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Introduction 
 
The incidence of cardiovascular disease is in-
creasing year by year, mainly due to arteriosclero-
sis and hypertension, and cardiovascular disease 
can be diagnosed and prevented in advance (1, 2). 

In the early stage of onset, although the patient 
has not yet felt the symptoms, the elasticity of the 
blood vessels has changed. Pulse wave velocity 
(PWV) is a classic indicator reflecting arterial 
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by-year and early diagnosis of hypertension is necessary to reducing the incidence of cardiovascular disease. 
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methods to improve the accuracy of logistic regression (LR). 
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elasticity and it can be used to evaluate arterial 
wall dilatability and stiffness, and early detection 
of cardiovascular disease (3).  
The increase in PWV value is closely related to 
the prevalence of cardiovascular patients, not on-
ly including patients with hypertension (4), but 
also including patients with diabetes (5) and 
chronic kidney disease (6). In assessing the pulse 
wave propagation time, the traditional PWV 
measurement method still has great limitations (7, 
8). Ultrafast pulse wave velocity (ufPWV) is the 
latest arterial elasticity non-invasive detection 
technology, which can directly measure the PWV 
of local blood vessels and reflect the changes in 
the stiffness of the blood vessel wall (9-11). 
Compared with the traditional measurement 
method, ufPWV greatly improves the sampling 
efficiency (12). 
In recent years, ufPWV has played an important 
role in assessing atherosclerosis (13, 14), arterial 
stiffening in healthy people and vascular Ehlers-
Danlos syndrome (vEDS) (15), and changes on 
coronary slow flow (16). However, there are few 
studies on the role of ufPWV in hypertension 
research, especially in the early prevention of hy-
pertension. This study established a prediction 
model for hypertension based on ufPWV. 
Logistic regression (LR) analysis is a generalized 
linear regression analysis model, which is often 
used to explore the risk factors of disease and 
predict the probability of disease occurrence 
based on the risk factors. Besides, LR is a tradi-
tional classification model in medical research, 
but sometimes its classification accuracy is not 
high, related to the selection of features. In our 
study, we tried a variety of feature selection 
methods to improve the accuracy of LR. 
 

Methods  
 
Study population and data preprocessing 
We collected the dataset from the Department of 
Cardiology of Affiliated Hospital of Nanjing 
University of Chinese Medicine (Nanjing, Jiang-
su, China) between Jan 2016 and Dec 2017. The 
dataset includes two parts, the hypertension 

group (including 178 samples) and the control 
group (including 219 samples). The inclusion cri-
teria for the hypertension group were the follow-
ing: (І) At least 3 outpatient measurements of 
systolic blood pressure (SBP) ≥140 mmHg and 
(or) diastolic blood pressure (DBP) ≥90 mmHg; 

(Ⅱ) Ambulatory blood pressure monitoring 

mean blood pressure during the day≥135/85 
mmHg or 24h average blood pressure ≥130/80 
mmHg. 
We collected clinical and laboratory findings of 
each sample, besides imaging findings. The la-
boratory results are collected by three experi-
enced doctors and then averaged. The Aixplorer 
cIMT measure system was used to measure 
cIMT, and a 2 to 10 MHz linear array transducer 
SL10-2 (Aixplorer; Supersonic Imagine, Aix-en-
Provence, France) was used to measure ufPWV.  
Data preprocessing mainly includes the pro-
cessing of missing data and abnormal data. For 
missing data, the attribute removal standard was 
the amount of missing data for this attribute was 
greater than 15%. If the amount of missing data 
was less than 15%, the attribute was retained and 
linear interpolation was used to deal with missing 
values. Outlier analysis is to check whether the 
data has input errors or whether it contains un-
reasonable data. The identification of outliers in 
this paper was based on the principle of Box Plot 
Diagram. The outliers were converted into miss-
ing values, and then linear interpolation was ap-
plied to deal with the missing values. 
 
Logistic regression model and feature selec-
tion methods 
Logistic regression (LR) is an algorithm for classi-
fication, suitable for research where the depend-
ent variable is a categorical variable. LR can sta-
tistically estimate the magnitude of the numerical 
influence of each independent variable on the 
probability of the dependent variable taking a 
certain value when other independent variables 

are fixed. For binary dependent variables, 𝑦 = 1 

indicates that the event occurred, 𝑦 = 0 indicates 
that the event does not occur. The relationship 
between the conditional probability of event oc-
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currence 𝑃(𝑦 = 1|𝑋) and 𝑥𝑖 is non-linear, and it 
usually monotonous. Logistic is based on sigmoid 
function. The sigmoid function value range is 
between (0, 1), and it is a gradual process, which 

is suitable for describing probability 𝑃(𝑦 = 1|𝑋). 
After the probability value is obtained, it is 
judged according to the threshold value. Let 

𝑃(𝑦 = 1|𝑋) = 𝑝, then the LR model represent-
ed by the connection function is: 

𝑙𝑜𝑔 𝑖𝑡(𝑦) = 𝐼𝑛 (
𝑝

1−𝑝
) =  𝛽𝑋               [1] 

the probability of an event not occurring is 

𝑃(𝑦 = 0|𝑋)=1-𝑝, and the ratio of the probability 
of an event occurring to the probability of not 

occurring is 
𝑝

1−𝑝
. Two-category LR uses cross-

entropy loss:  

   𝐽(𝛽) = −
1

𝑛
∑ [𝑦(𝑖)𝐼𝑛𝑝�̂� + (1 −𝑛

𝑛=1

𝑦(𝑖))𝐼𝑛(1 − 𝑝�̂�)]                                              [2] 

where 𝑦(𝑖)
 is the true category of the sample, 

𝑝�̂� = 𝑃(𝑦 = 1|𝑋) is the probability that the pre-
diction is a positive example. After obtaining the 
predicted probability, the threshold is usually 0.5 
to predict the dependent variable as positive or 
negative. This is only suitable for balanced classi-
fication problems. For the problem of unbal-
anced classification, taking 0.5 as the threshold is 
often not the optimal choice. It is necessary to 
select the optimal threshold according to specific 
needs. 
Figure 1 shows the process of predicting hyper-
tension based on the LR model. First, the im-
portant features in the process of identifying hy-
pertension are selected based on the existing data. 
Then we use these characteristics to build a LR 
model and this LR model can be used to deter-
mine whether a new sample is at risk of hyper-
tension. 

 

Fig. 1: The flow chart for predicting hypertension based on LR 

 
We chose three methods (statistical analysis, RF 
and XGBoost) to select important features for 
modeling. The purpose of our research is to pre-
dict whether the sample is at risk of hypertension. 
Based on this, we can use statistical analysis to 
select features that have significant differences 
between the hypertension group and the control 
group for modeling. Besides, RF is an ensemble 
learning method based on bagging idea and deci-
sion trees, and XGBoost is a representative algo-

rithm based on the boosting idea (17,18). Both 
RF and XGBoost can be used to deal with re-
gression and classification problems, and can be 
used to calculate feature importance scores.  
 
Model evaluation 
We selected five evaluation indicators (accuracy, 
precision, sensitivity, specificity and AUC) to 
compare the prediction effects of each model. 
Their calculation formula are as follows: 
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 𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                   [3] 

   𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
                               [4] 

 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                               [5] 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
                               [6] 

where TP represents the number of people with 
hypertension predicted to hypertension patients, 
TN represents the number of people without hy-
pertension predicted to non-hypertensive pa-
tients, FP represents the number of people with-
out hypertension predicted to hypertension pa-
tients and FN represents the number of people 
with hypertension predicted to non-hypertensive 
patients. The ROC curve is a curve that com-
pares the ratio of TP to the ratio of FP at differ-
ent classification thresholds. The closer the ROC 
curve is to the upper left corner, the better the 
classification effect. The area under the ROC 
curve (AUC) can quantify this judgment, that is, 
the larger the AUC, the better the classification 
effect. 
 
Statistical analysis 
This study used R4.0.3 for statistical analysis. 
Continuous variables were recorded using mean 
± standard deviation, while categorical variables 
were recorded using count and proportion. Be-
sides, Student's t-test and Chi-square test are used 
to evaluate continuous variables and categorical 
variables, respectively. Statistical significance was 
defined as: P<0.05. 
 
Ethical approval 
The study has been approved by the ethics com-
mittee of the Affiliated Hospital of Nanjing Uni-
versity of Chinese Medicine (Protocol No. 
2016NL-018-03). Informed consent has been 
obtained from all the participants. Written in-
formed consent for publication has been ob-
tained from all the patients. 
 

Results 

 
Characteristics of the patients 
This study enrolled 397 patients with 794 carot-
ids. Among these, there were 178 patients in the 
hypertension group and 219 patients in the con-
trol group. Our research was from the perspec-
tive of the patients and the carotids. At the pa-
tient level, we not only discussed the imaging at-
tributes, but also the clinical and laboratory at-
tributes. At the carotid level, we mainly discussed 
the imaging attributes, which are cIMT and 
ufPWV. Table 1 showed the results of a single 
factor analysis of the clinical and laboratory at-
tributes of patients. Sex, smoking and drinking 
(all P>0.05) have no significant effect on the risk 
of hypertension, while age, weight and BMI are 
significant influencing factors (all P<0.001). In 
addition, most laboratory attributes showed sig-
nificant differences between the hypertension 
group and the control group. Table 2 showed the 
results of univariate analysis of imaging attributes 
at the patient level and the carotid artery level, 
and cIMT and ESPWV are significantly different 
between the hypertension group and the control 
group, while BSPWV does not. 
 
Description of the attributes 
We explored the correlation between any two 
variables. The correlation bubble chart cannot 
only distinguish positive correlation from nega-
tive correlation by color, but also display the size 
of the correlation coefficient through the size of 
the bubble. Therefore, the method of drawing a 
bubble chart of the variables was used to explore 
the correlation between two variables. The bub-
ble chart of the variables was shown in Fig. 2. 
There is a significant positive correlation between 
age and cIMT (or ESPWV), that is, the older the 
age, the greater the value of cIMT and ESPWV. 
Besides, LDL and TC also had an obvious posi-
tive correlation, while the correlation between 
other variables was not obvious. 
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Table 1: Summary of clinical and laboratory attributes 

 

Patients Total Hypertension 
group 

Control group P-value 

No. of patients 397 178 219 - 

No. of carotids 794 356 438 - 

Sex 

Male (%) 198 (49.87) 95 (53.37) 103 (47.03) 0.248 

Female (%) 199 (50.13) 83 (46.63) 116 (52.97) 

Smoking 

Yes (%) 83 (20.91) 38 (21.35) 45 (20.55) 0.943 

No (%) 314 (79.09) 140 (78.65) 174 (79.45) 

Drinking 

Yes (%) 65 (16.37) 34 (19.10) 31 (14.16) 0.235 

No (%) 332 (83.63) 144 (80.90) 188 (85.84) 

Duration (years) - 10.18 - <0.001 

Age (years) 55.841 ± 14.702 61.169 ± 12.837 51.511 ± 14.725 <0.001 

Weight (kg) 65.146 ± 10.513 68.253 ± 10.792 62.621 ± 9.587 <0.001 

BMI (kg/m2) 23.784 ± 3.144 25.046 ± 3.220 22.758 ± 2.678 <0.001 

Laboratory findings 

TG (mmol/L) 1.276 ± 0.632 1.500 ± 0.635 1.093 ± 0.569 <0.001 

TC (mmol/L) 4.502 ± 0.927 4.284 ± 1.029 4.679 ± 0.794 <0.001 

Glu (mmol/L) 4.925 ± 0.609 4.906 ± 0.682 4.940 ± 0.543 0.596 

Cr (μmol/L) 72.824 ± 17.280 77.757 ± 18.553 68.815 ± 15.063 <0.001 

Urea (mmol/L) 5.496 ± 1.583 5.949 ± 1.702 5.128 ± 1.376 <0.001 

UA (μmol/L) 317.62 ± 92.60 347.53 ± 91.87 293.31 ± 86.02 <0.001 

HDL (mmol/l) 1.366 ± 0.364 1.241 ± 0.351 1.467 ± 0.342 <0.001 

LDL (mmol/l) 2.454± 0.646 2.382 ± 0.719 2.512 ± 0.576 0.051 

Blood pressure (mmHg) 

SBP 129.37 ± 19.38 136.78 ± 18.48 123.35 ± 17.99 <0.001 

DBP 74.254 ± 11.013 75.725 ± 12.072 73.059 ± 9.939 0.019 

 
Table 2: Summary of imaging attributes. 

 

Performance 
level 

Values Total Hypertension 
group 

Control 
group 

P-value 

Per patient cIMT 0.057 ± 0.011 0.061 ± 0.010 0.053 ± 0.010 <0.001 

BSPWV 6.186 ± 1.186 6.147 ± 1.197 6.217 ± 1.179 0.563 

ESPWV 8.592 ± 2.133 9.354 ± 1.814 7.973 ± 2.176 <0.001 

Per carotid cIMT 0.056 ± 0.012 0.060 ± 0.011 0.053 ± 0.011 <0.001 

BSPWV 6.172 ± 1.466 6.139 ± 1.524 6.198 ± 1.419 0.575 

ESPWV 8.602 ± 2.445 9.377 ± 2.423 7.973 ± 2.424 <0.001 

 
Figure 3 showed the boxplot of imaging attrib-
utes. The cIMT and ESPWV of hypertensive pa-
tients were much greater than those of the con-

trol group, but the value of BSPWV was not 
much different between the hypertension group 
and the control group. 
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Fig. 2: The correlation bubble chart 

 

 
 

Fig. 3: The boxplot of imaging attributes 

 
Feature selection and model evaluation 
We selected three feature selection methods: sta-
tistical analysis, RF and XGBoost. Statistical 
analysis to select features is mainly based on the 
results in Table 1, that is, the significant differ-
ences between the hypertension group and the 
control group were selected for modeling. The 
feature selection results of RF and XGBoost 
were shown in Figs. 4 and 5, and the importance 
scores of the features were ranked from high to 

low. Whether it is RF or XGBoost, the top five 
features are duration, BMI, cIMT, SBP and ES-
PWV. 
Table 3 showed the model evaluation results 
based on different feature selection methods. The 
performance of LR with RF as the feature selec-
tion method was better than the performance of 
LR with XGBoost as the feature selection meth-
od and the performance of LR with statistical 
analysis as the feature selection method. 
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Fig. 4: Importance score ranking based on RF 
 

 
 

Fig. 5: Importance score ranking based on XGBoost 
 

Table 3: Model evaluation based on different feature selection methods 

 

Feature selection meth-
ods 

Accuracy Precision Sensitivity Specificity AUC 

Statistic analyse 0.872 0.851 0.930 0.800 0.926 

RF 0.910 0.875 0.977 0.829 0.924 

XGBoost 0.897 0.857 0.977 0.800 0.915 
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Discussion 
 
The purpose of our study was developing a hy-
pertension prediction model based on ufPWV 
and RF. There were 397 patients with 794 carot-
ids participated in our study, including 178 hyper-
tension patients and 219 non-hypertension pa-
tients. Three different feature selection models 
(statistic analyse, RF, and XGBoost) were used to 
build LR risk prediction model. 
ufPWV is a more accurate PWV measurement 
method, widely used in cardiovascular disease 
research, but few studies use ufPWV to assess 
hypertension. Atherosclerosis and hypertension 
are two most important components of cardio-
vascular disease. The difference between ESPWV 
and BSPWV was quantitatively evaluated in the 
atherosclerotic population in a recent study (14). 
In this study, ESPWV is significantly different 
between the atherosclerosis risk group and the 
control group, while BSPWV is not significantly 
different. This may be caused by ESPWV being 
more accurate than BSPWV in measurement 
technology (19). In our research, we compared 
and analyzed ESPWV and BSPWV from three 
perspectives. Firstly, in the univariate analysis in 
Table 2, ESPWV was statistically different be-
tween the hypertension group and the control 
group, but BSPWV did not. Secondly, in the 
boxplot of imaging attributes, the ESPWV of the 
hypertension group is much greater than that of 
the control group, but there is no significant 
change in BSPWV. Finally, in the feature im-
portance scores calculated by RF and XGBoost, 
the score of ESPWV is much greater than that of 
BSPWV. 
In the hypertension risk prediction model, based 
on three different feature selection methods, we 
had obtained three different LR prediction re-
sults. Among them, the LR model based on RF 
had the best prediction effect, followed by 
XGBoost, and finally by statistical analysis. How-
ever, for different data sets, the performance of 
feature selection methods will be different, so we 
should evaluate multiple feature selection meth-
ods and choose the most appropriate one. In ad-

dition, this paper selected five evaluation indica-
tors (accuracy, precision, sensitivity, specificity 
and AUC) of the two-classification model, which 
are suitable for the evaluation of most two-
classification problems. 
 
Limitations  
Generally, our study had two main limitations. 
Firstly, the size of our samples was small. Sec-
ondly, attributes with more than 15% missing 
data were removed and this may bring some bias. 
However, this study might provide guiding signif-
icances for clinical diagnosis. At first, we com-
pared the impact of different feature selection 
methods on the LR model, and significantly im-
proved the accuracy of the prediction. The model 
can be applied to reality. In addition, our feature 
selection method gave a ranking of the im-
portance of features, which can provide an im-
portant reference for doctors' diagnosis. 
 

Conclusion 
 
LR using RF as a feature selection method can 
provide more accurate results in predicting hy-
pertension compared with statistical analysis or 
XGBoost as a feature selection method. Besides, 
Duration, BMI, cIMT, SBP and ESPWV are five 
important features in hypertension prediction 
research. Among them, cIMT and ESPWV are 
two key imaging indicators. 
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