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Abstract
COVID-19 pandemic is presenting a great need for understanding the symptoms of 

people affected by the disease. The main objective of this work is implementation of CART 
methodology to determine the symptoms associated with COVID-19 disease. The decision 
tree demonstrates the classification route for detecting significant risk factors of COVID-19. 
The findings in this work will be helpful for medical decision makers and public health to 
prevent the spread of COVID-19.
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I.  Introduction

Classification and Regression Trees (CART) assumes the independent 
samples to compute classification rules. It is used to explain a continuous or 
categorical dependent variable in terms of multiple independent variables. 
Decision tree are widely used in machine learning for classification and 
regression problems. Data is repeatedly partitioned into multiple sub-
spaces by decision tree models in order to provide homogeneous outcomes 
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as possible in each final sub-space. Recursive partitioning is a technical 
term for this method [12]. CART analysis has become a useful tool in the 
analysis of public health data. Lemon, et al. [15] described the overview of 
CART analysis which estimated the percentage of the dependent variable 
among the strata and the logistic regression analysis. Marshall [19] has 
used the applications of classification trees in clinical epidemiology.

To forecast the risk of essential hypertension, Ture, et al. [28] evaluated 
the performance of classification techniques. Furthermore, they compared 
several statistical algorithms, decision trees and neural networks also. In 
a three-way analysis of smoker’s data, Razi and Athappilly [23] compared 
nonlinear regression, NNs and CART models in order to assess prediction 
accuracy. Their results showed that NNs and CART models provided more 
accurate predictions than non-linear regression models. Nishida et al. [21] 
analyzed the periodontitis risk factors of personal risk with the poor lifestyle 
by using the CART method and multiple logistic regression analysis. For 
periodontitis, smoking and obesity are the independent risk indicators.  
Bel, et al. [2] presented some adaptations to the CART algorithm which 
is useful when the sampling pattern was irregular in the presence of 
clusters. They tested with two methods simultaneous and classical dataset 
and also highlighted their advantages and drawbacks. Chen et al. [6] have 
studied the data mining techniques to explore the risk factors of parenting 
stress in SPSS. The results of this work will be helpful to parents to prevent 
and reduce their stress. Chen, et al. [5] conducted a study based on 
nested case control design by using datamining techniques with Neural 
Network and decision tree to explore the risk factors of preterm. They 
provided the information for pregnant women to prevent the incidence 
of preterm. Mahmood et al. [18] have proposed methods for decision tree 
generation with accuracy. They also performed a comparative experiment 
with various real world data sets. The results showed the suitability and 
variability in knowledge discovery for moderate and large data sets. 

Through the computerized analysis of children assessment data 
using Artificial Neural Networks (ANNs) and CART techniques,  
Yeh, et al. [30] have developed an intelligence model for early classification 
of real problems. De Nicola et al. [8] in classification and regression 
trees for getting the quality results they have used data envelopment 
analysis and also corrected the bias variables which is affecting health 
efficiency. Kuhn et al. [14] have discussed CART model for interaction 
between health-related variables in nursing research. Alizadehsani, 
et al. [1] have applied the several algorithms and measured the 
performance of each algorithm with data mining methods. Morgan [20] 
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implemented the CART method in R and SAS package and discussed 
about bagging and boosting variation method. Gass, et al. [9] used 
the modified CART approach for the air pollution problem which 
is useful for understanding of complex multipollutant exposures. 
Loh,[17] reviewed classification algorithms and unbiased approaches 
with various useful applications. Hayes et al. [11] applied the CART and 
Random Forest methods for handling the missing data with Complete 
Case Analysis and Multiple Imputation. They suggested that bias and 
efficiency results from the cart analysis performed better than other 
methods. 

Kong, et al. [13] have applied decision tree analysis for mortality 
prediction and they have evaluated the association between in-hospital 
mortality. Speiser, et al. [27] CART methodology gives the better 
performance in predicting in-hospital mortality. Zimmerman, et al. [32] 
estimated the probabilities for influenza with classification and regression 
trees model. And also performed the sensitivity analysis, multivariable 
regression analysis to identify the influenza among outpatients. Schilling, 
et al. [25] studied the patterns of primary prevention of cardiovascular 
disease with CART analysis. The receiver operating characteristics curves 
and optimized via pruning was used for performance evaluation. Several 
weight loss predictive models are discussed in Cheng et al. [7] study 
using incremental data with improved ROC curves. For radiation therapy 
patients with head and neck cancer, they examined the feasibility of CART 
prediction models for weight loss. Pergialiotis, et al. [22] investigated the 
diagnostic accuracy for predicting cancer in women with vaginal bleeding 
and the results were compared with Logistic Regression, ANN and CART 
Model. CART model finds the best optimum maximum depth of the tree 
based on the error analysis Ghiasi, et al. [10]. They have studied CART 
algorithm to evaluating the performance of graphical classifier method 
for the diagnosis of CAD. Zheng, et al. [31] used the Classification and 
Regression tree (CART) analysis to detect the potential risk factors 
associated to IFI, which is very useful for identifying the individuals 
who may be at high risk of dehydration in optimization of intervention 
programs. Rucci, et al. [24] discussed the CART and generalized linear 
model to stratify the diabetes patients into homogenous groups based 
on demographic and clinical characteristics. The prediction of COVID-19 
transmission in real-time is crucial. Using time series data collected 
between January 22, 2020 and April 25, 2020 worldwide. Singh et al. [26] 
predicted the COVID-19 in terms of confirmed cases, deceased cases and 
recovered cases. Identification, deceased cases and recovery cases were 
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explored using SVM. For COVID-19 data in India, Bhatnagar et al. [3] 
have performed descriptive statistical analyses. Different attributes are 
analyzed, such as age, gender, travel history and communication method. 
Patient transmission type and gender were significantly correlated. Tyasi, 
et al. [29] discussed the regression tree methods for prediction body 
weight and also predictive performances was measured by CART, CHAID 
and exhaustive CHAID algorithms. They found that CART was the best 
decision tree algorithm which gives the high predictive accuracy. As 
we known, very few studies used machine learning methods to explore 
factors of health problems. The purpose of this work is to implementation 
of CART methodology to determine the symptoms associated with Covid 
-19 disease.

II.  Methodology

Using the hierarchical representation of the branches, a decision tree 
selects branching variables and methods according to the target setting. 
In order to explore or predict data, it is possible to prune decision tree 
models based on extracted classification rules. Furthermore, a hierarchical 
relationship can be discovered between the target variable and other 
variable. As part of attribute distribution, the decision tree predicts target 
variables and identifies root nodes to verify and trim data. A decision tree 
represents a test result in accordance with decision tree rules and methods. 
Leaf nodes display the distribution of target variables. It is possible to 
calculate the paths from a root node to a leaf node using a decision tree rule. 
By identifying a tree structure, decision trees can determine the attributes 
of target variable distributions that are highly influential. Classifying data 
can be accomplished through the selection of variables and the use of a 
hierarchical structure to identify the target and prediction model.

CART Algorithm:

Breiman et al. [4] proposed the CART method, which uses a binary 
segmentation approach. To distinguish the splitting condition, the Gini 
index is used. The data is split into two parts by each splitting method. 
Subset is then further divided to find the test attribute and also the 
splitting procedure is repeated when there is no further splitting possible. 
Pruning occurs after the CART algorithm has been learned with the 
overall error rate. The most efficient classification gives the smallest tree. 
The CART algorithm can be applied to a target variable that represents 
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both continuous and categorical data. A regression tree used for the 
continuous target variable and classification tree used for the categorical 
target variable. For each node, the CART algorithm chooses a dynamic 
threshold value. A binary decision tree is created by dividing the data at 
each node using a single input variable function. In order to estimate the 
risk factors, the Gini index is used. A significant number of risk factors 
indicates the presence of numerous categories in the data. Assume that 
there are n samples in the data set G. Pj represents the relative probability 
from j show up in G.
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Suppose that data set G split as two subsets G1 and G2 on A, where 
n1 and n2 denotes the number of data in G1 and G2. Also, n = n1 + n2.
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Gini index’s are designed to determine which categories in the 
data have the greatest number of instances compared to other categories 
at different nodes. Low Gini values indicate an inconsistent category 
distribution in the sample. It reveals that in subset formed by the splitting 
point, category purity and capacity to compare among different categories 
both increases (Lin and Fan [16]).

III.  Results and Discussions

The data classifies the patients on the bases of whether or not the patient 
has a symptom associated to COVID-19 disease. The data is obtained from 
a report published by WHO in June 2020. The collected data comprises the 
information of 21 risk factors associated to COVID-19 disease. This data 
consists of 5434 patients and classifies whether or not the patient has the 
symptom and classifies the person with or without COVID-19 by yes or 
no. There are 21 independent parameters. The independent parameters 
included were fever, contact with Covid patient, breathing problem, sore 
throat, dry cough, running nose, heart disease, lung disease, headache, 
diabetes, hyper tension, gastrointestinal, asthma, fatigue, wearing masks, 
visited public exposed places, abroad travel, attended large gathering, 
exposure to public places and others. Categorical binary variables were 
converted to numeric before entering into the model.



322� V. DENESHKUMAR, R. JEBITHA AND G. JITHU

Dataset Splitting

For the purpose of developing CART, the COVID-19 dataset is divided 
training and testing data. The model is trained on 80% of the data, while it 
is tested on 20%. The structure of the CART algorithm depends upon the 
errors of the training samples.

Logistic Regression Model for Diagnosis of Covid -19

In a situation in which the dependent variable is dichotomous, 
binary logistic regression is appropriate. Our data contains COVID-19 
as the dependent variable and COVID-19 symptoms as the independent 
variables the binary logistic regression model is fitted and the results are 
summarized in the Table 1. 

The estimates of the model coefficients, their standard errors (SEs), 
Wald statistic, odds ratio and its associated significant p-values are 
presented in Table 1. The significant p-value computed with respect to 
the Wald test statistic for each predictor in presented in Table. It is obvious 
that there is a significant relationship between the variables dry cough, 
fever, running nose, breathing problem, sore throat, hypertension, asthma 

Table 1
Coefficients of the logistic regression model 

B S.E Wald df p-value Odds 
Ratio

95% C.I for 
Odds ratio

Lower Upper
Breathing 
Problem 2.386 0.113 443.556 1 0.000 10.865 8.702 13.566 

Fever 1.717 0.121 200.713 1 0.000 5.565 4.389 7.057
Dry Cough 2.750 0.122 504.445 1 0.000 15.650 12.310 19.896
Sore throat 1.966 0.109 323.280 1 0.000 7.140 5.763 8.846
Running Nose -0.218 0.105 4.311 1 0.308 0.804 0.654 0.988
Asthma -0.002 0.105 0.000 1 0.005 0.998 0..812 1.226
Lung Disease 0.074 0.105 0.499 1 0.023 1.077 0.876 1.324
Headache 0.011 0.106 0.012 1 0.914 1.012 0.822 1.245
Heart Disease 0.092 0.105 0.778 1 0.378 1.097 0.893 1.346
Diabetes 0.137 0.104 1.723 1 0.010 1.147 0.935 1.407
Hyper Tension 0.539 0.108 25.155 1 0.000 1.715 1.389 2.118
Constant -4.380 0.217 408.362 1 0.000 0.013
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and lung disease. However, variables heart disease, running nose and 
headache not as statistically significant as the values are larger than 0.05. 
Therefore, it can be inferred as the overall model is significant. While all 
the other symptoms are statistically significant at 95% confidence interval. 
Hence, the sample information provides larger evidence for rejecting H0. 
Therefore, it can be inferred as the fitted model has overall significant. The 
value of the Hosmer-Lemeshow test statistic is 353.673 with significant 
p-value of 0.519. Therefore, the study model was quite a good fit. The 
classification table explains 92.3% of the patients who had the symptoms 
where correctly predicted to have the disease of the patients with specificity 
of 98.0% and sensitivity of 68.4%.

Classification and Regression Tree for Diagnosis of COVID-19

A classification and regression tree (CART) is a predictive model that 
demonstrates how the values of an outcome variable can be predicted 
based on the values of other variables. The CART output includes an 
output predictor variable for every fork and an outcome prediction node 
for each end node. In this case, the outcome variable is whether the subject 
has COVID-19 or not and the predictor variables are various symptoms of 
COVID-19.

First a tree is constructed using all the variables without any control 
over the depth and the number of nodes the tree obtained is a very complex 
tree and is very hard to interpret. Then the above data split into two parts 
as a training set and a testing set and it is split in such a way that the 
testing part contains 70% of the data and training part contains 30% of the 

Figure 1
Accuracy for training and testing data
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data. Cost complexity pruning can simplify the whole process of finding 
a smaller tree that improves the accuracy and also reduce the complexity 
of the tree. First, we construct the accuracy vs alpha graph to check the 
accuracy values of testing and training data.

From the Figure 1 shows that the accuracy of testing and training data 
set is almost similar throughout the graph. In Figure 2, the alpha values 
are between 0.001 and 0.002, the tree has very high accuracy value around 
97.43% and the corresponding alpha value is 0.001002 which is perfectly 
pruned tree with a very high accuracy and less complexity. 

Figure 2
Mean accuracy

Figure 3
Classification and regression tree for risk factors of Covid- 19
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The final pruned tree only took four predictor variables (sore throat, 
breathing problem, fever, dry cough) in constructing the tree indicating 
these are the most commonly associated symptoms of a COVID-19 
positive patients. In Figure 3, the blue colored nodes indicate that the 
portionis corona positive and the orange shades indicate that the portionis 
COVID-19 negative. 

In the primary split, the predictor variable Sore throat is used for 
the primary split and total of 4075 samples were considered and 3287 of 
them where positive and the split has a Gini index of 0.312. Secondary 
split consists of 2 nodes both of them are internal nodes leading to other 
variables node 2 has breathing as the variable with Gini index value of 
around 0.5 a total of 1115 samples were considered of which 569 were 
classified as negative and 546 where classified as positive. The node 3 has 
dry cough as the predictor variable with a Gini index value of 0.137, a total 
of 2960 samples were considered 2741 of them where positively identified. 
The third split gives rise to four nodes three of them are internal node and 
on leaf node. 

Node 4 and node 5 arises as a result of splitting node number 
2. Node 4 has again dry cough as the predictor variable with a gini 
index value of 0.37 and a total of 629 samples were considered where 
154 where only identified as positives. Node 5 arises as the leaf node 
of node 2 with a gini index value of 0.5. Node 6 and node 7 arises as 
a internal node of node number 3. Node 6 has breathing problem as a 
predictor variable, a gini index of 0.39, a sample of 464 was considered 
among which 341 were identified as positives. Node 7 has fever as the 
predictor variable a sample of 2496 where considered among which 
2400 were positively identified and the node has gini index of 	 0 . 0 7 4 .  
The fourth split has 6 nodes among which only 2 are internal nodes and 
the rest of them are terminal nodes. Node 4 gives rise to node 8 and node 
9, node 6 gives rise to node 10 and node11, node 7 gives rise to node 12 and 
node 13. Node 8 is a terminal node of node 6 with a gini index of 0.006. 
Node 9 has fever as the predictor variable with a gini index of 0.5, a total of 
313 samples were considered and 153 of them were identified as positives. 
Node 10 is again a terminal node of node 6 with a gini index of 0.227. 
Node 11 is again a terminal node of node 6 with a gini value of 0.204. Node 
12 is internal node of node 7 it has breathing as the predictor variable and 
a gini index of 0.299, total of 371 samples were considered in the node of 
which 303 were determined positive. Node 13 is a terminal node of node 7 
with a gini index of 0.026. Finally, the fifth split has 4 nodes 4 of them are 
terminal nodes. Nodes 14 and 15 are terminal nodes of node 9 with a gini 
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index of 0.196 and 0.405 respectively. Nodes 16 and 17 are terminal nodes 
of node 12 with gini index values of 0.274 and 0.13 respectively.

The feature importance Figure 4 shows which symptom has the high 
risk for affecting COVID-19 disease and which symptom has the low risk 
of getting affected by COVID-19 disease. From the future importance 
breathing problem, heart disease, fever, dry cough, abroad travel, contact 
with Covid patient, sore throat, large gathering, hyper tension, working 
in public exposed places have high risk of getting affected by COVID-19 
disease.

IV.  Conclusion

In this work, the CART methodology was used for identifying and 
estimating the risk factors of Covid -19 disease. Additionally, it can be 
used for monitoring and evaluating COVID-19 disorders, as well as for 
preventing and controlling them. Decision tree shows the classification 
route for detecting the significant risk factors of Covid -19 disease. The 
high accuracy was obtained from the CART Model with a classification 
rate of 97% when it was evaluated against the test set. The findings in 
this study are helpful for medical decision makers and social workers to 
prevent and reduce their risk of affecting corona virus.
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