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Abstract 

Background

Hypertension poses a significant public health challenge in low- and middle-income 

countries. In Bangladesh, the Health Population and Nutrition Sector Development 

Program has shown effectiveness in resource-limited settings. Estimating causal 

relationships on hypertension while adjusting for nonlinear observed confounders in 

adult population is complex. This study aims to identify predictors of hypertension, 

and explore observational causal inference on hypertension.

Methods

The hypertension data was analyzed using Bangladesh Demographic and Health 

surveys data from the 2011 and 2022. We used 11,815 individuals aged 34 years and 

above. Hypertension was defined as a systolic blood pressure of > 140 mm Hg and/or 

a diastolic blood pressure of > 90 mm Hg and/or having a history of hypertension. We 

used logistic regression, Random forest model, Double Machine Learning (DML), and 

Shapley Additive exPlanations (SHAP) based on a pre-defined causal structure.

Results

The dataset included 11,815 individuals, and the prevalence of hypertension was 

38.40%. The average age of individuals was 52.76 years (SD: 12.97), and 6826 

(58.77%) were male. The Random forest model achieved 93% accuracy, with evalu-

ation f1-scores of 95% for non-hypertension and 91% for hypertension, and identified 

older age, female gender, urban residency, workers, wealthier, self-awareness, and 

excessive body weight as key predictors of hypertension. The individual conditional 

expectation and SHAP plots reveal that age, and body mass index (BMI) are nonlin-

ear relation with hypertension. The crude OR between excessive body weight and 
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hypertension was 2.24 (95%CI: 2.07 – 2.42). Adjusted for age, sex, socioeconomic 

status (SES), and self-awareness, the OR was 1.97 (95%CI: 1.79 – 2.17), and using 

de-biased method, it was 1.30 (95%CI: 1.17 – 1.43).

Conclusion

The study highlights important predictors of hypertension, including age, sex, res-

idency, and socioeconomic status (SES), self-awareness and body weight. The 

machine learning model achieved an accuracy of 93% in predicting hypertension. 

The de-biased methods provided a more refined risk estimate. Age and excessive 

body weight were found to significantly contributed to hypertension, demonstrating 

complex interactions and varying marginal effects across different levels of these 

factors. Awareness programs and targeted interventions are vital to effectively reduce 

excessive body weight and prevent hypertension.

Author summary

Hypertension is an increasing public health challenge in low- and middle-income 
countries, including Bangladesh, where health interventions often face resource 
constraints. This study utilized data from the 2011 to the 2022 Bangladesh De-
mographic and Health Surveys (BDHS) to identify key predictors and examine 
the causal relationship between excessive body weight and hypertension among 
adults aged 34 years and older. We applied logistic regression, Random Forest, 
Double Machine Learning (DML), and SHAP (Shapley Additive Explanations) 
methods within a predefined causal framework. The Random Forest model 
achieved a predictive accuracy of 93%, identifying older age, excessive body 
weight, urban residence, higher wealth, employment status, and self-awareness 
as significant predictors of hypertension. To obtain unbiased estimates of causal-
ity, we used DML, which yielded a de-biased causal effect, providing the causal 
relationship between excessive body weight and hypertension. The adjusted 
odds ratio for excessive body weight on hypertension decreased after controlling 
for key confounders and estimation bias. Additionally, Individual Conditional 
Expectation (ICE) analysis revealed nonlinear and interaction effects involv-
ing age, sex, and self-awareness in modifying the influence of body weight on 
hypertension risk. These findings underscore the need for targeted awareness 
programs and policy-driven interventions focused on adult weight management 
and lifestyle modification.

Introduction

Hypertension is a widespread health concern, with approximately 1.28 billion people 
affected globally, majority in low-middle income countries (LMICs) [1]. As a lead-
ing non-communicable disease (NCD), hypertension contributes to global health 
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challenges, especially affecting among older populations, increasing the risk of heart diseases and rate of premature 
death and disabilities [2,3]. The impact of hypertension is particularly pronounced in the low-middle income countries due 
to their nutrition status [4], socioeconomic characteristics [5], and epidemiological transitions [6,7]. Moreover, studies have 
shown complex interrelationships between hypertension, excessive body weight and diabetes in these regions [8–11]. 
Additionally, various predictors can predict the likelihood of developing hypertension in future, serving as an early warning 
system for NCD [8,12,13].

Previous studies have highlighted the significant role of other NCDs, including age, sex, nutritional status, diabetes and 
other covariates in predicting hypertension in the future [14–16]. A few studies have assessed the causal effect of predic-
tors on adult hypertension risk. The Bangladesh Demographic, and Health Surveys in 2011, national population-based 
surveys, have shown the prevalence of NCDs, awareness and hypertension prevention. However, the methods used 
in these surveys was not robust, leading to potential biases of predictors in the results. The findings indicated that age, 
sex residency were key predictors of adult hypertension among adults over 34 years, alone with data on hypertension 
measurement, self-awareness, and control [17]. Prior study relied on conventional regression models to identify potential 
risk factors for hypertension. While these models are widely used, they have important limitations in causal inference—
particularly their inability to adequately control for confounding bias when estimating the effects of predictors [18]. Unlike 
modern causal inference techniques, such as Double Machine Learning (DML) used in our study, conventional regression 
approaches do not incorporate cross-fitting or data-driven selection of nuisance parameters, which are essential for reduc-
ing estimation bias and improving robustness [19].

It is well-established that a causal pathways of predictors influence the hypertension risk, with socioeconomic status 
(SES) factor, age, sex, self-awareness, body weight, and diabetes being key predictors of hypertension [18,20,21]. After 
adjusting for confounders, studies have shown that excessive body weight and self-aware are significantly associated with 
hypertension.[18,20,22–24]. In addition, nutritional status remains a major predictor of hypertension and is closely linked 
to behavioral and economic predictors [25]. The dissimilarities between rich and poor are evident in their social habits, 
food habit, lifestyle, and access to healthcare [26]. In wealthier communities, individuals often experience a higher burden 
of non-communicable diseases due to sedentary and unhealthy lifestyle [27,28].

Many previous studies have attempted to estimate causal effects, exploring how predictors of interest causally affects 
the outcome [14,18,28,29]. For example, researchers often seek to determine if excessive body weight causes hyperten-
sion [14,18]. To understand a causal relationship between excessive body weight and developing hypertension, obser-
vational data is typically used, as experimental interventions are often infeasible, unethical, and costly [30]. However, the 
assumption that all confounders are observed and properly adjusted for is one of the biggest challenges in casual infer-
ence applications [31–33]. Supervised boosting machine learning models can relax some of these assumptions, partic-
ularly in nonlinear forms, and handle high dimensional data. While machine learning model is designed for prediction, it 
primary goal differs from causal inference, as it does not directly interpret causal effects [13,34,35]. A Double Machine 
Learning (DML) is a leading method that utilizes machine learning for observational causal inference without requiring 
parametric model assumptions [30,32]. This approach adjust for confounders to provide unbiased estimates, even with 
numerous confounders and complex nonlinear relationships [19,36].

Quantitative risk assessments play a crucial role in understanding the predictors of hypertension and their impact on 
health outcomes [37–39]. These assessments have identified preventive measures to mitigate adverse health effects. 
Some key predictors directly influence hypertension while others act indirectly by confounding causal links [18,38]. For 
instance, Health Population and Nutrition Sector Development Program (HPNSDP) in Bangladesh prioritized increasing 
self-awareness of non-communicable diseases (NCDs).This focus was driven by achievements in increasing life expec-
tancy, reducing malnutrition and health outcomes [40]. Despite its success in improving adult health, addressing the 
growing burden of hypertension remains a significant challenge [18,38]. This analysis aims to investigate predictors of 
hypertension and explore causal relationships between predictors and hypertension among older adults in Bangladesh.
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Methods

Ethics statement

No ethics approval was required for this study because it used secondary analysis of publicly available Bangladesh 
Demographic and Health Surveys (BDHS) data. The protocols for adult hypertension were reviewed and approved by 
both the Inner City Fund (ICF) Institutional Review Board ethics committee and the Bangladesh Medical Research Council 
(BMRC). The BDHS team also obtained informed written consent from all participants before the interview.

Since 2011, the Health, Population, and Nutrition Sector Development Program (HPNSDP) in Bangladesh has pri-
oritized increasing life expectancy at birth, reducing non-communicable diseases (NCDs), and combating malnutrition 
[41,42]. As part of this initiative, the BDHS 2011 included baseline indicators for adult NCDs, targeting individuals aged 34 
years and older. Preliminary findings from BDHS 2011 revealed that one in three adults in this age group were hyperten-
sive [17].

To address the growing focus on NCDs, the 4th Health, Population, and Nutrition Sector Program (HPNSP) during 
2016–2021 introduced a dedicated component to improve life expectancy, expand immunization coverage, reduce mal-
nutrition, and tackle the dual burden of communicable and non-communicable diseases associated with Bangladesh’s 
epidemiological transition [43]. Subsequent surveys—BDHS 2017–18 and BDHS 2022—collected updated NCD data to 
evaluate adult health outcomes [17].

While significant progress has been made in improving children’s health and nutrition outcomes, adult health remains 
a challenge. Each BDHS survey collected NCD data from adults aged 34 years and older in one-third of the surveyed 
households, comprising 18,000 households in 2011, 20,160 households in 2017–18, and 30,330 households in 2022. 
These surveys employed a two-stage stratified cluster sampling method. In the first stage, 675 clusters were selected 
from rural and urban areas across eight divisions, followed by systematic selection of 30 households per cluster in the 
second stage. The methodologies and sampling strategies for these surveys are detailed elsewhere [17,44].

NCD-related biomarkers and other relevant data were collected during the surveys. Blood pressure (BP) measure-
ments were taken from all adults over 34 years using digital oscillometric devices with automatic upper-arm inflation and 
pressure release, conducted by trained health workers during interviews. Systolic and diastolic BP values were recorded 
in millimeters of mercury (mmHg). Hypertension was defined as systolic BP ≥ 140 mmHg and/or diastolic BP ≥ 90 mmHg, 
in accordance with the National Guidelines for Management of Hypertension in Bangladesh [45].

In addition to NCD data, individual and household characteristics were analyzed to assess potential confounding vari-
ables. These included socioeconomic status (SES), household assets, education, and nutritional indicators such as height 
and weight. Adult nutritional status was evaluated using body mass index (BMI), calculated as weight in kilograms divided 
by height in meters squared (kg/m²). BMI categories included underweight (<18.5 kg/m2), normal weight (18.5–24 kg/m2), 
overweight (25–29.9 kg/m2), and obese (≥30 kg/m2).

Causal inference is a statistical and mathematical approach used to determine the true effect of one variable on 
another. It helps assess whether an exposure variable has a causal impact on a specific outcome variable. In this study, 
we employed Double Machine Learning (DML)—a flexible and widely used method that integrates causal inference tech-
niques with machine learning algorithms. The nuisance parameters—namely, the outcome and the exposures model—
were both estimated using Random Forest algorithms. These models were trained to predict the outcome and exposure 
assignment, respectively, based on covariates. We implemented K-fold cross-fitting (with K = 10) to avoid overfitting and 
ensure valid inference, as recommended in the original DML framework. In this procedure, the dataset was partitioned 
into K folds; the nuisance functions were estimated on K-1 folds and used to compute the orthogonalized score on the 
held-out fold. This process was repeated across all folds, and the estimates were aggregated to produce the final causal 
effect estimate [19]. A crucial initial step in any causal inference analysis is identifying the underlying causal relationships 
between variables, a process known as causal discovery. This step enables us to quantify causal effects and inter-variable 
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relationships [19,32,41]. A prior study employed a Double Machine Learning (DML) approach to evaluate the effective-
ness of COVID-19 vaccines within the framework of the test-negative design. The DML model performed well, effec-
tively accounting for confounding variables and yielding robust estimates of vaccine effectiveness [42]. Using the BDHS 
adult dataset, we applied the Double Machine Learning/ de-biased model to explain how to uncover causal connections 
between predictors and the outcome of hypertension.

Statistical analysis

Descriptive analysis was conducted to summarize the data. For continuous variables, the mean and standard devia-
tion (SD) were calculated, while frequency and proportion were determined for categorical variables. Missing values 
were excluded from the dataset to ensure analytical reliability and accuracy. This approach minimizes potential biases, 
enhances predictive power, and improves computational efficiency, thereby contributing to robust and reliable outcomes 
[43,44].

To predict individuals with hypertension, 25 variables were analyzed, including baseline characteristics, regional data, 
nutritional status, and physical activity-related variables. Continuous variables were standardized using a scaler, while 
binary variables were normalized with a MinMax scaler to enhance model accuracy and computational performance 
[45,46].

Key variables were selected for inclusion in a machine learning classification model. We evaluated the performance of 
logistic regression, Least Absolute Shrinkage (Lasso), Ridge, XGBoost, Random forest classifier models using training 
and validation errors to identify the best performing model. Among these, the Random Forest classifier model—an ensem-
ble supervised learning algorithm—demonstrated the best performance and was selected for this purpose. Random forest 
model generates multiple decision trees during training, introducing randomness to reduce correlations among tree predic-
tions. The classification process aggregates the outputs of individual trees, with the final prediction based on the mode of 
predicted classes [47]. Machine learning was used to identify predictors of hypertension, followed by logistic regression to 
examine the associations between hypertension and key predictors [48].

To address class imbalance in the target variable (hypertension vs. non-hypertension), the Synthetic Minority Oversam-
pling Technique (SMOTE) was applied. This mitigated overfitting risks and ensured balanced data representation within 
the Random Forest (RF) model [49]. The dataset was divided randomly into training (80%) and testing (20%) subsets, 
maintaining consistent proportions of hypertension cases across both subsets.

The performance of the machine learning model was evaluated using metrics such as F1-score, precision, recall, and 
overall accuracy. Moreover, the feature importance scores presented in the “mean decrease in impurity” (MDI) method, 
which is used in decision tree–based models such as Random Forest. This method measures how much each feature 
reduces the impurity (e.g., Gini impurity or entropy) across all the splits in the trees. A higher mean decrease in impurity 
indicates that the feature contributes more to making accuracy, and therefore is considered more important. Additionally, 
Shapley Additive exPlanations (SHAP) and Individual Conditional Expectation (ICE) plots were utilized to interpret the 
model’s predictions, offering insights into the contributions of individual features to hypertension prediction and identify-
ing interactions. SHAP, an additive feature attribution method, quantifies the effect of each feature on the model’s output, 
providing interpretable results [50].

Univariate logistic regression was performed to estimate the odds ratio (OR), reflecting the crude association between 
predictors and hypertension without accounting for confounders. However, this approach may produce biased estimates 
due to confounding variables associated with both predictors and outcomes. To achieve more accurate estimates, multi-
variate logistic regression was applied, adjusting for potential confounders [18,29].

Logistic regression assumes a linear relationship between the log-odds of the outcome and predictors. If this assump-
tion is violated, the results may deviate from the true associations. To address this limitation, a Double Machine Learning 
model was used [19]. This model captures both linear and non-linear relationships as well as complex interactions in 
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high-dimensional data, leading to more precise estimates of the observational causal effects of predictors on hyperten-
sion, guided by the conceptual framework illustrated in Fig 1. The causal structure presented in Fig 1 is adapted from our 
previously published study [18], In this study, we constructed a Directed Acyclic Graph (DAG) to represent hypothesized 
relationships between key variables influencing hypertension among older adults. The DAG reflects domain knowledge 
and prior epidemiological evidence, identifying variables such as age, sex, socioeconomic status (SES), education level, 
and body mass index (BMI) as potential confounders in the relationship between behavioral or biological exposures and 
hypertension outcomes. Variables such as dietary patterns, stress, and genetics, though recognized as important, were 
excluded from the DAG due to lack of availability in the BDHS dataset. The graph was constructed to satisfy the backdoor 
criterion, ensuring appropriate adjustment for confounding and allowing valid causal inference. This structure underpins 
the variable selection for the Double Machine Learning (DML) framework used in this study and serves as a visual guide 
for understanding the assumptions required to estimate the causal effect of excessive body weight on hypertension. The 
DAG posits that variables such as age, sex, socioeconomic status, and comorbidities act as confounders in the  
exposure-outcome relationship and are therefore included in the adjustment set. Other variables, believed to affect the 
outcome only indirectly through these observed covariates, are excluded based on prior domain knowledge. The structure 
satisfies the backdoor criterion, allowing for valid identification of the causal effect through appropriate adjustment [31,32]. 

Fig 1.  Causal structure depicts how nutritional status, socio-economic status (SES), awareness, and hypertension prevalence are linked. 
Solid arrows show direct effects. The double arrow represents general confounders as detail elsewhere [18].

https://doi.org/10.1371/journal.pcbi.1013211.g001

https://doi.org/10.1371/journal.pcbi.1013211.g001
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Statistical significance was assessed using p-values ≤ 0.05. All data management, visualization, and modeling were per-
formed using Python (version 3.10) and the Scikit-learn library [51].

Results

Baseline characteristics

A total of 14,215 adult participants age above 34 years were included in the analytical study. Among them, 26 variables 
without missing values were available for 11,815 participants and were analyzed them. Table 1 summarizes individu-
al’s demographic characteristics, awareness and nutritional data for this analysis. The average (SD) age of participants 
was 52.76 years (SD: 12.97) and average body mass index (BMI) was 21.66 (SD: 4.08), with more than half being 
male 6826 (58.77%), and 3918 (33.16%) was urban participants. The no formal education of them was 4918 (41.63%), 
3521 (29.80%) of primary, 1798 (15.22%) of secondary, and 1578 (13.36%) of higher educated participants. Regional 

Table 1.  Participant’s characteristics, socioeconomic status (SES), self-awareness and nutritional 
status among participants aged 34 year and older in Bangladesh from 2011 to 2022.

Characteristics Mean (SD) Median (IQR)

Age of participants in Years 52.76 (12.97) 51.00 (18.0 = 42.0-60.0)

Body Mass Index (BMI) 21.66 (4.08) 21.12 (6.52 = 18.67-24.15)

Characteristics N = 11,815
N

%

  Male 6826 58.77

  Urban 3918 33.16

Admistrative Division

  Barishal 1330 11.26

  Chattogram 1618 13.69

  Dhaka 1652 13.98

  Khulna 1840 15.57

  Rangpur 1639 13.87

  Sylhet 1545 13.08

  Mymensingh 733 6.20

  Rajshahi 1458 12.34

Wealth index

  Poorer 2295 19.41

  Poor 2226 18.84

  Middle 2317 19.61

  Richer 2316 19.60

  Richest 2663 22.54

Educational attainment

  No formal education 4918 41.63

  Primary 3521 29.80

  Secondary 1798 15.22

  Higher 1578 13.36

Awareness 1837 15.55

worker 4293 36.34

Excessive body weight 3962 33.53

Diabetes 1288 10.90

https://doi.org/10.1371/journal.pcbi.1013211.t001

https://doi.org/10.1371/journal.pcbi.1013211.t001
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distribution of participants showed 1330 (11.26%) in Barishal, 1628 (13.69%) in Chattogram, 1652 (13.98%) in Dhaka, 
1840 (15.57%) in Khulna, 1639 (13.87%) in Rangpur, 1458 (12.34%) in Rajshahi, 1545 (13.08%) in Sylhet, and 733 
(6.20%) in Mymensingh.

Among the participants, 1,837 (15.55%) were aware of their hypertension status, 4,293 (36.34%) were workers, 1,288 
(10.90%) had diabetes, and 3,962 (33.53%) were classified as having excessive body weight. Fig 2 shows that the overall 
prevalence of hypertension was 38.4% between 2011 and 2022. After applying the Synthetic Minority Oversampling Tech-
nique (SMOTE) to balance the training and test datasets and mitigate overfitting, the prevalence of hypertension in both 
datasets was adjusted to 50%.

Model performance

Table 2 summarizes the training and validation errors for the Logistic Regression, Lasso, Ridge, XGBoost, and Random 
forest models. Among these, the random forest classifier model achieved the lowest errors with a training error of 3.0% 
and validation error of 6.50%. Table 3 and Fig 3 present the precision, recall and confusion matrix, highlighting that the 
Random Forest model achieved an overall accuracy of 93%. The model’s evaluation metrics included F1-scores of 95% 
for non-hypertension and 91% for hypertension. Precision values were 95% for non-hypertension and 91% for hyperten-
sion, while recall scores were 94% and 92% for non-hypertension and hypertension, respectively. On average, the model 
misclassified 3% of non-hypertension cases and 3% of hypertension cases.

Importance factors

The Random Forest Classifier model and SHAP values visualization were used to compute the importance of each fea-
ture contributing to the classification of participants. These features play a crucial role in building a robust predictive model 

Fig 2.  Hypertension distribution in the original dataset, and balanced class label distribution after applying the Synthetic Minority Oversam-
pling Technique (SMOTE) for training and test data.

https://doi.org/10.1371/journal.pcbi.1013211.g002

Table 2.  The different models’ performance evaluation using original and SMOTE-adjusted data, including training errors, and validation 
errors based on characteristics, socioeconomic status, self-awareness and nutritional status among participants aged 34 years and older in 
Bangladesh from 2011 to 2022.

Original data SMOTE-adjusted

Models Training error (%) Validation error (%) Training error (%) Validation error (%)

Logistic regression 29.58 29.71 26.36 30.0

Lasso model 47.21 47.20 49.83 49.82

Ridge model 39.59 39.63 38.60 41.43

XGBoost model 14.62 31.57 12.59 18.47

Random forest model 3.10 9.87 3.0 6.5

https://doi.org/10.1371/journal.pcbi.1013211.t002

https://doi.org/10.1371/journal.pcbi.1013211.g002
https://doi.org/10.1371/journal.pcbi.1013211.t002


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013211  July 2, 2025 9 / 22

Table 3.  Random forest classifier model performance evaluation scores based on characteristics, socioeconomic status (SES), self- 
awareness and nutritional status among participants aged 34 year and older in Bangladesh from 2011 to 2022.

Classes Precision (%) Recall (Sensitivity) (%) F1-score (%)

Cross-validation (1,000 iteration) Mean 91.4 92.5 91.9

Median 91.5 92.5 91.9

Standard deviation 0.012 0.017 0.011

Test set Non-hypertension 95.0 94.0 95.0

Hypertension 91.0 92.0 91.0

Overall Accuracy 93.0

https://doi.org/10.1371/journal.pcbi.1013211.t003

Fig 3.  Confusion matrix (Accuracy = 93%) is assessing the model’s performance, provides True Positives (TP), where the model correctly 
identifies positive cases as positive; True Negatives (TN), where it accurately predicts negative cases as negative; False Positives (FP), where 
negative cases are incorrectly classified as positive; and False Negatives (FN), where positive cases are mistakenly classified as negative.

https://doi.org/10.1371/journal.pcbi.1013211.g003

https://doi.org/10.1371/journal.pcbi.1013211.t003
https://doi.org/10.1371/journal.pcbi.1013211.g003


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013211  July 2, 2025 10 / 22

for identifying hypertension. Fig 4 illustrates the global factor importance scores, identifying the most influential factors 
for hypertension. Body mass index (BMI) (31.28%) and age (22.44%) were the most significant contributors, followed by 
awareness (5.53%), male gender (3.79%), urban residency (3.12%), worker status (2.35%), and diabetes (2.02%). In 
contrast, factors such as educational attainment and geographical regions had lower significance, each contributing less 
than 2%.

Decision tree

Fig 5 depicts a decision tree that captures participant heterogeneity in hypertension classification. With a depth of four, the 
tree uses a series of binary decisions to classify individuals as hypertensive or non-hypertensive. For example, individu-
als over 40 years old with excessive body weight, residing in Chattogram, and self-aware of their hypertension status are 
likely classified as hypertensive. On the other hand, a male participant with no hypertension awareness and a body mass 

Fig 4.  Features importance reflect how much a feature contributes to model prediction. Some features with large scores are the most important 
features, while some features with low scores are less important features for prediction.

https://doi.org/10.1371/journal.pcbi.1013211.g004

https://doi.org/10.1371/journal.pcbi.1013211.g004
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index (BMI) below 22 is predicted to be non-hypertensive. This straightforward decision-making process enhances model 
interpretability.

Interaction factors

The Individual Conditional Expectation (ICE) plot of hypertension probability by age, shown in Fig 6, indicates that for 
some individuals with a predicted hypertension probability above 0.5, the prediction remains relatively unchanged at 
higher ages. Compared to age 35, predictions for most individuals show little change until age 50, at which point the pre-
dicted probability begins to increase. Fig 7 presents an ICE plot between partial dependence predictive values and body 
mass index (BMI), showing that for some individuals with a predicted hypertension probability above 0.5, the predictions 
for most participants remain unchanged until a BMI of 24, after which the predicted probability increases. In contrast, the 
ICE plot of BMI probability by age, depicted in Fig 8, reveals that the predicted high BMI probability for most participants 
decreases as age increases. Additionally, it shows that the predictive values of BMI higher in female and self-awareness. 
Similar to the age effect on hypertension, predictions remain stable until age 50, beyond which the probability begins to 
decline. Furthermore, the partial predicted probability of hypertension by sex, displayed as a boxplot in Fig 9, demon-
strates that the median predicted probability of hypertension was higher among females compared to those males.

SHAP values visualization in Fig 10 highlight the contribution of individual factors to hypertension predictions. The body 
mass index (BMI) is identified as the most influential predictor, followed by self-awareness, sex, and age, while household 

Fig 5.  Decision Tree shows this process is classifying participants into two different classes based on their several characteristics. It’s struc-
ture where an internal node represents a feature, the branch represents a decision rule, and each leaf node represents the outcome.

https://doi.org/10.1371/journal.pcbi.1013211.g005

https://doi.org/10.1371/journal.pcbi.1013211.g005
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Fig 6.  Individual Conditional Expectation (ICE) plot presenting the predicted probability of hypertension across age. Each line represents an 
individual participant. The plot illustrates how predicted hypertension risk changes with age while holding other variables constant. For most participants, 
the predicted probability of hypertension increases with increasing age, indicating a consistent positive relationship between age and hypertension risk in 
the model.

https://doi.org/10.1371/journal.pcbi.1013211.g006

Fig 7.  Individual Conditional Expectation (ICE) plot showing the predicted probability of hypertension across BMI. Each line represents an 
individual participant. The plot illustrates how predicted hypertension risk changes with body mass index while holding other variables constant. For 
most participants, the predicted probability of hypertension increases with increasing body mass index (BMI), indicating a consistent positive relationship 
between BMI and hypertension risk in the model.

https://doi.org/10.1371/journal.pcbi.1013211.g007

https://doi.org/10.1371/journal.pcbi.1013211.g006
https://doi.org/10.1371/journal.pcbi.1013211.g007
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wealth and educational attainment rank as the least influential. A scatter plot of SHAP values for hypertension predictions 
in Fig 11 demonstrates that excessive body weight, self-awareness, being female, and older age significantly contribute 
to hypertension predictions. Additionally, Fig 12 reveals that age, body mass index (BMI), sex, residential areas, and 
self-awareness act as interaction factors and exhibit nonlinear, complex relationships in predicting hypertension.

Fig 8.  Individual Conditional Expectation (ICE) plot showing the predicted probability of BMI across age, sex and self-awareness. Each line 
represents an individual participant. The plot illustrates how predicted BMI changes with age, sex and self-awareness while holding other variables con-
stant. For most participants, the predicted probability of BMI decreases with increasing age, male and non-aware.

https://doi.org/10.1371/journal.pcbi.1013211.g008

Fig 9.  Dependency boxplot showing the relationship between sex and the partial predicted probability of hypertension. Boxes represent the 
interquartile range (IQR), with the median indicated by the central line; whiskers extend to 1.5 times the IQR, and outliers are plotted as individual points.

https://doi.org/10.1371/journal.pcbi.1013211.g009

https://doi.org/10.1371/journal.pcbi.1013211.g008
https://doi.org/10.1371/journal.pcbi.1013211.g009
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Fig 10.  Feature importance based on SHAP values, depicted as a bar plot. Each bar represents a feature (Y-axis), and its length along the X-axis 
indicates the mean absolute SHAP value, signifying the average magnitude of impact on the model’s log-odds output. The color encoding reflects the 
feature’s value for a given prediction: red for values pushing towards a hypertension prediction and blue for values pushing towards a non-hypertension 
prediction.

https://doi.org/10.1371/journal.pcbi.1013211.g010

https://doi.org/10.1371/journal.pcbi.1013211.g010
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Fig 11.  SHAP scatter plot illustrating feature contributions to hypertension predictions. It highlights features associated with an increased 
likelihood of hypertension (typically positive SHAP values) and non-hypertension (typically negative SHAP values), while also identifying features with 
minimal impact (SHAP values near zero).

https://doi.org/10.1371/journal.pcbi.1013211.g011

https://doi.org/10.1371/journal.pcbi.1013211.g011
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Estimating causal association with hypertension

Based on the predefined causal structure shown in Fig 1, Table 4 summarizes the crude odds ratio (OR) of excessive 
body weight is 2.24 (95%CI: 2.07 – 2.42). After adjusted for age, sex, SES, and self-awareness, the adjusted OR is 1.97 
(95%CI: 1.79 – 2.17). The reduction in the OR from 2.24 to 1.97 suggests that some of the initial association was indeed 
attributable to these confounding factors. By using Double Machine Learning, the OR is 1.30 (95%CI: 1.17 – 1.43), 
revealed a robust causal effect of excessive body weight on hypertension.

Table 4.  Observational causal association between excessive body weight on hypertension, including crude, adjusted for age, sex, SES, 
self-awareness by using logistic regression, and Double Machine Learning with Random forest model among participants aged 34 year and 
older in Bangladesh from 2011 to 2022.

Models Odds Ratio (OR) 95%CI p-values

Univariate logistic regression - Crude 2.24 2.07 – 2.42 <0.01

Multivariate logistic regression – Adjusted 1.97 1.79 – 2.17 <0.01

Double Machine Learning (DML) 1.30 1.17 – 1.43 <0.01

https://doi.org/10.1371/journal.pcbi.1013211.t004

Fig 12.  Dependency plot of SHAP values for hypertension, showing the relationship between a feature’s value (X-axis) and its corresponding 
SHAP value (Y-axis, indicating impact on prediction). Point coloration by a second feature visualizes how interactions between these two features 
affect the predicted outcome.

https://doi.org/10.1371/journal.pcbi.1013211.g012

https://doi.org/10.1371/journal.pcbi.1013211.t004
https://doi.org/10.1371/journal.pcbi.1013211.g012
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Discussion

This study used a machine learning models with high predictive accuracy to identify the most important predictors of 
hypertension based on individual’s characteristics, household characteristics, socioeconomic status, self-awareness, 
diabetes, and nutritional status. The Random forest classifier demonstrated the best performance among the evalu-
ated models, achieving the lowest training and validation errors. This supervised machine learning model effectively 
captured patterns in the data while ensuring accurate predictions, making it the most suitable model for the given 
data. The most influential predictors of hypertension included body mass index (BMI), age, socioeconomic status, 
self-awareness of hypertension, sex, residence, working status, and diabetes, while educational status had a lesser 
effect on prediction of hypertension. The analysis revealed complex, nonlinear interactions among predictors such 
as body mass index (BMI), age, sex, self-awareness, and residential areas with hypertension outcomes. By using 
Double Machine Learning models based on pre-defined causal structure, the study also identified the causal effect 
of several predictors. Specifically, the causal effect of excess body weight on adult hypertension risk was found to be 
confounded by other predictors [18,38,52–54].

Machine learning -based real-time predictive systems offer promising applications for hypertension management [55]. 
These tools can support preliminary diagnosis, reduce hospital readmission, and lower healthcare costs while mitigating 
the progression of severe illness. Beyond serving as decision support tools for physicians, predictive diagnostic systems 
can be employed in hospital triage units to assist nurse practitioners or by patients at home. For example, wearable 
technologies and Bluetooth-enabled devices like blood pressure monitors can transmit vital data to predictive models, 
providing real-time health assessments. Such innovations could empower patients to seek timely medical interventions, 
preventing critical situations and promoting better health outcomes [53,55].

It is noteworthy that adult hypertension was predicted by key factors such as excessive body weight, older age, self- 
awareness of hypertension, being female, and urban residency—factors that remain directly or indirectly associated with 
hypertension despite the implementation of the HPNSDP. For example, unhealthy lifestyle behaviors like smoking, increased 
levels of education, urbanization, and greater self-awareness of hypertension status have contributed to a reduction in under-
weight prevalence but have simultaneously heightened exposure to excessive body weight. Consequently, while the risk 
associated with poor quality of lifestyles, urban living, and socioeconomic status have decreased, the contribution of excessive 
body weight to hypertension risk has grown. Excess calorie intake is stored as fat tissue, leading to weight gain, and these fat 
deposits contribute to elevated cholesterol levels in the blood, ultimately increasing blood pressure [56].

Since 2011, increased self-awareness of non-communicable diseases (NCDs) has contributed to a rise in hyperten-
sion prevalence, partly due to more frequent monitoring of blood pressure. Wealthier families, with their ability to adopt 
healthier diets and behaviors, have shown a greater predictive probability of hypertension and its association with nutri-
tional status. Consequently, excessive body weight has emerged as a key predictor with a strong positive association with 
hypertension [25,57,58]. Previous studies have demonstrated a strong link between lower socioeconomic status (SES) 
and hypertension in high-income countries, largely influenced by self-awareness and better hypertension management. 
However, this relationship is more complex and sometimes inconsistent in low-income countries. A notable finding is 
that self-awareness was a significant predictor of hypertension, whereas SES showed a weaker association. Excessive 
body weight was identified as the most influential predictor of hypertension, followed by older age and self-awareness 
[18,38,59]. In line with earlier research from the same country, these factors were confirmed as significant predictors 
for hypertension. Additionally, we found that predictors such as sex and residential area interacted with excessive body 
weight and hypertension, acting as confounders in predicting hypertension. These findings emphasize the relevance of 
awareness programs aimed at reducing excessive body weight to mitigate hypertension risk [15,38,39,60].

The machine learning (ML) study on hypertension by Islam et al.[53] focused on predictive modeling, employing algo-
rithms such as XGBoost, Random Forest, and Logistic Regression to identify individuals at risk and highlight important 
predictors based on associations. These models were assessed using standard evaluation metrics such as accuracy, 
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precision, and recall, with feature importance tools used to identify influential factors like age and BMI. However, these 
models reveal correlations rather than causal relationships, and the rankings reflect associations rather than cause-and-
effect, particularly in the context of South Asian populations. Notably, excessive body weight emerged as a strong predic-
tor of hypertension using traditional ML methods, but these results cannot establish causality. In contrast, the current study 
applied the Double Machine Learning (DML) approach using the Bangladesh Demographic and Health Survey (BDHS) 
dataset, specifically designed for causal inference. By incorporating a Directed Acyclic Graph (DAG), the DML framework 
identified excessive body weight not only as a predictor but as a causal factor for hypertension, separating its effect from 
confounding influences through cross-fitting and orthogonalization. While traditional ML models are well-suited for risk 
prediction and classification, DML offers a more rigorous understanding of causal mechanisms, making it a better choice 
when the goal is to assess how strongly excessive body weight contributes to hypertension as an outcome [53].

SHAP value visualizations identified socioeconomic status (SES), age, sex, self-awareness, and nutritional status as 
important predictors associated with hypertension. Additionally, Using a causal diagram [18], we identified socioeconomic 
status (SES), age, sex, and self-awareness of hypertension as confounders in the relationship between nutritional status 
and hypertension. This indicates that nutritional status does not have a direct causal effect on hypertension but is instead 
correlated with these confounders, which drive the likelihood of hypertension. Our predictive model highlights excessive 
body weight as the strongest single predictor of hypertension, as it encapsulates the influence of many true causal drivers 
through its correlations. Random forest model employs regularization to select the simplest possible model that main-
tains high predictive accuracy, minimizing overfitting. If nutritional status alone could predict hypertension as effectively 
as SES, age, sex, and self-awareness, the model would prefer it. However, when nutritional status is highly correlated 
with these confounders, the machine learning model tends to favor independent predictors over directly causal factors to 
enhance robustness in its predictions [19,52]. To improve hypertension prediction, it is essential to identify and manipulate 
the factors that genuinely influence outcomes. Using Double Machine Learning techniques, we estimated the unbiased 
causal effect of excessive body weight on hypertension while controlling for age, sex, self-awareness, and SES [61]. This 
analysis revealed a significant causal effect of excessive body weight on adult hypertension, underscoring that it may not 
act as an entirely independent predictor. Therefore, interventions targeting excessive body weight are critical for reducing 
hypertension risk [18,62,63].

This study has several strengths. First, the machine learning prediction modeling utilized a population-based, nation-
ally representative survey dataset, making the findings broadly applicable to various populations and settings. Addi-
tionally, field workers employed well-established digital techniques to measure blood pressure and anthropometric 
parameters, ensuring high-quality data collection. The use of Double Machine Learning models enhanced the precision 
of hypertension predictions by leveraging observational causal inference from cross-sectional survey data. Second, 
given the dataset size of 11,815 samples, it is important to reflect on the computational complexity and practical feasi-
bility of the methods employed in this study. The Random Forest algorithm, while efficient and parallelizable, has a time 
complexity of approximately O(ntree × n × log n), where n is the number of samples and ntree is the number of trees. 
In our case, with 500 trees and a moderate sample size, model training remained computationally manageable. SHAP 
(SHapley Additive Explanations), known for its interpretability, is more computationally intensive due to its reliance on 
game-theoretic principles; however, the use of TreeSHAP optimized for tree-based models substantially reduced the 
burden, making it feasible for our dataset. ICE (Individual Conditional Expectation) plots were generated for selected 
variables only, which limited their runtime. The Double Machine Learning (DML) approach, while more computation-
ally demanding due to its cross-fitting and orthogonalization steps, was effectively implemented using efficient Python 
libraries. Overall, all methods were executed on standard computing infrastructure without the need for high-performance 
computing, indicating good scalability and applicability to similar population-based datasets. This demonstrates the 
practical potential of these methods for researchers and public health practitioners working with medium-sized datasets 
in resource-constrained settings.
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However, the study also has limitations. The cross-sectional design limits the ability to infer cause-and-effect relation-
ships. Hypertension is measured using a single blood pressure reading and self-reported awareness of hypertension 
status, which can introduce bias into the assessment. Moreover, crucial data on factors strongly linked to hypertension, 
such as diet, salt intake, exercise levels, saturated fat consumption, sleep patterns, and drinking alcohol habit were not 
collected, preventing their inclusion in the machine learning models. These unmeasured confounders such as salt intake, 
alcohol consumption, sleep quality, stress, and genetic predispositions, as well as the reliance on a single blood pressure 
measurement. these are significant factors in the etiology of hypertension. Consequently, confounding by these unmea-
sured factors could not be addressed in the model.

Our prediction analysis was restricted to observed confounders in three distinct population samples, but sampling 
errors and biases from unobserved confounders could still affect the results. While Double Machine Learning model offers 
the advantage of learning complex patterns and may be more robust to unmeasured confounding than traditional logistic 
regression, residual confounding remains a potential source of bias in the findings.

Conclusion

This study highlights the value of machine learning models, particularly Random forest model and Double Machine Learn-
ing techniques, in identifying key predictors of hypertension using nationally representative data. Excessive body weight 
emerged as the most influential predictor, followed by age, self-awareness of hypertension, and socioeconomic status. 
While these associations are well-established in the literature, their complex interdependencies highlight the importance 
of appropriately addressing confounding in observational analyses. The main contribution of this work lies in the method-
ological application of DML, which enables more rigorous causal inference in the presence of nonlinear relationships and 
high-dimensional confounders. By leveraging this approach, we estimated the potential causal effect of excessive body 
weight on hypertension with greater robustness than conventional methods. Rather than focusing solely on known asso-
ciations, our study illustrates how DML can serve as a powerful tool for causal analysis in public health research where 
randomized trials are not feasible. The Double Machine Learning approach proved especially effective in identifying the 
potential causal effect of excessive body weight on hypertension. Its generalizability makes it applicable to a wide range 
of public health challenges, offering valuable insights for evidence-based decision-making and the design of targeted 
interventions. The study findings demonstrate the potential of machine learning tools in enabling hypertension prediction 
in future and guiding targeted prevention strategies. To enhance the applicability and predictive power of such models, 
future research should incorporate more comprehensive datasets, include additional variables such as dietary salt intake, 
alcohol consumption, sleep quality, psychological stress, and genetic predisposition, and adopt longitudinal study designs. 
These advancements will further refine our ability to model and prevent hypertension and improve outcomes through bet-
ter resource allocation for at-risk populations. This study recommends continued methodological innovation and thoughtful 
integration into policy and practice.

Acknowledgments

The authors would like to acknowledge the program of Demographic and Health Survey (DHS) team for providing survey 
data. The author(s) would like to acknowledge the contribution of caregivers/ mothers of the study participants for their 
consent to enroll children in the study. icddr,b is also grateful to the Governments of Bangladesh and Canada, for provid-
ing core/unrestricted support.

Author contributions

Conceptualization: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra 
Das, Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013211  July 2, 2025 20 / 22

Data curation: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra Das, 
Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Formal analysis: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra Das, 
Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Investigation: Probir Kumar Ghosh, Md. Aminul Islam, Md. Tariqujjaman, Novel Chandra Das, Mohammad Ali, Md. Rasel 
Uddin, Md. Golam Dostogir Harun.

Methodology: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra Das, 
Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Project administration: Probir Kumar Ghosh.

Resources: Probir Kumar Ghosh.

Software: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra Das, 
Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Supervision: Probir Kumar Ghosh, Md. Golam Dostogir Harun.

Validation: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra Das, 
Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Visualization: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra Das, 
Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Writing – original draft: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel Chandra 
Das, Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

Writing – review & editing: Probir Kumar Ghosh, Md. Aminul Islam, Md. Ahshanul Haque, Md. Tariqujjaman, Novel 
Chandra Das, Mohammad Ali, Md. Rasel Uddin, Md. Golam Dostogir Harun.

References
	 1.	 Al-Makki A, DiPette D, Whelton PK, Murad MH, Mustafa RA, Acharya S, et al. Hypertension Pharmacological Treatment in Adults: A World Health 

Organization Guideline Executive Summary. Hypertension. 2022;79(1):293–301. https://doi.org/10.1161/HYPERTENSIONAHA.121.18192 PMID: 
34775787

	 2.	 Kearney PM, Whelton M, Reynolds K, Muntner P, Whelton PK, He J. Global burden of hypertension: analysis of worldwide data. Lancet. 
2005;365(9455):217–23. https://doi.org/10.1016/S0140-6736(05)17741-1 PMID: 15652604

	 3.	 GBD 2015 Risk Factors Collaborators. Global, regional, and national comparative risk assessment of 79 behavioural, environmental and 
occupational, and metabolic risks or clusters of risks, 1990-2015: a systematic analysis for the Global Burden of Disease Study 2015. Lancet. 
2016;388(10053):1659–724. https://doi.org/10.1016/S0140-6736(16)31679-8 PMID: 27733284

	 4.	 Beilin LJ. Lifestyle and hypertension--an overview. Clin Exp Hypertens. 1999;21(5–6):749–62. https://doi.org/10.3109/10641969909061005 PMID: 
10423098

	 5.	 Schutte AE, Srinivasapura Venkateshmurthy N, Mohan S, Prabhakaran D. Hypertension in Low- and Middle-Income Countries. Circ Res. 
2021;128(7):808–26. https://doi.org/10.1161/CIRCRESAHA.120.318729 PMID: 33793340

	 6.	 Bygbjerg IC. Double burden of noncommunicable and infectious diseases in developing countries. Science. 2012;337(6101):1499–501. https://doi.
org/10.1126/science.1223466 PMID: 22997329

	 7.	 Marshall SJ. Developing countries face double burden of disease. Bull World Health Organ. 2004;82(7):556.

	 8.	 Maher D, Waswa L, Baisley K, Karabarinde A, Unwin N. Epidemiology of hypertension in low-income countries: a cross-sectional population-based 
survey in rural Uganda. J Hypertens. 2011;29(6):1061–8. https://doi.org/10.1097/HJH.0b013e3283466e90 PMID: 21505357

	 9.	 Misganaw A, Mariam DH, Ali A, Araya T. Epidemiology of major non-communicable diseases in Ethiopia: a systematic review. J Health Popul Nutr. 
2014;32(1):1–13. PMID: 24847587

	10.	 Negi PC, Chauhan R, Rana V, Lal K. Epidemiological study of non-communicable diseases (NCD) risk factors in tribal district of Kinnaur, HP: A 
cross-sectional study. Indian Heart J. 2016;68(5):655–62. https://doi.org/10.1016/j.ihj.2016.03.002 PMID: 27773404

https://doi.org/10.1161/HYPERTENSIONAHA.121.18192
http://www.ncbi.nlm.nih.gov/pubmed/34775787
https://doi.org/10.1016/S0140-6736(05)17741-1
http://www.ncbi.nlm.nih.gov/pubmed/15652604
https://doi.org/10.1016/S0140-6736(16)31679-8
http://www.ncbi.nlm.nih.gov/pubmed/27733284
https://doi.org/10.3109/10641969909061005
http://www.ncbi.nlm.nih.gov/pubmed/10423098
https://doi.org/10.1161/CIRCRESAHA.120.318729
http://www.ncbi.nlm.nih.gov/pubmed/33793340
https://doi.org/10.1126/science.1223466
https://doi.org/10.1126/science.1223466
http://www.ncbi.nlm.nih.gov/pubmed/22997329
https://doi.org/10.1097/HJH.0b013e3283466e90
http://www.ncbi.nlm.nih.gov/pubmed/21505357
http://www.ncbi.nlm.nih.gov/pubmed/24847587
https://doi.org/10.1016/j.ihj.2016.03.002
http://www.ncbi.nlm.nih.gov/pubmed/27773404


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013211  July 2, 2025 21 / 22

	11.	 Tawa N, Frantz J, Waggie F. Risk factors for chronic non communicable diseases in Mombasa, Kenya: epidemiological study using WHO stepwise 
approach. Afr J Health Sci. 2011;19(3–4):24–9.

	12.	 Geldsetzer P, Manne-Goehler J, Marcus M-E, Ebert C, Zhumadilov Z, Wesseh CS, et al. The state of hypertension care in 44 low- 
income and middle-income countries: a cross-sectional study of nationally representative individual-level data from 1·1 million adults. Lancet. 
2019;394(10199):652–62. https://doi.org/10.1016/S0140-6736(19)30955-9 PMID: 31327566

	13.	 Farrell S, Mitnitski A, Rockwood K, Rutenberg AD. Interpretable machine learning for high-dimensional trajectories of aging health. PLoS Comput 
Biol. 2022;18(1):e1009746. https://doi.org/10.1371/journal.pcbi.1009746 PMID: 35007286

	14.	 Jafar TH, Chaturvedi N, Pappas G. Prevalence of overweight and obesity and their association with hypertension and diabetes mellitus in an Indo-
Asian population. CMAJ. 2006;175(9):1071–7. https://doi.org/10.1503/cmaj.060464

	15.	 Hossain FB, Adhikary G, Chowdhury AB, Shawon MSR. Association between body mass index (BMI) and hypertension in south Asian population: 
evidence from nationally-representative surveys. Clin Hypertens. 2019;25:28. https://doi.org/10.1186/s40885-019-0134-8 PMID: 31890277

	16.	 Feskens EJ, Tuomilehto J, Stengård JH, Pekkanen J, Nissinen A, Kromhout D. Hypertension and overweight associated with hyperinsulinaemia 
and glucose tolerance: a longitudinal study of the Finnish and Dutch cohorts of the Seven Countries Study. Diabetologia. 1995;38(7):839–47. 
https://doi.org/10.1007/s001250050361 PMID: 7556987

	17.	 Niport NI of PR and T, Welfare M of H and F, ICF. Bangladesh Demographic and Health Survey 2017-18. 2020 Oct 1 [cited 2023 Jan 30]; Available 
from: https://dhsprogram.com/publications/publication-FR344-DHS-Final-Reports.cfm

	18.	 Ghosh PK, Harun MGD, Shanta IS, Islam A, Jannat KKE, Mannan H. Prevalence and determinants of hypertension among older adults: A com-
parative analysis of the 6th and 8th national health surveys of Bangladesh. PLoS One. 2023;18(10):e0292989. https://doi.org/10.1371/journal.
pone.0292989 PMID: 37844103

	19.	 Soleymani A. Causal Structure Learning through Double Machine Learning:Diss. Massachusetts Institute of Technology, 2024. 2024 [cited 2024 
Dec 10]; Available from: Available from: https://dspace.mit.edu/handle/1721.1/156327

	20.	 Bell AC, Adair LS, Popkin BM. Understanding the role of mediating risk factors and proxy effects in the association between socio-economic status 
and untreated hypertension. Soc Sci Med. 2004;59(2):275–83. https://doi.org/10.1016/j.socscimed.2003.10.028 PMID: 15110419

	21.	 G PK, H M MM, A C A, A N, H GD. Hypertension and sex related differences in mortality of COVID-19 infection: a systematic review and meta- 
analysis. Arch Biotechnol Biomed. 2020;4(1):037–43. https://doi.org/10.29328/journal.abb.1001020

	22.	 Victora CG, Huttly SR, Fuchs SC, Olinto MT. The role of conceptual frameworks in epidemiological analysis: a hierarchical approach. Int J Epide-
miol. 1997;26(1):224–7. https://doi.org/10.1093/ije/26.1.224 PMID: 9126524

	23.	 Genser B, Strina A, dos Santos LA, Teles CA, Prado MS, Cairncross S, et al. Impact of a city-wide sanitation intervention in a large urban centre 
on social, environmental and behavioural determinants of childhood diarrhoea: analysis of two cohort studies. Int J Epidemiol. 2008;37(4):831–40. 
https://doi.org/10.1093/ije/dyn101 PMID: 18653513

	24.	 Panagiotakos DB, Chrysohoou C, Pitsavos C, Skoumas J, Lentzas Y, Katinioti A, et al. Hierarchical analysis of anthropometric indices in the 
prediction of 5-year incidence of hypertension in apparently healthy adults: the ATTICA study. Atherosclerosis. 2009;206(1):314–20. https://doi.
org/10.1016/j.atherosclerosis.2009.02.030 PMID: 19368924

	25.	 Grotto I, Huerta M, Sharabi Y. Hypertension and socioeconomic status. Curr Opin Cardiol. 2008;23(4):335–9. https://doi.org/10.1097/
HCO.0b013e3283021c70

	26.	 Misra A, Singhal N, Sivakumar B, Bhagat N, Jaiswal A, Khurana L. Nutrition transition in India: secular trends in dietary intake and their relationship 
to diet-related non-communicable diseases. J Diabetes. 2011;3(4):278–92. https://doi.org/10.1111/j.1753-0407.2011.00139.x PMID: 21649865

	27.	 Schneider M, Bradshaw D, Steyn K, Norman R, Laubscher R. Poverty and non-communicable diseases in South Africa. Scand J Public Health. 
2009;37(2):176–86. https://doi.org/10.1177/1403494808100272 PMID: 19164428

	28.	 Ghosh PK, Das P, Goswam DR, Islam A, Chowdhury S, Mollah MM. Maternal determinants mediating the impact of household poverty on the 
nutritional status of children under 5 years of age in Bangladesh. Food Nutr Bull. 2021. https://doi.org/0379572121999016

	29.	 Ghosh PK, Jannat KKE, Islam A, Shanta IS, Islam KM, Harun M d GD. Factors contributing to antibiotic use among children younger than five years 
old with fever, acute respiratory illness, and diarrhea in Bangladesh. J Infect Dev Ctries. 2023;17(09):1268–76. https://doi.org/10.3855/jidc.17891

	30.	 Athey S, Imbens GW. The state of applied econometrics: causality and policy evaluation. J Econ Perspect. 2017;31(2):3–32. https://doi.
org/10.1257/jep.31.2.3

	31.	 Imbens GW. Potential outcome and directed acyclic graph approaches to causality: relevance for empirical practice in economics. J Econ Lit. 
2020;58(4):1129–79. https://doi.org/10.1257/jel.20191597

	32.	 Prosperi M, Guo Y, Sperrin M, Koopman JS, Min JS, He X. Causal inference and counterfactual prediction in machine learning for actionable 
healthcare. Nat Mach Intell. 2020;2(7):369–75. https://doi.org/10.1038/s42256-020-0197-y

	33.	 Neal B. Introduction to causal inference. Course Lect Notes Draft. 2020.

	34.	 Peters E, Caldeira J, Ho A, Leichenauer S, Mohseni M, Neven H, et al. Machine learning of high dimensional data on a noisy quantum processor. 
npj Quantum Inf. 2021;7(1). https://doi.org/10.1038/s41534-021-00498-9

	35.	 Ben-Israel D, Jacobs WB, Casha S, Lang S, Ryu WHA, de Lotbiniere-Bassett M, et al. The impact of machine learning on patient care: A system-
atic review. Artif Intell Med. 2020;103:101785. https://doi.org/10.1016/j.artmed.2019.101785 PMID: 32143792

https://doi.org/10.1016/S0140-6736(19)30955-9
http://www.ncbi.nlm.nih.gov/pubmed/31327566
https://doi.org/10.1371/journal.pcbi.1009746
http://www.ncbi.nlm.nih.gov/pubmed/35007286
https://doi.org/10.1503/cmaj.060464
https://doi.org/10.1186/s40885-019-0134-8
http://www.ncbi.nlm.nih.gov/pubmed/31890277
https://doi.org/10.1007/s001250050361
http://www.ncbi.nlm.nih.gov/pubmed/7556987
https://dhsprogram.com/publications/publication-FR344-DHS-Final-Reports.cfm
https://doi.org/10.1371/journal.pone.0292989
https://doi.org/10.1371/journal.pone.0292989
http://www.ncbi.nlm.nih.gov/pubmed/37844103
https://dspace.mit.edu/handle/1721.1/156327
https://doi.org/10.1016/j.socscimed.2003.10.028
http://www.ncbi.nlm.nih.gov/pubmed/15110419
https://doi.org/10.29328/journal.abb.1001020
https://doi.org/10.1093/ije/26.1.224
http://www.ncbi.nlm.nih.gov/pubmed/9126524
https://doi.org/10.1093/ije/dyn101
http://www.ncbi.nlm.nih.gov/pubmed/18653513
https://doi.org/10.1016/j.atherosclerosis.2009.02.030
https://doi.org/10.1016/j.atherosclerosis.2009.02.030
http://www.ncbi.nlm.nih.gov/pubmed/19368924
https://doi.org/10.1097/HCO.0b013e3283021c70
https://doi.org/10.1097/HCO.0b013e3283021c70
https://doi.org/10.1111/j.1753-0407.2011.00139.x
http://www.ncbi.nlm.nih.gov/pubmed/21649865
https://doi.org/10.1177/1403494808100272
http://www.ncbi.nlm.nih.gov/pubmed/19164428
https://doi.org/0379572121999016
https://doi.org/10.3855/jidc.17891
https://doi.org/10.1257/jep.31.2.3
https://doi.org/10.1257/jep.31.2.3
https://doi.org/10.1257/jel.20191597
https://doi.org/10.1038/s42256-020-0197-y
https://doi.org/10.1038/s41534-021-00498-9
https://doi.org/10.1016/j.artmed.2019.101785
http://www.ncbi.nlm.nih.gov/pubmed/32143792


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1013211  July 2, 2025 22 / 22

	36.	 Belloni A, Chernozhukov V, Hansen C, Kozbur D. Inference in high-dimensional panel models with an application to gun control. J Bus Econ Stat. 
2016;34(4):590–605. https://doi.org/10.1080/07350015.2015.1102733

	37.	 Ikeda N, Inoue M, Iso H, Ikeda S, Satoh T, Noda M, et al. Adult mortality attributable to preventable risk factors for non-communicable diseases and 
injuries in Japan: a comparative risk assessment. PLoS Med. 2012;9(1):e1001160. https://doi.org/10.1371/journal.pmed.1001160 PMID: 22291576

	38.	 Kibria A, Muhammed G, Gupta RD, Nayeem J. Prevalence, awareness, and control of hypertension among Bangladeshi adults: an analysis of 
demographic and health survey 2017–18. Clin Hypertens. 2021;27(1):1–11. https://doi.org/10.1186/s40885-021-00174-2

	39.	 Ahsan KZ, Iqbal A, Jamil K, Haider MM, Khan SH, Chakraborty N, et al. Socioeconomic disparities in diabetes prevalence and management 
among the adult population in Bangladesh. PLoS One. 2022;17(12):e0279228. https://doi.org/10.1371/journal.pone.0279228 PMID: 36538534

	40.	 Ministry of Health and Family Welfare. Health, population and nutrition sector development program (HPNSDP). 2011.

	41.	 Chernozhukov V, Chetverikov D, Demirer M, Duflo E, Hansen C, Newey W. Double/debiased machine learning for treatment and structural param-
eters. Econom J. 2018;21(1):C1-68. https://doi.org/10.1111/ectj.12097

	42.	 Jiang C, Talbot D, Carazo S, Schnitzer ME. A double machine learning approach for the evaluation of COVID‐19 vaccine effectiveness under the 
test‐negative design: Analysis of Québec administrative data. Stat Med. 2025;44(5):e70025. https://doi.org/10.1002/sim.70025

	43.	 Ahmad AF, Sayeed MS, Alshammari K, Ahmed I. Impact of Missing Values in Machine Learning: A Comprehensive Analysis. ArXiv Preprint. 2024. 
https://doi.org/ArXiv241008295

	44.	 Joel LO, Doorsamy W, Paul BS. A review of missing data handling techniques for machine learning. Int J Innov Technol Interdiscip Sci. 
2022;5(3):971–1005. https://doi.org/10.15157/IJITIS.2022.5.3.971-1005

	45.	 Farnia F, Tse D. A minimax approach to supervised learning. Adv Neural Inf Process Syst. 2016;29. https://doi.org/10.48550/arXiv.1606.02206

	46.	 Ali PJM, Faraj RH, Koya E, Ali PJM, Faraj RH. Data normalization and standardization: a technical report. Mach Learn Tech Rep. 2014.

	47.	 Liew XY, Hameed N, Clos J. An investigation of XGBoost-based algorithm for breast cancer classification. Mach Learn Appl. 2021;6:100154. 
https://doi.org/10.1016/j.mlwa.2021.100154

	48.	 Davagdorj K, Pham VH, Theera-Umpon N, Ryu KH. XGBoost-Based Framework for Smoking-Induced Noncommunicable Disease Prediction. Int J 
Environ Res Public Health. 2020;17(18):6513. https://doi.org/10.3390/ijerph17186513 PMID: 32906777

	49.	 Fernández A, Garcia S, Herrera F, Chawla NV. SMOTE for learning from imbalanced data: progress and challenges, marking the 15-year anniver-
sary. J Artif Intell Res. 2018;61:863–905. https://doi.org/10.1613/jair.1.11192

	50.	 Mihirette S, Tan Q. SHAP Algorithm for Healthcare Data Classification. Springer; 2022. p. 363–74. https://doi.org/10.1007/978-3-031-15471-3_31

	51.	 Probir Kumar G. A Guide to Health Data Science Using Python [Internet]. 2023 [cited 2023 Oct 13]. Available from: https://rgdoi.net/10.13140/
RG.2.2.25299.25129

	52.	 AlKaabi LA, Ahmed LS, Al Attiyah MF, Abdel-Rahman ME. Predicting hypertension using machine learning: Findings from Qatar Biobank Study. 
PLoS One. 2020;15(10):e0240370. https://doi.org/10.1371/journal.pone.0240370 PMID: 33064740

	53.	 Islam SMS, Talukder A, Awal MA, Siddiqui MMU, Ahamad MM, Ahammed B, et al. Machine Learning Approaches for Predicting Hypertension 
and Its Associated Factors Using Population-Level Data From Three South Asian Countries. Front Cardiovasc Med. 2022;9:839379. https://doi.
org/10.3389/fcvm.2022.839379 PMID: 35433854

	54.	 Wu X, Yuan X, Wang W, Liu K, Qin Y, Sun X, et al. Value of a Machine Learning Approach for Predicting Clinical Outcomes in Young Patients With 
Hypertension. Hypertension. 2020;75(5):1271–8. https://doi.org/10.1161/HYPERTENSIONAHA.119.13404 PMID: 32172622

	55.	 Bonato P. Advances in wearable technology and applications in physical medicine and rehabilitation. J Neuroeng Rehabil. 2005;2(1):2. https://doi.
org/10.1186/1743-0003-2-2 PMID: 15733322

	56.	 Jiang S-Z, Lu W, Zong X-F, Ruan H-Y, Liu Y. Obesity and hypertension. Exp Ther Med. 2016;12(4):2395–9. https://doi.org/10.3892/etm.2016.3667 
PMID: 27703502

	57.	 Pickering T. Cardiovascular pathways: socioeconomic status and stress effects on hypertension and cardiovascular function. Ann N Y Acad Sci. 
1999;896:262–77. https://doi.org/10.1111/j.1749-6632.1999.tb08121.x PMID: 10681903

	58.	 Leng B, Jin Y, Li G, Chen L, Jin N. Socioeconomic status and hypertension: a meta-analysis. J Hypertens. 2015;33(2):221–9. https://doi.
org/10.1097/HJH.0000000000000428 PMID: 25479029

	59.	 Chireh B, Li M, D’Arcy C. Diabetes increases the risk of depression: A systematic review, meta-analysis and estimates of population attributable 
fractions based on prospective studies. Prev Med Rep. 2019;14:100822. https://doi.org/10.1016/j.pmedr.2019.100822 PMID: 30815337

	60.	 Mackenbach JP, Bakker MJ, Sihto M, Diderichsen F. Strategies to reduce socioeconomic inequalities in health. In: Reducing inequalities in health. 
Routledge; 2003. p. 47–72. https://doi.org/10.4324/9780203167281-10

	61.	 Chernozhukov V, Hansen C, Kallus N, Spindler M, Syrgkanis V. Applied causal inference powered by ML and AI. ArXiv Prepr ArXiv240302467. 
2024; https://doi.org/10.48550/arXiv.2403.02467

	62.	 Pokrovska N, Sklyarov E. Adropin and risk factors of arterial hypertension in patients with excess body weight and obesity. J VN Karazin Kharkiv 
Natl Univ Ser Med. 2022;45. https://doi.org/10.26565/2313-6693-2022-45-05

	63.	 Mollan SP, Tahrani AA, Sinclair AJ. The Potentially Modifiable Risk Factor in Idiopathic Intracranial Hypertension: Body Weight. Neurol Clin Pract. 
2021;11(4):e504–7. https://doi.org/10.1212/CPJ.0000000000001063 PMID: 34484948

https://doi.org/10.1080/07350015.2015.1102733
https://doi.org/10.1371/journal.pmed.1001160
http://www.ncbi.nlm.nih.gov/pubmed/22291576
https://doi.org/10.1186/s40885-021-00174-2
https://doi.org/10.1371/journal.pone.0279228
http://www.ncbi.nlm.nih.gov/pubmed/36538534
https://doi.org/10.1111/ectj.12097
https://doi.org/10.1002/sim.70025
https://doi.org/ArXiv241008295
https://doi.org/10.15157/IJITIS.2022.5.3.971-1005
https://doi.org/10.48550/arXiv.1606.02206
https://doi.org/10.1016/j.mlwa.2021.100154
https://doi.org/10.3390/ijerph17186513
http://www.ncbi.nlm.nih.gov/pubmed/32906777
https://doi.org/10.1613/jair.1.11192
https://doi.org/10.1007/978-3-031-15471-3_31
https://rgdoi.net/10.13140/RG.2.2.25299.25129
https://rgdoi.net/10.13140/RG.2.2.25299.25129
https://doi.org/10.1371/journal.pone.0240370
http://www.ncbi.nlm.nih.gov/pubmed/33064740
https://doi.org/10.3389/fcvm.2022.839379
https://doi.org/10.3389/fcvm.2022.839379
http://www.ncbi.nlm.nih.gov/pubmed/35433854
https://doi.org/10.1161/HYPERTENSIONAHA.119.13404
http://www.ncbi.nlm.nih.gov/pubmed/32172622
https://doi.org/10.1186/1743-0003-2-2
https://doi.org/10.1186/1743-0003-2-2
http://www.ncbi.nlm.nih.gov/pubmed/15733322
https://doi.org/10.3892/etm.2016.3667
http://www.ncbi.nlm.nih.gov/pubmed/27703502
https://doi.org/10.1111/j.1749-6632.1999.tb08121.x
http://www.ncbi.nlm.nih.gov/pubmed/10681903
https://doi.org/10.1097/HJH.0000000000000428
https://doi.org/10.1097/HJH.0000000000000428
http://www.ncbi.nlm.nih.gov/pubmed/25479029
https://doi.org/10.1016/j.pmedr.2019.100822
http://www.ncbi.nlm.nih.gov/pubmed/30815337
https://doi.org/10.4324/9780203167281-10
https://doi.org/10.48550/arXiv.2403.02467
https://doi.org/10.26565/2313-6693-2022-45-05
https://doi.org/10.1212/CPJ.0000000000001063
http://www.ncbi.nlm.nih.gov/pubmed/34484948
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/

