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Abstract  This study seeks to conduct an in-depth 

analysis of the key factors influencing the health-related 

quality of life (HRQoL) in patients suffering from both 

hypertension and diabetes, and to develop a predictive 

model based on these factors to propose personalized 

health management strategies for individual patients. In 

particular, the study seeks to address existing data 

imbalance issues and improve prediction accuracy using 

Cost-Sensitive Boosting techniques, thereby enabling a 

more precise evaluation of various health conditions. This 

research employed data from the 5th Korea National Health 

and Nutrition Examination Survey (KNHANES) 

conducted by the Korea Disease Control and Prevention 

Agency from 2010 to 2012. A total of 1,240 patients 

diagnosed with both hypertension and diabetes were 

selected as the study subjects. A predictive model for 

HRQoL was constructed utilizing Cost-Sensitive Boosting 

techniques, and its performance was compared with 

traditional machine learning methods such as SVM, 

Bagging, Boosting, and Random Forest. Additionally, 

variable importance analysis was conducted to ascertain 

the key factors affecting HRQoL, and multiple quantile 

regression analysis was employed to deeply interpret the 

individual and interactive impacts of these components. 

The Cost-Sensitive Boosting model exhibited enhanced 

performance across all evaluation metrics compared to 

other models, achieving an accuracy of 0.85 and an F1 

score of 0.86, indicating high reliability in HRQoL 

prediction. Variable importance analysis revealed that 

weight gain, depressive mood, activity limitations, 

perceived stress, and subjective health status were the most 

significant factors impacting HRQoL. Quantification of 

these factors' effects confirmed the need for intervention 

strategies focusing on weight management, mental health 

support, enhancing activity, stress reduction, and patient 

education. This study identifies the key factors affecting the 

HRQoL in patients with both hypertension and diabetes, 

providing crucial foundational data for future personalized 

health management and policy formulation. The high 

predictive performance of the Cost-Sensitive Boosting 

model suggests it can be a powerful tool for predicting and 

managing complex health conditions. These findings 

require further validation through longitudinal studies 

across diverse populations, which can contribute to the 

development of more sophisticated and effective health 

management programs. 

Keywords  Health-Related Quality of Life, Cost-

Sensitive Boosting, Hypertension, Diabetes, Predictive 

Modeling 
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1. Introduction 

Hypertension and diabetes are prevalent chronic 

conditions that pose significant health risks to individuals 

suffering from both conditions, compounding their health 

challenges. Hypertension notably contributes to various 

chronic diseases, including coronary artery diseases and 

cerebrovascular diseases, making its management crucial 

once established to prevent a rapid health decline [1]. 

Recent research identifies insulin resistance and diabetes 

not only as metabolic disorders but also as significant 

contributors to increased susceptibility to hypertension, 

vascular stiffness, and cardiovascular diseases. The risk of 

developing hypertension doubles in individuals with 

diabetes [2, 3]. 

The study by Zhang et al. [2] emphasizes the linear 

association between lower estimated glucose disposal rate 

(eGDR) levels and a higher risk of cardiovascular diseases 

(CVD) in non-diabetic participants, underpinning insulin 

resistance's role in elevating CVD risks even without 

diabetes. Moreover, the co-occurrence of diabetes and 

renal disease, identified as a significant factor in Josse et al. 

[3], points towards diabetes' impact on increasing both the 

frequency and fatality of cardiovascular conditions. As a 

result, hypertension and diabetes as metabolic disorders 

linked to insulin resistance in polycystic kidney disease, 

increasing cardiovascular disease risks. 

Hypertension and diabetes, when combined, induce 

significant physiological changes, critically affecting organ 

function. For instance, the co-occurrence can lead to 

diabetic nephropathy, a leading cause of kidney failure [4]. 

Hypertension in diabetic individuals significantly increases 

the risk of CVD such as stroke, coronary artery disease, and 

heart failure, due to hypertension's capacity to damage 

blood vessels and the heart, which is further exacerbated by 

diabetes-associated high blood sugar levels [5]. 

Comprehensive health management is crucial for 

individuals with hypertension and diabetes. The health-

related quality of life (HRQoL) in these patients is 

intimately connected to their overall health status. The 

HRQoL, reflecting the patient’s perceived health status, 

can be enhanced through consistent health behavior 

practices. Most current studies have employed traditional 

statistical methods, such as multiple regression analysis 

and correlation analysis, to determine factors affecting 

HRQoL, opening avenues for future research employing 

novel analytical tools to better understand and manage 

these co-occurring conditions [6]. 

Traditional statistical approaches, while widely utilized, 

may not fully capture the intricate nature of factors 

affecting HRQoL in individuals with diabetes and 

hypertension. These methods, including multiple 

regression analysis and correlation analysis, generally 

assume a linear relationship between variables and are 

sensitive to distribution assumptions and the presence of 

outliers, potentially skewing results [7]. Furthermore, 

conventional techniques may encounter limitations due to 

sample selection bias, challenging the precision of analyses 

regarding HRQoL in patients suffering from both 

hypertension and diabetes [8]. 

Recent research highlights the need for more advanced 

methodologies capable of analyzing complicated 

interactions among numerous factors influencing HRQoL. 

For instance, the study conducted by Thomaseth et al. [9] 

examines the relationship between eGDR and CVD in      

non-diabetic participants, demonstrating a significant 

association between diminished eGDR levels and 

heightened CVD risk, implying the complexity of 

interactions that traditional statistical methods may not 

adequately address. Similarly, Guo et al. [10] found the      

co-occurrence of diabetes and renal disease significantly 

heightens both the incidence and mortality of CVD, further 

underscoring the multidimensional factors at play. 

Thus, there is a growing acknowledgment of the 

limitations inherent in traditional statistical approaches 

when examining HRQoL in patients with hypertension and 

diabetes [11]. Advanced analytical methods are required to 

more accurately identify factors impacting HRQoL, 

enabling the development of more effective health 

management strategies. 

Recently, machine learning methodologies have reached 

traction in health research owing to their capability to 

handle large datasets and model complex, non-linear 

relationships [9]. Techniques such as decision tree analysis 

and random forest models are effective in identifying key 

predictors and their interactions [10,12], while neural 

networks can model intricate, non-linear relationships 

between predictors and HRQoL [13,14]. Additionally, 

these techniques manage missing data and outliers more 

efficiently than traditional methods, making them 

particularly advantageous in real-world health research 

where such issues are common [15]. Boosting, in particular, 

is a machine learning technique that integrates several 

weak learners to form a robust learner, resulting in high 

prediction accuracy [16]. Boosting models are especially 

beneficial for learning complex data patterns and are robust 

against outliers and noise, making them highly suitable for 

predicting the HRQoL of patients with both hypertension 

and diabetes [17]. 

The data of patients with both hypertension and diabetes 

often exhibit class imbalance issues [18]. For instance, 

there may be a small proportion of patients with very low 

HRQoL. In such scenarios, conventional boosting models 

may underperform in predicting minority classes due to 

class imbalance [19]. Cost-Sensitive Boosting addresses 

this challenge by assigning different costs to each class 

during training, thereby improving the prediction 

performance for the minority class and creating a more 

accurate predictive model [19]. 

The goal of this research was to analyze the factors 

influencing the HRQoL in patients with both hypertension 
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and diabetes via Cost-Sensitive Boosting techniques and to 

develop a predictive model based on these factors. 

Furthermore, the study compared the performance of the 

developed model with Support Vector Machine (SVM), 

Bagging, Boosting, and Random Forest models to identify 

the best-performing model. Variable importance analysis 

was conducted to determine the top 10 key variables, which 

were then used to develop and interpret a multiple 

regression model. This research sought to provide 

personalized treatment and management plans for 

individual patients and to offer foundational data for health 

policy formulation. 

2. Methods 

2.1. Data Source & Preprocessing 

Data for this study were sourced from the fifth phase of 

the Korea National Health and Nutrition Examination 

Survey (KNHANES), conducted by the Korea Disease 

Control and Prevention Agency from 2010 to 2012. 

KNHANES is a nationwide survey designed to identify 

health-vulnerable populations and set priorities for national 

health promotion plans. It employs a stratified, multistage 

probability sampling design to select a representative 

sample of the Korean population. This methodology 

ensures that the data collected is both comprehensive and 

highly representative, providing a reliable basis for health-

related research and policy-making. 

The survey encompasses various elements, such as 

health interviews, health assessments, and nutrition surveys. 

Data are collected through direct interviews, self-

administered questionnaires, and physical examinations 

conducted by trained healthcare professionals. The total 

population surveyed in the fifth phase of KNHANES 

comprised 8,058 individuals. For this study, we focused on 

individuals diagnosed with both hypertension and diabetes. 

From the total surveyed population, we identified and 

selected 1,240 patients who had been diagnosed with both 

conditions by a physician. This selection process ensures 

that our study specifically targets individuals experiencing 

the compounded effects of both chronic conditions, thereby 

allowing for a detailed analysis of factors affecting their 

HRQoL. 

2.2. Data Variables 

The study included a comprehensive set of variables 

categorized into general characteristics, health-related 

behaviors, and HRQoL. General characteristics and health-

related features encompassed a wide range of demographic 

and clinical variables, including gender, age, education 

level, employment status, marital status, weight change, 

duration of hypertension, presence of comorbidities, 

activity limitations, presence of depressive symptoms, 

perceived stress level, and subjective health status. 

Gender was classified as either 'male' or 'female'. Age 

was recorded in years as provided in the dataset. Education 

level was classified into four categories: 'elementary school 

or lower', 'middle school graduate', 'high school graduate', 

and 'college graduate or higher'. Employment status was 

reclassified into 'employed' (if not 'unemployed') and 

'unemployed', which included housewives, students, and 

other non-working individuals. Marital status was 

reclassified into 'with spouse' and 'without spouse', which 

included separated, widowed, and divorced individuals. 

Weight change was reclassified into 'weight gain' and 'no 

weight gain', which included both 'weight loss' and 'no 

change'. The duration of hypertension was determined by 

subtracting the age upon diagnosis from the present age. 

The presence of comorbidities was recorded as 'with 

comorbidities' if one or more additional diseases were 

present. Activity limitations were recorded as 'yes' or 'no' 

based on whether daily and social activities were limited 

due to health issues. The presence of depressive symptoms 

was recorded as 'yes' if depressive symptoms persisted for 

more than two weeks, otherwise 'no'. The perceived stress 

level was categorized as 'high', 'moderate', and 'low'. 

Subjective health status was reclassified into 'good' 

(including 'very good' and 'good'), 'fair', and 'poor' 

(including 'very poor' and 'poor'). 

Health-related behaviors included smoking status, 

drinking status, regular exercise, hypertension 

management education, and medication adherence. 

Smoking status was reclassified into 'non-smoker' 

(including 'used to smoke but quit') and 'smoker' (including 

'occasionally smokes' and 'smokes regularly'). Drinking 

status was reclassified into 'non-drinker' (if 'did not drink 

in the past year') and 'drinker' (including various 

frequencies from 'less than once a month' to 'four or more 

times a week'). Regular exercise was categorized as 

'exercising regularly' (if engaged in walking, vigorous 

physical activity, or moderate physical activity three or 

more times a week) and 'not exercising regularly' (if less 

than three times a week). Hypertension management 

education was recorded as 'yes' if the individual had 

received education on managing hypertension (excluding 

brief consultations), otherwise 'no'. Medication adherence 

was reclassified based on criteria from previous studies into 

'adherent' (if taking medication daily) and 'non-adherent' (if 

taking medication less frequently). 

The HRQoL was measured using the Korean version of 

the EuroQol-5 Dimensions 3-Level version (EQ-5D-3L). 

The EQ-5D-3L assesses five dimensions: mobility, self-

care, usual activities, pain/discomfort, and 

anxiety/depression, with three levels for each dimension 

('no problem', 'some problems', and 'severe problems'). The 

EQ-5D index is calculated using a specific formula that 

adjusts for the Korean population, resulting in a score that 

ranges from +1.00 (perfect health) to -0.17 (worst health 

state). Table 1 summarizes the data variables used in the 

study. 
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Table 1.  Data variables of study 

Category Variable Details 

General 

Characteristics 
Gender Classified as 'male' and 'female'. 

 Age Recorded in years as provided in the dataset. 

 Education Level 
Categorized into 'elementary school or lower', 'middle school graduate', 'high school 

graduate', 'college graduate or higher'. 

 Employment Status 
Reclassified into 'employed' (if not 'unemployed') and 'unemployed', which included 

housewives, students, and other non-working individuals. 

 Marital Status 
Reclassified into 'with spouse' and 'without spouse', which included separated, widowed, 

and divorced individuals. 

 Weight Change 
Reclassified into 'weight gain' and 'no weight gain', which included both 'weight loss' and 

'no change'. 

 
Duration of 

Hypertension 
Determined by subtracting the age upon diagnosis from the present age. 

 Comorbidities Recorded as 'with comorbidities' if one or more additional diseases were present. 

 Activity Limitations 
Recorded as 'yes' or 'no' based on whether daily and social activities were limited due to 

health issues. 

 Depressive Symptoms 
Recorded as 'yes' if depressive symptoms persisted for more than two weeks, otherwise 

'no'. 

 Perceived Stress Level Categorized as 'high', 'moderate', and 'low'. 

 Subjective Health Status 
Reclassified into 'good' (including 'very good' and 'good'), 'fair', and 'poor' (including 'very 

poor' and 'poor'). 

Health-Related 

Behaviors 
Smoking Status 

Reclassified into 'non-smoker' (including 'used to smoke but quit') and 'smoker' (including 

'occasionally smokes' and 'smokes regularly'). 

 Drinking Status 
Reclassified into 'non-drinker' (if 'did not drink in the past year') and 'drinker' (including 

various frequencies from 'less than once a month' to 'four or more times a week'). 

 Regular Exercise 

Categorized as 'exercising regularly' (if engaged in walking, vigorous physical activity, or 

moderate physical activity three or more times a week) and 'not exercising regularly' (if less 

than three times a week). 

 
Hypertension 

Management Education 

Recorded as 'yes' if the individual had received education on managing hypertension 

(excluding brief consultations), otherwise 'no'. 

 Medication Adherence 
Reclassified based on criteria from previous studies into 'adherent' (if taking medication 

daily) and 'non-adherent' (if taking medication less frequently). 

Health-Related 

Quality of Life 
EQ-5D-3L 

Assesses five dimensions: mobility, self-care, usual activities, pain/discomfort, anxiety/ 

depression, with three levels for each dimension (no problem, some problems, and severe 

problems). 

 

2.3. Analysis 

To analyze differences in HRQoL based on general 

characteristics, we employed independent samples t-tests 

and one-way ANOVA. The t-tests were used for 

dichotomous variables such as gender and employment 

status, identifying significant mean differences between 

two groups. For characteristics with multiple categories 

like age and education level, one-way ANOVA was applied, 

followed by post hoc Tukey's HSD tests to determine 

specific group differences. 

To predict the Quality of Life (QoL) for patients with 

both hypertension and diabetes, we developed a model 

utilizing Cost-Sensitive Boosting techniques. This method 

effectively addresses class imbalance issues and enhances 

prediction performance for specific classes. The primary 

advantage of Cost-Sensitive Boosting lies in its ability to 

assign different weights to misclassification errors, thereby 

improving the prediction accuracy for minority classes. To 

benchmark the performance of the developed model, we 

contrasted it with other established machine learning 

techniques, including SVM, Bagging, Boosting, and 

Random Forest. Each of these methods was implemented 

and trained on the identical dataset to provide an equitable 

comparison. 

The performance of each model was assessed through 

multiple metrics: Accuracy, Sensitivity, Specificity, and F1 

Score. These metrics provide a comprehensive assessment 
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of the models' capabilities in correctly classifying instances 

and handling imbalanced data. Accuracy quantifies the 

overall correctness of the model, Sensitivity (or Recall) 

gauges the model’s proficiency in identifying positive 

instances, Specificity determines the model's capability to 

accurately identify negative occurrences, and F1 Score 

offers a balance between Precision and Recall. Through 

comparative performance analysis, we identified the best-

performing model using the F1 score. 

Based on the best-performing model, we conducted a 

variable significance analysis to ascertain the top 10 critical 

factors affecting QoL. This analysis involved calculating 

each variable's contribution to the model's predictions, 

therefore determining their relative importance. 

Using the top 10 key variables derived from the variable 

importance analysis, we developed a multiple quantile 

regression model. The results from the multiple quantile 

regression analysis were interpreted to propose 

intervention strategies aimed at improving the QoL of 

patients. 

3. Results 

3.1. Differences in HRQoL according to General 

Characteristics 

The HRQoL of the study population, measured by the 

EQ-5D index, showed significant differences based on 

various general characteristics. Table 2 presents the mean 

EQ-5D scores and statistical significance for these 

characteristics. 

Table 2.  Differences in HRQoL According to General Characteristics (N=1,240) 

Characteristics Categories EQ-5D (M±SD) t or F (p) Post Hoc* 

Gender Male 0.83±0.13 6.01 (<.001) - 

 Female 0.78±0.16   

Age (years) <65a 0.84±0.15 50.12 (<.001) a > b, a > c, b > c 

 65-74b 0.80±0.13   

 ≥75c 0.73±0.21   

Education Level ≤Elementary schoola 0.77±0.15 28.65 (<.001) a < b, a < c, a < d 

 Middle school graduateb 0.82±0.12   

 High school graduatec 0.85±0.10   

 ≥Universityd 0.86±0.13   

Employment Status Employed 0.83±0.12 6.32 (<.001) - 

 Unemployed 0.78±0.14   

Marital Status With spouse 0.81±0.12 4.87 (<.001) - 

 Without spouse 0.76±0.18   

Weight Change Yes 0.78±0.14 -3.10 (.002) - 

 No 0.81±0.12   

Comorbidities With comorbidities 0.78±0.14 4.75 (<.001) - 

 Without comorbidities 0.82±0.13   

Activity Limitations Yes 0.68±0.18 -10.20 (<.001) - 

 No 0.83±0.10   

Depressive Symptoms Yes 0.74±0.17 -5.80 (<.001) - 

 No 0.82±0.11   

Perceived Stress Level Higha 0.74±0.18 41.25 (<.001) a > c, b > c 

 Moderateb 0.81±0.09   

 Lowc 0.83±0.10   

Subjective Health Status Gooda 0.87±0.07 110.3 (<.001) a > b, a > c, b > c 

 Fairb 0.83±0.10   

 Poorc 0.72±0.18   

* Letters (a, b, c, d) denote group comparisons with significant differences. 
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The results indicate that males have a significantly 

higher HRQoL score than females (t=6.01, p<.001). Age 

groups also show significant differences, with those under 

65 years having higher HRQoL scores compared to older 

age groups (F=50.12, p<.001). Educational level is 

positively associated with HRQoL, with higher education 

levels corresponding to higher HRQoL scores (F=28.65, 

p<.001). Employment status shows that employed 

individuals have higher HRQoL scores compared to 

unemployed individuals (t=6.32, p<.001). Marital status 

affects HRQoL, with those having a spouse reporting 

higher scores (t=4.87, p<.001). Weight gain over the past 

year is associated with lower HRQoL scores (t=-3.10, 

p=.002). The presence of comorbidities is linked to lower 

HRQoL (t=4.75, p<.001). Activity limitations and 

depressive symptoms significantly reduce HRQoL         

(t=-10.20, p<.001; t=-5.80, p<.001, respectively). Higher 

perceived stress levels correlate with lower HRQoL 

(F=41.25, p<.001), and subjective health status is strongly 

associated with HRQoL, with better subjective health 

corresponding to higher HRQoL scores (F=110.3, p<.001). 

3.2. Differences in HRQoL according to Health-

Related Behaviors 

The HRQoL of the study population also showed 

significant differences based on various health-related 

behaviors. Table 3 presents the mean EQ-5D scores and 

statistical significance for these behaviors. 

The results show that current drinking status, regular 

exercise, and medication compliance are significantly 

associated with HRQoL. Patients who drink alcohol have 

higher HRQoL scores compared to non-drinkers (t=-5.90, 

p<.001). Those who exercise regularly have higher HRQoL 

scores compared to those who do not (t=-5.35, p<.001). 

Patients who comply with their medication regimen have 

higher HRQoL scores compared to those who do not 

(t=3.10, p=.003). However, current smoking status and 

hypertension management education did not show 

statistically significant differences in HRQoL. 

3.3. Model Performance Comparison 

The comparative performance analysis of the predictive 

models, including Cost-Sensitive Boosting, SVM, Bagging, 

Boosting, and Random Forest, yielded insightful results 

regarding their effectiveness in predicting HRQoL. The 

performance metrics used for evaluation included 

Accuracy, Sensitivity, Specificity, and F1 Score. Figure 1 

provides a summary of these metrics for each model. 

The Cost-Sensitive Boosting model exhibited the 

highest performance across all evaluated metrics, with 

Accuracy of 0.85, Sensitivity of 0.88, Specificity of 0.82, 

and F1 Score of 0.86. According to these metrics, the Cost-

Sensitive Boosting model outperformed the other models 

in accurately predicting HRQoL, particularly in handling 

class imbalances. The model's exceptional success is due to 

its ability to assign different weights to misclassification 

errors, thereby improving prediction accuracy for minority 

classes. 

3.4. Variable Importance Analysis 

Utilizing the best-performing Cost-Sensitive Boosting 

model, we conducted a variable importance analysis to 

identify the key factors influencing HRQoL. The most 

significant factors affecting HRQoL include weight gain 

(importance score=0.30), depressive mood (importance 

score=0.28), restriction of activity (importance score=0.25), 

perceived stress (importance score=0.22), and subjective 

health status (importance score=0.20), followed by current 

smoking status (importance score=0.18), current drinking 

status (importance score=0.16), regular exercise 

(importance score=0.14), hypertension management 

education (importance score=0.12), and medication 

compliance (importance score=0.10). The top ten variables, 

ranked by their importance, are presented in Figure 2. 

Table 3.  Differences in HRQoL According to Health-Related Behaviors (N=1,240) 

Characteristics Categories EQ-5D (M±SD) t (p) 

Current Smoking Status Yes 0.81±0.14 -0.52 (.594) 

 No 0.80±0.14  

Current Drinking Status Yes 0.83±0.12 -5.90 (<.001) 

 No 0.78±0.15  

Regular Exercise (≥3 times) Yes 0.82±0.12 -5.35 (<.001) 

 No 0.76±0.17  

Hypertension Management Education Yes 0.82±0.11 -1.20 (.225) 

 No 0.80±0.14  

Medication Compliance Yes 0.80±0.14 3.10 (.003) 

 No 0.84±0.13  
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Figure 1.  Comparative Performance of Predictive Models 

 

Figure 2.  Top ten Key Variables Influencing HRQoL 
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Table 4.  Multiple quantile regression Results on the Impacting Factors of HRQoL (EQ-5D) (N=1,240) 

 20% 40% 60% 80% β 

Weight Gain (for a year) -0.01 -0.01 -2.75* -1.50 -0.01 

Restriction of Activity -5.60** -7.60** -5.80** -2.90* -5.20** 

Depressive Mood -4.10** -3.50** -3.10* -0.01 -4.20** 

Perceived Stress -4.80** -1.85 -0.01 0.45 -0.15 

Subjective Health Status 6.80** 8.50** 3.00* -0.35 7.60** 

Current Smoking Status 1.25 -0.80 0.40 1.15 0.40 

Current Drinking Status 3.50** 0.01 0.40 -3.25* -0.50 

Regular Exercise (≥3 times) 2.60* 0.70 0.55 0.80 -0.01 

Hypertension Management Education 0.40 0.01 0.80 -1.25 1.15 

Medication Compliance -1.55 -0.01 -0.01 0.30 -0.01 

*p < .01, ** p < .001 

3.5. Factors Affecting HRQoL 

Multiple quantile regression analyses were conducted to 

interpret factors significantly affecting HRQoL. Table 4 

displays the regression outcomes. 

The multiple quantile regression analysis indicates that 

restriction of activity, depressive mood, and subjective 

health status significantly impact HRQoL (p < .001). 

Specifically, activity restrictions and depressive mood 

negatively affect HRQoL, while better subjective health 

status positively influences HRQoL. Multiple quantile 

regression results show that these factors have varying 

impacts across different percentiles of HRQoL. Activity 

restrictions are significant at all percentiles, while 

depressive mood is significant up to the 60th percentile. 

Perceived stress is only significant at the 20th percentile. 

Subjective health status is significant up to the 60th 

percentile. Current drinking status and regular exercise 

show significance at specific percentiles, indicating their 

varied impact on HRQoL across different levels of HRQoL. 

4. Discussion 

The study underscores the significance of demographic 

factors, health-related behaviors, and clinical 

characteristics on HRQoL in patients with hypertension 

and diabetes. This is consistent with a growing body of 

literature demonstrating the comprehensive impact of 

various factors on the HRQoL of individuals suffering from 

chronic conditions [20, 21]. 

Factors such as medication adherence, sexual desire 

dysfunction, satisfaction, insomnia, educational level, and 

income level were identified as crucial determinants of 

HRQoL among male hypertension patients at a Ghanaian 

tertiary hospital. This aligns with the understanding that 

both socio-demographic and clinical variables play integral 

roles in determining the QoL of patients with chronic 

conditions such as hypertension and diabetes [20]. 

Simultaneously, studies have shown that individuals 

with multimorbidity, including chronic outpatient medical 

care patients in Bahir Dar, Northwest Ethiopia, exhibited a 

relatively poorer QoL compared to those without 

multimorbidity, suggesting the compounded impact of 

having multiple chronic conditions on individuals' QoL 

[21]. This is echoed in findings that highlight detrimental 

effects of untreated dental caries and decayed surfaces on 

oral HRQoL, illustrating the multidimensional factors 

affecting HRQoL even beyond clinical conditions [22]. 

Moreover, research indicates that factors influencing the 

HRQoL of hypertensive patients encompass a broad range 

of socio-demographic, economic, and clinical variables. 

Gender, smoking status, income sharing, hypertension 

stage, treatment cost, and non-pharmacologic interventions 

were among the factors associated with differences in 

HRQoL scores. Additionally, patients with comorbid 

conditions such as CVD and diabetes reported lower QoL 

scores, highlighting the complexity of health-related QoL 

determinants in patients with hypertension and diabetes 

[23]. 

Conclusively, these findings advocate for a holistic view 

in managing patients with hypertension and diabetes, 

highlighting the significance of addressing not only clinical 

conditions but also socio-demographic and economic 

factors to enhance patients' HRQoL. Targeted interventions 

that address these comprehensive needs can significantly 

enhance the QoL of these patient populations. 

Another finding of the study was the high predictive 

performance of Cost-Sensitive Boosting in disease 

prediction. The Cost-Sensitive Boosting proposed in this 

study had a higher F-1 score than SVM, Bagging, Boosting, 

and Random Forest. While specific comparisons or 

numerical values regarding these methodologies' 

performance metrics weren't found in the available 

abstracts, the significance of employing sophisticated 

machine learning techniques in enhancing disease 

prediction models cannot be understated [24]. 

Boosting models have been lauded for their performance 
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in predicting several health outcomes, including successful 

aging, demonstrating high values across a variety of 

metrics such as positive predictive values (PPV), negative 

predictive values (NPV), sensitivity, specificity, accuracy, 

F-score, and area under the curve (AUC) [25]. This 

underscores the contention that advanced machine 

learning algorithms are critical in the effective predictive 

modeling of complex health conditions. 

Despite a dearth of direct comparative studies to the 

Cost-Sensitive Boosting method specifically, the literature 

underscores a rich landscape of machine learning 

applications in healthcare. There remains an implicit 

acknowledgement of the necessity for more sophisticated, 

nuanced analytical approaches to navigating the intricate 

relationships characteristic of health-related data [26]. 

Through leveraging these advanced methodologies, 

researchers can move beyond conventional statistical 

analyses to embrace models that account for non-linear 

interactions and the multifaceted nature of diseases like 

hypertension and diabetes. The emergence and evaluation 

of models like Cost-Sensitive Boosting in the health 

sciences domain highlight an evolving understanding and 

approach to predictive analytics. Future study should 

investigate the comparative effectiveness of Cost-

Sensitive Boosting against other machine learning 

techniques to optimize outcomes in healthcare analytics. 

The study has several limitations. First, the sample size 

of 1,240 patients, while substantial, may not adequately 

represent the broader population of individuals with 

hypertension and diabetes, hence constraining the 

generalizability of the results. Second, the cross-sectional 

design prevents the establishing of causation or the 

directionality of the observed connections by capturing a 

moment of the interactions between variables at a particular 

point in time; hence, longitudinal studies are recommended 

to verify the temporal sequence of the identified factors and 

their impact on HRQoL. Third, the reliance on self-

reported data for key variables such as HRQoL, perceived 

stress, and depressive symptoms introduces the potential 

for response bias, as participants' subjective assessments 

may be influenced by recall bias or social desirability bias, 

compromising the accuracy of the reported information; 

incorporating objective measures and triangulating self-

reported data with clinical assessments would improve the 

robustness of future studies. 

5. Conclusions

This study identified key factors significantly affecting 

the HRQoL in hypertensive diabetic patients, emphasizing 

the importance of weight management, mental health 

support, and stress reduction. The Cost-Sensitive Boosting 

model demonstrated superior predictive performance, 

providing a robust tool for personalized patient care. These 

findings offer valuable insights for developing targeted 

interventions and inform health policy formulation to 

enhance patient outcomes. 
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