figure 3: Visualization of Precision-recall curves for different classifiers. 

 

 

 

6. Conclusion  

 

This study aimed to identify cardiovascular disease (CVD) risk factors among diabetes patients using 

an ontological data mining method, specifically LightGBM. Through a inclusive analysis of the 

relationship between diabetes and CVD, we highlighted the heightened risk faced by individuals with 

diabetes. Our study contributes to the field by giving valuable understandings into the complicated 

interactions between risk factors and CVD in this specific population. By employing LightGBM, we 

were able to extract knowledge and uncover hidden patterns within the dataset. The utilization of this 

advanced ML algorithm enabled us to identify key risk factors associated with CVD among diabetes 

patients. The precision-recall curves demonstrated the superior performance of our proposed model, 

indicating its ability to accurately predict individuals at risk of developing CVD. 
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