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Abstract
Purpose: Atherosclerosis (AS) is closely related to cardiovascular disease (CVD). Nowadays, many
scholars have conducted research on CVD, but the diagnosis of AS can only be diagnosed based on
traditional medical methods. Pulse wave velocity (PWV) can evaluate potential AS. As a new technology,
ultrafast pulse wave velocity (ufPWV) can accurately evaluate PWV. This research aims to screen out
relevant features through feature engineering methods and build a Weighted-Ensemble model based on
these features to predict AS, which can assist doctors in making more effective diagnosis of
atherosclerosis.

Methods: In this paper, the traditional statistical analysis method and Random forests (RF) are used to
ensemble selection characteristics. This paper improves the ensemble model and applies it to the
prediction of AS. Based on the idea of bagging, the base model of RF is changed, and all decision trees in
RF are replaced with prediction models with better generalization ability. In order to make full use of
models with high generalization ability, this study will also introduce a boosting strategy to weight each
base model to form a Weighted-Ensemble model with high generalization ability. The accuracy (ACC),
sensitivity (TPR), speci�city (TNR) and AUC are four evaluation criteria to evaluate the model.

Results: There are 37 features in the data set. Based on the statistical analysis of the data set, a total of
16 characteristics affect the diagnosis of AS. According to the importance of the features obtained by RF
model, the 10 most important features are used to construct a Weighted-Ensemble model. The results
show that the ACC, TPR, TNR and AUC of the Weighted-Ensemble model are 0.91, 0.93, 0.89 and 0.91
respectively. Compared with each model, the ACC, TPR and AUC of the Weighted-Ensemble model are
better than other models. The analysis shows that the Weighted-Ensemble model is superior to traditional
machine learning methods in distinguishing patients as normal or atherosclerosis.

Conclusions: The accuracy of the algorithm based on the Weighted-Ensemble model in predicting AS has
been con�rmed in this paper, which implicates that the Weighted-Ensemble model can be successfully
used in the atherosclerosis diagnosis and decision-making system. 

Introduction
According to reports recently published by Chinese Center for Cardiovascular Diseases, the number of
people suffering from cardiovascular disease (CAD) in China is about 330 million, of which 13 million are
cerebral stroke, 11 million are coronary heart disease, 8.9 million are heart failure, and 245 million are
hypertension [1]. As a heart and vascular disease, CVD is the leading cause of death worldwide [2].
Common diseases such as angina pectoris, myocardial infarction, hypertension, and cardiac insu�ciency
are multiple heart diseases. In most people's understanding, CVD occurs suddenly. However, CVD has
traces to follow before it occurs. The incidence rate of CVD is increasing year by year. The main cause is
AS. AS is one of the most serious chronic diseases, which will affect human health. It is the main
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pathological basis of ischemic cardiovascular and cerebrovascular diseases such as coronary heart
disease, cerebrovascular disease and thromboembolic disease [3].

Yi et al. [4] Found that smoking can lead to the prevalence of arteriosclerosis. In 1994, Vanderwal et al. [5]
showed that T-cells and mast cells at the site of plaque rupture produce many types of molecules-
in�ammatory cytokines, proteases, coagulation factors, free radicals, and vasoactive molecules, which
can make AS lesions unstable. In 1994, Moreno et al. [6] found that macrophages are markers of
unstable atherosclerotic plaque and may play an important role in the pathophysiology of acute coronary
syndrome. Studies by Hansson team [7] and Amento team [8] showed that the above reactions may lead
to plaque activation and rupture, thrombosis and ischemia. Zhu et al. [9] showed that compared with
healthy adults, cIMT in high-risk groups of AS was related to patient age and carotid artery. In addition,
cIMT was related to age. In other words, patients with AS are related to age. Ross et al. [10]
comprehensively described the development process of AS in literature and proposed that AS is an
in�ammatory disease. Literature [11, 12, 13] thought that C-reactive protein, the most iconic factor in the
process of in�ammation, is considered to be a highly sensitive detection index in the occurrence and
development of AS. Nofer et al. [14] pointed out that HDL3 can reduce the production of IP3, thereby
inhibiting thrombin, and then causing thrombosis. Literature [15, 16] showed that in�ammation can
oxidatively modify LDL, and the oxidized LDL further promotes the in�ammatory process of the arterial
intima. In addition to in�ammation, hypertension and infection are also important causes of AS.
Kranzhofer et al. [17] considered that angiotensin II in hypertensive patients will increase, and angiotensin
II will stimulate the growth of vascular smooth muscle, thereby forming AS. Kuvin and Kimmelstiel [18]
pointed out that infection can cause AS to form. Geisel et al. [19] found that compared with cIMT and ABI,
coronary artery calci�cation provides the best risk identi�cation, especially in the medium-risk group, IMT
thickening can re�ect the presence of early atherosclerosis. Ohkuma et al. [20] showed that Brachial-ankle
pulse wave velocity was signi�cantly associated with cardiovascular events and was independent of
traditional risk factors. Kawada et al. [21] used the plaque score (PS) to describe the severity of plaque
formation and found that PS can be used to assess the presence of advanced atherosclerosis. At the
same time, Kawada et al. found that metabolic syndrome is signi�cantly associated with carotid AS. Li et
al. [22] found that the PWV-BS and PWV-ES values of hypertensive patients were signi�cantly increased
in the study of Ultra-Fast imaging technology to determine the pulse wave velocity of hypertensive
patients and related in�uencing factors, which can be used as an index to evaluate the elastic function of
carotid artery. Bos et al. [23] found that the traditional cardiovascular risk factors are related to
intracranial carotid atherosclerosis by studying the prevalence and risk factors of intracranial carotid
atherosclerosis in the general population, but the distribution of risk factors is different between men and
women, and the risk of men is higher than that of women. Mirault et al. [24] found that ultrafast imaging
can evaluate the carotid pulse wave propagation velocity and its changes in the cardiac cycle. The
difference between the early and late pulse wave propagation velocity increases with age. Yang et al. [25]
found that age, body mass index and blood pressure were the main factors affecting ufPWV. Carew et al.
[26] found that antioxidant LDL antibody has pathogenic effect on aortic lesions when studying the role
of LDL in the process of atherosclerotic lesions.
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AS has a strong relationship with cholesterol content, so it can be judged by the content of total
cholesterol (TC), high-density lipoprotein cholesterol (HDL-C), and low-density lipoprotein cholesterol
(LDL-C) obtained by blood test [27]. The formed AS damage can be observed by the following features in
B-mode ultrasound images: the bulge of intimal medium; Total plaque area; Total plaque volume [28].
The degree of arterial stiffness is the physical property of the arterial vessel itself, so it can be measured
by the speed at which the pulse wave travels along the arterial vessel, that is, the pulse wave velocity. At
present, a large number of studies have con�rmed that PWV can accurately re�ect the degree of arterial
stiffness. Literature [29] studied more than 3000 people over 60 years old and concluded that there is a
statistically signi�cant and strong correlation between arterial stiffness and atherosclerosis. Therefore,
clinical measurement of arterial stiffness can be used as a means to detect AS. For patients with known
or unknown AS, the conventional methods are biochemical detection, image detection and physical
detection, but these methods are not only time-consuming and expensive, but also cause harm to
patients, which not only causes economic losses to patients, but also brings hidden dangers to patient's
health.

The research team of Vienna Medical University in Austria found that April protein can reduce
subendothelial lipid deposition and prevent the formation of AS [30]. Yusuf et al. [31] pointed out that
most patients with AS are obese. At the same time, smoking will aggravate AS, and people with too much
pressure are also easy to cause AS. Therefore, you can control the total calories of food, eat more foods
rich in vitamin C and plant protein, and do not overeat. Carry out sports appropriately and maintain a
positive and optimistic attitude towards life and work

Nowadays, for many diseases, many scholars not only use traditional and conventional medical
diagnosis methods, but also use machine learning methods for auxiliary diagnosis. Many scholars have
applied machine learning algorithm to predict other diseases closely related to atherosclerosis, and
achieved good research results.

In 2017, Xu et al. [32] used a logistic regression algorithm to detect 7360 CAD patients and non-CAD
patients. They found seven factors that are closely related to CAD: age, gender, Serum creatinine (Scr),
smoke, angina, diabetes, Low Density Lipoprotein (ldl). And gave its speci�c formula

  (1)
According to the sigmoid function, the patient's disease probability can be obtained. Xu et al. set the
probability threshold to 0.79. The speci�city of the model is 0.709 and the sensitivity is 0.658, but the
accuracy of the model is very low. Investigating the reason, the author only considered the linear
relationship between the target variable and each factor and did not consider its non-linear relationship.
In 2017, Tan et al. [33] used the CNN-LSTM model to detect 6120 CAD and 32000 non-CAD patients. They
used two layers of CNN (two layers of pooling layer, two layers of convolution layer) and three layers of
LSTM, and the last layer of full connection layer, a total of eight layers of cnn-lstm to extract signals from
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patient's ECG, then the extracted features are �tted. The sensitivity, speci�city and accuracy of the model
were 0.9985, 0.9984 and 0.9985 respectively. The generalization ability of the model is good, but it does
not reveal the relationship between features and target variable. In 2017, Acharya et al. [34] used CNN
model to �t 2-seconds segment ECG (model A) and 5-seconds segment ECG (model B) respectively. The
model consists of �ve convolution layers, �ve pooling layers and one full connection layer. The sensitivity
of model A is 0.9372, the speci�city is 0.9518, and the accuracy is 0.9495. The sensitivity of model B is
0.9113, the speci�city is 0.9588, and the accuracy is 0.9511. The model also fails to reveal the
relationship between features and target variable. In 2017, Lih et al. [35] used wavelet packet
decomposition to process the ECG of 12308 CAD patients and 3791 normal people and use K-Nearest
Neighbor classi�er to classify it. The sensitivity of the model is 0.9964, the speci�city is 0.9971, and the
accuracy is 0.9965. Olaniyi et al. [36] used KNN, DT, naive Bayesian WAC and BPNN to �t Cleveland
dataset at the same time, and the accuracy rates were 0.8567, 0.8435, 0.8231, 0.84 and 0.85 respectively.
Alizadehsani et al. [37] used SVM to perform CAD prediction on the new data set Z-Alizadeh Sani dataset
they extracted in 2016.The researchers used four different kernel functions to �t the model, and the model
with the highest accuracy used RBF core, its accuracy rate is 0.8185. In the next few years, scholars
successively built different classi�cation models to predict CAD based on the Z-Alizadeh Sani dataset.
Arabasadi et al. [38] fused GA and ANN models—GA-ANN. The sensitivity of this model is 0.97, the
speci�city is 0.92, and the accuracy is 0.9385. The sensitivity of only using the ANN model is 0.86, the
speci�city is 0.83, and the accuracy is 0.8462.

This paper aims to apply the improved ensemble learning algorithm to the diagnosis of AS. As far as we
know, this paper not only applies machine learning method to atherosclerosis detection, but also
proposes a new model that ensemble algorithm based on strong classi�er. This paper also improved the
proposed new model. In addition, we will compare the results of our model with the results of other
traditional machine learning methods, such as RF, eXtreme Gradient Boosting (XGboost) and Support
Vector machines (SVM). This paper uses AS data to propose a Weighted-Ensemble model based on
strong classi�ers. Firstly, according to the correlation analysis in statistics, �lter out the features in the
data set that have no in�uence on the target variable. Secondly, put the remaining features in the data set
into the RF, and screen out the important features according to the Gini index. Finally, we use the selected
important features to build our model, and use the �tted model to predict disease. The main innovations
and contributions of this paper are as follows. a) The improved machine learning method is applied to
the prediction of AS. b) Factors that have important effects on AS were screened from the data set. c) A
new model, Weighted-Ensemble model based on strong classi�er, is proposed. d) Compared with other
machine learning algorithms, our proposed model has higher quasi-prediction accuracy and better
generalization ability.

In fact, the results of selecting important features will reveal the relationship between AS and various
factors, and doctors and scientists can make more scienti�c decisions based on these results.

Materials And Methods
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Materials and data preprocessing
The data in this paper is a retrospective study conducted by the A�liated Hospital of Nanjing University
of Chinese Medicine from January 2016 to December 2017. 321 valid samples were selected, each with
37 features. After the pathological study of AS and the guidance of experts, 321 samples were divided
into 144 AS risk groups and 177 control groups. The classi�cation rules of AS risk group are as follows:
a) Experts evaluated the risk of hypertension, chronic kidney disease or cardiovascular and
cerebrovascular diseases according to relevant test indicators. b) It is considered that patients with
hyperlipidemia (HL) are at risk of AS. HL is de�ned as the increase of low-density lipoprotein (LDL) level
(mmol / L), total cholesterol (TC) level (mmol / L), or triglyceride (TG) level (mmol / L) [39].

The control group was mainly healthy people in the same period. Those who had abnormal hemoglobin,
those who had history of cardiovascular and cerebrovascular events, and those who had cancer, Diabetes
or autoimmune diseases were excluded.

The 37 features were gender, age, height, weight, body mass index (BMI), low density lipoprotein (LDL),
high density lipoprotein (HDL), triglyceride (TG), total cholesterol (TC), glucose (Glu), uric acid (Ua),
creatinine (Cre), Urea, systolic blood pressure (SBP), diastolic blood pressure (DBP), LCCA-SDV, LCCA-RI,
LICA-SDV, LICA-RI, RCCA-SDV, RCCA-RI, RICA-SDV, RICA-RI, LCCA-IMT, RCCA-IMT, LCCA-BS, LCCA -ES,
RCCA-BS, RCCA-ES, white blood cell count (WBC), red blood cell count (RBC), platelet (Pla), alanine
aminotransferase (GPT), aspartate aminotransferase (GOT), hemoglobin (Hb), smoking, drinking. Female
and male are represented by 0 and 1 respectively, 0 means no smoking or drinking, and 1 means smoking
or drinking.

This paper speci�cally analyzes the missing values of all features. There are 12 features with a missing
rate exceeding 40%, namely LCCA-RI, LICA-RI, RCCA-RI, RICA-RI, RICA-SDV, smoking history, drinking
history, RCCA-SDV, LICA-SDV, LCCA-SDV, SBP, DBP. For features with a missing rate of more than 40%,
these features are removed, and the missing rate of the remaining features is less than 20%. The
common processing methods of missing value �lling include statistical �lling (such as mean, median,
mode), multiple imputation, K nearest neighbor �lling, regression �lling and so on. Taking into account
the di�culty of operation, we use the mean-�lling method for continuous variables, and the mode-�lling
method for discrete variables.

Feature selection
In this paper, statistical analysis, RF and ensemble feature selection algorithms are used for feature
selection. this research starts with a correlation analysis. For continuous features, we express them as
meanstandard deviation, and independent sample t-test was used to compare the differences between
groups. Discrete features are expressed in counts and percentages, and the difference between groups is
compared by chi-square test. Take P = 0.005 as the inspection standard. There are 16 features with
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signi�cant differences. Then, the features with signi�cant differences are scored by RF model, and the
most important part is selected as the model training features.

Random forests model and Weighted-Ensemble model
The ensemble methods mainly include bagging and boosting [40]. RF is a typical representative of
bagging, and its base model is decision tree [41]. The characteristics of decision tree determine that RF
can not only achieve the purpose of regression, but also be used for classi�cation. RF will �rst generate
multiple sub training sets according to bootstrap sampling, and then each sub training set will train a
decision tree respectively. For the classi�cation problem, the RF uses the voting method, and the �nal
result is determined by the majority principle [42]. Figure 1 shows the RF model.

Each tree in the forest has relevant criteria when generating child nodes. When our goal is classi�cation,
the main classi�cation criteria are impulse based criteria, information gain and Gini index. When our goal
is regression, the main criterion is mean square error. This paper uses Gini index.

There are two main factors that affect the ensemble learning algorithm. On the one hand, determine
whether the base model of ensemble learning is independent. If the base models are highly correlated,
then the ensemble model and each base model will not have obvious predictive effects, even worse. This
result does not improve the effect of the model, and increases the complexity of the model. On the other
hand, the accuracy of each base model will also affect the accuracy of the ensemble learning algorithm.
If the accuracy of each base model is low, there is no doubt that the accuracy of the ensemble learning
model will be low. Because each base model of the traditional ensemble model is consistent (the same
model), based on the features of ensemble learning, this study improves the RF and proposes an
ensemble learning model based on strong classi�er. The base classi�er is no longer a single decision tree,
but some classi�ers with stronger generalization ability, such as RF, XGboost, SVM, KNN and ANN. Since
the base models are different, each base model is naturally independent of each other, which solves the
�rst factor that affects the effect of ensemble learning. Practice has shown that the above base model
has always had an ideal effect on the classi�cation effect, and the second factor that affects the effect
of ensemble learning is also solved.

Based on the strong classi�ers model, according to the idea of boosting, this paper give weight to the
base model, so that all the base models can be fully utilized, to improve the generalization ability of the
model, and �nally get a weighted ensemble model with better recognition ability for atherosclerotic
diseases. Figure 2 is the improved ensemble model. Figure 3 is the Weighted-Ensemble model. As shown
in Fig. 2, the decision tree in the RF is replaced with a model with better generalization ability. As shown in
Fig. 3, the original base model is multiplied by a weight, 

, ek is the error rate of the base
model.
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Statistical analysis
Firstly, this study divide the AS data set into two parts according to the ratio of 8:2. The former is used as
the training set of the model, and the latter is used as the test set of the model. Then, in the training stage,
the data of the training set will be used for the training of each base model. The base model adjusts the
model structure according to the goal of reducing the loss function. The data used for testing does not
participate in the adjustment of the model structure but is used to measure the generalization ability of
the model. Thus, the entire model building process can be summarized as: dividing the training set and
the test set, using the training set for training the model, and using the test set for the ability of the
created model to predict invisible data. It needs to be emphasized that we use the 10-fold cross validation
procedure to train the model. Although the cross-validation method will increase the training time of the
model, it can provide us with more data to use, so that the model can achieve better results.

To construct a Weighted-Ensemble model for predicting whether the samples in the atherosclerosis data
set are atherosclerotic patients, this research used PyCharm Community Edition 3.8. The computer
version information used for model training and prediction is intel@ Core i5 @ 1.6 GHz CPU and 4 GB
1600MHz DDR3. To make the model have better generalization ability so that it can well predict the
samples in the test, we use the grid search method to adjust the parameters of each base model. For
example, the parameters of the RF in the base model are criterion = 'Gini', max_ depth = 3, min_ samples_
split = 3, n_ estimators = 100.The speci�c parameters of all base models are shown in Table 1. Figure 4 is
the base model XGboost in the trained Weighted-Ensemble model.

Table 1
Base models and its parameters

Base
Models

parameters

XGboost base_score = 0.5, booster='gbtree', importance_type='gain', learning_rate = 0.01,
max_depth = 6, min_child_weight = 2, n_estimators = 300, subsample = 0.8

RF criterion='Gini’, max_depth = 3, min_samples_split = 3, n_estimators = 100

ANN activation='logistic', alpha = 1e-05, hidden_layer_sizes= (50, 50, 50)

KNN n_neighbors = 7

SVM kernel='rbf', C = 1, gamma = 0.001

Results

Features selection using statistical analysis
A total of 321 patients participated in the trial. Through statistical analysis, there are 16 characteristics
that are signi�cantly different. it can be seen from Table 2 that age, BMI, UA, CRE, urea, LCCA-ES and
RCCA-ES in AS risk group are signi�cantly higher than those in normal group, and HDL, RBC and Hb are
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signi�cantly lower than those in normal group. As can be warned by several indicators, For example,
when HDL and Ua are signi�cantly decreased, we have reason to suspect that the patient may have AS,
so we can conduct a more comprehensive examination.
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Table 2
Normal and AS t-test and chi-square test

Features Normal AS p-value

Gender      

male 71 75 0.032

female 106 69  

Age, years 50.0114.32 59.8413.30 < 0.001

Height, cm 165.297.44 166.067.47 0.366

Weight, kg 62.079.66 68.2611.80 < 0.001

BMI, kg/m2 22.662.79 24.683.57 < 0.001

LDL, mmol/l 2.550.56 2.460.81 0.261

HDL, mmol/l 1.480.38 1.190.34 < 0.001

TG, mmol/l 1.140.72 1.802.30 < 0.001

TC, mmol/l 4.720.87 4.662.08 0.695

Glu, mmol/l 5.060.87 5.811.88 < 0.001

Ua, umol/l 281.0887.45 361.97122.13 < 0.001

Cre, umol/l 67.3815.53 78.318.92 < 0.001

Urea, mmol/l 5.091.49 7.885.80 < 0.001

LCCA-BS, m/s 6.381.44 6.925.11 0.227

LCCA-ES, m/s 8.082.35 9.702.23 < 0.001

RCCA-BS, m/s 5.971.31 5.851.64 0.492

RCCA-ES, m/s 7.662.36 9.202.06 < 0.001

WBC, 10^9/l 5.951.58 6.692.24 0.002

RBC, 10^12/l 4.610.48 4.020.74 < 0.001

Pla, 10^9/l 202.2952.31 197.0569.06 0.461

GPT, u/l 23.9315.31 25.7519.41 0.370

GOT, u/l 23.2911.88 23.2715.95 0.985

Hb, g/l 138.3015.13 124.9220.96 < 0.001

LCCA-IMT, mm 0.050.01 0.070.04 < 0.001

RCCA-IMT, mm 0.050.01 0.060.05 0.003
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Features selection using RF
Using the RF model to select the features of the data set, we selected 10 features for model training,
which are RBC, BMI, CRE, Ua, HDL, RCCA-ES, Hb, Urea, Age and LCCA-ES. Figure 5 shows the importance
of each feature in the atherosclerosis model based on random forest diagnosis.

Features selection using ensemble feature selection
algorithms
According to the results in Table 2, the features are reprocessed, and the signi�cantly different features
are screened by using the random forest model. Figure 5 shows the results of the ensemble feature
selection algorithm.

Results and analysis of classi�cation algorithm
Table 3 shows the classi�cation results of different feature selection methods and models. It can be seen
from the table that the performance of the weighted-ensemble model is the best no matter which feature
is selected to train the model. The ACC, TPR, TNR and AUC of the weighted-ensemble model based on
statistical analysis feature selection on the test set are 86%, 86%, 86% and 0.86 respectively. The ACC,
TPR, TNR and AUC of the weighted-ensemble model based on RF feature selection on the test set are
88%, 83%, 92% and 0.87 respectively. The ACC, TPR, TNR and AUC of the weighted integration model
based on the Ensemble feature selection algorithms are 91%, 93%, 89% and 0.91 respectively.

The weighted-ensemble model based on Ensemble feature selection algorithms has the best
comprehensive performance in AS data set Compared with other models and other feature selection
methods, its ACC, TPR and AUC value are the highest, which shows that the weighted integrated model
based on integrated feature selection algorithm can effectively predict AS.
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Table 3
Error analysis

evaluation criteria

Features selection

ACC TPR TNR AUC

Statistical analysis Weighted-

Ensemble

0.86 0.86 0.86 0.86

XGboost 0.86 0.90 0.84 0.87

RF 0.85 0.83 0.86 0.85

ANN 0.82 0.83 0.81 0.82

KNN 0.79 0.72 0.84 0.78

SVM 0.76 0.76 0.76 0.76

RF Weighted-

Ensemble

0.88 0.83 0.92 0.87

XGboost 0.86 0.86 0.86 0.86

RF 0.85 0.79 0.92 0.86

ANN 0.82 0.76 0.86 0.81

KNN 0.79 0.66 0.95 0.80

SVM 0.76 0.66 0.84 0.75

Ensemble feature selection Weighted-

Ensemble

0.91 0.93 0.89 0.91

XGboost 0.85 0.79 0.89 0.84

RF 0.86 0.79 0.92 0.85

ANN 0.82 0.86 0.78 0.82

KNN 0.85 0.86 0.84 0.85

Discussion and future work
Pulse wave velocity can effectively evaluate potential atherosclerosis and is independent of traditional
risk factors. This study found that LCCA-ES, and RCCA-EShad signi�cant differences between high-risk
group and non high-risk group, while LCCA-BSand RCCA-BS had no signi�cant differences. In addition,
from the comparative observation of traditional atherosclerosis risk factors in this study, it can be seen
that there are signi�cant differences between CRE, Glu, Hb, HDL, RBC, TG, UA, urea and WBC, indicating
that these factors play an important role in the formation and development of atherosclerosis, but these
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factors have different characteristics in the mechanism of atherosclerosis. At the same time, age and
weight are also an important cause of AS.

It is generally believed that hypertension, diabetes, hyperlipidemia, and smoking are independent risk
factors for atherosclerosis. However, this study was conducted to analyze and study the data, because
the data collected during the collection process failed to collect these data, leading to the high rate of
data deletion and the inability to analyze all the potential pathogenic factors. In the future work, we will
focus on the collection of data in this regard.

In conclusion, the occurrence and development of atherosclerosis is not only related to traditional
cardiovascular risk factors, but also related to the conduction velocity of pulse wave. Clinically, people
with one or more cardiovascular risk factors can be ufPWV detected in order to �nd the lesions of early as
and intervene to reduce the occurrence of cardiovascular events.

This paper improved the RF, changed the decision tree in the RF to a classi�cation model with better
generalization ability. Besides, this study added a weight to each base model, which is determined by the
classi�cation error of the base model. The improved model is tested on the atherosclerosis dataset to
check its performance improvement. Four indicators are used to evaluate the performance of the model
in this research, namely accuracy, sensitivity, speci�city, and AUC value. The results show that proposed
method has better detection performance than other traditional classi�cation models in predicting
atherosclerosis. Speci�cally, using model proposed method to predict atherosclerosis can well predict
whether the patient has atherosclerosis only by providing some test data, which helps to eliminate the
high cost (there is no need for too many medical tests) and main side effects, To provide doctors and
experts with a reliable method to diagnose atherosclerosis.

In addition to traditional machine learning algorithms, deep learning, reinforcement learning, transfer
learning and other methods have also developed rapidly in recent years. In the future work, these methods
can be making some small changes, so that these models can be used to predict atherosclerosis, so as to
improve our prediction performance of atherosclerosis. Meanwhile, future research will continue to tune
the parameters in our model until we �nd better parameters. Finally, continue to conduct more in-depth
research on feature selection methods to �nd more representative features as our training features to
improve the performance of the model.
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Figure 1

RF model
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Figure 2

Ensemble learning model based on strong classi�er
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Figure 3

Weighted-Ensemble model
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Figure 4

XGboost
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Figure 5

Features selection using RF

Figure 6

Features selection using ensemble feature selection algorithms


