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ABSTRACT

Hypertension continues to pose a significant challenge to global health. Early identification of risk factors,
particularly those influenced by gender differences, has the potential to markedly enhance treatment processes
and outcomes. Artificial intelligence (Al), specifically machine learning (ML), offers a promising avenue for
identifying and analysing these critical risk factors. Objective: This study aims to explore the influence of gender
differences on risk factors affecting hypertensive patients by examining demographic, medication, clinical, and
laboratory data.Method: The study utilized medical records of hospitalized hypertensive patients at PKU
Muhammadiyah Hospital Yogyakarta, covering the years 2022 to 2023. Logistic regression analysis with Lasso
penalty was applied to determine the most influential variables. Additionally, the Random Forest algorithm
implemented in WEKA, combined with a 10-fold cross-validation approach, was employed to evaluate the
model’s diagnostic performance using metrics such as precision, sensitivity, specificity, accuracy, and the area
under the receiver operating characteristic curve (ROC-AUC). Results: A total of 1,006 patients were included in
the sample, comprising 504 males and 502 females. Among the 33 clinical variables analysed, 13 demonstrated
non-zero coefficients. For female hypertensive patients, the five most significant risk factors, along with their
coefficients, were Haemoglobin (0.03), Diabetes Mellitus (0.04), Lymphocytes (0.06), Anaemia (0.13), and
Creatinine (0.15). In male hypertensive patients, the top five risk factors and their coefficients were Acute
Kidney Injury (-0.32), Erythrocytes (-0.15), Congestive Heart Failure (-0.03), Leukocytes (-0.02), and Length of
Stay (LOS) (-0.01). The model’s overall performance, as reflected by a ROC-AUC score of 0.805, indicates a
good level of predictive accuracy. Conclusions: The findings reveal a significant association between gender and
hypertension risk factors. These results underscore the potential for gender-specific customization of
hypertension treatments, paving the way for more individualized therapeutic strategies and improved patient
outcomes.
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INTRODUCTION

The global prevalence of hypertension is estimated at 33% among adults aged 30-79 years,
while the prevalence in Indonesia is 40%, with 36% of men and 45% of women affected.
Only 5% of women and 4% of men are able to effectively control their blood pressure (Bin
Zhou, et al, 2023). Globally, the prevalence of uncontrolled hypertension has decreased
slightly, from 29% in 2010 to 26% in 2019. However, this reduction has not met the global
target of 21% by 2025.Uncontrolled hypertension is associated with an increased long-term
risk of serious conditions such as heart attacks, heart failure, strokes, kidney disease, and
dementia .(Ahuja et al, 2018). Research conducted by Kringeland et al., ( 2022) shows that
hypertensive women are at greater risk of coronary heart disease compared to hypertensive
men. Another study by Madsen et al.(2019) indicates that hypertensive women are at a higher
risk of stroke compared to hypertensive men . Studies in the UK and Norway suggest that the
incidence of myocardial infarction is higher among hypertensive men than hypertensive
women (Millett et al 2018). However, research in Korea on young hypertensive patients
shows that myocardial infarction and ischemic stroke are more likely to occur in women than
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in men (Lee et al., 2020). In postmenopausal women, blood pressure is generally higher than
in men, due to the decline in estrogen levels and increased salt sensitivity (Kim et al 2014).
Estrogen has a protective effect on blood pressure (lorga et al., 2017), and salt sensitivity in
women is influenced by genetic factors (Manosroi et al., 2017). A multi-ethnic study by
Osude et al. (2021) showed that women are more frequently treated with diuretics, while men
are more often prescribed ACE inhibitors. Similar findings were reported by Ljungman et
al..(2014).

In recent years, artificial intelligence (Al) has advanced, particularly through machine
learning (ML), which is capable of solving complex problems involving interactions among
numerous variables (Rahul C. Deo, MD, 2017). Machine learning is a branch of computer
science focused on applying algorithms to identify intricate patterns within data (Murphy,
2018). Supervised machine learning is a type of ML that predicts outcomes based on input
variables, which can be in the form of numbers, text, or images (Yu, Beam, & Kohane,
2018). Al methods, including machine learning and deep learning, have shown superior
accuracy over traditional statistical models. These advancements allow for better handling of
nonlinear relationships and complex data structures that classical models often struggle
with(Lotfi & Bouhadi, 2021)This study aims to address the following research questions: To
what extent is machine learning effective in predicting the influence of gender differences on
hypertensive patients receiving hospital treatment, considering medication, comorbidities,
demographic characteristics, and laboratory data? Additionally, what are the key factors
associated with gender differences among hypertensive patients based on these variables?

METHOD

The research phases consist of Data Gathering, Data Cleaning and Feature Selection,
Deployment of Machine Learning Models, and Model Assessment. Evaluation. The study's
data collected from the inpatient medical records for individuals who received a hypertension
diagnosis. Among the 1,006 patients in the sample, 504 (50.1%) were male and 502 (49.9%)
were female. The data was collected between 2022 and 2023 from PKU Muhammadiyah
Hospital in Yogyakarta. Feature selection was performed using logistic regression with Lasso
penalty (L1 regularization) to identify the most significant clinical variables from a total of 33
variables. Lasso (Least Absolute Shrinkage and Selection Operator) is a regression technique
used for feature selection and simultaneous coefficient estimation. The Lasso penalty uses the
L1 norm, which adds a penalty to the absolute sum of the coefficient values. The primary goal
of this penalty is to force some coefficients to become zero, effectively performing feature
selection and generating a simpler, more interpretable model (Hastie, Tibshirani, &
Wainwright, 2015). Lasso was executed using Python 3.9 and scikit-learn version 1.0.2.

WEKA 3.8.6 was used as the platform for running the Random Forest algorithm, and the 10-
fold cross-validation method was employed to evaluate the model. WEKA is a machine
learning (ML) software suite developed at the University of Waikato, New Zealand, using the
Java programming language. This software includes various ML algorithms for data mining
purposes. WEKA also provides several tools for data processing, including pre-processing,
classification, association rules, and visualization (Witten, Frank, & Hall, 2016). Several
studies on hypertension have used the Random Forest algorithm. For example, Fuente et al
(2019) applied Random Forest to identify behavior patterns in electronic health records of
patients with essential hypertension. Ray et al. (2017) conducted a study to evaluate
symptoms of essential hypertension using Random Forest, predicting that left ventricular
hypertrophy, neck stiffness, and sensitivity to sound were the most important symptoms for
detecting hypertension.The 10-fold cross-validation method is commonly used in data mining
research with ML, as it differs from traditional methods, such as percentage split. This method
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helps reduce variation in prediction errors, optimizes the use of training and testing data,
prevents overlap or overfitting during the training and testing process, and better facilitates
data randomization (Bergman, Purucker, & Hutter, 2024). The model was evaluated using the
following metrics: precision, sensitivity, specificity, accuracy, and ROC-AUC (Area Under
the Receiver Operating Characteristic Curve) These metrics are summarized in the confusion
matrix table(Saito & Rehmsmeier, 2015).

Table 1.
Confusion matrix(Zhou & Valle, 2020)

Actual Condition

Actual Positive Actual Negative
Condition (Female Condition (Male
patients) - True patients) - False
Positive (TP) Positive (FP)

Predicted Positive
Predicted Condition (Female patients) (TP /True Positive) (FP /False positive)
condition Predicted Negative
Condition (Male patients) (FN/False Negative) (TN /True negative)
From the confusion matrix table, several parameters are derived for evaluation, including:

accuracy = TPTN specitificy = il recision = b
y= (TP4TN4FP4+FENY pe y= (TN+EP) pre " (TP+FPRecall)
e TP
sensitivity/TPR = .
(TP+FN)

The values of each parameter above range from 0 to 1, with the maximum value being 1.
Subsequently, a ROC curve is created with the Y-axis representing Sensitivity / True Positive
Rate (TPR), And the X-axis represents 1 - Specificity / False Positive Rate (FPR), calculated

using the formula: FPR = ———
(FP+TN)

RESULT

The data collection for hypertensive patients was conducted from January 1, 2022, to
December 31, 2023, involving a total of 701 patients, consisting of 504 males (53.07%) and
502 females (46.93%). The following are the data from the 33 parameters that were examined.

Table 2.
Descriptive Data of Hypertensive Patients
Parameter Male Male Female Female
(%) () (%) ()
Treatment
Amlodipine 48.61 245.0 52.59 264.0
Bisoprolol 2.58 13.0 2.99 15.0
Captopril 2.78 14.0 2.99 15.0
Candesartan 3.37 17.0 3.39 17.0
Clonidine 1.59 8.0 2.99 15.0
Dopamet 0.00 0.0 0.20 1.0
Furosemide 12.50 63.0 13.35 67.0
Nicardipine 4.17 21.0 4.18 21.0
Nifedipine 0.99 5.0 0.40 2.0
Propranolol 0.00 0.0 0.10 1.0
Ramipril 1.59 8.0 1.99 10.0
Spironolactone 2.38 12.0 2.79 14.0

Comorbidities
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Parameter Male Male Female Female
(%) () (%) ()

Age >65 years 41.87 211.0 44.02 221.0
AKI 4.17 21.0 0.80 4.0
Anaemia 5.95 30.0 10.36 52.0
Asthma 0.79 4.0 1.39 7.0
CHF 2.58 13.0 3.19 16.0
Cl 5.95 30.0 7.57 38.0
CKD 4.17 21.0 3.99 20.0
DM 15.08 76.0 16.73 84.0
Pneumonia 3.17 16.0 3.99 20.0
Laboratory Indicators
Erythrocytes 6.75 34.0 7.57 38.0
Glucose 4.37 22.0 5.58 28.0
Haemoglobin 7.14 36.0 8.37 42.0
Creatinine 5.16 26.0 5.98 30.0
Leukocytes 38.69 195.0 38.65 194.0
Lymphocytes 50.00 252.0 57.17 287.0
Neutrophils 41.27 208.0 48.41 243.0
Thrombocytes 8.13 41.0 9.76 49.0
Vital Signs and LOS
LOS 67.46 340.0 65.94 331.0
D (IN) 91.07 459.0 93.03 467.0
D (OUT) 27.58 139.0 28.88 145.0
S (IN) 89.29 450.0 89.84 451.0
S (OUT) 83.73 422.0 86.25 433.0

AKI = Acute Kidney Injury, CHF = Chronic Heart Failure, CKD = Chronic Kidney Disease,
DM = Diabetes Mellitus, LOS = Length of Stay, D = diastolic, S = systolic.

(b) Tuning Parameter Selection using Cross-Validatior
(a) LASSO Coefficient Profiles 049 @i
|
048 |

043 v “

Figure 1 (@) - LASSO Coefficient Profile: This graph illustrates the changes in the
coefficients of each variable as the regularization parameter, lambda, varies. On the left side
(where log(lambda) is smaller), more coefficients are active with higher values. As
log(lambda) increases, many coefficients shrink to zero, indicating that stronger
regularization reduces model complexity by eliminating certain variables.

Figure 2 (b) - Misclassification Error Based on Cross-Validation: This graph presents the
misclassification error for each lambda value during  cross-validation.
The red points and error lines demonstrate how the error changes across different lambda
values. The error tends to remain stable at smaller lambda values but increases when lambda
becomes too large, suggesting that the model becomes overly simplistic and loses accuracy.
The data was analyzed using logistic regression with the Lasso (L1) regularization approach,
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which facilitates feature selection and identifies the most significant variables in predicting
the influence of gender on hypertension patients. This analysis was performed using Python
version 3.9 and scikit-learn version 1.0.2. The results are presented in Table 3 and Figure 1.
The optimal lambda value selected was approximately 0.0036.

Table 3.
Results of LASSO Analysis
Parameter Coefficient
AKI -0.32
Erythrocytes -0.15
CHF -0.03
Leukocytes -0.02
Length of Stay (LOS) -0.01
Clonidine 0.01
Neutrophil 0.01
Amlodipine 0.02
Haemoglobin 0.03
DM 0.04
Lymphocyte 0.06
Anemia 0.13
Creatinine 0.15

Lasso Regression Coefficients

AKI
ERITROSIT
CHF
LEUKOCYTES
LD

Clonidine
NEUTROPHIL
Amlodipin
HEMOGLOBIN
DM
LYMPHOCYTE
Anemia

KREATININ

o Il..-_
o
=

-0.3 -0.2 -0.1
Coefficient

Figure 3: LASSO analysis results, where green bars represent positive coefficients correlated
with females, and red bars indicate negative coefficients correlated with males. Following
feature selection with LASSO, the Random Forest algorithm was employed for classification.
The model was implemented using WEKA version 3.8.6 and evaluated through 10-fold cross-
validation. The results include the confusion matrix (Table 3), followed by calculations of
evaluation metrics such as precision, accuracy, sensitivity, specificity, and ROC-AUC
(Receiver Operating Characteristic Area Under the Curve), as shown in Table 4. Finally, the
sensitivity and false positive rate were plotted to visualize the ROC curve (Figure 4)

o
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Tabel 4.
Confusion matrix
True Positive (TP) False Positive (FP) False Negative (FN) True Negative (TN)
587 201 218 284
Table 5.
Evaluation Results Using the Random Forest Algorithm
Metric Sensitivity Specificity Precision  Accuracy ROC AUC
Value 75.3% 33.9% 74.7% 75.33% 80.5%
ROC Curve
10r
= 08¢
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False Positive Rate (1 - Specificity)

Figure 4. ROC Curve Using the Random Forest Algorithm

DISCUSSION

The ROC-AUC value in this study is 80.5% (or 0.805), which falls under the "good" category
(Nahm, 2022). The ROC curve above (Figure 4) provides a visual representation of the
Random Forest algorithm's performance in distinguishing between two classes (male and
female). Approaching the Top Left Corner: If the ROC curve approaches the top left corner, it
indicates a high True Positive Rate (TPR) and a low False Positive Rate (FPR) (Das, Gupta,
& Ghosh, 2023). This demonstrates that the model can identify more positive cases (female)
with fewer errors. Diagonal Line (Random Guessing): The diagonal line from (0,0) to (1,1)
represents a random model with no discriminative ability. If the ROC curve approaches the
diagonal line, it suggests that the model is barely better than random guessing (Team, 2024).
Several studies in the field of healthcare have demonstrated that the random forest algorithm
performs good, with values exceeding 0.8. For instance, the research by Suleiman, Luka, &
Ibrahim (2023) on predicting cardiovascular disease risk using random forest reported an
AUC value of 0.9. Another study by Windy et al (2024) on predicting stroke patients using
random forest achieved an AUC value of 0.98. Additionally, the research by Khuluq et al
(2024) on predicting COVID-19 patient mortality reported a random forest AUC value of
0.94. The Random Forest is a tree-based learning technique that generates robust predictions,
making it one of the most popular algorithms. Additionally, this algorithm possesses the
advantage of effectively handling complex data.(Manzali et al, 2024)

Lasso coefficient (Table 3)

Creatinine(Coefficient:+0.15)

Abnormal (high) creatinine levels are more frequently observed in female hypertension
patients. Sydorchuk et al. ( 2020) found that the CYP11B2 gene polymorphism in
hypertensive women is associated with increased creatinine and aldosterone levels, which
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contribute to elevated blood pressure and reduced kidney function Rekhviashvili et al . (2015)
further demonstrated that in hypertensive patients, creatinine levels positively correlate with
carotid and coronary artery damage, particularly in hypertensive women.

Anemia(Coefficient:+0.13)

Anemia is strongly associated with hypertension in women. Park et al.(2023) identified a link
between anemia and hyperuricemia in hypertensive patients, especially in women, suggesting
that anemia may contribute to the metabolic risks associated with hypertension.

Lymphocyte(Coefficient: +0.06)
High lymphocyte levels are closely linked to hypertension in women. Tipton et al. (2012)
demonstrated that hypertensive female mice exhibit greater anti-inflammatory T cell
infiltration compared to males, indicating that lymphocytes contribute to hypertension in
females and suggest sex-specific sensitivities.

Diabetes(Coefficient:+0.04)

Hypertension can exacerbate insulin resistance, a significant factor in developing type 2
diabetes. This decreased insulin sensitivity is more common in women than men, leading to
the body's inability to effectively use insulin, ultimately contributing to higher blood sugar
levels in hypertensive women ((Ciarambino et al, 2023)

Hemoglobin(Coefficient:+0.03)

Anemia and low hemoglobin levels are associated with increased blood pressure, particularly
in women. Research indicates that women with low hemoglobin levels have a higher risk of
developing hypertension (Tahe et al, 2024).

AcuteKidneylnjury(AKI)(Coefficient:-0.31)
Hypertensive men are an independent predictor of severe acute kidney injury (Szczech et al.,
2010).

Erythrocytes(Coefficient:-0.15)
While hypertensive men and women both experience changes in erythrocyte function and
deformability, men tend to show more significant alterations ((Dylewska et al, 2019)

CongestiveHeartFailure(CHF)(Coefficient:-0.03)

Studies show that men are more likely to develop eccentric LVH due to hypertension
compared to women, who tend to have concentric LVH. This distinction may be influenced
by genetic factors and hormonal differences(Aronow, 2017) (Dudink et al., 2018)

Leucocyte (coefficient= -0.02)

Elevated leukocyte counts are associated with higher blood pressure and an increased risk of
hypertension, suggesting inflammation as a contributing factor. Men often show a stronger
association due to higher inflammation markers linked with lifestyle factors(Xi et al., 2015).
Men demonstrate higher leukocyte and neutrophil counts than women in cardiovascular and
hypertensive  conditions, which might be linked to genetic and hormonal
influences(Rajkumari et al, 2013)

Length of Stay (LOS) (coefficient=-0.01)

Longer hospital stays for hypertensive patients are often linked to heart failure severity, with
male patients more prone to longer durations due to disease progression and the need for
intensive management(Reynolds et al., 2015).
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CONCLUSION

This study highlights the significant role of gender differences in influencing risk factors for
hypertension, which can be more accurately identified using LASSO and Random Forest
algorithms. The analysis identified 13 clinical variables that differentiate between male and
female hypertension patients. The model demonstrated good predictive accuracy with an
ROC-AUC of 0.805, indicating the effectiveness of machine learning in predicting
hypertension risk factors, thereby supporting more personalized and targeted treatment for
hypertension patients.Recommendations for Future Research: Utilize larger datasets,
incorporating patients from multiple hospitals (multi-centre studies), to improve model
generalization
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