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Abstract: High cholesterol levels are associated with various health complications, particularly 

cardiovascular diseases. Predicting an individual's cholesterol levels can be crucial in healthcare 

analytics to prevent and manage these conditions, leading to long-term health benefits and 

potential economic savings in healthcare systems. This paper focuses on analyzing the factors 

influencing blood cholesterol levels and developing predictive models for cholesterol levels using 

statistical and machine learning techniques. The study conducted an extensive analysis of 

determinants governing cholesterol levels using a feature importance ratio and leveraged the 

Framingham Heart Study (FHS) dataset with machine learning techniques to predict cholesterol 

levels. The study found that age, BMI, and glucose levels consistently influenced cholesterol 

levels, whether classified into three levels or two levels. Machine learning models exhibited 

varying performance, with models like Random Forest and Gradient Boosting excelling in 

precision, recall, and F1-score in specific cholesterol categories. The results emphasize the 

importance of addressing age, BMI, and glucose levels in healthcare strategies for cholesterol 

management. They also highlight the need for continuous model refinement and fine-tuning to 

improve predictive accuracy in different cholesterol classification scenarios. 

Keywords: Cholesterol, Predictive Models, Feature Importance, Framingham Heart Study, 

Classification, Risk Factors, Data Analysis. 

1. Introduction 

Cholesterol stands as a fundamental bioactive compound within the human 

organism, holding pivotal roles in a multitude of physiological processes. 

Nevertheless, elevated cholesterol concentrations can engender health complexities, 

primarily in the context of cardiovascular afflictions [1-3]. Therefore, grasping the 

determinants that modulate cholesterol levels assumes paramount importance in the 

realms of both public health and medical research [4-5]. Cholesterol manifests in 

three primary categories within cellular structures: High-density lipoprotein (HDL), 

acknowledged as "beneficial" cholesterol, facilitates the expulsion of surplus 

cholesterol from the organism [6-8]. Conversely, low-density lipoprotein (LDL), often 

dubbed "detrimental" cholesterol, contributes to the accumulation of arterial plaque. 

Additionally, very low-density lipoprotein (VLDL) plays a role in promoting the 

accrual of atheromatous deposits [8][9]. 

Predicting an individual's vulnerability to non-communicable chronic 

conditions, such as high cholesterol, closely tied to modifiable lifestyle choices and 
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attitudes, represents a pivotal goal in the realm of healthcare predictive analytics 

[10]. These predictions carry substantial implications for an individual's enduring 

health, their potential for active and autonomous aging, and, of no less significance, 

the potential for significant economic savings within societal healthcare frameworks. 

Recent research underscores the capability of machine learning tools to forecast an 

individual's risk of hospitalization, relying exclusively on socioeconomic and 

behavioral data, while circumventing the necessity for clinical risk factors [11-13]. 

The evaluation of cholesterol levels typically involves lipid profiles or blood 

cholesterol assessments [14]. Despite the absence of overt clinical symptoms 

associated with elevated cholesterol levels, elucidating the interplay among various 

cholesterol subtypes offers valuable insights into predisposition to cardiovascular 

maladies [14][15]. Consequently, strategies aimed at averting or mitigating high 

cholesterol levels translate directly into a reduction of cardiovascular disease 

susceptibility. Several pivotal risk factors influencing heightened cholesterol levels 

encompass gender, age, familial proclivity to heart diseases, dietary habits, body 

mass index (BMI), physical activity levels, alcohol consumption, smoking history, 

and the presence of diabetes [16-19]. 

This study makes significant contributions in two primary facets: Firstly, it 

conducts an exhaustive examination of determinants governing cholesterol levels 

using a feature importance ratio, delineating the predictors of heightened cholesterol 

risk by leveraging the Framingham Heart Study (FHS) dataset derived from case 

records-based machine learning techniques. 

This section presents an overview of relevant studies in the field of 

cholesterol prediction and its associated factors using machine learning techniques. 

The literature is summarized to identify gaps and unresolved issues that warrant 

further investigation. 

The paper [20] focuses on the estimation of low-density lipoprotein-

cholesterol (LDL-C) levels using machine learning techniques. It highlights the 

limitations of the Friedewald equation in estimating LDL-C, especially in cases of 

high triglycerides or non-fasting states. The authors propose novel machine learning 

algorithms, LDL-CX and LDL-CN, which outperform conventional methods. 

However, the study does not delve into the broader factors affecting cholesterol 

levels, leaving room for further exploration. 

In [21], the authors introduce a non-invasive machine learning approach for 

predicting total cholesterol levels. This method utilizes clinical and anthropometric 

data collected during weight loss interventions. The study focuses on improving non-

invasive diagnosis quality and disease screening. Through clustering analysis, it 

identifies patient groups with shared characteristics that may hold valuable 

diagnostic information. The results demonstrate the potential of machine learning to 

predict cholesterol levels with low mean absolute percentage error rates, offering a 

non-invasive tool for clinical applications.[22] Explores the integration of health data-

driven machine learning algorithms to assess the risk factors of early-stage 

hypertension, especially in individuals with dyslipidemia. The study leverages a 

large dataset and various machine learning techniques to identify the complex 

relationships between risk factors and early-stage hypertension incidence. Notably, it 

highlights the importance of variables like age, body mass index, glucose levels, and 

C-reactive protein in predicting hypertension. This research emphasizes the potential 

of data-driven machine learning in early disease prediction. 

In [23], the authors investigate the application of machine learning in 

managing lipid disorders, particularly in high-risk patients receiving cholesterol-

lowering medications in primary care. They developed machine learning algorithms 

based on lipid management guidelines and used natural language processing to 

extract medication information from electronic records. The study showcases how 
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machine learning can identify suboptimal prescribing patterns, target high-risk 

patients for more intensive therapy, and suggest evidence-based therapeutic 

options. However, it mainly focuses on optimizing medication management, leaving 

unexplored areas regarding the broader factors influencing cholesterol levels.[24] 

evaluates the applicability of a machine learning-based method for estimating LDL-

C levels and assesses the influence of training dataset characteristics. The study 

identifies the importance of dataset characteristics in achieving accurate estimates. It 

underscores the need to train machine learning models on datasets with matched 

characteristics, highlighting the versatility of machine learning methods.[25] 

addresses the estimation of very low-density lipoprotein cholesterol (VLDL-C) using 

interpretable machine learning techniques. It aims to predict VLDL-C values based 

on attributes such as age, sex, and various laboratory measurements. The study 

finds that the generalized linear model (GLM) yields the best results among the 

techniques employed. 

in paper [26] explores the prediction of blood pressure and cholesterol using 

machine learning, with a focus on a Multiple Linear Regression Analysis (MRA) 

approach. The study analyzes primary data collected from various districts in West 

Bengal, India. It demonstrates that machine learning models can predict the 

presence of blood pressure and cholesterol-related conditions with a high level of 

accuracy.In [27], the authors delve into the use of ensemble learning techniques for 

disease prediction, specifically targeting diabetes and cholesterol diseases. The study 

demonstrates that ensemble learning algorithms, such as Adaboost, Random Forest, 

Bagging, Voting, and Stacking, outperform individual algorithms. This research 

emphasizes the role of ensemble learning in predicting non-communicable diseases 

and the significance of key parameters in disease prediction. 

The existing literature highlights the potential of machine learning in 

predicting cholesterol-related factors and diseases. However, there is a notable gap 

in comprehensively understanding the multifaceted relationships between 

cholesterol levels and various influencing factors. Further research is warranted to 

bridge these gaps and enhance our understanding of cholesterol-related health 

issues. 

The aim of the study is to analyze the factors influencing blood cholesterol 

levels and develop predictive models for cholesterol levels using statistical and 

machine learning techniques. 

To achieve this aim, the following objectives are accomplished: 

– To examine the relationships between Variables and cholesterol levels. 

– To apply statistical and machine learning to understand the associations between 

these factors and cholesterol levels. 

– To develop predictive models for cholesterol levels using machine learning 

techniques.  

2. Materials and Methods 

The study involved the application of several machine learning models to 

predict cholesterol levels using the Framingham Heart Study (FHS) dataset. The 

models were evaluated based on their performance in both three-level and two-level 

cholesterol classifications. Several metrics were used to evaluate the models for both 

the three-level and two-level cholesterol classifications. The metrics included 

precision, recall, F1-score, and accuracy (ACC). 

Machine learning model 

In this study, various machine learning models were employed to analyze 

the factors influencing blood cholesterol levels. The determination of a suitable 

learning algorithm for a given dataset and case study is a crucial. Typically, the 

empirical approach involving the testing and evaluation of multiple algorithms is the 

preferred methodology to ensure the selection of an optimal approach. In this regard, 
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have undertaken an investigation of several algorithms, widely used in the literature, 

with the aim of identifying the most suitable algorithm for our specific needs. Fig 1 

shows the framework. 

 
                                       Fig 1: framework of machine learning models 

 

 Random Forest (RF) is an ensemble learning method that combines multiple 

decision trees to improve predictive accuracy and reduce overfitting. It is particularly 

effective for classification tasks, such as categorizing cholesterol levels [28-

29].Gradient Boosting (GB) is another ensemble method that builds decision trees 

sequentially, with each tree attempting to correct the errors of the previous one. It 

often provides high predictive performance [30]. 

Support Vector Classifier (SVC) is a supervised learning algorithm that can 

be used for classification tasks. It works by finding the optimal hyperplane that best 

separates different classes, making it suitable for binary and multiclass classification 

problems [31-32]. 

K-Nearest Neighbors (KNN) is a simple yet effective algorithm for 

classification. It classifies data points based on the majority class among their k-

nearest neighbors. It is particularly useful when dealing with local patterns in the 

data [33-34]. Decision Trees (CT) are a straightforward and interpretable machine 

learning model. They split data into branches based on feature values, creating a tree-

like structure for decision-making [35][29]. Naive Bayes (NB) is a probabilistic 

classifier that makes predictions based on Bayes' theorem. It is often used for text 

classification but can also be applied to other classification tasks [36]. 

Multi-Layer Perceptron (MLP) is a type of artificial neural network with 

multiple layers of nodes (neurons). It can be used for various machine learning tasks, 

including classification [37-38]. These models were used to predict cholesterol levels 

based on the provided dataset, which included various features such as gender, age, 

education, smoking habits, blood pressure, and more.  

Data and preprocessing 

In this study, data from the Framingham Heart Study (FHS) were employed 

[39]. FHS is a renowned and extensive cardiovascular cohort study. The dataset 

contains various variables relevant to our exploration of factors impacting blood 

cholesterol levels. Table 1 is a summary of the dataset, along with descriptions of its 

variables. 

 

 

 

 

                                                                         Table 1: Dataset Overview and Variables Description 

Variable           Description                                     Type                     

Testing data 

Training data 

machine 

learning 

models 

Models’ 

evaluation 

parameter 

tuning 

Trained 

model 

Dataset 
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 male               Male or Female                                  Categorical (0 = Female; 1 = Male)  

 age                Age at exam time in years                       Continuous               

 education          Education of the patient                       

 Categorical (1 = Some High School; 2 = High School or 

GED; 3 = Some College or Vocational School; 4 = 

College)  

 currentSmoker     

 At present smoker or not 

smoking                Categorical (0 = No Smoking; 1 = Smoking)  

 cigsPerDay        

 Smoking habits - Average no. of 

cigarettes/day   Continuous               

 BPMeds             Blood Pressure medications                     

 Categorical (0 = Not taking any Blood Pressure 

medications; 1 = Already on Blood Pressure 

medications)  

 prevalentStroke    Fasting blood sugar > 120 mg/dl                 Categorical (0 = False; 1 = True)  

 prevalentHyp                                                                                

 diabetes           Diabetes present or not                          Categorical (0 = No; 1 = Yes)  

 totChol           

 Total amount of cholesterol in 

blood            Continuous (mg/dL)       

 sysBP              Systolic blood pressure                          Continuous (mmHg) 

 diaBP              Diastolic blood pressure                         Continuous (mmHg)  

 BMI                Body Mass Index                                 Continuous (kg/m2)      

 heartRate          Beats/Min (Ventricular)  Continuous               

 glucose           Glucose level in blood  Continuous                                

 
In preparation for data analysis, several preprocessing steps were carried out. Firstly, 

the 'totChol' variable was categorized into three classes for triple classification: 

'Desirable', 'Borderline high', and 'High', with specific thresholds applied (see Table 2). 

Values less than or equal to 200 mg/dL were labeled 'Desirable', those between 201 mg/dL 

and 239 mg/dL were classified as 'Borderline high', and values equal to or exceeding 240 

mg/dL were designated as 'High' [40]. The threshold limit for the three cholesterol levels 

was chosen based on the National Library of Medicine (NIH) [41]. In the case of binary 

classification, 'normal' was assigned to values less than or equal to 200 mg/dL, while 

'high' covered values between 201 mg/dL and 239 mg/dL. 

 

Table 2: Total Cholesterol Level Classification 
Total Cholesterol Level  Class 

Less than 200mg/dL  Desirable 

200-239 mg/dL  Borderline high 

240mg/dL and above  High 

 

Feature selection involved the inclusion of variables such as 'male', 'age', 'education', 

'currentSmoker', 'cigsPerDay', 'BPMeds', 'prevalentStroke', 'prevalentHyp', 'diabetes', 

'sysBP', 'diaBP', 'BMI', 'heartRate', and 'glucose' as predictors for machine learning 

models. Subsequently, the dataset was split into training (80%) and testing (20%) sets 

using the `train_test_split` function, and feature scaling was applied through                         

the `StandardScaler` to standardize all features with a mean of (0) and a standard                         

deviation of (1). 

3.  Results 

In the following section, the study presents the outcomes of the analysis, 

encompassing feature importance and the performance metrics of diverse machine 

learning models employed for the prediction of cholesterol levels. 

Feature Importance 

In this section, the feature importance analysis is explored, a critical aspect of our 

study designed to comprehend the factors that exert significant influence on blood 
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cholesterol levels. Feature importance serves to identify the most influential variables for 

predicting cholesterol levels, offering valuable insights for healthcare professionals and 

researchers alike. In the analysis, the categorization of cholesterol levels into three classes 

- 'Desirable,' 'Borderline high,' and 'High' - was initially undertaken using specific 

thresholds. Fig 1 displays the average importance scores of the chosen features based on 

this three-level classification. 

 

 
 

Fig 1: Average Importance based on Three-level Classification 

 From the information presented in the figure, it becomes apparent that age, BMI 

(Body Mass Index), and glucose levels hold substantial roles in predicting cholesterol 

levels. These variables rank among the most influential factors in determining whether 

cholesterol levels fall within the categories of 'Desirable,' 'Borderline high,' or 'High.' 

Additionally, factors such as diastolic blood pressure (diaBP), heart rate, systolic blood 

pressure (sysBP), and the average number of cigarettes smoked per day (cigsPerDay) also 

demonstrate notable importance in this classification.To simplify the analysis, a two-level 

classification was also conducted, discerning between 'normal' and 'high' cholesterol 

levels. Fig 2 showcases the average importance scores of the chosen features based on this 

binary classification. 

 
                            Fig 2: Average Importance based on Two-level Classification 
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 Within the framework of the two-level classification, education, age, and the average 

number of cigarettes smoked per day (cigsPerDay) emerge as the most influential 

features for distinguishing between 'normal' and 'high' cholesterol levels. These findings 

underline the significant role played by education level in predicting whether an 

individual is predisposed to 'high' cholesterol levels. 

Model performance 

 In this section, the performance of various machine learning models is assessed 

concerning their ability to predict cholesterol levels. The evaluation is based on metrics 

such as precision, recall, F1-score, and accuracy (ACC) for both three-level and two-level 

classifications. The three-level classification comprises cholesterol levels categorized as 

'High,' 'Borderline,' and 'Desirable,' while the two-level classification differentiates 

between 'High' and 'Desirable' cholesterol levels. 

Table 3: Three-level classification model performance 

  

 

 

 

 

 

 

 

 

 
From the results, it is evident that different machine learning models exhibit varying 

performance in the three-level cholesterol classification. Random Forest (RF) achieves the 

highest precision and recall for the 'High' cholesterol category, indicating that it 

effectively identifies individuals with high cholesterol levels. However, Gradient 

Boosting (GB) demonstrates the highest F1-score for 'High' cholesterol, suggesting a 

balanced trade-off between precision and recall. Support Vector Classifier (SVC) achieves 

the highest precision for 'Desirable' cholesterol, highlighting its ability to accurately 

identify individuals with desirable cholesterol levels. Nevertheless, model performance 

varies across different cholesterol categories. 

 

 

 

 

Table 4: Two-level classification model performance 

 High Desirable  

Model Precision Recall F1 Precision Recall F1 ACC 

RF 0.91 0.95 0.93 0.29 0.18 0.22 0.88 

GB 0.92 0.95 0.93 0.33 0.21 0.25 0.88 

SVC 0.93 0.67 0.78 0.15 0.54 0.24 0.66 

KNN 0.93 0.69 0.79 0.15 0.51 0.24 0.68 

CT 0.91 0.84 0.87 0.15 0.26 0.19 0.78 

NB 0.93 0.06 0.11 0.1 0.96 0.18 0.15 

MLP 0.92 0.83 0.87 0.16 0.29 0.21 0.78 

 

In the two-level cholesterol classification, where the focus is on distinguishing 

between 'High' and 'Desirable' cholesterol levels, the models exhibit improved 

 High Borderline Desirable  

Model Precision Recall F1 Precision Recall F1 Precision Recall F1 ACC 

RF 0.82 0.95 0.88 0.44 0.1 0.16 0.26 0.12 0.16 0.78 

GB 0.85 0.65 0.74 0.14 0.33 0.19 0.18 0.31 0.22 0.58 

SVC 0.88 0.59 0.7 0.12 0.67 0.2 0.17 0.17 0.17 0.53 

KNN 0.82 0.58 0.68 0.12 0.24 0.16 0.16 0.38 0.23 0.53 

CT 0.82 0.77 0.8 0.04 0.05 0.05 0.15 0.2 0.17 0.65 

NB 0.84 0.06 0.12 0.09 0.74 0.16 0.1 0.35 0.16 0.14 

MLP 0.86 0.54 0.66 0.1 0.17 0.12 0.16 0.46 0.24 0.5 
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performance compared to the three-level classification. Support Vector Classifier (SVC) 

and K-Nearest Neighbors (KNN) achieve high precision for 'High' cholesterol, indicating 

their accuracy in identifying individuals with high cholesterol levels. Gradient Boosting 

(GB) and Random Forest (RF) demonstrate strong F1-scores for both 'High' and 

'Desirable' categories, reflecting a balance between precision and recall. However, it's 

important to note that Naive Bayes (NB) has a particularly low recall for 'High' 

cholesterol, indicating a higher rate of false negatives. 

4. Discussion 

The feature importance analysis in this study revealed key insights into the factors 

that significantly influence cholesterol levels. Age, BMI, and glucose levels consistently 

emerged as some of the most influential variables across both three-level and two-level 

cholesterol classifications. Healthcare professionals can utilize these insights to tailor 

interventions for individuals with high cholesterol. For instance, focusing on lifestyle 

modifications for individuals with high BMI or elevated glucose levels may be 

particularly effective in managing cholesterol.  These findings emphasize the importance 

of personalized medicine. Different individuals may have varying risk factors for high 

cholesterol, and understanding these individualized factors can lead to more effective 

healthcare strategies. The evaluation of machine learning models for cholesterol 

prediction highlighted their varying performance based on different classification 

scenarios. Models like Random Forest (RF) and Gradient Boosting (GB) performed well in 

terms of precision, recall, and F1-score, depending on the classification task. However, 

Support Vector Classifier (SVC) and K-Nearest Neighbors (KNN) exhibited strengths in 

precision for certain cholesterol categories. The variability in model performance 

emphasizes the importance of continual model refinement and fine-tuning. Researchers 

and data scientists can work on improving models to enhance their predictive accuracy 

across all cholesterol categories. 

5. Conclusion 

In Conclusion, this study explored the intricacies of cholesterol levels, emphasizing 

its pivotal role in human physiology and its direct link to cardiovascular health. Notably, 

the research uncovered age, BMI, and glucose levels as consistently influential factors in 

determining cholesterol levels, irrespective of whether the classification was three-level or 

two-level. These findings underscore the imperative need to address these factors in 

healthcare strategies and personalized medicine to mitigate the risk of cardiovascular 

diseases. Furthermore, the assessment of various machine learning models highlighted 

their diverse performances in cholesterol prediction. Models such as Random Forest (RF) 

and Gradient Boosting (GB) demonstrated proficiency in different aspects of precision, 

recall, and F1-score, contingent upon the specific cholesterol classification task. Support 

Vector Classifier (SVC) and K-Nearest Neighbors (KNN) showcased notable precision in 

specific cholesterol categories. This variance in model performance underscores the 

critical importance of carefully selecting an appropriate model based on the intended 

application and continuously refining these models to enhance their predictive accuracy. 
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