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Objective: The prevention of hypertension in primary care requires an effective
and suitable hypertension risk assessment model. The aim of this study
was to develop and compare the performances of three machine learning
algorithms in predicting the risk of hypertension for residents in primary care
in Shanghai, China.

Methods: A dataset of 40,261 subjects over the age of 35 years was extracted
from Electronic Healthcare Records of 47 community health centers from
2017 to 2019 in the Pudong district of Shanghai. Embedded methods were
applied for feature selection. Machine learning algorithms, XGBoost, random
forest, and logistic regression analyses were adopted in the process of model
construction. The performance of models was evaluated by calculating the
area under the receiver operating characteristic curve, sensitivity, specificity,
positive predictive value, negative predictive value, accuracy and F1l-score.

Results: The XGBoost model outperformed the other two models and
achieved an AUC of 0.765 in the testing set. Twenty features were selected
to construct the model, including age, diabetes status, urinary protein level,
BMI, elderly health self-assessment, creatinine level, systolic blood pressure
measured on the upper right arm, waist circumference, smoking status, low-
density lipoprotein cholesterol level, high-density lipoprotein cholesterol level,
frequency of drinking, glucose level, urea nitrogen level, total cholesterol level,
diastolic blood pressure measured on the upper right arm, exercise frequency,
time spent engaged in exercise, high salt consumption, and triglyceride level.
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Conclusions: XGBoost outperformed random forest and logistic regression in
predicting the risk of hypertension in primary care. The integration of this risk
assessment model into primary care facilities may improve the prevention and
management of hypertension in residents.

hypertension, risk assessment model, risk of hypertension, machine learning
algorithms, primary care

Introduction

Hypertension is becoming increasingly common in primary
care. It is accompanied by the occurrence and development of
a series of cardiovascular events, disability and even premature
death if not detected early and managed well (1). An estimated
245 million adults are diagnosed with hypertension in China
(2). An early warning after accurately evaluating the risk of
hypertension in primary care patients can alert individuals in
the healthy population or subhealthy population with unhealthy
lifestyles to take measures to slow or stop the progression
of hypertension. Similar practices have been implemented in
foreign countries. For instance, management of risk factors for
various chronic diseases has been implemented in primary care
in Australia (3). Risk assessment models are a cost-effective
measure for identifying high-risk individuals with chronic
diseases (4, 5). Nevertheless, few existing models can be applied
to the health management services provided in primary care.
The most intractable problem is that most of these models are
targeted at patients in a hospital setting (6); thus, the data input
into the models are all extracted from the EHRs of hospitals,
which may not be readily available in primary care settings and
suitable for general practitioners to implement.

Machine learning (ML) is a nuclear branch of artificial
intelligence that has been employed everywhere knowingly or
unknowingly, not only in industry and the military but also
in medicine and healthcare (7). As a modern data mining,
extraction, and analysis technology, ML has the extraordinary
ability to automatically train itself and improve its performance
without human instruction or elaborate programming (8, 9).
With the ability to identify a pattern or make a decision based
on the knowledge input, ML algorithms have demonstrated
their excellent performance in the area of risk evaluation
of diseases. Higher accuracy separates ML algorithms from
various other statistical methods. Highly precise risk prediction
models for future hypertension were constructed using artificial
intelligence techniques in Japan (10). Health check-up data
from 18,258 Japanese individuals were utilized to develop a
risk prediction model for new-onset hypertension by machine
learning techniques. The XGBoost and ensemble models
outperformed the logistic regression models [area under the
receiver operating characteristic curve (AUC) = 0.859], with
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AUCs of 0.877 and 0.881, respectively. A study based on several
easy-to-collect risk factors to predict the risk of hypertension
also revealed that the random forest (AUC = 0.92), CatBoost
(AUC = 0.87), and MLP neural network (AUC = 0.78) models
performed better than the logistic regression analysis (AUC =
0.77) (11). Although ML is applicable in an extensive range of
contexts, the ML algorithm technique alone is insufficient to
solve real-world problems (12). Thus, health and medical data
in a primary care setting were utilized to facilitate the practical
implementation of the risk assessment model for residents in
primary care.

The objective of this study is to develop and compare the
performances of three ML algorithms on predicting the risk of
hypertension for residents over the age of 35 years in primary
care in Shanghai, China.

Materials and methods

Data source

The dataset was extracted from the electronic healthcare
records of 47 community health centers in the Pudong district
of Shanghai. Health records, health examinations and other
health-related data of community residents over 35 years old
from 2017 to 2019 were collected as the original set of data.
A total of 40,261 subjects were enrolled in the study. The
dataset included 20 variables containing information regarding
demographic characteristics, diagnosis, biochemical indicators
and lifestyles. The characteristics of the participants in primary
care are shown in Table 1.

Definition of hypertension

Hypertension was defined as (1) systolic blood pressure
(SBP) >140 mmHg and/or diastolic blood pressure (DBP)
> 90 mmHg, which was measured three times on different
days in the clinic without the use of antihypertensive drugs,
according to Chinese guidelines for the prevention and
treatment of hypertension (2018 revised edition) (13) and/or
(2) a diagnosis of hypertension by a physician and/or (3)
antihypertension treatment.
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TABLE 1 Characteristics of the participants in primary care settings.

10.3389/fpubh.2022.984621

Feature Hypertension (n = 25,038) Normal (n = 15,223) x? p
Age* 72.00 (68.00-78.00) 70.00 (66.00-75.00) 683.51° <0.01
Diabetes status 2077.18" <0.01
No 16,512 (65.95) 13,177 (86.56)
Yes 8,526 (34.05) 2,046 (13.44)
Urinary protein level 32.33> <0.01
Negative 8,261 (32.99) 8,392 (55.13)
Positive 581(2.32) 405 (2.66)
BMI* 24.98 (23.01-27.30) 24.16 (22.10-26.30) 458.44° <0.01
EHSA 563.15" <0.01
1 6,973 (27.85) 5,973 (39.24)
2 12,604 (50.34) 6,387 (41.96)
3 358 (1.43) 219 (1.44)
4 277 (1.11) 149 (0.98)
5 163 (0.65) 46 (0.30)
Cr level* 69.00 (58.00-84.00) 66.00 (56.00-77.70) 229.09° <0.01
SBP* 140.00 (130.00-153.00) 139.00 (126.00-148.00) 326.93* <0.01
wC* 87.00 (81.00-93.00) 85.00 (79.00-91.00) 157.52° <0.01
Smoking status 200.85° <0.01
1 19,171 (76.57) 10,238 (67.25)
2 1,159 (4.63) 857 (5.63)
3 2,028 (8.10) 1,700 (11.17)
LDL-C level* 2.89 (2.20-3.41) 2.99 (2.46-3.63) 402.35° <0.01
HDL-C level* 1.35 (1.11-1.54) 1.40 (1.20-1.66) 586.65° <0.01
Frequency of drinking 97.64° <0.01
1 18,096 (72.27) 9,837 (64.62)
2 2,753 (11.00) 1,771 (11.63)
3 199 (0.79) 151 (0.99)
4 918 (3.67) 764 (5.02)
Glucose level* 5.60 (5.13-6.90) 5.50 (5.00-6.33) 247.31* <0.01
Urea nitrogen level* 5.63 (4.80-6.83) 5.63 (4.80-6.37) 306.45% <0.01
TC level* 4.82 (4.01-5.52) 4.99 (4.35-5.72) 267.34° <0.01
DPB* 78.00 (72.00-84.00) 78.00 (70.00-82.00) 235.77° <0.01
Exercise frequency 17.48° <0.01
1 14,751 (58.91) 8,460 (55.57)
2 815 (3.26) 391 (2.57)
3 1,495 (5.97) 926 (6.08)
4 5,471 (21.85) 3,331 (21.88)
High salt consumption 17.24° <0.01
No 24,938 (99.60) 15,199 (99.80)
Yes 100 (0.40) 24 (0.20)
TG level* 1.39 (1.12-1.84) 1.39 (1.00-1.80) 13.22% <0.01
Time spent engaged in exercise* 30.00 (30.00-30.00) 30.00 (30.00-30.00) 0.41* 0.52

“Refers to nonnormally distributed measurement data, reported as the median (25th percentile, 75th percentile). “refers to results of the rank sum test. ’refers to the results of the

chi-square test.

Inclusion and exclusion criteria

The sample data that fulfilled the following inclusion criteria
were obtained for further analysis in this study: community
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residents over 35 years of age. The chapter “Health Management
Service Specifications for Hypertension Patients” in “National
Basic Public Health Service Specifications (the Third Edition)”
specified that one of the services is to “Provide free blood
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pressure measurement once a year for permanent residents aged
35 years old and over in area of responsibility” (14). Therefore,
we chose community residents aged 35 years and older as
our subjects. The exclusion criteria were: (1) individuals who
were unable to provide informed consent, (2) those have any
diagnosis of secondary or gestational hypertension, and (3) those
who could not cooperate with the investigation because of a
long-term outing or a lack of electronic healthcare records.

Data processing

Outliers were handled by interquartile range (IQR). The IQR
is evaluated as IQR = Q3-QI. Q3 is the upper quartile, and Q1
is the lower quartile. Outliers were defined as records that fell
below Q1-(1.5*IQR) or above Q3+ (1.5*IQR).

Missing values, such as data with null rows and columns,
which did not have a single value or number available, were
deleted. Different methods, such as the mean values, median
values, mode values, feature combinations and null values, were
adopted for dealing with the individual missing values according
to the characteristics of different variables. In total, 5.62% of
missing values were found in the whole dataset.

Discretization was performed by splitting the range of the
continuous variables into intervals to save time needed to
build the risk assessment model and improve the assessment
results (15).

Feature selection

Feature selection, which is one of the essential parts of
building a good prediction model, was employed in this study
to improve the prediction accuracy by choosing the most
important variables. Moreover, it facilitates a reduction in the
resources (time and space) needed to construct the model
(16). The embedded method was applied in this study for
feature selection. It integrates the feature selection process with
the model training process. This method considers variable
interactions and is less computationally demanding than the
wrapper method (17).

Twenty features were selected to construct the model, from
the 127 variables (see the Supplementary Files): age, diabetes
status, urinary protein level, BMI, elderly health self-assessment
(EHSA), creatinine (Cr) level, systolic blood pressure measured
on the upper right arm (SBP), waist circumference (WC),
smoking status, low-density lipoprotein cholesterol (LDL-
C) level, high-density lipoprotein cholesterol (HDL-C) level,
frequency of drinking, glucose level, urea nitrogen level, total
cholesterol (TC) level, diastolic blood pressure of the upper right
arm (DBP), exercise frequency, time spent engaged in exercise,
high salt consumption, and triglyceride (TG) level.
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Machine learning algorithms

Extreme Gradient Boosting (XGBoost) is a supervised ML
algorithm (18). It is a scalable end-to-end tree boosting system
(19). XGBoost can automatically perform parallel computations
and is generally more than 10 times faster than GBM (20). Its
input types include dense matrix, sparse matrix, data file and
xgb.dmatrix. XGBoost accepts sparse input for both tree and
linear booster and is optimized for sparse input. It supports
customized objective and evaluation functions, and performs
better on several different datasets.

Random forest is a supervised classification algorithm (21).
It works by learning simple decision rules extracted from the
data features and overcomes the limitation of overfitting of the
decision trees (22).

Logistic regression is an algorithm that classifies values
through the application of a logistic function to coeflicients
calculated using a linear regression equation (23). It requires
that the dependent variable be a second-level score or a second-
level evaluation.

Model evaluation and validation

A confusion matrix was employed to evaluate the
performance of the models based on ML algorithms for
the assessment of hypertension risk. The distinguishing abilities
of the risk assessment model were evaluated with the receiver
operator characteristic (ROC) curve and the AUC (24). The
performance of the models was evaluated by calculating the
sensitivity (true positive rate, TPR), specificity (true negative
rate, TNR), positive predictive value (PPV), negative predictive
value (NPV), accuracy (ACC), and F1-score (25, 26).

Determination of the cut-off point

The evaluations were kinds of probabilities; thus, a cut-off
point was needed to classify the prediction probabilities. The
probability of having hypertension was represented by “P” in the
model. The cut-off point was utilized to classify the evaluated
probabilities belonging to the positive results or negative results.
We adopted a cut-off point of 0.5 in this study, which meant that
participants were evaluated to be at high risk of hypertension
when P > 0.5; otherwise, they were not.

Statistical analysis

Basic descriptive statistics were used to depict the
of the subjects, including demographic
and health-related factors. All
distributed measurement data are depicted as the mean

characteristics

characteristics normally
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+ standard deviation (X % SD), nonnormally distributed
measurement data are reported as the median (25th percentile,
75th percentile), and the counting data are expressed as
the frequency and proportion. Between groups, normally
distributed measurement data were compared by T-test,
nonnormally distributed measurement data were compared
by rank sum test, and the counting data were analyzed by chi-
square test. P < 0.05 were considered statistically significant. All
statistical analyses were performed using IBM SPSS Statistics
version 22.0 (IBM Corp., Armonk, NY, USA).

For the assessment models, ML algorithms, XGBoost,
random forest and logistic regression were utilized for the
evaluation of the risk of hypertension and the effects of the risk
factors. Python 3.7.3 was used for the construction of the risk
assessment models of hypertension.

Reporting guidelines

Results are presented in accordance with the Transparent
reporting of a multivariable prediction model for individual
prognosis or diagnosis (TRIPOD) guidelines. STROBE and
RECORD guidelines for observational studies and studies
using routinely collected health data were also considered.
The study was conducted in accordance with relevant
institutional guidelines.

Results

Characteristics of the study population

A total of 40,261 subjects were included, with a mean
age of 72.429 + 7.643 years, and the mean age of patients
with hypertension was 73.216 £ 7.696 years. The sample
prevalence of hypertension was almost 62.19%. The differences
in age, diabetes status, urinary protein level, BMI, EHSA, Cr
level, SBP, WC, smoking status, LDL-C level, HDL-C level,
frequency of drinking, glucose level, urea nitrogen level, TC
level, DBP, exercise frequency, high salt consumption, and TG
level between participants with hypertension and normotensive
participants were statistically significant (P < 0.01). There were
no statistically significant differences (P > 0.05) in terms of
time spent engaged in exercise. The characteristics of the study
participants are summarized in Table 1.

Construction of the risk assessment
models
The training set and validation set were utilized to determine

the optimal parameters for XGBoost, random forest and logistic
regression. The parameters of each model under optimal
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TABLE 2 Configuration of parameters in each ML algorithm.

ML algorithm Parameter Value range Optimal
value
XGBoost learning_rate [0,0.3] 0.05
n_estimators [100, 500] 200
gamma [0, 20] 5
subsample [0,0.9] 0.4
colsample_bytree [0.5,0.9] 0.9
min_child_weight (1,6) 5
max_depth (2,8) 6
objective binary:logistic
Random forest n _estimators [1,50] 40
criterion gini gini
max_depth none none
min_samples_split [5,200] 200
min_samples_leaf [1,50] 1
max_features auto auto
Logistic regression ~ C [0, 200] 100
class_weight none none
max_iter [10, 100] 10
solver liblinear

performance are exhibited in Table2. For other unlisted
parameters in the three ML algorithms, default values were set.

Feature importance

The significant features of the XGBoost model, random
forest model and logistic regression model are listed in
Figures 1-3, respectively. The urea nitrogen level was the highest
ranked feature for predicting hypertension in both the XGBoost
model and the random forest model. BMI, SBP, TG level, Cr
level, LDL-C level, and glucose level were ranked in the top 10
in all three models.

Model performance

We utilized various methods and evaluation metrics to assess
the performances of the XGBoost, random forest, and logistic
regression models in the training, validation, and testing sets.
Overall, the XGBoost model outperformed the other two models
in TPR (0.864), TNR (0.488), PPV (0.735), NPV (0.686), ACC
(0.722), F1-score (0.795), and AUC (0.765) in the testing set
(Table 3).

Figure 4 summarizes the ROC curve areas obtained from the
XGBoost model, random forest model and logistic regression
model in the testing set. The areas under the ROC curves were
different among the three models. The AUCs for the test set
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FIGURE 1
Feature importance in the XGBoost model.
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TABLE 3 The fitting results for the XGBoost, random forest, and logistic regression models for the training, validation, and testing sets.

ML algorithm Dataset TPR TNR PPV NPV ACC F1-Score AUC
XGBoost Training 0.886 0.530 0.756 0.739 0.752 0.816 0.818
Validation 0.862 0.480 0.732 0.678 0.717 0.791 0.753

Testing 0.864 0.488 0.735 0.686 0.722 0.795 0.765

Random forest Training 0.896 0.434 0.723 0.718 0.722 0.800 0.782
Validation 0.871 0.446 0.721 0.678 0.711 0.789 0.745

Testing 0.816 0.548 0.748 0.644 0.714 0.780 0.756

Logistic regression Training 0.827 0.411 0.698 0.591 0.670 0.757 0.705
Validation 0.822 0.418 0.699 0.588 0.669 0.756 0.692

Testing 0.829 0.430 0.705 0.604 0.678 0.762 0.707

were 0.765 for XGBoost, 0.756 for random forest, and 0.707 for
logistic regression (Table 4). The AUC of the XGBoost model
was higher than that of the random forest and logistic regression
models. Our results demonstrated that the XGBoost model
had better predictive performance than the random forest and
logistic regression models.

Discussion

Among the 20 selected features in this study, BMI, SBP,
TG level, Cr level, LDL-C level, and glucose level had a strong
effect on hypertension prediction and were included among the
top 10 in the ranking of the feature importance for all three
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models. Similar to the results of previous studies, features such
as age (27-29), BMI (28, 30), diabetes status (28), Cr level (26),
blood pressure (29), WC (31), smoking status (28), LDL-C level
(26, 28), HDL-C level (26), drinking (28), glucose level (32),
TC level (26, 27), exercise (33), salt intake (34), and TG level
(27) were identified as predictors of hypertension in the risk
assessment model of hypertension.

However, to the best of our knowledge, urinary protein
level, urea nitrogen level, and EHSA entered the models as
new components that have not been included in risk evaluation
models of hypertension in previous studies.

A study collected data from three exams in the Strong
Heart Study, explored the risk factors for hypertension
by means of generalized linear models and demonstrated

frontiersin.org
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TABLE 4 AUCs for the XGBoost, random forest, and logistic regression

models for the training, validation, and testing sets.

ML algorithm Dataset AUC
XGBoost Training 0.818
Validation 0.753
Testing 0.765
Random forest Training 0.782
Validation 0.745
Testing 0.756
Logistic regression Training 0.705
Validation 0.692
Testing 0.707

that systolic blood pressure was significantly and positively
associated with albuminuria, age, and obesity and negatively
associated with smoking. Moreover, participants with more
severe albuminuria status or older age developed higher SBP,
while DBP was not significantly affected by the albuminuria
status (35). This study in American Indians revealed that
having macro/microalbuminuria is a significant risk factor
for hypertension, which can explain why urinary protein
level was selected as one of the features in our model
to some extent. Urinary protein level may also affect the
development of hypertension in Chinese individuals or facilitate
the risk assessment of hypertension in Chinese individuals.
Furthermore, Kim et al. reported that subjects with high
normal BP had an independently significant association with
microalbuminuria by performing a multiple logistic regression
analysis, with an odds ratio of 1.692 and a 95% confidence
interval of 1.097 to 2.611 (36). These results from a Korean
population indicated that compared to individuals with normal
BP, those with high normal BP have more risk factors
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for hypertension and cardiovascular diseases, for instance,
albuminuria. Since the incidence of urinary protein was
significantly higher in the prehypertensive population than in
the normal population, urinary protein level should receive
attention in future predictive studies and intervention measures.

Although we rarely found urea nitrogen level to be included
as a predictive factor in the risk prediction models, it was found
to be a significant risk factors for hypertension. A case-control
study conducted among university staff found that staff with
high serum urea levels had a higher risk of hypertension than
those with normal urea levels (OR = 1.452), which implies that
the level of urea is also very important as one of the risk factors
for hypertension (37). Not coincidentally, this phenomenon has
been found among middle-aged and elderly people. SBP was
positively correlated with the blood urea nitrogen concentration
(r =0.16424, P = 0.0105) and the blood uric acid concentration
(r =0.16023, P = 0.0126) among middle-aged and older-aged
populations in Guangzhou, China, as well as DBP (blood urea
nitrogen concentration: r = 0.13506, P = 0.0358; blood uric
acid concentration: r = 0.16562, P = 0.0099) (38). The results
of stepwise regression analysis also indicated that there was
still a significant positive correlation between SBP, DBP and
concentrations of blood urea nitrogen and blood uric acid. The
role of urea nitrogen level, one of the features entered into our
risk assessment model, in the occurrence and development of
hypertension still needs to be further investigated.

EHSA was also one of the predictors entered into our model.
Kaplan and Camacho have already reported that the association
between level of perceived health and mortality persisted in
multiple logistic analyses controlling for age, sex, physical
health status, health practices, social network participation,
income, education, health relative to peers of the same age,
anomy, morale, depression, and happiness (39). The results
reminded us that self-assessment of health might serve as a
comprehensive reflection of unmeasurable factors and as an
indication of some underlying diseases or an early stage of
the diseases. Evidence has shown that psychosocial factors
exert strong effects on health status measures (40). Zhang
et al. revealed that the proportion of elderly individuals with
poor or normal health self-assessments who were suffering
from common chronic diseases was significantly increased (41).
The health self-assessment epitomizes the health concept and
self-perception of health status of elderly individuals to some
extent, which might have an underlying predictive value on the
prediction of the risk of hypertension and should thus be given
more attention in future research, as well as the practice in
primary care.

Unlike traditional risk assessment methods, our study
employed ML algorithms for model construction. XGBoost
exhibited the best performance compared to random forest
and logistic regression. Logistic regression assumes that every
variable should be independent, and the model possesses only
a linear partition surface. However, the associations between
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exposure factors and diseases are often affected by various
confounding factors, which leads to the large deviation and
low accuracy when fitting the model through logistic inference.
In contrast, XGBoost and random forest are nonparametric
algorithms (42) that do not assume that a functional relationship
between the features and outcomes exists, as required by logistic
regression models. A greedy algorithm is executed to determine
the optimal splits in the data that reduce the entropy of the
outcome to the utmost extent during every split. As a result, once
a feature is selected, the significance of any highly related feature
will decrease greatly due to the completion of the effective
split done by the original feature previously. Consequently, the
entropy of the outcome will no longer be reduced effectively
by related features. Therefore, XGBoost and random forest are
robust to related features. The reason why XGBoost outperforms
the other methods may be that it introduces the regularized
loss function (43) and combines gradient lifting algorithms and
decision trees, which preserves the correlation between features
during the modeling process (44).

In terms of performance, the XGBoost-based hypertension
prediction model proposed by the Japanese group showed an
AUC of 0.877 (10), while the hypertension risk assessment
model proposed in this study exhibited an AUC of 0.765. The
explanation for this discrepancy may be the difference in ethnic
populations. According to previous studies, different ethnic
populations have different characteristics of hypertension, which
may affect the discrepancies in the AUCs for different models
(45, 46). Meanwhile, the difference between age range of the
subjects may also contribute to the discrepancy in the model
performance. For instance, in a study regarding assessing the
relationship between nerves and cancer using machine learning
methods, the authors found that the performance of the model
trained on the young dataset was much better than that trained
on the elderly dataset and the whole age dataset, and the
performance of the model trained on the whole age dataset was
slightly better or similar to that trained on the elderly dataset
(47). The findings from these studies suggested that we should
further investigate the effect of the difference in subjects’ age
range on the performance of hypertension models in the future.
Compared with other models used to predict hypertension (11),
the results from the proposed XGBoost prediction model in the
present study did not show a higher AUC. The variable selection
may partially explain the discrepancy.

After the risk assessment of hypertension, subsequent
interventions and management to prevent or postpone the
occurrence and development of hypertension are crucially
important in high-risk populations. Continuous monitoring
and management are imperative for high-risk patients. On the
one hand, realtimeness and continuity monitoring can detect
any problem without delay. On the other hand, early signs of
detected symptoms can alert both general practitioners (GPs)
and individuals in a timely manner. For high-risk populations,
corresponding individual intervention strategies targeting the
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main risk factors should be prescribed by GPs in primary care.
For instance, lifestyle factors such as exercise, eating habits, and
drinking habits can be improved under the guidance of GPs after
risk assessment. Evidence has revealed that a high concentration
of parks or playgrounds in residential areas may reduce the risk
of hypertension, which is mainly attributable to the cultivation
and formation of exercise habits and implies the importance of
interventions in communities (48).

However, there were several limitations in our study. One
of the limitations of the study was that it had a cross-
sectional design, and the results could not indicate causality
in this situation. A prospective cohort study is needed to
further identify the cause-and-effect relationships. Second, the
risk assessment model was designed considering only variables
available in the setting of primary care, and variables regarding
mental health and hereditary factors were not included. Third,
we measured several variables, such as age, urinary protein level,
BM]I, and Cr level, on only a single occasion and did not take
changes in these variables into consideration.

In conclusion, XGBoost outperformed random forest
and logistic regression models in predicting the risk of
hypertension in primary care settings. Early identification and
the corresponding preventive strategies in primary care remain
insufficient in China. Integration of such a risk assessment
model into primary care may help general practitioners
target populations at high-risk for hypertension, tailor the
corresponding preventive measures and treatment strategies to
those at high risk, improve the awareness of residents regarding
health risks and their adherence toward targeted intervention,
and eventually facilitate individuals’ health and quality of life
while decreasing healthcare costs.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary material, further inquiries
can be directed to the corresponding authors.

Ethics statement

The studies involving human participants were reviewed and
approved by the Ethics Committees of Tongji University. The
patients/participants provided their written informed consent to
participate in this study.

Author contributions

NC was involved in designing the study, analyzing the
results, and wrote the manuscript. FF performed data collection,
proofread the manuscript, and modified the format. DY, ZW,
and JS supervised the work and were involved in the study

frontiersin.org


https://doi.org/10.3389/fpubh.2022.984621
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Chen et al.

design. JG and YY helped with data interpretation and graphing.
YG, HJ, and QC revised the manuscript. All authors reviewed
and approved the final version of the manuscript.

Funding

This study was supported by grants from Soft Science
Project of the Shanghai Science and Technology Commission
(22692107200), Shanghai Education Science Research Project
(C2021039), the Natural Science Foundation of China
(71774116 and 71603182), Shanghai Public Health Outstanding
Training Program (GWV-10.2-XD07),
National Key Research and Development Program of China
(2018YFC2000700, SQ2022YFC3600172), and Shanghai Pujiang
Program (2020PJC080). The funding agencies had no role in the
design of this study nor any role during its execution, analyses,

Young Personnel

data interpretation, or decision to submit results.

Acknowledgments

We are grateful to all the participants involved in this study.

References

1. Seo MJ, Ahn SG, Lee YJ, Kim JK. Development of the hypertension

index model in general adult wusing the Korea national health
and nutritional examination survey and the Korean genome and
epidemiology study. J Pers Med. (2021) 11:968. doi: 10.3390/jpmll
100968

2. Wang ZW, Chen Z, Zhang LE, Wang X, Hao G, Zhang ZG, et al. Status of
hypertension in China: results from the China hypertension survey, 2012-2015.
Circulation. (2018) 137:2344-56. doi: 10.1161/CIRCULATIONAHA.117.032380

3. The Royal Australian College of General Practitioners. Guidelines for
Preventive Activities in General Practice. 9th edition. Available online at: https://
www.racgp.org.au/getattachment/lad1a26f- 9c8b- 4e3c-b45b-3237272b3a04/
Guidelines- for- preventive-activities-in- general- practice.aspx (accessed
December 9, 2021).

4. Chen X, Wu Z, Chen Y, Wang X, Zhu ], Wang N, et al. Risk score model of
type 2 diabetes prediction for rural Chinese adults: the Rural Deqing Cohort Study.
] Endocrinol Invest. (2017) 40:1115-23. doi: 10.1007/s40618-017-0680-4

5. Hart GR, Roffman DA, Decker R, Deng J. A multi-parameterized
artificial neural network for lung cancer risk prediction. PLoS ONE. (2018)
13:€0205264. doi: 10.1371/journal.pone.0205264

6. Andriani P, Chamidah N. Modelling of hypertension risk factors using
logistic regression to prevent hypertension in Indonesia. J Phys Conf Ser. (2019)
1306:012027. doi: 10.1088/1742-6596/1306/1/012027

7. Dash SS, Nayak SK, Mishra D. A
learning algorithms. Intelligent and Cloud Computing.
507. doi: 10.1007/978-981-15-6202-0_51

review on machine
(2021)  2:495-

8. Alpaydin E. Introduction to Machine Learning. Cambridge: MIT press (2014).
9. Marsland S. Machine Learning: An Algorithmic Perspective. Florida: CRC
press (2015).

10. Kanegae H, Suzuki K, Fukatani K, Ito T, Harada N, Kario K. Highly precise
risk prediction model for new-onset hypertension using artificial intelligence
techniques. J Clin Hypertens. (2020) 22:445-50. doi: 10.1111/jch.13759

11. Zhao HH, Zhang XY, Xu Y, Gao LS, Ma ZC, Sun YN, et al. Predicting the risk
of hypertension based on several easy-to-collect risk factors: a machine learning
method. Front Public Health. (2021) 9:619429. doi: 10.3389/fpubh.2021.619429

Frontiersin Public Health

10

10.3389/fpubh.2022.984621

Conflict of interest

The authors declare that the research was conducted in
the absence of any commercial or financial relationships
that could be
of interest.

construed as a potential conflict

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fpubh.
2022.984621/full#supplementary-material

12. Benton WC. Machine learning systems and intelligent applications. IEEE
Software. (2020) 37:43-9. doi: 10.1109/MS.2020.2985224

13. Writing Group of 2018 Chinese Guidelines for the Management
of Hypertension. 2018 Chinese guidelines for the management of
hypertension. Chin ] Cardiovasc Med. (2019) 24:24-56. Available online
at: https://kns.cnki.net/KXReader/Detail?invoice=mmxQHXTLYBsIWiQ8
dVj4qX86LVtlqnzSOMxWui9DdJnArA1bL1jbq27wZdQFz4vFFY2YwM2H2r9Mc
Xmfq0V42SlfIfqvqpfNOfDEaxHT]qBQihD1thTZxR0mcafyuP%2Bp8hksOj%2FL
DyIMXyOOm7bb9G6X19eN]5Bt6%2Fh9DfJ9CKI%3D&DBCODE=CJFD&FileNa
me=XIXG201901003& TABLEName=cjfdlast2019&nonce=E48DCA6E53304D708
9F6BE689E4F1861&uid=&TIMESTAMP=1663581215503

14. National Health and Family Planning Commission of the People’s Republic
of China. National Basic Public Health Service Specifications (the Third
Edition). Available online at: http://www.nhc.gov.cn/ewebeditor/uploadfile/2017/
04/20170417104506514.pdf (accessed August 15, 2022).

15. Kurgan L, Cios KJ. Discretization algorithm that uses class-attribute
interdependence maximization. In: IC-AI’2001: Proceedings of the International
Conference on Artificial Intelligence, VOLS I-III. (2001). p. 980-6. Available online
at: https://www.webofscience.com/wos/alldb/full-record/WOS:000173960400153

16. Guyon I, Elisseeff A. An introduction to variable and feature selection. ] Mach
Learn Res. (2003) 3:1157-82. doi: 10.1162/153244303322753616

17. Shi X, Nikolic G, Epelde G, Arrue M, Van-Dierdonck JB, Bilbao R,
et al. An ensemble-based feature selection framework to select risk factors of
childhood obesity for policy decision making. BMC Med Inform Decis Mak. (2021)
21:222. doi: 10.1186/s12911-021-01580-0

18. Plagnol V, Curtis J, Epstein M, Mok KY, Stebbings E, Grigoriadou S, et al.
A robust model for read count data in exome sequencing experiments and
implications for copy number variant calling. Bioinformatics. (2012) 28:2747-
54. doi: 10.1093/bioinformatics/bts526

19. Chen TQ, Guestrin C. XGBoost: A scalable tree boosting system. In: 22nd
ACM SIGKDD International Conference on Knowledge Discovery and Data Mining
(KDD). San Francisco, CA: ACM (2016). p. 785-94.

20. Chen TQ, He T. xgboost: eXtreme Gradient Boosting. Available online
at: https://cran.microsoft.com/snapshot/2017- 12-11/web/packages/xgboost/
vignettes/xgboost.pdf (accessed August 25, 2022).

frontiersin.org


https://doi.org/10.3389/fpubh.2022.984621
https://www.frontiersin.org/articles/10.3389/fpubh.2022.984621/full#supplementary-material
https://doi.org/10.3390/jpm11100968
https://doi.org/10.1161/CIRCULATIONAHA.117.032380
https://www.racgp.org.au/getattachment/1ad1a26f-9c8b-4e3c-b45b-3237272b3a04/Guidelines-for-preventive-activities-in-general-practice.aspx
https://www.racgp.org.au/getattachment/1ad1a26f-9c8b-4e3c-b45b-3237272b3a04/Guidelines-for-preventive-activities-in-general-practice.aspx
https://www.racgp.org.au/getattachment/1ad1a26f-9c8b-4e3c-b45b-3237272b3a04/Guidelines-for-preventive-activities-in-general-practice.aspx
https://doi.org/10.1007/s40618-017-0680-4
https://doi.org/10.1371/journal.pone.0205264
https://doi.org/10.1088/1742-6596/1306/1/012027
https://doi.org/10.1007/978-981-15-6202-0_51
https://doi.org/10.1111/jch.13759
https://doi.org/10.3389/fpubh.2021.619429
https://doi.org/10.1109/MS.2020.2985224
https://kns.cnki.net/KXReader/Detail?invoice=mmxQHXTLYBslWiQ8dVj4qX86LVtlqnzSOMxWui9DdJnArA1bL1jbq27wZdQFz4vFFY2YwM2H2r9McXmfq0V42SlfIfqvqpfNOfDEaxHTJqBQihD1thTZxR0mcafyuP%2Bp8hksOj%2FLDyIMXyOOm7bb9G6Xl9eNJ5Bt6%2Fh9DfJ9CKI%3D&DBCODE=CJFD&FileName=XIXG201901003&TABLEName=cjfdlast2019&nonce=E48DCA6E53304D7089F6BE689E4F1861&uid=&TIMESTAMP=1663581215503
http://www.nhc.gov.cn/ewebeditor/uploadfile/2017/04/20170417104506514.pdf
http://www.nhc.gov.cn/ewebeditor/uploadfile/2017/04/20170417104506514.pdf
https://www.webofscience.com/wos/alldb/full-record/WOS:000173960400153
https://doi.org/10.1162/153244303322753616
https://doi.org/10.1186/s12911-021-01580-0
https://doi.org/10.1093/bioinformatics/bts526
https://cran.microsoft.com/snapshot/2017-12-11/web/packages/xgboost/vignettes/xgboost.pdf
https://cran.microsoft.com/snapshot/2017-12-11/web/packages/xgboost/vignettes/xgboost.pdf
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Chen et al.

21. Prasad AM, Iverson LR, Liaw A. Newer classification and regression tree
techniques: bagging and random forests for ecological prediction. Ecosystems.
(2006) 9:181-99. doi: 10.1007/s10021-005-0054-1

22. Sakr S, Elshawi R, Ahmed A, Qureshi WT, Brawner C, Keteyian

S, et al. Using machine learning on cardiorespiratory fitness data
for predicting hypertension: the Henry Ford ExercIse Testing (FIT)
Project. PLoS ONE. (2018) 13:€0195344. doi: 10.1371/journal.pone.01
95344

23. Buya S, Tongkumchum P, Owusu BE. Modelling of land-use change in
Thailand using binary logistic regression and multinomial logistic regression. Arab
J Geosci. (2020) 13:12. doi: 10.1007/s12517-020-05451-2

24. Moons KGM, Harrell FE, Steyerberg EW. Should scoring rules be based
on odds ratios or regression coefficients? J Clin Epidemiol. (2002) 55:1054—
5. doi: 10.1016/50895-4356(02)00453-5

25. Cai QC, Yu ED, Xiao Y, Bai WY, Chen X, He LP, et al. Derivation and
validation of a prediction rule for estimating advanced colorectal neoplasm risk in
average-risk Chinese. Am J Epidemiol. (2012) 175:584-93. doi: 10.1093/aje/kwr337

26. Lavrac N. Selected techniques for data mining in medicine. Artif Intell Med.
(1999) 16:3-23. doi: 10.1016/S0933-3657(98)00062-1

27. Ren ZG, Rao BC, Xie SQ Li A, Wang L], Cui GY, et al. A novel predicted
model for hypertension based on a large cross-sectional study. Sci Rep. (2020)
10:10615. doi: 10.1038/s41598-020-64980-8

28. Kshirsagar AV, Chiu YL, Bomback AS, August PA, Viera AJ, Colindres RE,
et al. A hypertension risk score for middle-aged and older adults. J Clin Hypertens.
(2010) 12:800-8. doi: 10.1111/j.1751-7176.2010.00343 .x

29. Kanegae H, Oikawa T, Suzuki K, Okawara Y, Kario K. Developing and
validating a new precise risk-prediction model for new-onset hypertension: The
Jichi Genki hypertension prediction model (JG model). J Clin Hypertens. (2018)
20:880-90. doi: 10.1111/jch.13270

30. Akdag R, Fenkci S, Degirmencioglu S, Rota S, Sermez Y, Camdeviren H,
et al. Determination of risk factors for hypertension through the classification tree
method. Adv Ther. (2006) 23:885-92. doi: 10.1007/BF02850210

31. Xu E Zhu JC, Sun N, Wang L, Xie C, Tang QX, et al. Development
and validation of prediction models for hypertension risks in rural Chinese
populations. ] Glob Health. (2019) 9:020601. doi: 10.7189/jogh.09.020601

32. Chien KL, Hsu HC, Su TC, Chang WT, Sung FC, Chen ME, et al. Prediction
models for the risk of new-onset hypertension in ethnic Chinese in Taiwan. ] Hum
Hypertens. (2011) 25:294-303. doi: 10.1038/jhh.2010.63

33. Niiranen TJ, Havulinna AS, Langen VL, Salomaa V, Jula AM. Prediction
of blood pressure and blood pressure change with a genetic risk score. J Clin
Hypertens. (2016) 18:181-6. doi: 10.1111/jch.12702

34. Xu YZ, Liu JB, Wang JW, Fan QL, Luo YY, Zhan HF, et al. Establishment
and verification of a nomogram prediction model of hypertension risk in Xinjiang
Kazakhs. Medicine. (2021) 100:e27600. doi: 10.1097/MD.0000000000027600

35. Wang WY, Lee ET, Fabsitz RR, Devereux R, Best L, Welty TK,
et al. A longitudinal study of hypertension risk factors and their relation to
cardiovascular disease: the Strong Heart Study. Hypertension. (2006) 47:403—-
9. doi: 10.1161/01.HYP.0000200710.29498.80

36. Kim BJ, Lee HJ, Sung KC, Kim BS, Kang JH, Lee MH, et al. Comparison of
microalbuminuria in 2 blood pressure categories of prehypertensive subjects. Cir J.
(2007) 71:1283-7. doi: 10.1253/circj.71.1283

Frontiersin Public Health

11

10.3389/fpubh.2022.984621

37. Guan XP, Xiang H, Xia H. Risk factors of essential hypertension among
university staff: a case-conrol study. Chin ] Public Health. (2011) 27:501-
3. Available online at:  https://kns.cnkinet/KXReader/Detail?invoice=
P3sGsUoJPKzESgeal 0900qypazL6%2FaV6aKlOyyEtHUjyNMEKFt0r7As7IDJ1%
2Fb4U12gWu5h3GAHT UpsNhIhDJ3AXK6qQ0nvjTh]G5jy69hiTpMTSgcb2WpD
M2vmmF3%2BtJugjJFak%2Bw%2FroyHgcAdV3yCNnSvHcZaL%2FalBDwIX22Y
%3D&DBCODE=CJFD&FileName=ZGGW201104058 & TABLEName=cjfd2011&
nonce=C6563EFF8D7B436BA206C2A8A9DFCD4D&uid=& TIMESTAMP=16635
83554744

38. Xiao M, Li H, Shi ML, Deng ML, Mai JZ, Liu XQ, et al. Relationship
between blood pressure and blood uric acid, urea nitrogen in middle and older-
aged population in Guangzhou. South China Journal of Cardiovascular Diseases.
(2009) 15:457-60. doi: 10.3969/j.issn.1007-9688.2009.06.012

39. Kaplan GA, Camacho T. Perceived health and mortality: a nine-year follow-
up of the human population laboratory cohort. Am J Epidemiol. (1983) 117:292—
304. doi: 10.1093/oxfordjournals.aje.al13541

40. Ring D, Kadzielski ], Fabian L, Zurakowski D, Malhotra LR, Jupiter JB,
et al. Self-reported upper extremity health status correlates with depression.
J Bone Joint Surg Am. (2006) 88:1983-8. doi: 10.2106/00004623-200609000-
00012

41. Zhang FM, Xu HJ. Research on the relationship between self-assessment
of health and chronic diseases in elderly population. Chin ] Gerontol.
(2008) 28:2353-5. Available online at: https://kns.cnkinet/KXReader/Detail?
invoice=N9Z0FR7NKGLgehblrtqdPeDcE5qOG2iMpGYxCX7YPD1NsFOumGhc%
2F67eXgkGmlawtzZKNNUAzTgsK3GZ5bmzbCzuuBrFmsX5p4GqFo4LhgB2DVhv
H4GePaUe6Q3iohhOnBxD2Ai3Zgz1iYgnJeKoWglgwO6SDOhQhQQGcGTCagg
M%3D&DBCODE=CJFD&FileName=ZLXZ7200823029&TABLEName=cjfd2008&
nonce=4B936EF422F744949B8210E480541 DE9&uid=&TIMESTAMP=16635843
34018

42. Chen TQ, He T, Benesty M, Tang Y. Understand your dataset with
XGBoost. Available online at: https://cran.r-project.org/web/packages/xgboost/
vignettes/discoverYourData.html (accessed December 15, 2021).

43. Pan BY. Application of XGBoost algorithm in hourly PM2.5 concentration
prediction. 3rd international conference on advances in energy resources
and environment engineering book series: IOP conference series-earth and
environmental science. (2018) 113:012127. doi: 10.1088/1755-1315/113/1/
012127

44. Thomas J, Hepp T, Mayr A, Bischl B. Probing for Sparse and Fast
Variable Selection with Model-Based Boosting. Comput Math Methods Med. (2017)
2017:1421409. doi: 10.1155/2017/1421409

45. Brown M]J. Hypertension and ethnic group. BMJ Bri Med ]. (2006)
332:8336B. doi: 10.1136/bm;j.332.7545.833

46. Kramer H, Han C, Post W, Goff D, Diez-Roux A, Cooper R, et al.
Racial/ethnic differences in hypertension and hypertension treatment and control
in the multi-ethnic study of atherosclerosis (MESA). Am ] Hypert. (2004) 17:963-
970. doi: 10.1016/j.amjhyper.2004.06.001

47. Wang FL. Function Research and Biomarker Identification of Nervous
System in Cancer [dissertation / master’s thesis]. [Changchun (Jilin)]: Jilin
University (2022).

48. Ye CY, Fu TY, Hao SY, Zhang Y, Wang O, Jin B, et al. Prediction of
incident hypertension within the next year: prospective study using statewide
electronic health records and machine learning. J Med Internet Res. (2018)
20:¢22. doi: 10.2196/jmir.9268

frontiersin.org


https://doi.org/10.3389/fpubh.2022.984621
https://doi.org/10.1007/s10021-005-0054-1
https://doi.org/10.1371/journal.pone.0195344
https://doi.org/10.1007/s12517-020-05451-2
https://doi.org/10.1016/S0895-4356(02)00453-5
https://doi.org/10.1093/aje/kwr337
https://doi.org/10.1016/S0933-3657(98)00062-1
https://doi.org/10.1038/s41598-020-64980-8
https://doi.org/10.1111/j.1751-7176.2010.00343.x
https://doi.org/10.1111/jch.13270
https://doi.org/10.1007/BF02850210
https://doi.org/10.7189/jogh.09.020601
https://doi.org/10.1038/jhh.2010.63
https://doi.org/10.1111/jch.12702
https://doi.org/10.1097/MD.0000000000027600
https://doi.org/10.1161/01.HYP.0000200710.29498.80
https://doi.org/10.1253/circj.71.1283
https://kns.cnki.net/KXReader/Detail?invoice=P3sGsUoJPKzESgeaIO90OqypazL6%2FaV6aKlOyyEtHUjyNMEkFt0r7As7IDJ1%2Fb4Ul2gWu5h3GAHTUpsNhIhDJ3AXK6qQ0nvjThJG5jy69hiTpMTSgcb2WpDM2vmmF3%2BtJugjJFak%2Bw%2FroyHgcAdV3yCNnSvHcZaL%2FaIBDwlX22Y%3D&DBCODE=CJFD&FileName=ZGGW201104058&TABLEName=cjfd2011&nonce=C6563EFF8D7B436BA206C2A8A9DFCD4D&uid=&TIMESTAMP=1663583554744
https://doi.org/10.3969/j.issn.1007-9688.2009.06.012
https://doi.org/10.1093/oxfordjournals.aje.a113541
https://doi.org/10.2106/00004623-200609000-00012
https://kns.cnki.net/KXReader/Detail?invoice=N9Z0FR7NKGLgehblrtqdPeDcE5qOG2iMpGYxCX7YPD1NsFOumGhc%2F67eXgkGmlawtzKNNUAzTgsK3GZ5bmzbCzuuBrFmsX5p4GqFo4LhgB2DVhvH4GePaUe6Q3iohh0nBxD2Ai3Zgz1iYgnJeKoWgIgwO6SDOhQhQQGcGTCaggM%3D&DBCODE=CJFD&FileName=ZLXZ200823029&TABLEName=cjfd2008&nonce=4B936EF422F744949B8210E480541DE9&uid=&TIMESTAMP=1663584334018
https://cran.r-project.org/web/packages/xgboost/vignettes/discoverYourData.html
https://cran.r-project.org/web/packages/xgboost/vignettes/discoverYourData.html
https://doi.org/10.1088/1755-1315/113/1/012127
https://doi.org/10.1155/2017/1421409
https://doi.org/10.1136/bmj.332.7545.833
https://doi.org/10.1016/j.amjhyper.2004.06.001
https://doi.org/10.2196/jmir.9268
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Evaluating the risk of hypertension in residents in primary care in Shanghai, China with machine learning algorithms
	Introduction
	Materials and methods
	Data source
	Definition of hypertension
	Inclusion and exclusion criteria
	Data processing
	Feature selection
	Machine learning algorithms
	Model evaluation and validation
	Determination of the cut-off point
	Statistical analysis
	Reporting guidelines

	Results
	Characteristics of the study population
	Construction of the risk assessment models
	Feature importance
	Model performance

	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Acknowledgments
	Conflict of interest
	Publisher's note
	Supplementary material
	References


