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Background: Individuals with hypertension are at risk to reduced quality of life (QoL). Explainable machine learning (ML) can be
used for domain-specific risk stratification and prioritization of modifiable determinants of low QoL.

Objective: To train ML classifier algorithms for QoL risk stratification in hypertension, where meaningful determinants were
explored through Shapley additive explanations (SHAP).

Methods: Data from hypertensive individuals (n = 534) completed WHOQOL BREF, Quick Physical Activity Rating, Morisky
Medication Adherence Scale 8, and standardized questionnaires for acceptance and knowledge were analyzed utilizing Decision Tree,
Gradient Boosting, XGBoost, AdaBoost, Random Forest, and Naive Bayes ML classifiers. The trained ML algorithms were evaluated
using stratified 10-fold cross-validation, where the stability was examined using rank-based metrics. SHAP were applied to the
gradient boosting, as the most stable model.

Results: For physical QoL, Random Forest (AUC 0.850; sensitivity 0.835; specificity 0.738) and Gradient Boosting (AUC 0.850;
sensitivity 0.801; specificity 0.764) showed good reduced QoL identification. For psychological domain, best classifications were
obtained from Gradient Boosting performed best (AUC 0.833; sensitivity 0.818; specificity 0.651) and XGBoost (AUC 0.831;
sensitivity 0.824; specificity 0.660), with the former observed as the most stable SHAP analysis identified acceptance and medication
adherence as the dominant shared drivers of risk across both QoL domains. Physical QoL risk was further influenced by physical
activity—related factors, whereas Psychological QoL risk showed additional contributions from age and educational attainment.
Conclusion: Ensemble tree—based classifiers, particularly Gradient Boosting, had the most optimal performance in discriminating
reduced and good QoL. Acceptance and medication adherence are the most influential shared drivers of risk, while physical activity,
age, and educational attainment contributed to domain-specific heterogeneity.
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Introduction

Hypertension has been estimated to affect approximately 1.28 billion adults aged 30 to 79 years globally, based on
a pooled analysis of 1201 population representative studies including about 104 million participants across 1990 to
2019." Control of elevated blood pressure has nevertheless remained suboptimal, despite some improvement over time.
In 2010, control was achieved in only 10.9% of men and 16.8% of women.? By 2019, these rates had increased to 18.0%
among men and 23.0% among women, but still remained below one-quarter of individuals with hypertension.' The
hypertension care pathway is increasingly considered a longitudinal process in which diagnostic and management
strategies are expected to be aligned with real world implementation constraints and patient centered priorities.> One
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thing to note is that the burden of hypertension has not been confined to just clinical events, since impairments in
perceived health status and daily functioning have been frequently reported among affected individuals.* Quality of life
(QoL) has been conceptualized as a multidimensional construct that extends beyond symptom metrics and organ specific
endpoints, supporting its use as a clinically meaningful outcome in chronic disease research.” Within the World Health
Organization QoL (WHOQOL) project, QoL was defined as an individual’s perception of position in life within cultural
contexts and in relation to goals, expectations, standards, and concerns.®

A systematic review and meta-analysis of observational studies showed a measurable reduction in QoL among
hypertensive individuals, with pooled decrements of approximately 2.43 points in the physical component and 1.68 points
in the mental component across widely used instruments.” Suboptimal adherence has been described as a major contributor to
poor blood pressure control, encompassing failure to initiate therapy, to take medications as prescribed, and to persist over
time.® In outpatient populations, multimorbidity and poor blood pressure control have been associated with poorer adherence
patterns, illustrating the clinical complexity in routine hypertension care.” Behavioral determinants have also been impli-
cated, as a randomized physical activity intervention delivered in primary care was associated with improved cardiovascular
health indices and improved health related QoL, alongside more favorable blood pressure control.'® In Indonesian data,
knowledge and acceptance were reported to be associated with medication adherence,'' indicating that psychosocial
adaptation and disease understanding may represent modifiable pathways relevant to QoL.

Artificial intelligence (AI) methods have been increasingly applied in cardiovascular medicine for improved phenotyping,
risk prediction, and precision prevention strategies.'? In the case of hypertension, contemporary reviews have summarized
applications of Al across blood pressure measurement, diagnosis, prognostication, and management, while emphasizing clinician
centered implementation requirements."® Stakeholder syntheses have highlighted that machine learning (ML) may enable
individualized hypertension care, while challenges in generalizability and real world deployment have remained substantial.’
For prediction models developed using regression or ML methods, the Transparent Reporting of a multivariable prediction model
for Individual Prognosis Or Diagnosis (TRIPOD) Al statement has provided updated reporting guidance to strengthen
transparency and reproducibility.'* In an analysis of European QoL five dimension three level (EQ 5D 3L) health utility in
older adults with stroke complicated by hypertension, nonlinear risk modelling was performed using tree based ensemble
classifiers including random forest and extreme gradient boosting (XGBoost), and model interpretability was supported through
Shapley additive explanations (SHAP) based feature attribution to rank determinants of reduced health related QoL."

Despite the substantial global burden of hypertension and the consistent evidence of compromised QoL, routine
clinical stratification remains largely focused on blood pressure values and traditional risk markers rather than patient
centered wellbeing. This may be particularly problematic in resource-limited settings, where time, workforce, and access
to comprehensive psychosocial assessment are often constrained. In this context, explainable ML may support routine
hypertension management by using available patient data to identify individuals predicted to have reduced QoL and by
highlighting modifiable factors that may require attention, such as medication adherence, illness acceptance, and physical
activity. Such models are not intended to replace clinical judgment or formal QoL assessment, but they may support
database-based risk stratification and help prioritize patients for closer monitoring or targeted behavioral support.

The present study was positioned to address this need by evaluating multiple classifier models for QoL risk stratification in
hypertensive individuals and by characterizing the most influential drivers of low QoL using interpretable explanations. Among the
WHOQOL-BREF domains, the physical and psychological domains are particularly relevant in hypertension because they reflect
functional limitation, energy, daily activity, emotional wellbeing, illness acceptance, and perceived disease burden. These dimen-
sions are closely related to self-management behaviors, including medication adherence and physical activity, which are central to
long-term hypertension care. Therefore, the explainable ML models developed in the present study focused on these domains.

Methods
Study Design and Data Source

This secondary analysis used data derived from a previously published cross-sectional study by Andala et al conducted
among individuals with hypertension in Aceh Province, Indonesia.'' The original investigation was carried out between
March and July 2023, and the data collection protocol has been described in detail elsewhere.'' The objective of the
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present secondary analysis was to identify ML classifiers for risk stratification of reduced QoL among individuals with
hypertension, rather than to determine causal relationships between predictors and QoL outcomes.

Ethical approval for the primary study was obtained from the Ethics Committee of the Faculty of Nursing, Universitas
Syiah Kuala, Banda Aceh, Indonesia [approval number: 11302030122]."" The approval was obtained from this institution
because the primary study was undertaken while the first author was attending Universitas Syiah Kuala. All participants
provided written informed consent. The present analysis used anonymized data and involved no additional participant
contact.

The dataset comprised 534 adults with hypertension recruited from community and healthcare settings in Aceh
Province. The minimum required sample size in the primary study was 494 respondents,'' as estimated using the Fleiss
method on the OpenEpi platform.'® Therefore, the sample size included in the present analysis exceeded the minimum
required sample size. This study was conducted and reported in accordance with the TRIPOD-AI guidelines for
prediction models developed using machine learning methods.

Case Definition and Eligibility Criteria

As reported in the primary study,'' all participants had an established diagnosis of hypertension to be eligible for
inclusion. Hypertension status was categorized based on systolic blood pressure (SBP) as follows: controlled hyperten-
sion (<140 mmHg), grade I hypertension (140-159 mmHg), and grade II hypertension (160-179 mmHg), and severe
hypertension (=180 mmHg). The present analysis focused on individuals with primary hypertension. Participants were
excluded if they had secondary hypertension, a history of cerebrovascular or cardiovascular complications, including
stroke, transient ischemic attack, coronary heart disease, or heart failure, or physical disability that could interfere with
questionnaire completion or QoL assessment.

Variables

QoL was assessed using the WHOQOL-BREF, with analyses focusing on the physical (Domain 1) and psychological
(Domain 2) domains. Each domain score was dichotomized into reduced QoL (<60) and good QoL (>60). Both the
domain selection and the cutoff were determined based on the distribution of participants in the available dataset, with
the aim of obtaining sufficiently balanced outcome groups for supervised machine learning classification. Separate
classification models were developed for each QoL domain. Predictor variables were selected based on clinical relevance
and availability in the original dataset and included sociodemographic factors (age, sex, education level, marital status,
ethnicity, and occupation), a clinical characteristic (body mass), behavioral factors (medication adherence assessed using
the Morisky Medication Adherence Scale-8), psychosocial factors (disease acceptance score), and physical activity
measures derived from the Quick Physical Activity Rating, including total physical activity score and weekly physical
activity duration (minutes). QoL, medication adherence, disease acceptance, and physical activity were assessed using
translated instruments that had been validated in Indonesian populations.'''” All variables were measured at baseline in
the original study."'

Data Preprocessing

All variables in the dataset were complete, and no missing data were present. Categorical variables were converted to
string format and encoded using one-hot encoding, with unknown categories ignored during model training. All
preprocessing steps were implemented within machine learning pipelines.

Machine Learning Models and Evaluation

Six supervised machine learning classifiers were trained for QoL risk stratification, including Decision Tree, Random
Forest, Gradient Boosting, XGBoost, AdaBoost, and Naive Bayes. Model development and evaluation were performed
separately for physical and psychological QoL outcomes. Model performance was assessed using stratified 10-fold cross-
validation to preserve outcome class distribution. Evaluation metrics included the area under the receiver operating
characteristic curve (AUC), sensitivity, specificity, accuracy, and F1 score. Confusion matrices were pooled across cross-
validation folds to derive sensitivity and specificity estimates. Model stability was examined using rank-based
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consistency of performance metrics across folds, and the most stable high-performing model was selected for subsequent
interpretability analysis. The analyses were conducted in Python 3.14.5 using scikit-learn and XGBoost for machine

learning model development and evaluation.

Explainability Analysis

To identify meaningful determinants of reduced QoL, feature importance was first examined using Random Forest
models for both physical and psychological QoL to support completeness of reporting and provide a complementary,
model-based ranking of predictors. In addition, SHAP analyses were applied to the Gradient Boosting model, which
demonstrated robust performance and stable ranking across QoL domains. SHAP values were used to quantify both the
magnitude and direction of each predictor’s contribution and to compare shared and domain-specific determinants of
QoL risk. The analysis was conducted in Python 3.14.5 using the SHAP library.

Results

Characteristics of the Participants

The study population was predominantly female across all QoL groups, with women accounting for more than 80% of
participants in both reduced and good physical and psychological QoL categories. The mean age was above 55 years in
all groups. Most participants were married, Acehnese, and worked as housewives. Based on body mass category, normal
weight and obesity were the most common categories across the QoL groups. Most participants were classified as having
grade I hypertension across both physical and psychological QoL groups, followed by grade II hypertension. Only one
participant had controlled blood pressure at assessment, while severe hypertension was observed in approximately 5—6%
of participants across groups.

Participants with reduced QoL generally showed lower acceptance scores, lower medication adherence scores, and
lower physical activity scores than those with good QoL in both the physical and psychological domains. For physical
QoL, the mean acceptance score was 23.91 =+ 4.36 in the reduced QoL group and 25.53 + 7.55 in the good QoL group.
A similar pattern was observed for psychological QoL, with lower acceptance scores in the reduced QoL group (23.45 +
5.07) than in the good QoL group (26.30 + 7.09). Medication adherence and physical activity scores also followed this
pattern. The summary of participant characteristics is presented in Table 1.

Model Performance

The performance of six machine learning classifiers for stratifying reduced quality of life (QoL) in individuals with
hypertension is presented in Table 2. For physical QoL, ensemble tree—based models demonstrated better discrimination
compared with single-tree and probabilistic approaches. Random Forest achieved the AUC of 0.850 (95% CI: 0.818—
0.882), with balanced sensitivity (0.835) and specificity (0.738). Gradient Boosting and XGBoost showed similar
discrimination with AUCs of 0.850 (95% CI: 0.818-0.882) and 0.851 (95% CI: 0.818-0.884), respectively.
Meanwhile, AdaBoost demonstrated high sensitivity (0.918) but reduced specificity (0.663), indicating a tendency toward
over-identification of reduced QoL. Naive Bayes showed limited discriminative ability, characterized by AUC of 0.701
(95% CI: 0.655-0.744), with 50.2% sensitivity and 73.8% specificity.

For psychological QoL, the overall model performance was slightly lower but followed a similar pattern. Gradient
Boosting achieved the highest AUC (0.833 [95% CI: 0.797-0.866]), followed closely by XGBoost (0.831 [95% CI.:
0.797-0.865]) and Random Forest (0.818 [95% CI: 0.781-0.852]). These models demonstrated favorable sensitivity,
ranging from 81.8% in Gradient Boosting to 88.9% in Random Forest, but their specificities were moderate. Decision
Tree showed modest discrimination (AUC of 0.697 [95% CI: 0.657-0.735]), while AdaBoost yielded perfect
sensitivity (100.0%) at the expense of low specificity (42.4%). The comparative performance of classifiers across
physical and psychological QoL domains, based on the ROC and discriminatory performance parameters, is presented

in Figure 1.
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Table | Characteristics of Participants Included in the Machine Learning Models

Variable Physical QoL, n (%) Pyschological QoL, n (%)
Poor (n = 267) | Good (n = 267) | Poor (n =296) | Good (n = 238)
Sex
Female 225 (84.3) 227 (85.0) 244 (82.4) 208 (87.4)
Male 42 (15.7) 40 (15.0) 52 (17.6) 30 (12.6)
Age, years, mean + SD 56.40 + 10.86 57.84 £ 933 56.42 + 10.66 57.98 + 9.40
Hypertension status
Controlled 0 (0.0) 1 (0.4) 0 (0.0) 1 (0.4)
Grade | 157 (58.8) 163 (61.0) 175 (59.1) 145 (60.9)
Grade |l 96 (36.0) 87 (32.6) 105 (35.5) 78 (32.8)
Severe 14 (5.2) 16 (6.0) 16 (5.4) 14 (5.9)
Body mass NA NA NA NA
Normal 103 (38.6) 94 (35.2) 116 (39.2) 8l (34.0)
Obese 98 (36.7) 121 (45.3) 114 (38.5) 105 (44.1)
Overweight 52 (19.5) 40 (15.0) 51 (17.2) 41 (17.2)
Underweight 14 (5.2) 12 (4.5) 15 (5.1) Il (4.6)
Education
Primary School 80 (30.0) 39 (14.6) 95 (32.1) 24 (10.1)
Junior High School 53 (19.9) 74 (27.7) 58 (19.6) 69 (29.0)
Senior High School 99 (37.1) 106 (39.7) 106 (35.8) 99 (41.6)
Tertiary School 22 (8.2) 40 (15.0) 27 (9.1) 35 (14.7)
None 13 (4.9) 8 (3.0) 10 (3.4) 11 (4.6)
Marital status
Married 210 (78.7) 223 (83.5) 234 (79.1) 199 (83.6)
Unmarried 4 (1.5) 3(1.1) 4 (1.4) 3(1.3)
Widowed 53 (19.9) 41 (15.4) 58 (19.6) 36 (I5.1)
Ethnicity
Acehnese 241 (90.3) 247 (92.5) 271 (91.6) 217 (91.2)
Non-Acehnese 26 (9.7) 20 (7.5) 25 (8.4) 21 (8.8)
Occupation
Blue collar 38 (14.2) 49 (18.4) 47 (15.9) 40 (16.8)
Civil servant 14 (5.2) 22 (8.2) 16 (5.4) 20 (8.4)
Housewife 203 (76.0) 185 (69.3) 222 (75.0) 166 (69.7)
Retired 12 (4.5) 11 (4.1) I (3.7) 12 (5.0)
(Continued)
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Table 1 (Continued).

Variable

Physical QoL, n (%)

Pyschological QoL, n (%)

Poor (n = 267)

Good (n = 267)

Poor (n = 296)

Good (n = 238)

Acceptance score, mean *+ SD 2391 £ 436 25.53 £ 7.55 23.45 £ 5.07 26.30 £ 7.09
Medication adherence score, mean + SD 7.18 £ 1.32 848 + 2.35 7.06 + 1.23 8.79 + 2.36
Physical activity score, mean * SD 22.00 + 5.48 25.17 £ 5.26 22.14 £ 521 25.39 £ 5.53
Weekly physical activity, mean *+ SD (minutes) | 494.94 + 138.03 | 467.19 + 132.94 | 499.93 + 139.65 | 457.61 + 127.99

Notes: Poor Quality of Life (QoL) was defined as a WHOQOL-BREF domain score <60, while good QoL was defined as a score 260.

Table 2 Performance of Machine Learning Classifiers for Physical and Psychological QoL
Risk Stratification Based on 10-Fold Cross-Validation

Model Accuracy Fl AUC Sensitivity | Specificity

Physical QoL
Decision Tree 0.706 0.701 | 0.706 (0.668-0.746) 0.689 0.723
Random Forest 0.787 0.796 | 0.850 (0.818-0.882) 0.835 0.738
XGBoost 0.781 0.788 | 0.851 (0.818-0.884) 0813 0.749
AdaBoost 0.790 0.814 | 0.801 (0.762-0.840) 0918 0.663
Gradient Boosting 0.783 0.787 | 0.850 (0.818-0.882) 0.801 0.764
Naive Bayes 0.620 0.569 | 0.701 (0.655-0.744) 0.502 0.738

Psychological QoL
Decision Tree 0.700 0.730 | 0.697 (0.657-0.735) 0.730 0.664
Random Forest 0.751 0.798 | 0.818 (0.781-0.852) 0.889 0.580
XGBoost 0.751 0.786 | 0.831 (0.797-0.865) 0.824 0.660
AdaBoost 0.743 0.812 | 0.776 (0.734-0.815) 1.000 0.424
Gradient Boosting 0.743 0.779 | 0.833 (0.797-0.866) 0.818 0.651
Naive Bayes 0.644 0.646 | 0.730 (0.686-0.773) 0.584 0.718

Predicted Probability Distributions
The predicted probability distributions for reduced and non-reduced QoL across classifiers for both physical and
psychological domains are presented in Figure 2. For Decision Tree models, probability estimates were concentrated
near extreme values, resulting in limited separation between outcome classes and reflecting the modest discriminative
performance observed in cross-validation metrics. Naive Bayes exhibited pronounced probability saturation, with
predictions clustered near high probabilities for reduced QoL, consistent with its high sensitivity but very low specificity.
In contrast, ensemble tree—based models demonstrated clearer separation between low and non-low QoL distributions.
Random Forest and XGBoost showed well-distributed probability estimates, with non-low QoL cases concentrated at
lower predicted probabilities and low QoL cases shifted toward higher probabilities, indicating improved class dis-
crimination. AdaBoost demonstrated a distinct probability pattern characterized by a strong shift toward high predicted
probabilities for reduced QoL, explaining its high sensitivity but reduced specificity. This pattern suggests a tendency to
overclassify reduced QoL cases using Adaboost, particularly in the psychological domain. Gradient Boosting exhibited
the most consistent and gradual probability separation across both QoL domains, with minimal overlap between
distributions.
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Figure | Cross-validated performance of machine learning classifiers for physical and psychological QoL classification. ROC curves generated from pooled out-of-fold
predicted probabilities during stratified 10-fold cross-validation for physical (a) and psychological QoL (b). AUC values for physical (c) and psychological QoL (d). Display
pooled sensitivity and specificity estimates across cross-validation folds for physical (e) and psychological QoL (f).

Model Ranking Stability
The stability of model performance rankings across stratified 10-fold cross-validation for physical and psychological
QoL outcomes is illustrated in Figure 3. For physical QoL, Random Forest and Gradient Boosting consistently achieved
the lowest mean ranks with relatively small variability across stratified 10-fold cross-validation. Gradient Boosting
achieved a mean rank of 2.4 with low variability (SD 0.52), ranking within the top two models in 60% of folds. Random
Forest demonstrated comparable and slightly superior stability, achieving a lower mean rank of 2.0 with moderate
variability (SD 1.33), and ranked as the top-performing model in 60% of folds and within the top two models in 60% of
folds. XGBoost demonstrated comparable ranking but with slightly greater dispersion. Other models had the less stability
due to higher mean ranks and/or wider variability.

For psychological QoL, Gradient Boosting emerged as one of the most stable high-performing models, showing
a favorable combination of low mean rank and limited variability. The model achieved a mean rank of 2.3, with moderate
variability across folds (SD 1.34), and ranked as the top-performing model in 30% of folds and within the top two models
in 70% of folds. Random Forest demonstrated comparable performance but with slightly reduced stability, exhibiting
a mean rank of 2.6 and greater rank variability (SD 1.17). Although Random Forest ranked as the top-performing model
in 30% of folds, it appeared within the top two models in only 30% of folds, indicating less consistent ranking across
cross-validation iterations. XGBoost followed with slightly higher mean ranks and moderate variability. AdaBoost again
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Figure 2 Predicted probability distributions for reduced and non-reduced quality of life (QoL) across machine learning classifiers. (a—f) show probability distributions for
physical Qol, and (g-1) show distributions for psychological QoL. Blue bars represent non-low Qol, and Orange bars represent low QoL. Greater separation between
distributions indicates improved discrimination between outcome classes.

showed wider rank dispersion, while Decision Tree and Naive Bayes consistently ranked lower and displayed greater
instability across folds. Given consistently strong performance of Random Forest and Gradient Boosting models, feature
importance and SHAP analysis was carried out based on the two models, respectively.

Random Forest Feature Importance

Random Forest feature importance analysis identified acceptance score and medication adherence score as the most
influential predictors of reduced QoL across both physical and psychological domains (Figure 4a and b). For physical
QoL, physical activity—related variables, including total physical activity score and weekly physical activity duration,
also contributed substantially, alongside age. In contrast, for psychological QoL, acceptance and medication adherence
remained dominant, with age and physical activity showing moderate importance. Sociodemographic variables, including
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Figure 3 Model ranking stability across stratified 10-fold cross-validation for physical and psychological QoL classification. (a and c) show the mean rank and standard
deviation of each classifier across the 10 cross-validation folds for physical and psychological QolL, respectively. A lower rank indicates better relative model performance.
Smaller standard deviation indicates more stable performance across folds. (b and d) show the distribution of model ranks across folds using boxplots, where narrower
boxes indicate more consistent model ranking.

education level, marital status, occupation, sex, and ethnicity, demonstrated relatively lower contributions in both
domains.

SHAP Explainability

SHAP analysis of the Gradient Boosting models provided insight into both the magnitude and direction of predictor
effects on reduced QoL risk (Figure 4c and d). Across both physical and psychological QoL domains, acceptance score
and medication adherence score emerged as the dominant contributors. Lower acceptance and poorer medication
adherence were consistently associated with higher predicted risk of reduced QoL, as reflected by positive SHAP values
at lower feature levels.

For physical QoL, physical activity—related variables, including total physical activity score and weekly physical
activity duration, showed substantial protective effects, with higher activity levels associated with lower predicted risk.
Age also contributed meaningfully, with increasing age generally associated with higher risk of reduced physical QoL.
Other sociodemographic and clinical variables demonstrated comparatively small and heterogeneous effects. In psycho-
logical QoL-based classification, acceptance and medication adherence again showed the strongest influence, followed by
age and physical activity. Lower educational attainment demonstrated additional contributions to increased psychological
QoL risk, whereas body mass and other sociodemographic factors exhibited relatively minor effects.

Discussion

The present study employed explainable ML to stratify the risk of reduced QoL among individuals with hypertension.
Ensemble tree-based models, particularly Gradient Boosting and Random Forest, demonstrated superior accuracy in
distinguishing patients with reduced versus good QoL across physical and psychological domains. Gradient Boosting
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Figure 4 Feature importance and SHAP interpretation of predictors of reduced QoL. (a and b) show Random Forest feature importance for reduced physical and
psychological QolL, respectively, where higher values indicate greater contribution to model prediction. (c and d) show SHAP summary plots from the Gradient Boosting
models for reduced physical and psychological QoL, respectively. In the SHAP plots, each point represents one participant. The horizontal position shows whether a feature
increased or decreased the predicted risk of reduced QoL. Positive SHAP values indicate higher predicted risk of reduced QoL, while negative SHAP values indicate lower
predicted risk. The color scale represents the feature value, with higher values shown in red and lower values shown in blue.

emerged as the most stable classifier under cross-validation. Using SHAP interpretability, the most influential predictors
of low QoL were identified as low disease acceptance and poor medication adherence, which were common to both QoL
domains. Furthermore, diminished physical activity contributed to worse physical QoL, whereas older age and lower
educational attainment were associated with more reduced psychological QoL outcomes.

Reduced QoL can be operationalised by scoring the WHOQOL BREF items into validated domain level continuous
outcomes, after which physical and psychological domain scores can be used as the patient reported outcome targets for
subsequent modelling in hypertension cohorts.'® For supervised learning, a reduced QoL label can be constructed by
applying a prespecified threshold to domain scores, thereby enabling binary classification of individuals with hyperten-
sion into reduced versus preserved QoL strata while preserving interpretability of what constitutes impairment in the
underlying instrument.'® Tree based ensemble classifiers can then be trained on multicomponent predictors such as
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demographic characteristics, health behaviours, and self-management measures to learn nonlinear interactions that
influence health utility and QoL in hypertension related populations, with random forest and gradient boosting style
models representing common choices in this setting.'> Model generalisation can be estimated through stratified tenfold
cross validation with discrimination metrics such as the area under the receiver operating characteristic (ROC) curve, and
transparent reporting of the full modelling pipeline is supported by contemporary guidance for prediction models
developed using regression or ML methods.'* Explainability can be added by computing SHAP for the fitted ensemble,
where each feature is assigned an additive contribution that shifts the prediction for a given individual away from the
baseline risk, thereby providing both local explanations for single patients and global rankings of the dominant
determinants of reduced QoL.>° When incorporated into a decision support workflow, these explanations can facilitate
clinically coherent interpretation and appropriate trust calibration, since explanation design and clarity have been shown
to influence clinician trust and the propensity to rely on Al outputs in practice.”!

Ensemble learning techniques showed robust performance in this context, aligning with their well-recognized
predictive strength in clinical data classification.”> In our analysis, Gradient Boosting achieved high discrimination,
comparable to recent ML models predicting HRQoL from multifactorial data (AUC of 0.81 to 0.84).>* These results
underscore that advanced tree-based algorithms can effectively capture the complex interactions in patient data, out-
performing simpler methods. Importantly, incorporating SHAP for model interpretation enhanced trust and transparency,
reflecting the growing use of explainable ML to uncover key health risk factors in complex models.>*>

Based on the SHAP of the present developed models, medication adherence and illness acceptance emerged as
dominant modifiable determinants of QoL in hypertensive patients. This finding is consistent with evidence that better
adherence to antihypertensive therapy correlates with improved HRQoL.*® Conversely, low adherence has been asso-
ciated with subsequent declines in patients’ mental well-being over time.?” Likewise, greater acceptance of one’s disease
has been linked to higher QoL and better psychological adjustment in chronic hypertension.”® Collectively, these
observations emphasize that behavioral and psychosocial factors play an important role in patients’ life quality. In
clinical practice, patients with poor adherence or low illness acceptance may benefit from targeted behavioral and
educational interventions, including adherence counseling, simplified medication education, motivational support, and
structured self-management programs.

The present SHAP analysis also revealed domain-specific drivers of QoL heterogeneity. In the physical health
domain, lower levels of physical activity were associated with increased risk of reduced QoL, concordant with clinical
evidence that regular exercise improves cardiovascular health and physical HRQoL in hypertension.'® In contrast, the
psychological domain was strongly influenced by demographic factors. Advancing age was linked to worse mental
QoL,* whereas higher educational attainment was associated with better psychological well-being.*® These findings
align with epidemiological data indicating that older hypertensive individuals often experience lower life quality, while
patients with more education tend to report higher QoL, likely due to better disease awareness and self-management.>!
Such differences between physical and psychological QoL determinants highlight the importance of tailored strategies
addressing both lifestyle and sociodemographic factors in comprehensive hypertension care. It is noteworthy, however,
SHAP values should be interpreted as model-based feature contributions rather than evidence of causality. Moreover,
given the cross-sectional observational design, the identified features should not be assumed to cause reduced QoL, but
rather to help stratify patients according to predicted risk.

For practical implementation, the proposed model should be viewed as a supportive risk-stratification tool. Its
potential use may be strongest when applied to already available patient databases, where routinely collected information
can be used to identify patients predicted to have reduced QoL at scale. This approach may be relevant in Indonesia,
where health services are increasingly moving toward digital data systems and integrated health information platforms.>>
In such settings, the model could be embedded within electronic records or registry-based workflows to classify patients
into predicted reduced QoL or good QoL categories, accompanied by brief explanations of the main contributing
features, such as low disease acceptance, poor medication adherence, or low physical activity. This format may help
healthcare providers identify patients predicted to have reduced QoL, particularly those whose prediction is driven by

poor adherence, low illness acceptance, or low physical activity, who may require closer monitoring and targeted
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behavioral or psychosocial support. Before real-world use, external validation, data integration testing, workflow
assessment, and evaluation of clinician acceptance are required.

This study has several limitations. First, the cross-sectional design limits the ability to infer causal relationships
between the identified factors and QoL outcomes. Second, our sample was drawn from a specific population, which may
constrain the generalizability of the findings to other settings or demographics. Third, although stratified 10-fold cross-
validation was used to evaluate model performance, the moderate sample size and use of several ensemble-based
algorithms may still carry a risk of overfitting. Therefore, the reported performance should be interpreted as internal
validation, and external validation in independent datasets is needed before clinical implementation. Fourth, key
measures such as QoL, medication adherence, and disease acceptance were based on self-reported questionnaires,
introducing the possibility of response bias and measurement error. Finally, unmeasured factors (such as dietary habits
or social support) were not included in our models and could also affect QoL in hypertensive patients.

Conclusion

This study showed that ensemble tree-based ML classifiers can identify individuals with reduced QoL among adults with
hypertension, with Random Forest and Gradient Boosting demonstrating the most consistent performance across the
physical and psychological QoL domains. The predicted probability distributions and model ranking stability further
supported the stronger discrimination and more stable performance of these ensemble models compared with simpler
classifiers. Feature importance and SHAP analyses consistently identified disease acceptance and medication adherence
as the dominant shared contributors driving the models toward reduced QoL classification, while physical activity and
age also contributed, particularly for physical QoL. These findings suggest that explainable ML may support clinically
interpretable QoL risk stratification using patient-level data that are feasible to collect in hypertension care settings. In
addition to identifying patients predicted to have reduced QoL, SHAP-based interpretation may help explain which
features drive each prediction, thereby supporting more personalized identification of modifiable targets such as
medication adherence, illness acceptance, and physical activity. However, these findings should be interpreted as
internally validated, model-based risk stratification results rather than evidence of causal effects or clinical readiness.
Future studies should validate these models in external and longitudinal populations, assess their integration into routine
clinical or database-based workflows, and examine whether interventions targeting the identified modifiable factors lead
to meaningful improvements in QoL.
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