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Abstract 
Logistic regression model is the most commonly used statistical model for binary 
classification problems. In practical applications, high-dimensional data makes the 
model too large to have good explanatoryity, and variable selection has become one of 
the important problems of logistic regression models. Based on the diagnosis of 
coronary artery disease (CAD), this paper analyzes the application of Lasso, Adaptive 
lasso and Elastic Net to logistic regression models. Model variable selection was carried 
out through the AUC criterion, and the factors with greater influence on coronary artery 
disease and the appropriate penalty logistic regression model were selected. In the case 
of similar recalls, the adaptive Lasso algorithm diagnoses CAD better. 

Keywords 
Penal Logistic Regression Model; Variable Selection; CAD Diagnostics. 

1. Introduction 

Classification problems are widely studied problems, and the advantages of good interpretation 
make the logistic regression model the most commonly used statistical model in binary 
classification problems. Logistic regression models have been widely used in the fields of 
medicine, finance, and social psychology and achieved a series of good results. In the field of 
biomedical research, there are often dozens or hundreds of factors related to certain diseases, 
and it is of great significance to find factors that have a greater impact on diseases, which is of 
great significance for further biomedical research. 
In statistics, the screening of important factors is mainly through variable selection, of which 
there are two main methods of variable selection: subset selection method and coefficient 
compression method. Common subset selection methods are: 
(1) Exhaustive law. That is, the 2 covariate is fitted p(representing the number of covariates in 
the model), and then the optimal model is selected through some criteria, such as AIC criterion, 
BIC criterion, etc. This method can select the optimal model from all possible models, but the 
disadvantage is that when the number of covariates is large, it is necessary to estimate that the 
model will increase exponentially with the number of covariates, and the calculation cost is 
ptoo large.  
(2) Stepwise regression method. Basic Steps Starting with 1 covariate or p covariate, fit a series 
of regression equations sequentially, the latter of which is to add or remove an independent 
variable on top of the previous, and its addition or deletion of an independent variable can be 
measured by the increase or decrease of the sum of squares of the residuals. The method 
ultimately yields only one "optimal" model.  
The subset selection method is not a continuous selection process, so the stability is poor. A 
class of variable selection methods based on continuous coefficient compression has been 
valued by scholars, and the optimal solution is obtained by regularizing the objective function, 
minimizing structural risk, balancing model complexity and accuracy. This method is derived 
from the Ridge Regression [1] proposed by Hoerl and Kennard in 1970, which compresses the 
regression coefficients of the covariates by adding penalty terms, which is a continuous process. 
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Instead of directly removing a covariate, the regression coefficient is compressed, and ridge 
regression makes the model more stable and unbiased estimation, but it does not play the effect 
of variable selection, so when the number of features is large, the model interpretation is not 
good. Variable selection methods based on coefficient compression, such as Lasso and adaptive 
Lasso, have been proposed, providing a new research direction for variable selection.  
Coronary artery disease (CAD) is the most common cardiovascular disease. Timely diagnosis of 
CAD will be able to effectively control and treat the disease and reduce the risk of deterioration 
of the patient's condition. Currently, angiography is the most accurate method of CAD diagnosis. 
However, it has a lot of side effects and is expensive and not suitable for widespread use. If the 
risk of CAD can be predicted by collecting some key data from patients, the impact of unrelated 
features can be reduced, and side effects can be greatly reduced and cost, improve the 
economics of CAD diagnostics, with good applicability.  
This article attempts to apply Lasso, Adaptive lassoand Elastic Net to logistic regression models 
to build penal logistic regression models, selecting pairs CAD has significantly influencing 
factors, thus providing research directions for CAD-related research and providing concise and 
efficient predictive models for CAD diagnosis.  

2. Sources of Data 

2.1. Description of Data 
The data in this article is selected from the extention of Z-Alizadeh sani dataset Data Set dataset 
in the UCI(MachineLearning Repository) library[2,3], by Associate Professor of Cardiology Dr 
Zahra Alizadeh Saniand PhD student Roohallah Alizadehsani in November 2017 Contributed by 
Mohamad Roshanzamir.  The dataset contains records of 303 patients, each with 55 features. 
All features can be thought of as influencing factors for patient CAD. However, some of these 
have never been used in data mining-based CAD diagnostic methods. These functions fall into 
four categories: demographics, symptoms and examinations, electrocardiogram, and 
laboratory and echo functions. Characteristics of the Z-Alizadeh Sani dataset and their valid 
range. Each patient can be divided into two possible categories, CAD or Normal. If the patient's 
diameter narrows greater than or equal to 50%, it is classified as CAD, otherwise it is classified 
as "normal". 

2.2. Variable Description and Handling 
The demographic functions of the dataset mainly include Age, Weight, Length (height), Sex 
(gender), BMI (body mass index Kg/m2), DM (diabetes history), HTN (high blood pressure), etc. 
17 variables; Symptoms and examination functions include 14 variables such as BP (blood 
pressure mmHg), PR (pulse rate ppm), Edema (edema), Weak Peripheral Pulse (weak 
peripheral pulse), Lung rales (lung rales); ECG kinetic energy includes Q Wave, St Elevation (st 
elevation), St Depression, T inversion and other 7 variables; Laboratory and echo functions 
include 20 variables such as FBS (fasting blood glucose mg/dl), CR (creatinine mg/dl), TG 
(triglycerides mg/dl), LDL (low density lipoprotein mg/dl) , HDL (high density lipoprotein 
mg/dl), BUN (blood urea nitrogen mg/dl), etc.  
We preprocessed the data for data cleansing, setting the male in the dataset to 0 and female to 
1; and the corresponding symptoms to 1 and nosymptoms to 0 in the independent variable DM, 
etc Set N to 0 in the variable BBB, set to 1 for LBBB, and set to 2 for RBBB; set N in the variable 
VHD to 0 and mild to 1, Moderate is set to 2,severe is set to 3, due to LAD,LCX, and The three 
variables of RCA have a large correlation with the CAD diagnostic results, and we have excluded 
the three variables. So, after processing, we get a dataset of 303 sample sizes and 55 variables.  
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3. Penalized Logistic Regression Models 

In 1996, Tibshirani [4] proposed an important model selection method, Lasso(Least absolute 
shrinkage and selection operator), the idea of this approach is to add the L1 norm as a 
constraint. The Lasso penalty compresses the regression coefficients as well as ridge regression, 
but the difference is that the Lasso penalty can directly compress some of the coefficients to 0, 
which has the effect of variable selection, making the model good interpretability. The proposal 
of Lasso provides a new research direction for model selection and simplifies the complexity of 
the model. 
The Logistic regression model Lasso estimates to be: 
 

β(Lasso) 
 

= arg min − [Y (X β) − log(1 + exp (X β)] + λ‖β‖  

 
Although Lasso has a good and large variable selection function, Lasso is a biased estimate, and 
the bias does not disappear as the sample size n increases.  Zhao and Yu [5] confirm that Lasso 
is model-compatible only if the design array satisfies strong conditions, Lasso methods 
generally do not have Oracle properties, and the nature of Oracle here refers to: first, the 
coincidence of variable selection, that is, the real model is correctly selected with a probability 
of tending to 1; and second, the real non-zero part. The coefficients can be estimated as well as 
when the real model is known, i.e. the asymptotic variance is the same for both. Many 
statisticians have proposed improved methods for Lasso, such as Zou [6] proposing Adaptive 
lasso and demonstrating that the party p = o(n ), v < 1  is present. The law has an Oracle 
nature. Adaptive lasso takes a weighted penalty through the coefficients, that is, takes a smaller 
weight on the larger coefficients and a larger weight on the smaller coefficients, which can 
reduce the deviation of the coefficient estimate and achieve the sparse effect of Lasso. 
The Logistic regression model Adaptive lasso is estimated as Lasso Elastic Adaptive lasso Net: 

 
β(Adaptive lasso) 

 

= arg min − [Y (X β) − log(1 + exp (X β)] + λ w |β |  

 

Where, w = β  here we order the ridge regression estimate β for the Logistic regression 
model. It is not difficult to notice that if it is β small, it corresponds to very large, which is more 
w likely β (Adaptive lasso)to be compressed to 0. 
Elastic Net penalty [7] is a regression model that combines Lasso's L1 penalty with Ridge's L2 
penalty, L1 The penalty can compress the coefficients of some unimportant features to 0, thus 
achieving the effect of variable selection; L2 penalty can solve the multicollinearity problem 
that exists between features, and plays a role in balancing the sparseness and non-sparsity of 
the model. The lack of generalization ability and information loss caused by sparsity is reduced, 
and the poor interpretation and information redundancy of non-sparsity models are alleviated.  
The Logistic regression model Elastic Net estimates to be: 
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β(Elastic Net) 

= arg min − [Y (X β) − log(1 + exp (X β)] + λ(1 − α)‖β‖ + λα‖β‖  

 
Here 0 ≤ α ≤ 1  controls the balance of punishment L1  and L2  punishment. If α = 0 , the 
constraint L1becomes Lasso, and if, the constraint α = 1becomes  L2 Ridge. 

4. Analysis Results 

4.1. Describe Statistical Analysis 
The CAD diagnostic method data sample has a total of 303 observation samples, and a sample 
size of 0.7 is randomly sampled, and a total of 212 observation samples are trained as the 
training set to train the model to esti-mate the regression coefficients, and the remaining 91 
observation samples are the test set to test the model fit effect. In the dataset arguments, there 
are 21 continuous variables such as Age and Weight, including DM, HTN, etc 34 categorical 
variables.  
First observe the distribution of the dependent variable Cath, as shown in Figure 1 below: 
 

 
Figure 1. Distribution of the dependent variable Cath 

 
The dependent variable Cath is a binomial categorical variable, where the number of patients 
diagnosed with CAD is 1,the numberis 216, and the number of patients diagnosed with Normal 
is 87. It can be seen from the data volume of the dependent variable that the sample size of CAD 
diagnosis is sufficient, so it has sample size support for diagnosing whether the patient has CAD, 
and it can better estimate the regression parameters and filter the corresponding 
characteristics by a relatively large number of samples.  
Second, descriptive statistics are performed on the continuous variables in the dataset, and the 
analysis results cover the maximum, median, mean, and quantile. The results are shown in 
Table 1 below: 
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Table 1. Continuous independent variables describe statistics 
variable MIN Q1 Median Mean Q3 Max 

Age 30.0 51.0 58.0 58.9 66.0 86.0 
Weight 48.0 65.0 74.0 73.8 81.0 120.0 
Length 140.0 158.0 1655 164.0 171.0 188.0 

BMI 18.1 24.5 26.8 27.3 29.4 40.9 
BP 90.0 120.0 130.0 129.6 140.0 190.0 
PR 50.0 70.0 70.0 75.1 80.0 1100.0 

FBS 62.0 88.0 98.0 119.2 130.0 400.0 
CR 0.5 0.9 1.0 1.1 1.2 2.2 
TG 37.0 90.0 122.0 150.3 177.0 1050.0 

LDL 18.0 80.0 100.0 104.6 122.0 232.0 
HDL 15.9 33.5 39.0 40.2 45.5 111.0 

GOOD 6.0 13.0 16.0 17.5 20.0 52.0 
ESR 1.0 9.0 15.0 19.5 26.0 90.0 
HB 8.9 12.2 13.2 13.2 14.2 17.6 
K 3.0 3.9 4.2 4.2 4.5 6.6 

On 128.0 139.0 141.0 141.0 143.0 156.0 
WBC 3700.0 5800.0 7100.0 7562.0 8800.0 18000.0 

Lymph 7.0 26.0 32.0 32.4 39.0 60.0 
Neut 32.0 52.5 60.0 60.2 67.0 89.0 
PLT 25.0 183.5 210.0 221.5 250.0 742.0 

IF. TTE 15.0 45.0 50.0 47.2 55.0 60.0 
 

From Table 1, we can see that the age distribution in the data is more concentrated, ranging 
from 30 to 86 years old, and most of the samples are between 51 and 66 years old, which is in 
the middle age period and is in the multiple disease period. In the continuous variables PR 
(pulse rate), FBS(fasting blood glucose), TG(triglycerides), HDL(high-density lipoprotein), 
ESR(erythrocyte sedimentation rate) Variablessuch as WBC(white blood cells), 
Lymph(lymphocytes), Neut(neutrophils), and PLT(platelets) fluctuate widely. The fluctuation 
range of the remaining continuous variables BMI (body mass index), BP(blood pressure), etc. 
is relatively small.  

4.2. Analysis of Penalized Logistic Regression Model Results 
In this paper, the variables selection and parameter estimation of cadaver diagnostic method 
diagnostic methods are obtained by comparing the three algorithms of Lasso, adaptive Lasso 
and elastic network. We use Lasso, adaptive Lasso and elastic network algorithms to select 
variables in turn through the AUC criterion [8,9], and we can get a variable selection graph: 
 

 
Figure 2. Lasso algorithm variable selection 



Volume 3 Issue 2, 2022 

DOI: 10.6981/FEM.202202_3(2).0016 

129 

Frontiers in Economics and Management 

ISSN: 2692-7608 

 

 
Figure 3. Adaptive Lasso algorithm variable selection 

 

 
Figure 4. Elastic Network Algorithm Variable Selection 

 
Among them, there are 7 variable selections for the Lasso algorithm. They are: nonanginal (non-
chest pain), Age, DM (history of diabetes), and Region RWMA(Regional wall movement 
abnormalities), T inversion, HTN(hypertension) and Typical Chest pain(Typical chest pain). 
The adaptive Lasso algorithm has 8 variable selections. They are: nonanginal (non-chest pain), 
Atypical, Age, DM (history of diabetes), Region RWMA(Area Wall Movement Abnormalities), T 
inversion(T Inversion), HTN(Hypertension), and Typical Chest pain. 
There are 7 variable choices for the elastic network algorithm. They are:nonanginal(non-chest 
pain), Age, DM(history of diabetes), Region RWMA(region Wall movement abnormalities), T 
inversion, HTN(hypertension), and Typical Chest pain(typical chest pain). 
Comparison of the model estimation effects of the three algorithms, as shown in Table 2: 
 

Table 2. Comparison of simulation effects of three algorithms 
index Lasso Adaptive Lasso Elastic network 

accuracy 0.7667 0.9000 0.7333 
Recall_sensitivity 0.9500 0.9333 0.9500 

precision 0.7600 0.9180 0.7308 
specificity 0.4000 0.8333 0.3000 
neg_rate 0.1667 0.3222 0.1333 
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From Table 2, it can be seen that the lasso algorithm and the elastic network algorithm are 
about the same accuracy, between 0.7-0.8, the adaptive Lasso algorithm has a higher accuracy 
of 0.9; and the recall index, The Lasso algorithm and the elastic network algorithm are higher, 
both 0.95, while the adaptive Lasso algorithm has the lowest recall rate of 0.9333; interms of 
accuracy, the adaptive Lasso algorithm has the lowest of the three The algorithm is the highest, 
at 0.9280; in the last two indicators, the adaptive Lasso algorithm takes a larger value.  

5. Conclusion 

In the CAD diagnostic dataset, a total of 55 independent variables are used by the Lasso 
algorithm, the adaptive Lasso algorithm, and the elastic networking algorithm. We can estimate 
the parameters and make variable selections. In terms of variable selection, the number of 
choices of Lasso algorithm and elastic network algorithm is 7, namely nonanginal, Age, DM, and 
Region RWMA, T inversion, HTN and Typical Chest pain. The adaptive Lasso algorithm has 8 
variable selections, 7 variables are the same as the above two methods, and the most variable 
is Atypical. In the comparison of effects, we can know that the recall rates of the three 
algorithms are almost the same. The other four indicators of the adaptive Lasso algorithm are 
higher than the other two algorithms. Therefore, in CAD diagnostics, better predictions can be 
obtained by selecting a logistic regression model based on adaptive Lasso. 
Therefore, in the medical field, the collected medical data should be preprocessed first, and the 
qualitative data will be converted into quantitative indicators. Through data cleaning, the 
validity of the data can be improved. When there are many data features, a regular term is 
considered in the model to reduce the proportion of irrelevant variables by compressing the 
coefficient, so as to select variables, reduce the complexity of the model and improve the 
efficiency of the model. It is convenient to screen out important features and greatly simplify 
the difficulty of medical research. 
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