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A. INTRODUCTION

Hypertension represents a major public health issue and is recognized as one of the leading contributors to premature mortality
worldwide. A diagnosis is established when blood pressure measurements taken on two separate occasions show systolic values of
>140 mmHg and/or diastolic values of >90 mmHg. Effective management and proper control of hypertension can improve overall
quality of life and significantly lower the likelihood of complications such as coronary artery disease, heart failure, stroke, and chronic
kidney diseas (Nawi et al., 2021). Hypertension is acknowledged as one of the most critical risk factors contributing to both morbidity
and mortality at the global level, accounting for an estimated nine million deaths annually. The emergence and rapid development of
modern technologies have begun to reshape approaches in the diagnosis, monitoring, and management of this condition. In particular,
the use of smartphones, wearable health devices, and telemonitoring systems is showing significant potential to improve how blood
pressure is measured, tracked over time, and managed in daily clinical practice (Kitt et al., 2019).
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In Indonesia, the prevalence of hypertension continues to increase. According to the Basic Health Research (Widyawati, 2018),
the prevalence of hypertension in Indonesia reached 34.1%. Regions outside Java Island, including Central Sulawesi, often face
challenges in the equitable distribution of healthcare services. This study highlights the importance of regional analysis to identify
areas with urgent healthcare needs, such as Donggala, which has a high prevalence of hypertension but limited healthcare services.
According to data from the Central Sulawesi Provincial Health Office Profile, there are 384,072 people with hypertension in this
province, or about 2.33% of the population. The highest percentage of hypertension patients based on the largest disease estimate
occurred in 2020 in the Donggala District, with a value of 7.11%. From this data, it is known that 65,398 people are suffering from
hypertension, but only 4,650 people receive hypertension care services (Dinas Kesehatan Provinsi Sulawesi Tengah, 2021).

According to data from the Health Profile of the Sabang Community Health Center in Dampelas District, Donggala Regency,
the number of people aged >15 years with hypertension at the Ita Seseibi Sabang Community Health Center was 6,953 (6.9%),
which was the highest number compared to other non-communicable diseases. The highest hypertension prevalence rate in 2021 was
recorded in Karya Mukti Village, with a prevalence rate of 15.5%. Based on this data, it is estimated that there are 1,057 hypertensive
patients aged 15 years and older in Karya Mukti Village, but only 57 of them received hypertension-related services. Conversely,
Kambayang Village has the lowest hypertension rate, with an estimated 232 hypertensive patients, of whom 16 received services. The
high number of hypertension patients is closely related to the lifestyle of the community, which tends to involve minimal physical
activity, excessive consumption of high-sodium foods, excessive caffeine intake, smoking, being overweight or obese, dyslipidemia,
and experiencing stress.

The purpose of this method is to identify the severity of a patient’s hypertension, utilizing information obtained through various
classification models. The method that can be used with mixed numerical and categorical data is the Ensemble method. Numerical
data is grouped using the Hierarchical Agglomerative Nesting (AGNES) algorithm, while categorical data is grouped using Quick
Robust Clustering Using Links (QROCK). After that, the results of these two groupings are combined (Ensemble) and processed with
a clustering algorithm for categorical data (Ensemble QROCK) to obtain the final result. This algorithm is known as algCEBMDC
(Shofari, 2024). The algCEBMDC method is a clustering analysis using the Cluster Ensemble approach, which divides the initial
mixed-type data into two distinct sub-datasets: pure numerical data and pure categorical data. Each sub-dataset is then analyzed and
clustered, and the clustering results are combined to produce the final cluster. One of the Ensemble methods that is often used is
Robust Clustering Using Links (ROCK).

In a study by Sari & Saputro (2021), the QROCK algorithm was evaluated in terms of accuracy and efficiency. The findings
indicate that it is superior in terms of efficiency and accuracy due to its ability to detect and handle outliers in categorical data well,
as shown in a study by Hermanto et al. (2024) analyzed the grouping of 100 hypertensive patient data at the Bungah Community
Health Center, using a Web-Based K-Means Clustering Algorithm. The results of the study show that the 100-hypertension data were
grouped into 4 clusters: cluster 1, Isolated Systolic Hypertension; cluster 2, Grade 1 (mild hypertension); cluster 3, Grade 2 (moderate
hypertension); and cluster 4, Grade 3 (severe hypertension). The hypertension data used consisted of two attributes, namely systolic
and diastolic.

The gap between this study and previous ones is that most prior studies used only a single clustering method and were limited to
systolic and diastolic blood pressure variables, resulting in simple clustering results. The difference between this study and previous
ones is that it uses the QROCK ensemble approach combined with Agglomerative Nesting and includes additional variables such as
age, body mass index, cholesterol, genetic history, smoking habits, salt consumption, fat consumption, and physical activity. Thus,
the clustering results obtained are more comprehensive in describing the characteristics of hypertensive patients. The purpose of
this study is to classify hypertensive patients based on relevant numerical and categorical variables, thereby providing more in-depth
information for targeted hypertension prevention and treatment efforts.

The contribution of this research is to support hypertension control efforts, which require an appropriate data analysis approach.
The use of clustering methods is one promising solution for identifying the severity of hypertension. Clustering methods based
on mixed data, such as algCEBMDC, which combines the AGNES algorithm for numerical data and QROCK for categorical data,
are considered capable of providing more accurate and efficient results. As such, this method has the potential to assist healthcare
professionals in designing more targeted interventions based on patient characteristics.

B. RESEARCH METHOD

The data used in this study are secondary data sourced from the medical record data of a Health Center. This study used 100
data on hypertensive patients at a Health Center in the period 2024. The 10 independent variables used in this study are age (X)
the incidence of hypertension increases with age (Zubiyo et al., 2025), body mass index (X2) a measurement based on a person’s
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height and weight (Khanna et al., 2022), systolic (X3) & diastolic (X4) is a condition in which blood pressure is >140 mmHg
(systolic pressure) and or >90 mmHg (diastolic pressure) (Nurlaela et al., 2025), cholesterol (X5) levels below or equal to 199
mg/dL are considered normal or good, 200 to 239 mg/dL is moderate, while values above 240 mg/dL are considered high and
can be dangerous (Niran, 2024), genetic (X4) a family history of hypertension in parents plays an important role in predicting the
hypertensive phenotype in their offspring (Zhao et al., 2021), smoking (X+) is one of the biggest risk factors that can cause disease
and death, one of which is hypertension (Jareebi, 2024), more salt (X§g) can cause an increase in blood pressure, which contributes to
cardiovascular morbidity and mortality (Bailey & Dhaun, 2024), more fat (Xy) can cause excessive and abnormal cholesterol levels
in the blood (Jiang et al., 2016), physical activity (X1¢) consists of any movement that involves skeletal muscles and requires energy
expenditure (Singh et al., 2020). The data was then processed with the ensemble quick robust clustering method, employing links r,
through the following steps, as shown in the flowchart in Figure 1.

Data analysis in this study was conducted using RStudio software. The following are the stages of analysis carried out in this study:

1. Input data used as research variables.
2. Cluster Analysis
a. Measuring the distance of numeric type data using Euclidean distance.

Min-max normalization is a normalization method that uses a linear strategy to transform data from one range of values to a
new range of values. This process results in a balance in the comparison value between the data before and after normalization
(Prasad & T, 2024). The formula for min-max normalization is defined as shown in Equation (1):

normalized (Z) = maz(;)"i‘téﬁ(x) N

Where Z represents the normalization result, x is the value (original), min (z) is the minimum value for variable x, and
max () is the maximum value for variable 2. This method transforms the original data into a range between 0 and 1 by
scaling based on the minimum and maximum values of the variable.

Euclidean distance, which calculates the distance between observations (Faizah et al., 2020) as shown in Equation (2):

2

Where d(i, j) represents the distance between the i object and the j object, X is the ¢ object vector, and X is the j object
vector. The commonly used measurement of numerical variable distance dissimilarity is Euclidean distance.

b. Perform distance measurement of categorical type data using a weighted similarity measure.
The weighted similarity measure between two objects is shown in Equation (3) (Shofari, 2024):
| X5 N X

sim (X; X;) = 3
(X:X;) |Xi N X514+ 2) kgx.nx, ﬁ ¥

Where | X; N X;| represents the number of categories in common between X; and X;, and |Dy| is the difference in category
level between X; and X ;. Which sim (X;X;) denotes the similarity between the object pairs X; and X ;.

3. Numeric Type Data Grouping

a. Perform clustering using the agglomerative hierarchy method (single linkage, complete linkage, and average linkage) (Abushi-
lah & Abbas, 2023):

1) Single linkage is based on the smallest or closest distance. The distance is measured as shown in Equation (4):

d(ijyx = min(dix, ) “)

Where d;;, represents the closest distance from cluster 7 and &, and d;y, is the distance from cluster j and k.

2) Complete linkage is based on the largest distance or the farthest distance. The distance measured as shown in Equation (5):
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d(ijyke = max(dix, dj) (%)

Where d;, represents the farthest distance from the cluster 7 and k, and d;;, The distance is the farthest from the cluster j
and k.

3) Average linkage is based on averaging all distances between objects. The distance measured as shown in Equation (6):

Z?:l 22:1 dik

T (ig) Mok

diijyk = (6)

Where d;;, represents the distance of object 7 in cluster (uv) with object j in cluster &, n;; is the number of objects in
cluster (ij) nj, number of objects in cluster k, and ny, is the number of objects in cluster k.

b. Determining the better model by validating the cluster based on the cophenetic correlation coefficient obtained.

The average value of each cluster on each variable can provide insight into the characteristics of the cluster (Kumar & Tosh-
niwal, 2016). In addition, the kophenetic correlation is used to evaluate how well or poorly a clustering object is placed in a
cluster, which helps in determining the optimal cluster result. Based on the kophenetic correlation coefficient, the following
equation is shown in Equation (7):

S > icj(diy — d)(deij — de)
\/[Z Zicj(dij — d)?] [2ci(deij — de)?]

@)

Where rcopn represents the cophenetic correlation coefficient, d;; is the original distance (Euclidean distance) between objects
i and j, d is the average d;;, dc;; is the cophenetic distance of objects ¢ and j, and dc is the average dc;;. The value of this
coefficient ranges from O to 1, with values closer to 1 indicating a better fit.

4. Categorical Type Data Grouping
a. Perform clustering using the QROCK method with a threshold value (#) between 0 and 1.
b. Calculating the ratio of S7,, and S/ to determine the optimum number of clusters based on categorical data.

The performance of clustering results for categorical scale variables is known from ANOVA (analysis of variance) using
equivalent contingency tables. If there are n observations, with ny is the number of observations in the kth category where
k=1,2,3,...,Kandn = Zszl ng. Furthermore ny is the number of observations with the kth category and the cth cluster,
where ¢ = 1,2,3,...,C with C is the number of clusters formed, so that n, = Zszl ngc 1S the number of observations in
the c-th cluster and nj; = Zle N 1s the number of observations in the k-th category. So the total number of observations
canbe writtenas n = >°5_ n. = Son_ g = S0 S | nge. So the equations are (Alvionita, 2017):

The Total Squared Sum (SST) of categorical data variables is formulated in the following Equation (8):

K
n 1 9
k=1
The Total Sum of Squares Within Cluster (SSW) is formulated in the following Equation (9):
K K

“ (n 1 no 11
o foe 2 _ o 2
SSWE( > 1%) 55 ncankc ©)

c=1 =1

The total sum of squares between clusters (SSB) is formulated in the following Equation (10):

1 (&1 & 1 &
_ 2 2
SSB = (Znanc> —%an (10)
c=1"°k=1 k=1
Whitin’s Mean of Squares (MSW) is formulated in the following Equation (11):
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SST
MST = 11
Mean of Squares Within (MSW) is formulated in the following Equation (12):
SSW
MSW = ——— 12
Cre) (12)
Mean of Squares Between (MSB) is formulated in the following Equation (13):
SSB
MSB = 13

The standard deviation within clusters (Sy) and standard deviation between clusters (Sp) of categorical data are formulated
in the following Equations (14)-(15):

Sty = [MSW]? (14)

Sip = [MSB]? (15)

The clustering performance of categorical data is based on the ratio between the standard deviation within clusters (Sy/) and
the standard deviation between clusters (Sp). If the ratio is smaller, the clustering performance of categorical data improves,
resulting in maximum homogeneity within clusters and maximum heterogeneity between clusters.

5. Final Cluster Grouping QROCK Ensemble Method

The clustering analysis on mixed numerical and categorical scale data was initially divided into two subdata sets: pure numerical
data and pure categorical data. Next, data clustering was performed separately for each type of data. The results of each clustering
are then combined using the QROCK Ensemble cluster method to obtain the final clusters. The steps in analyzing mixed data
using the Ensemble cluster method, called the CEBMDC algorithm, have the following stages (Ratnasari & Dani, 2023):

1) Divide the mixed data into two data parts: purely numeric data and purely categorical data.

2) Perform clustering with numeric data clustering algorithms for numeric variables, and perform clustering with categorical
data clustering algorithms for categorical variables.

3) Combining the clustering results (outputs) of numerical variables and categorical variables. This combining is called the
Ensemble process.

4) Perform Ensemble clustering using categorical data clustering algorithms to obtain final clusters.

| Variabel Nomerik ‘

TarakEuclidean
Agglomeratf Nesting
(Singls, Complste &
Average Linghage)
¥

Quick Robust Clustering
Using Links (QROCK)

aptimum danmetodeterbaik kelompok optimum (radio
(Cophensiic Correlation 3, dan 'y minemen)
Coefficient)

Ensemble QROCK

Menentukan jumlahkelompak
optimum (asio 5"y, dan S’
minimum)

InterpretasidanKesimpulan

Figure 1. Conceptual Framework of the Research
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C. RESULT AND DISCUSSION
1. Cluster Analysis
The results of cluster analysis are influenced by the variables observed, the size scale used, and the clustering method used.
Clustering is done based on similarity or dissimilarity between objects of observation; the size of similarity and dissimilarity is
generally measured based on distance.

a. Numerical Distance Measurement
Before performing numerical distance measurements, normalization is first performed to ensure that each feature has an
equal contribution in the analysis or modeling. Normalization is very important, especially for those who use distance. The
results of data normalization can be seen in Table 1 below.

Table 1. Normalization Result Data

Patient X1 Xao X3 X4 X5

P1 0.865 -0.175 2.423 0.788  1.308
P2 1.457 0.461  7.743 3.482 5549
P3 -1.069  -1.391 0.128 -0.849  0.372
P4 0218 -0.383  1.397 0.564 1.821

P99 0.089 -0.409 1474 0564 2.667
P100 -0.121  -0.296  0.495 0.101  0.187

In the Agnes clustering process, the first step is to randomly initiate the cluster center, followed by calculating the
distance from each data point to the predetermined cluster center. This calculation can be done using the Euclidean distance
matrix. Table 2 presents the Euclidean distance matrix.

Table 2. Euclidean Distance Matrix

Patient P1 P2 P3 e P99 P100
P1 0 7.369 3.748 - 1.858  2.537
P2 7.369 0 10648 --- 7.665 9.787
P3 3.748  10.648 o ... 3374 1781
P99 1.858 7.665 3374 - 0 2717

P100 2.537 9.787 781 .- 2717 0

Based on Table 2, the distance from each data point to the cluster center, which was randomly determined at the
beginning, can be calculated. These results can be used to determine cluster members, where each data point with the
smallest distance to a particular cluster center will be grouped into that cluster.

b. Categorical Distance Measurement

Initiate the use of a threshold value as a limit for determining neighbors, with values such as 0.1, 0.2, 0.3, 0.4, 0.5,
0.6, 0.7, 0.8, and 0.9. If the distance between observations exceeds the threshold value, it indicates that the observations
are considered neighbors, leading to the merging of object components x and y if one object is a neighbor of the other. The
Weighted Similarity Measure Distance results are presented in Table 3.

Table 3. Euclidean Distance Matrix

Patient P1 P2 P3 .- P100
P1 1 06 06 --- 1
P2 0.6 1 | 0.6
P3 0.6 1 0.6
P99 1 06 06 --- 1

P100 1 06 06 --- 1

Vol. 8, No. 3, October 2025, pp 307-318
DOI: https://doi.org/10.30812/varian.v8i3.5151


https://doi.org/10.30812/varian.v8i3.5151

313 | Neli Niftayana JURNAL VARIAN | e-ISSN: 2581-2017

Based on Table 3, the distance from each data point to the cluster center is determined by the distance between observa-
tions exceeding the threshold value, indicating that these observations are considered neighbors.

2. Numerical Data Grouping

The ideal number of groups for the three linkage methods —single linkage, complete linkage, and average linkage —is de-
termined by the maximum Cophenetic Correlation Coefficient Value for each method. The results of the Cophenetic Correlation
Coefficient are presented in Table 4.

Table 4. Cophenetic Correlation Coefficient 7copp,

Methods  Cophenetic Correlation Coefficient

Single 0.9155304
Complete 0.9208933
Average 0.9271516

Based on Table 4 above, it is known that the highest cophenetic correlation coefficient is in the Average linkage cluster-
ing method. The cophenetic correlation coefficient measures how well the dendrogram (the result of hierarchical clustering)
represents the original numerical data of the distances between hypertension patients at a health center.

3. Categorical Data Grouping

Categorical data is clustered using the QROCK method using a threshold value as a limit for determining neighbors, with
values of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. is selected from the ten predetermined threshold values. The results of the
SW and SB ratios are presented in Table 5.

Table 5. Results of Sy and Sp Ratio QROCK Grouping

Threshold Number of Clusters Sw S Ratio
0.1 1 15.846 -
0.2 1 15.846 -
0.3 1 15.846 -
0.4 1 15.846 -
0.5 1 15.846 -
0.6 1 15.846 - -
0.7 3 15986 59.552  0.2684
0.8 3 15986  59.552  0.2684
0.9 7 16313  42.523  0.3836

Based on Table 5, the ratio value between SW and the smallest SB is at a threshold of 0.7 and 0.8, namely 0,2684. Clustering
hypertensive patients at a health center, using categorical variables, resulted in a total of 3 clusters. This relatively small ratio
indicates that the variation between clusters is greater than the variation within clusters, leading to the conclusion that the
clustering results show a better and clearer structure.

4. Mixed Data Grouping
The results of grouping numerical and categorical data that have been obtained are then grouped by viewing the results as
new categorical data (Table 6):

Table 6. Mixed Data of Numeric and Categorical Grouping Results

Patient  Cluster Categoric  Cluster Numeric
P1 1 1
P2
P3
P4
P5
P6
P7
P8

BN = = NN NN

2
1
1
1
1
3
1
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Patient  Cluster Categoric ~ Cluster Numeric
P9 2 1

P94
P95
P96
P97
P98
P99
P100

—_ = N NN e

The combined result data is clustered using the QROCK method. Initiate thresholds as neighbor boundary thresholds, with
values of 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, and 0.9. The smallest value of the ratio of Sy, and Sp is selected from the ten

predefined threshold values.

Table 7. Results of Sy and Sp Ratio of QROCK Ensemble Grouping

Number X
Treshold of Clusters Sw Sy Ratio
0.1 1 0.8910 - -
0.2 1 0.8910 - -
0.3 1 0.8910 - -
0.4 1 0.8910 - -
0.5 1 0.8910 - -
0.6 1 0.8910 - -
0.7 9 10.430 24.339  0.4285
0.8 9 10430 24.339  0.4285
0.9 9 10430 24339 04285

Based on Table 7, it can be seen that at threshold values of 0.1 to 0.6, the QROCK ensemble method forms one cluster.
This shows that at low similarity levels, the algorithm has not been able to distinguish the data structure significantly, so all

objects are considered to be in the same group. In this condition, the value of variance within clusters (Sy ), variance between

clusters (Sg), and the ratio of the two cannot be calculated because there is no differentiator between clusters. Changes began

to appear at thresholds of 0.7 and 0.9, where the number of clusters increased to nine. The same SW and SB values at the three

thresholds, 1.0430 and 2.4339, respectively, resulted in a ratio of 0.4285. This relatively small ratio indicates that the variation

between clusters is greater than the variation within clusters, suggesting that the clustering results are beginning to show a clearer

and more structured pattern. These results are consistent with the findings of Sari & Saputro (2021) study, which showed that

QROCK is effective in handling categorical data with a high level of accuracy.

5. Patient Characteristics of QROCK Ensemble Grouping Results
The Quick Robust Clustering Using Links ensemble clustering results that have been obtained contain the division of

hypertension patients based on the QROCK ensemble clustering results:

Table 8. Patient Distribution Based on Clustering Results

Cluster

Patient

Cluster 1

Cluster 2
Cluster 3

Cluster 4
Cluster 5
Cluster 6

P1, P6, P24, P25, P26, P28, P34, P35, P36, P38, P39, P40, P41, P43,
P65, P66, P69, P70, P71, P73, P74, P79, P80, P81, P89, P90, P91, P93,
P98, P99 dan P100.

P2.

P3, P4, PS5, P8, P9, P10, P11, P13, P14, P15, P16, P18, P19, P20, P21,
P23, P46, P48, P49, P50, P51, P53, P54, P55, P60, P61, P63, P64, P68,
P83, P84, P85, P86, P88, P94, P95 DAN P96.

P7, P27, P37, P42, P62, P67, P72 dan P92.

P12, P17, P22, P47, P52, P87 dan P97.

P29, P30, P31, P33, P44, P45, P56, P58, P59, P75, P76 dan P78.
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Cluster Patient
Cluster 7 P32 dan P57.

Cluster 8  P77.

Cluster 9 P82.

Based on Table 8, the findings of this study indicate that the QROCK ensemble method is capable of generating nine clusters
of hypertensive patients with different characteristics. Cluster 1 showed a relatively stable physiological condition, with blood
pressure and cholesterol within reasonable limits and body mass index close to the healthy category. The lifestyle of this group
is relatively good, with no family history of hypertension, no smoking, and physically active; this group is classified as low risk.
Cluster 2 had very high blood pressure and mild obesity. Cholesterol was also high. The lifestyle of this group has no history of
hypertension or smoking, and poor diet and low physical activity dominate this group. With a heavy physiological burden and
an unhealthy lifestyle, this group is categorized as high risk. Cluster 3 shows moderately high blood pressure and cholesterol,
despite a moderate body mass index. The lifestyle of this group tends to be unhealthy, characterized by excessive consumption
of salt and fat and a lack of physical activity. However, without a history of hypertension, this group is in the high-risk category.

Furthermore, Cluster 4 shows high blood pressure and cholesterol conditions, with a body mass index in the moderate
category. Family history of hypertension is not very prominent, but unhealthy diet and low activity are the main characteristics;
this group has the potential to experience complications of hypertension. Cluster 5 has a combination of high blood pressure,
cholesterol, and body mass index. An unhealthy lifestyle is dominant, particularly in the consumption of foods high in salt and
fat and a lack of physical activity; this group is at high risk. Cluster 6 shows high blood pressure and cholesterol with a tendency
to be overweight. A less health-supportive lifestyle is evident in the unbalanced diet and low physical activity, although there are
no genetic risk factors, this group is at high risk. Cluster 7 had relatively lower blood pressure than the other groups and a healthy
body mass index. However, there were strong genetic risk factors and high consumption habits of salt and fat. The physical
condition seemed better, and this group was categorized as moderate risk. Cluster 8 had a high mean score, with very high blood
pressure and cholesterol, and a tendency to be overweight. All aspects of lifestyle were classified as very poor, from family
history of hypertension, smoking, excessive consumption of salt and fat, to lack of physical activity. This group was categorized
as high. Cluster 9 shows high blood pressure and low body mass index. There is no family history of hypertension or smoking,
but diet remains a major risk factor; this group is classified as moderate risk. These findings are consistent with or supported by
the research of Hermanto et al. (2024), who also found that the clustering method was able to distinguish hypertension levels into
several categories.

D. CONCLUSION AND SUGGESTION

In 2024, clustering hypertension patients at a center based on numeric (age, body mass index, systolic and diastolic blood
pressure, cholesterol) and categorical (hereditary history, smoking, salt and fat consumption, physical activity) variables using the
Quick Robust Clustering Using Links ensemble resulted in 9 clusters. Cluster 1 has 31 patients, cluster 2 has 1 patient, cluster 3 has
37 patients, cluster 4 has 8 patients, cluster 5 has 7 patients, cluster 6 has 12 patients, cluster 7 has 2 patients, cluster 8 has 1 patient
and cluster 9 has 1 patient.

In determining the characteristics of each cluster based on their profiling values, it can be seen that cluster 1 indicates patients
generally have a low risk of hypertension. Cluster 2 indicates that patients in this cluster generally have a high risk of hypertension.
Cluster 3 indicates a hypertension group with a high risk category. Cluster 4 indicates the potential to experience complications of
hypertension. Cluster 5 and Cluster 6 have a high-risk hypertension group. Cluster 7 has a moderate risk of hypertension. Cluster 8
has a hypertension group with a high-risk category. Cluster 9 shows hypertension that is classified as moderate.
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