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ARTICLEINFO ABSTRACT

Introduction:

COVID-19 has placed immense burdens on healthcare systems and medical
staff. To avoid spread, the statistician’s role and the use of appropriate
. . predictive models -prediction of survivors versus non-survivors- is highly
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Materials and Methods:

Key u.iqrds: The Conditional Inference Tree (CIT) model was used. Data from 59,564
Conditional Inference hospitalized individuals with positive polymerase chain reaction (PCR) test
Tr.ee', COVID.-19, Data results were collected from February 20, 2020, to September 12, 2021, in the
M1n1r1.g, Dec151qn Trees, Khorasan Razavi province, Iran.

Machine Learning.

Results:

The sensitivity and specificity of the model were 88.7% and 88.1%,
respectively, the accuracy was 88.2%, and the area under the curve (AUC) was
73.0% on test data. Therefore, the model had considerable accuracy in
prediction. The potential predictors involved in predicting survivors versus
non-survivors were intubation, age, PO2 level, decreased consciousness level,
presence of distress, anorexia, drug use, and kidney diseases.

Conclusion:

According to the findings, the CIT model showed high accuracy by avoiding
overfitting and selection bias toward selecting predictors. Thus, the results of
this study and the efforts of healthcare systems to stop the spread of this
pandemic prove helpful.
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Introduction

The unprecedented outbreak of the novel
coronavirus, SARS-CoV-2, which epi-
centered in the Hubei Province of the
People’s Republic of China, has ever since
spread to numerous countries worldwide,
making it a pandemic, as declared by the
World Health Organization (WHO) (1,2).
The WHO has announced that the disease
will persist long (3).

The first defined cases of coronavirus
disease 2019 (COVID-19) in Iran were
announced on the 19t of February, 2021.
After a short period, COVID-19 spread
widely to all other provinces in Iran (4). Most
infected individuals present with mild
symptoms, whereas others may require a
ventilator; or die quickly. Many infections of
COVID-19 are asymptomatic, but the
infected individual can still transmit the
virus to others. It makes it difficult to
accurately diagnose the disease based on
clinical symptoms alone (5). COVID-19
causes respiratory diseases with many
symptoms, including but not limited to cold
symptoms, upper or lower respiratory tract
symptoms, cough, fever, shortness of breath,
muscular pain, and even death (6). The
mortality rate in the elderly and high-risk
groups, including individuals  with
cardiovascular disease, diabetes, chronic
respiratory disease, and hypertension
(HTN), is significantly higher than in healthy
individuals (7).

Despite various interventions to manage
the pandemic, the disease continues to
spread and cause death in many people (8).
Early diagnosis is critical. Recent studies
suggest that delays in the diagnosis of
COVID-19 may delay treatment and even
lead to death (6).

It is high infectivity places immense
burdens on healthcare systems and medical
staff. To avoid the spread, the statistician’s
role and the use of appropriate predictive
models -prediction of survivors versus non-
survivors- can be very useful.

Nowadays, machine learning techniques
have been applied to disease diagnosis and
have yielded successful results (9). Machine
learning is a subarea of artificial intelligence
in computer science, and the main goal is to
perform pattern detection in databases
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(6,10-12). On the other hand, Tree-based
models in machine learning have been used
to diagnose problems and for prediction (3).

A Decision Tree (DT) uses IF-THEN rules to
interpret results. For this reason, it is one of
the most popular classification methods.
Using the hierarchical structure in the DT,
interpreting the concepts is understandable
and easy for humans. Many studies have
used the DT to analyze COVID-19 data. Two
studies showed that the DT and Naive Bayes
methods performed better than other
methods in determining COVID-19 in
the patients based on their symptoms (13).
Another study worked on the prediction of
diagnosis and prognosis of COVID-19 using
DT (14). Van Pelt et al. considered five
strategies and analyzed data with COVID-19;
one was classifying students with symptoms
as having COVID-19 (15). To classify the
symptoms, Rochmawati et al. used J48 and
Hoeffding Tree (16). One study proposed
clinical indicators for efficient screening and
testing for COVID-19 infection by
Classification and regression trees (CART)
(17). In our research process, we found
studies by Mesenburg et al. (18) and
Venturini et al. (12). Mesenburg et al. just
used the CIT model based on a limited
number of variables, including sex, age, skin
color/ethnicity, and being Indigenous on
18,000 instances. Venturini et al. compared
a traditional decision trees model and the
CIT model, and their results showed that the
CIT model seems robust enough to derive a
predictive model on COVID-19 data.

To the best of our knowledge, most
conducted research and studies did not
focus on Conditional Inference Trees (CIT).
The CART model is susceptible to overfitting
and selection bias toward selecting inputs or
predictors. The CIT model has been
proposed to solve these problems (19-22).
Revealing potential predictors of a diagnosis
of death is essential. Therefore, in the
current study, we were interested in
identifying the potential pathological,
clinical, and symptomatic characteristics
which can predict death among COVID-19
patients with positive PCR results and
studying the importance of identified
potential characteristics using the CIT model
on a large population.
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Materials and Methods

Data were collected from questionnaires
between February 20, 2020, and September
12, 2021. Necessary data and information of
subjects were extracted from questionnaires
filled out by the nurses and registered in
Medical Care Monitoring Center (MCMC)
database. In this study, all subjects referred to
the hospital with symptoms of COVID-19 and,
according to the doctor's diagnosis and the
patient's condition, needed hospitalization
were included. Due to the presence of the holy
shrine of Imam Reza, there are many pilgrims
in Khorasan Razavi from almost all Iranian
cities, as well as some regional Muslim
countries. The data cleaning process was
done before performing analyses. All
individuals were tested by PCR method. A
comprehensive review of the data was done.
After cleaning the inaccurate, irrelevant, and
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incomplete data, a dataset with 33 variables
and 59,564 instances that had positive PCR
test results remained. The registered
variables include age, sex, presence of fever,
cough, muscular pain, respiratory distress,
decreased consciousness, decreased sense of
smell, decreased sense of taste, convulsions,
headache, confusion, chest pain, skin
inflammation, stomachache, nausea, vomit,
diarrhea, anorexia, smoking status, drug use,
intubation, cancer, liver diseases, diabetes,
blood diseases, Immunodeficiency, heart
disease, kidney diseases, asthma,
neurological disorders diseases,
hypertension, partial pressure of oxygen
(PO2). The dependent variable is a
dichotomous variable with Survivor and non-
survivor levels. Fever was defined as a
temperature > 37°C. The location of the study
area is depicted in Figure 1.

.....

........

South Khorasan

Figure 1: Location of the Khorasan-Razavi province and its cities in Iran.

Data processing, calculations, and analysis
were performed using R statistical software
version 4.1.1. The DT model is built on
training data in the group with positive PCR
test results (PCR+ group). The association
between outcomes and predictors was
assessed in the first step. The Kolmogorov-
Smirnov test was used t check the normality
assumption of age. Chi-square tests were
used to study the association between two
qualitative variables. A P-valueof <0.05
indicated a statistically significant difference.

Tree-based models are used in machine
learning for classification and regression
problems, and they use decision trees thatare
a framework for creating trees with a series
of if-then rules (23). These rules are applied
to represent the roles of the different input
variables in predicting the target variable.
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The predictions are usually generated from
one or more recursive decision trees (23).

In machine learning, tree-based models are
very popular models. They have some
advantages, such as (I) their interpretation
and understanding are simple, (II) they
handle both categorical and continuous
variables as a target, and (III) they have good
performance for large data (19).

CART models are a popular type of recursive
partitioning method. Despite the widespread
use and advantages of the tree-based model,
they have some drawbacks. These include: (I)
overfitting is common in decision tree
models, including CART models, and this
leads to poor predictions, and (II) with
changes in the data, the results will not be
stable (19,23). Thus, the CART model is
susceptible to overfitting and selection bias
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toward selecting inputs or predictors. As a
solution to these problems, the CIT model has
been used (19-22). Hothorn et al. (2006) have
previously described the CIT model in detail
in reference (24).

CITs are a useful tool for understanding and
predicting. For this reason, CITs are more
appropriate for diagnostic purposes than
specific recursive splitting procedures
implemented in CART models. To
communicate to practitioners, the resulting
tree models are easier. Generally, due to the
previously mentioned useful characteristics,
CITs were chosen as the modelling tool for
analyzing health conditions (20). After
modeling, the confusion matrix and the
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relevant extracted indices assessed the
model’s accuracy, such as Sensitivity,
Specificity, the Area Under the Curve (AUC),
and the Receiver Operating Characteristics
(ROC) curve.

Results

During the pre-processing phase, cleaning,
recoding, and selecting inputs with valid
values were performed. The data comprised
29,283 (49.2%) females and 30,281 (50.8%)
males. The mean+SD for age was
55.84£19.00. The initial associations with
the outcomes are reported in Table 1. Most
of the predictors showed a significant
difference.

Table 1. Descriptive statistics for characteristics and symptoms of the study population

Variables [Reference level] " Positive PCR test (n=59,564) - p-value
Survivor Non-survivors

Age 52.93+18.62 67.15+16.01 <0.001
Levels of variables Yes No Yes No

Sex [Female] 23366(49.4) 23974(50.6) 6915(56.6) 5309(43.4) <0.001
Fever [No] 16947(35.8) 30393(64.2) 3875(31.7) 8349(68.3) <0.001
Cough [No] 21718(45.9) 25622(54.1) 4249(34.8) 7975(65.2) <0.001
Muscular pain [No] 12081(25.5) 35259(74.5) 2134(17.5) 10090(82.5) <0.001
Distress [No] 28000(59.1) 19340(40.9) 9601(78.5) 2623(21.5) <0.001
decreased consciousness [No] 1250(2.6) 46090(97.4) 1960(16.0) 1026484.0() <0.001
Decreased sense of smell [No] 687(1.5) 46493(98.5) 63(0.5) 12143(99.5) <0.001
Decreased sense of taste [No] 414(0.9) 46696(99.1) 54(0.4) 12132(99.6) 0.006
Convulsions [No] 139(0.3) 46971(99.7) 29(0.2) 12157(99.8) 0.291
Headache [No] 2333(10.7) 19511(89.3) 130(2.6) 4893(97.4) <0.001
Confusion [No] 1271(2.8) 44887(97.2) 234(2.0) 11613(98.0) <0.001
Chest pain [No] 1427(3.1) 44731(96.9) 302(2.5) 11545(97.5) 0.002
Skin inflammation [No] 48(0.1) 46110(99.9) 11(0.1) 11836(99.9) 0.734
Stomachache [No] 1093(2.4) 45199(97.6) 146(1.2) 11767(98.8) <0.001
Nausea [No] 3425(7.4) 42867(92.6) 598(5.0) 11315(95.0) <0.001
Vomit [No] 1741(3.8) 44551(96.2) 335(2.8) 11578(97.2) <0.001
Diarrhea [No] 1265(2.7) 45027(97.3) 221(1.9) 11692(98.1) 0.008
Anorexia [No] 5250(11.3) 41042(88.7) 1267(10.6) 10646(89.4) 0.029
Smoking status [No] 767(1.6) 46413(98.4) 239(2.0) 11967(98.0) 0.011
Drug use [No] 979(2.1) 46201(97.9) 431(3.5) 11775(96.5) <0.001
Intubation [No] 995(2.1) 46345(97.9) 6176(50.5) 6048(49.5) <0.001
P02 [More than 93 %] 25940(54.8) 21400(45.2) 10609(86.8) 1615(13.2) <0.001
Cancer [No] 367(0.8) 46973(99.2) 314(2.6) 11910(97.4) <0.001
Liver disease [No] 191(0.4) 47149(99.6) 86(0.7) 12138(99.3) <0.001
Diabetes [No] 5662(12.0) 41678(88.0) 2440(20.0) 9784(80.0) <0.001
Blood diseases [No] 133(0.3) 47207(99.7) 83(0.7) 12141(99.3) <0.001
Immunodeficiency [No] 45(0.1) 47295(99.9) 23(0.2) 12201(99.8) 0.007
Heart disease [No] 3876(8.2) 43464(91.8) 1904(15.6) 10320(84.4) <0.001
Kidney disease [No] 488(1.0) 46852(99.0) 357(2.9) 11867(97.1) <0.001
Asthma [No] 762(1.6) 46578(98.4) 261(2.1) 11963(97.9) <0.001
Neurological disease [No] 490(1.0) 46850(99.0) 251(2.1) 11973(97.9) <0.001
HTN [No] 7905(16.8) 39275(83.2) 3164(25.9) 9042(74.1) <0.001

Abbreviation: HTN, hypertension; Distress, respiratory distress. Data were reported as mean * standard deviation and n (%).
The Mann-Whitney U and Chi-square tests were used.

The CIT model was constructed using a 5-
Fold cross-validation with 90% training and
10% testing dataset. The final created tree
was pruned and visualized in Figure 2. Next,
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models were evaluated by the extracted
indices from the confusion matrix. The
decision tree rules follow a general
structure, including IF-THEN statements,
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semantically resembling how we think. This
general structure expresses that IF some
conditions are met, THEN a certain
prediction occurs. Predictions provide from
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intelligible features. It should be noted that
the ">0" and "<0" symbols in the extracted
rules indicate the presence and absence of
the desired symptom, respectively.

Conditional Inference Tree for COVID 19

Intubation
p < 0.001

Kidney_disease,
p <0001
0

=75

Distress
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Figure 2: Visualization of trained DT model
Analyses were performed in the PCR+ Table 2: The model evaluation indices
group, and the final model classified subjects
on the test data with sensitivity:88.7%, Phase | Sensitivity | Specificity AUC Accuracy
specificity=88.1%, AUC=73.0%, and
accuracy=88.2%. These indices on the
.. .. . i 0 0 0 0
training dataset are indicated in Table 2. Train | 88.9% 883% | 73.9% | 88.4%
These indices demonstrate that the model
performed very well in the prediction task.
The extracted rules (28 rules) of the trained Test 88.7% 88.1% | 73.0% | 88.2%
tree have been presented in Table 3.
Table 3: The 28 rules extracted through DT in the PCR+ group
R1 Intubation <= 0; age <= 63; PO2 <= 0; age <= 53 Then class is: Survivor | 11756(98.8)
R2 Intubation <= 0; age <= 63; PO2 <= 0; age > 53; kidney disease <= 0; drug use <= 0 Then class is: Survivor 3274(96.2)
R3 Intubation <= 0; age <= 63; PO2 <= 0; age > 53; kidney disease <= 0; drug use > 0 Then class is: Survivor 53(86.6)
R4 Intubation <= 0; age <= 63; PO2 <= 0; age > 53; kidney disease > 0 Then class is: Survivor 49(79.6)
R5 Intubation <= 0; age <= 63; PO2 > 0; age <= 53; decreased consciousness <= 0; distress <=0 Then class is: Survivor 2356(96.1)
R6 Intubation <= 0; age <= 63; PO2 > 0; age <= 53; decreased consciousness <= 0; distress > 0 Then class is: Survivor 7603(92.6)
R7 Intubation <= 0; age <= 63; PO2 > 0; age <= 53; decreased consciousness > 0 Then class is: Survivor 195(69.7)
R8 Intubation <= 0; age <= 63; PO2 > 0; age > 53; decreased consciousness <= 0; distress <= 0 Then class is: Survivor 1227(92.1)
R9 Intubation <= 0; age <= 63; PO2 > 0; age > 53; decreased consciousness <= 0; distress > 0 Then class is: Survivor 4342(84.3)
R10 | Intubation <= 0; age <= 63; PO2 > 0; age > 53; decreased consciousness > 0 Then class is: Survivor 175(61.7)
R11 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 <= 0; age <= 72 Then class is: Survivor 2207(92.8)
R12 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 <= 0; age > 72; age <= 81 Then class is: Survivor 1337(88.0)
R13 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 <= 0; age > 72; Age > 81 Then class is: Survivor 833(82.1)
R14 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 > 0; age <= 81; distress <=0 Then class is: Survivor 1826(85.3)
R15 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 > 0; age <= 81; distress > 0 Then class is: Survivor 6315(76.2)
R16 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 > 0; age > 81; distress <= 0 Then class is: Survivor 558(75.1)
R17 Intubation <= 0; age > 63; decreased consciousness <= 0; PO2 > 0; age > 81; distress > 0 Then class is: Survivor 1969(64.7)
R18 Intubation <= 0; age > 63; decreased consciousness > 0; PO2 <=0 Then class is: Survivor 232(65.9)
R19 Intubation <= 0; age > 63; decreased consciousness > 0; PO2 > 0 Then class is: Survivor 890(50.8)
R20 Intubation > 0; PO2 <= 0; age <= 56; anorexia <= 0; decreased consciousness <= 0 Then class is: Survivor 326(64.1)
R21 Intubation > 0; PO2 <= 0; age <= 56; anorexia <= 0; decreased consciousness > 0 Then class is: Death 37(73.0)
R22 Intubation > 0; PO2 <= 0; age <= 56; anorexia > 0 Then class is: Death 34(79.4)
R23 Intubation > 0; PO2 <= 0; age > 56; age <= 75 Then class is: Death 350(72.0)
R24 | Intubation > 0; PO2 <= 0; age > 56; age > 75 Then class is: Death 215(89.3)
R25 Intubation > 0; PO2 > 0; age <= 41; distress <=0 Then class is: Death 112(64.3)
R26 Intubation > 0; PO2 > 0; age <= 41; distress > 0 Then class is: Death 418(79.4)
R27 | Intubation > 0; PO2 > 0; age > 41; age <= 62 Then class is: Death 1569(87.8)
R28 | Intubation > 0; PO2 > 0; age > 41; age > 62 Then class is: Death 3353(93.5)
Abbreviations: R is short of rule; The values are reported as N (Prob), that N is individual’s number in the desired class and its percent.
PSQIJ, Vol. 11, No. 1, Win-2023 17
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The strongest rules (with the highest
probability) to predict each of the two states
of non-survival (chance percent=98.8%) or
survival (chance percent =93.5%) were
rules number 1 and 28, respectively. In other
words, from rule 1, it might be observed that
patients who do not intubate, are younger
than 63, do not get enough oxygen (less than
93%), and are especially younger than 53
are more likely to survive (percent of
prob=98.8%). Also, from rule 28, it might be
observed that patients who intubate, get
enough oxygen (more than 93%), are
younger than 41, and especially those
younger than 62 are more likely to die
(percent of prob=93.5%). DT’s rule number
22 informs that if patients intubate, do not
get enough oxygen (less than 93%), are
under 56 years, and also have anorexia, then
the patients’ probability of death is 79.4% in
this subgroup.

In a subgroup of patients with no
incubation and age older than 63 and no
decrease in the level of consciousness and
not getting enough oxygen (less than 93%)
and also, especially younger than 72, the
chance of survival was 92.8% (rule 11). In
addition, rules 2 and 5 might identify
survivors’ class with a probability of 96.2%
and 96.1%, respectively, based on the ranges
for patients’ age, intubation status, PO2 level,
having or not having kidney disease, drug
use, decrease or no decrease in the level of
consciousness, and involvement with
respiratory distress (See the details of the
rules in Table 3).

The other rules with different probabilities
for predicting patients’ survival and non-
survival can be seen in Table 3. The feature
importance also tells us how much a feature
helped to improve the purity of all nodes’
averages. Therefore, the feature importance
analysis was done and visualized with a
word cloud plot in Figure 3. In this plot, the
more important variables have presented
larger.

Discussion

According to the high fatality rate of COVID-
19 in Iran (25-27), early detection of the
disease and the adoption of effective
treatment is crucial to saving more lives, and
it has been proven that the use of Machine
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learning algorithms improves the detection
of high-risk groups, prediction, and

Headache

conscioushess

ical dise?

Figure 3: Feature Importance for the PCR+

diagnosis of patients with infectious
diseases (28). In machine learning, tree-
based models are popular as they are easy to
understand and interpret and perform well
in large datasets. However, some drawbacks
lead to poor predictions and no stability (19,
23, 29). To address these problems, CIT
models are recommended, and they have
been used for analyzing data related to
health conditions (19-22).

The most common important
characteristics in the PCR+ group were
intubation, age, PO2Z level, decreased
consciousness level, presence of distress,
anorexia, drug use, and kidney diseases.

In the study of Mesenburg et al., the change
in smell and taste, fever, and cough were
identified as important variables by the CIT
model (18). The study of Venturini et al.
showed that the conditional inference tree
model seems robust enough to derive a
predictive model(12). The target variable
had three levels: death, discharge, or
transfer to ICU. Using the CIT model, the
plasma sodium level, fever, hospitalization
in the ward dedicated to COVID-19 patients
only, the arterial pressure of oxygen, and the
inspiratory fraction of oxygen ratio
(Pa02/Fi02) were identified as important
variables. The results of our study about the
importance of PO2 align with the findings of
Mesenburg et al. and Venturini et al. It is
considered that the used predictor variables
used in each study were different, and some
were in common with us.

PSQI], Vol. 11, No. 1, Win-2023
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However, more studies have implemented
DT algorithms in COVID-19 datasets for
early diagnosis. Vinod et al. used a DT
classifier to identify COVID-19-infected
persons. Their results showed that this
algorithm could diagnose infected cases with
an accuracy of 93% and a precision of 88%
(30). Elshazli et al., in a study on 6320
patients, employed the DT algorithm to
identify important features related to
COVID-19 infections. Their results showed
high performance of the model with a
sensitivity of 100% and specificity of 81% in
the diagnosis of severe patients (31).
Shanbehzadeh et al. compared seven DT
algorithms (stump, Hoeffding tree, ]-48, the
logistic model tree, random tree, random
forest, and REP-tree algorithms) using
performance criteria to find out the best
prognostic model. Based on these results,
the J-48, with an accuracy of 0.85% and ROC
of 0.926%, performed best in diagnosing
COVID-19-infected cases (32).

Yesilkanat et al. assessed the performance
of the selected DT algorithms to estimate the
near future COVID-19 cases. Their results
indicated that the random forest algorithm
performs well (R2 = 0.959 and RMSE = 259.
38) (33). Our findings indicated that CIT
models  performed very well in
distinguishing between survival and non-
survival patients, as shown by sensitivity
results of 88.7% and accuracy of 88.2% in
the PCR+ group on the test dataset.

Conclusion

According to the experimental results, the
intubation status was a key variable in
predicting the patients’ survival and non-
survival who had positive PCR test results.
Some characteristics such as intubation
status, age ranges, PO2 level, kidney disease
status, drug use status, decreased level of
consciousness, involvement status with
respiratory distress, and anorexia status
contributed to predicting mortality of
COVID-19. Being intubated, getting enough
oxygen, and being over 62 years old, with a
high probability, may lead to the death of
patients. Not being intubated, not getting
enough oxygen, and being younger than 63,
with a high probability, may lead to the
survival of patients. Intubation, and other
factors, such as old age, anorexia, respiratory
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distress, and decreased level of
consciousness, may lead to death. While
there is a pattern in the data that shows if a
patient is intubated and is young too and
does not have other characteristics such as
decreased oxygen level, decreased level of
consciousness, and anorexia, it may lead to
surviva. We can confirm these results
because the CIT model had high accuracy
and avoided overfitting and selection bias
toward predictor selection. The results of
this study and the efforts of healthcare
systems can be beneficial in mitigating the
spread of this pandemic.
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