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Abstract

Background: Due to the high mortality of COVID-19 patients, the use of a high-precision classification model of
patient’s mortality that is also interpretable, could help reduce mortality and take appropriate action urgently. In this
study, the random forest method was used to select the effective features in COVID-19 mortality and the classification
was performed using logistic model tree (LMT), classification and regression tree (CART), C4.5, and C5.0 tree based on
important features.

Methods: In this retrospective study, the data of 2470 COVID-19 patients admitted to hospitals in Hamadan, west
Iran, were used, of which 75.02% recovered and 24.98% died. To classify, at first among the 25 demographic, clini-
cal, and laboratory findings, features with a relative importance more than 6% were selected by random forest. Then
LMT, C4.5,C5.0, and CART trees were developed and the accuracy of classification performance was evaluated with
recall, accuracy, and F1-score criteria for training, test, and total datasets. At last, the best tree was developed and the
receiver operating characteristic curve and area under the curve (AUC) value were reported.

Results: The results of this study showed that among demographic and clinical features gender and age, and among
laboratory findings blood urea nitrogen, partial thromboplastin time, serum glutamic-oxaloacetic transaminase, and
erythrocyte sedimentation rate had more than 6% relative importance. Developing the trees using the above features
revealed that the CART with the values of F1-score, Accuracy, and Recall, 0.8681, 0.7824, and 0.955, respectively, for
the test dataset and 0.8667, 0.7834, and 0.9385, respectively, for the total dataset had the best performance. The AUC
value obtained for the CART was 79.5%.

Conclusions: Finding a highly accurate and qualified model for interpreting the classification of a response that is
considered clinically consequential is critical at all stages, including treatment and immediate decision making. In this
study, the CART with its high accuracy for diagnosing and classifying mortality of COVID-19 patients as well as prior-
itizing important demographic, clinical, and laboratory findings in an interpretable format, risk factors for prognosis
of COVID-19 patients mortality identify and enable immediate and appropriate decisions for health professionals and
physicians.
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Background

With the onset of the COVID-19 pandemic, disruptions
and adverse factors in the livelihoods of people have
occurred that over 576 million people in the world have
lost their lives due to this disease and its mortality rate
is still high in some countries [1]. Many studies have
been done since the beginning of the disease, and each
has used different methods to investigate the mortality
rate and its causes. In the research conducted in Babol,
Northern Iran, from February to April 2020, out of 557
patients admitted, 121 died [2]. In another study con-
ducted in Tehran, Iran, from March 2020 up to Decem-
ber 2020, out of 205,654 patients admitted, 20,472 died
[3]. In East Azerbaijan Province, Iran, from the out-
break up to May 2021 (before vaccination), out of 18,079
confirmed cases, 4390 died [4]. Based on the reported
results of WHO, from February 2020 to, July 2021, out of
3,871,008 confirmed cases, 90,630 died in Iran [1].

COVID-19 infection is considered to be the most seri-
ous infection in the world with the most common symp-
toms being fever, fatigue, and cough. The severity of the
disease varies from person to person, such as shortness
of breath and dysfunction of internal organs [5]. The
diagnosis of COVID-19 is not based solely on the diag-
nosis of clinical symptoms such as fever or cough, and
various clinical and laboratory biomarkers related to viral
infection can be helpful in the treatment of this disease
for physicians and clinicians [6]. Identification of clini-
cal biomarkers that are effective in the progression of
the disease to severe complications and even death of
patients is significant in the treatment of this disease.
Some biomarkers may be involved in the mechanisms of
viral infection and cell and organ damage [7]. Influence of
some demographic characteristics such as age, sex, his-
tory of diabetes and blood pressure, and some routine
blood and biochemical tests, including white blood cells,
lymphopenia, C-reactive protein, lactate dehydrogenase
(LDH), creatine kinase (CPK), hemoglobin, Hemato-
crit, lymphocyte and neutrophil count, platelet count,
prothrombin time and D-dimer were reported to be sig-
nificant in association with COVID-19 disease severity
[7-9].

Various machine learning methods have been utilized
to classify and predict deaths due to COVID-19 disease,
including random forest and decision trees [10-13], how-
ever, in these studies, no interpretation of the features
and the relationship between changes in these features
in patients’ mortality has been examined and only clas-
sification indices are provided [14—17]. Since in addition

to identifying the most important features and finding an
accurate model in classifying patient mortality, it is also
important to find the relationship between features and
patient mortality.

One of the methods of machine learning is interpret-
able decision trees, which are considered classification
techniques in data mining [11]. One of the most popu-
lar usages of decision trees is to display the results as a
simple decision tree algorithm that is easy to interpret
for most researchers. Because these trees can show the
structure of decisions in the classification process, which
are known as white-box models [18]. The Decision trees
have capabilities such as non-parametric adjustment and
control of heterogeneous data and can classify consecu-
tive data in the best way, and if features are not normal-
ized and scaled, they are also capable. Also, the structure
of decision trees requires less execution time in data
classification compared to other machine learning clas-
sification techniques [19]. There are several different
approaches to decision trees, including the LMT, C4.5,
C5.0, and CART trees, in a variety of research areas such
as basic science studies [20], medicine [21], and classifi-
cation images [22] have been utilized. The random forest
is a conventional machine learning algorithm for solving
complex problems which is one of the supervised learn-
ing methods and its structural model is based on the tree
and is used in issues such as classification and regression.
The random forest consists of several trees with differ-
ent patterns from a series of training datasets, and the
accuracy of predicting the datasets is calculated from
the average of the trees. Often, this algorithm is used to
find the importance of influential features in the response
[23].

The Iterative Dichotomiser 3 (ID3) tree algorithm is
developed using the information gain split criterion pro-
posed by Quinlan in 1986. Based on the initial ID3 tree
structure, improved algorithms from this tree were also
proposed. Meanwhile, the C4.5 tree algorithm was intro-
duced by Quinlan in 1993. In C4.5 tree, an expanded
information gain criterion called information gain ratio
(IGR) is used, which is suitable for using features with
a large number of samples, to reduce defects in the ID3
tree. Pruning a tree is one of the benefits of decision trees
that C4.5 has [24]. For large-scale datasets, new decision
tree algorithms were introduced for classification and
prediction, such as C5.0 and CART, which the C5.0 algo-
rithm is very similar to the C4.5 tree. This algorithm has
advantages and attributes such as missing data manage-
ment and pruning method. Hence, the main application
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of decision trees is to create a training flowchart that can
be used to classify or identify a class or value of a target
variable based on decision rules learned from previous
data (training data) [19]. Other available trees that can
classify responses is LMT. This tree is obtained by com-
bining two methods of logistic regression and decision
tree algorithm which is used in binary response classifi-
cation [25].

This cohort study aimed to identify the important
features and find their relationship with patient mor-
tality and provide a model with appropriate accuracy
in classifying patient mortality. To achieve this, in the
first step, important features were identified by the ran-
dom forest method. In the second step, the LMT, C4.5,
C5.0, and CART decision tree models were developed
for classifying the COVID-19 mortality based on demo-
graphic characteristics, clinical, and laboratory findings
of individuals selected in the first step. In the third step,
accuracy, recall, and Fl-score criteria were employed
to evaluate the performance of these models and select
the best. At last, the best decision tree employed and its
interpretability flowchart are drawn, and the ROC curve
and the AUC values are reported.

Methods
Study design and dataset
In this retrospective study, information of demographic
characteristics, clinical and laboratory findings of 2470
patients with COVID-19 admitted to Sina (Corona treat-
ment center) and Besat hospitals in Hamadan, west of
Iran from February 2020, to July 2021, were collected
from patients’ medical records. In this study, patients
with positive real time reverse transcriptase polymerase
chain reaction (RT-PCR) on samples from upper respira-
tory nasopharyngeal swabs were enrolled to the study.

Demographic characteristics i.e. age, sex, marital sta-
tus, location, smoking, compromised immune system
(C.1.S), renal insufficiency, diabetes, hypertension, cancer,
Hematologic disorders, Cardivascular disease, lung dis-
eases, Hepatic failure, and neurological diseases as well
as laboratory biomarkers i.e. erythrocyte sedimentation
rate (ESR), blood urea nitrogen (BUN), blood sugar (BS),
CPK, Serum glutamic-oxaloacetic transaminase (SGOT),
thromboplastin or partial thromboplastin time (PTT),
platelets (Plat), sodium (NA), LDH, and: polymorpho-
nuclear (PMN) were collected from the time of patients’
discharge. The outcome variable in this study was con-
sidered a binary status, dead=‘1" or recovered="0,
where 1853 and 617 patients were recovered and dead,
respectively.

Before performing any analysis, the data were pre-
processed. An individual is removed from the dataset if
there is at least one missing record in his/her features.
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It is important to note that the mechanism of missing-
ness was examined before removing the missing data,
and since the mechanism of missingness was completely
at random, their removal would not lead to a bias in the
results. If the individual features had outlier and illogi-
cal values, the individual information was removed from
the study. Finally, after the two steps mentioned, the final
dataset without any missing or outlier values was pre-
pared for use in the next steps.

The method of this study is divided into three steps
consisting of feature selection, model comparison and
selection of the best model, and interpretation. The steps
are as follows and the Fig. 1 illustrates the process:

() Due to a large number of features studied and also
the identification of important features for inter-
pretable flowcharts, the random forest algorithm,
which is one of the most common approaches to
identify important features, was used. In this study,
the random forest algorithm was used to generate
1000 tree and select the Gini criterion to calculate
the importance of each feature. Based on the val-
ues obtained from the relative importance of the
features, the third quartile was considered as a cut-
point for selecting features, which was 6. Features
with relative importance greater than 6% were
selected for subsequent analysis. (Feature selection)

(I) To assess the performance of classification trees
(LMT, C4.5, C5.0, and CART trees), first, the data-

Dataset with all features
Y
Step I
Random forest with 1000 tree
¥
step 11
Dataset with selected features
train/test set1 train/test set10

CART || C4.5 C5.0 | LMT CART | | C4.5 C5.0 LMT
L] Yy vV v

Y ¥V VvV ¥y

Recall/ F1-score/ Accuracy

Recall/ F1-score/ Accuracy

I

Choose the best model
.

Flowchart/ ROC curve/ AUC value Step 1

Fig. 1 The process of COVID-19 classification mortality
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set is randomly divided into two subsets of training
and test data. To achieve better results and reduce
the randomization effect of the splitting test/train
dataset, this procedure done 10 times. In fact, 10
separate datasets (include test and train data)
are used separately for training the classification
trees. After the training process, the performance
of the model is evaluate based on the test dataset.
Then, the evaluation indices (recall, accuracy, and
Fl-score) for each tree were calculated and the
final result was reported by calculating the mean of
these indices. The best tree is the one with maxi-
mum value index. (Model comparison and selec-
tion of the best model)

(ITIT) The flowchart and ROC curve of the tree that was
selected in step II will be drawn and interpreted.
The AUC value also reported. (Interpretation)

All mathematical theories of the implementation steps,
including the trees used, the classification process, and
the evaluation indices are described in detail below.

Decision tree

The decision tree is a directional tree that consists of
several nodes. The first node of a tree is called the root
node, which has no input. Other nodes have an input
and an output, which is known as an internal node.
Also other nodes can only have one input that will call
as a leaf node or decision node. In the decision tree, the
number of samples is divided into two or more sub-sam-
ples by internal nodes using a specific probability index
such as entropy and Gini. Finally, each end node or leaf
is assigned to the class that has the most ideal response
values. There are several decision tree algorithms such as
C4.5, C5.0, CART and logistics tree for discrete and con-
tinuous features [26].

Logistic model tree (LMT)

In the logistics model, the information gain criterion is
used to divide the samples into two subsets. However,
in the LMT, a logistic regression model is fitted for each
tree node, which is done using the LogitBoost algorithm.
In other words, it models the posterior class probabili-
ties for several classes, Gj; j=1,...,/, and estimates
the maximum value of this probability. For an arbitrary
feature X of class J, the LMT in terms of class /] — 1, the
logarithm-odds is as follows:

log (P(G = jIX = x)

_gT _ B
P(G=1|X:x)>—ﬁ;xr j=1....]—1

where parameter f; is the effect of feature X in class j. The
LMT is pruned using the CART algorithm and utilizes
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cross-validation to find the number of LogitBoost itera-
tions to prevent the tree from over-fitting. The Logit-
Boost algorithm uses logistic regression of fitted least
squares for each class [25].

C4.5 and C5.0 decision tree

In C4.5 tree, splitting stops when the number of samples
is less than a specified threshold value. Tree pruning is
done according to the error criterion after the growth
stage. The branches that are the least precise in dividing
the tree are dropped and the leaf nodes are replaced. In
these trees, the outcome or target variable is a variable
with discrete values. The growth stages of this tree are
similar to the ID3 tree, except that it uses the IGR cri-
terion in the development of the tree to classify discrete
or continuous features, to prevent overfitting of the tree,
and to reduce misclassification error. For different class K
of feature X with an L sample of the dataset and L; sam-
ples in kth class, the IGR criterion is as follows [27]:

IG(L, X)
K I Lel )’
3 Blions ()

The C5.0 tree is very similar to the C4.5 tree and has
fewer disadvantages and is faster and more efficient with
memory than C4.5. The C5.0 tree produces smaller deci-
sion trees than C4.5. The C5.0 tree considers a lower
error rate for new observations, using a smaller set of
rules, and automatically drops low-important features.
Using the pre-pruning approach, the early growth of the
tree is stopped and this strategy causes the training data-
set to be classified with high accuracy compared to the
C4.5 tree. Thus, the growth stages of the C5.0 tree are
such that first, a large tree grows with the training data-
set, and then nodes and branches that have little effect on
the classification error rate are removed [28].

IGR(L, X) =

Classification and regression tree (CART)

CART abbreviation for Classification and Regression
Trees, developed by Breiman et al. CART produces
binary trees so that each internal node will have exactly
two output edges and the splitting of the internal nodes
of the tree is done using entropy or Gini criteria. The
generated CART tree can be pruned, and the Cost-Com-
plexity criterion is utilized for the pruning tree, which
can consider misclassification costs in tree production, as
well as the probability distribution of each node, can be
calculated. One of the significant characteristics of CART
is its ability to generate regression trees for prediction.
In regression trees, the leaves predict a real number and
consider divisions where the squared prediction error
(squared deviation between predicted and real values)
is minimized. Therefore, the prediction on each leaf will
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be based on the average weight of the node. The entropy
measure for a specific feature such as X for C class,
i=1,...,C,is as follows:

(o}
Entropy(X) = — Z[oilogz (ﬁi),
i=1

where p; is the probability of a dataset made up of class
i. For different class C of feature X with an L sample of
the dataset, the IG criterion is calculated using entropy as
follows [26]:

IG(L, X) = Entropy(L) — » ITEntropy(Lk).
k=1

Therefore, the Gini index for splitting tree nodes for a
subset with N observations will be as follows:

K
Gini(N) =1- > p7,
k=1

If the sample of arbitrary feature X wants to be split
into two subsets of that node (X; and X, nodes left and
right, respectively), then the Gini index for these two
subsets will be as follows:

- N1l . INa| . .
Giniy(N) = —Gini(X7) + ——Gini(X>),
IN| IN|
where N; and N, are the numbers of samples in the left
and right nodes and N is the total number of samples in
the X node. Finally, the impurity reduction for feature X
is shown as:

AGini(X) = Gini(N) — Ginix (N).

The illustration of a typical decision tree diagram with
two features X;, X,, and X; provided in Fig. 2. In this fig-
ure, 4, b, and ¢ are thresholds for X, X,, and X, respec-
tively. These thresholds are obtained by entropy or Gini
criteria. For example, if X; <a is true, then we go to the
left side of the tree, otherwise, we go to the right side.
This procedure is continued until we reach the leaf nodes.
In the leaf nodes, the number of dead and discharged
patients are shown given by corresponding branches.

Performance evaluation metrics

In binary classification, different criteria are introduced
to evaluate the performance of decision trees, which
show the accuracy of classifying models by comparing
true and predicted values. In this study, the confusion
matrix is formed of four elements true positive(TP), true
negative (TN), false positive (FP), and false negative (EN)
in which TP is related to correctly predicted case values,
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Root node

True False

Internal node

Leaf node

Value= Value= Value=
[Disct Dead] [Di:  Dead] [Disch Dead]

Fig. 2 A typical decision tree diagram

TN is related to correctly predicted no-case values, FP
is related to incorrectly predicted case values, and FN
is related to incorrectly predicted no-case values. Based
on this matrix, Accuracy, Recall, and F1-score indices
were calculated and used to evaluate the performance
of decision trees. The evaluation criteria introduced are
obtained from the following equations that the closer
their values are to one, it shows the high accuracy of the
models in classification [29]:

TP + TN
Accuracy = :
TP + TN 4 FP 4+ FN
. TP
Precision = ———,
TP + FP
TP

Recall = sensitivity = TP+ EN’

2 x Precision x Recall
F1 — score =

Precision + Recall

All analysis of this study was done by the scikit-learn
module of Python Software version 3.8 and train package
of R software version 4.1.2.

Results

In this study, out of 2470 admitted patients, 1853
(75.02%) patients recovered and 617 (24.98%) patients
died, of which 111 (18.00%) of deaths were less than
60 years old and 506 (82.00%) were over 60 years old.
Also, 347 (56.20%) and 270 (43.80%) of deaths were
men and women, respectively. The results of the rela-
tive importance of the features for total dataset based
on the random forest method in diagnosis the occur-
rence of death due to COVID-19 are shown in Fig. 3.
Also, the descriptive and inference statistics of the
studied features with the type of their category and the
relative importance values of each feature are reported
separately for demographic, clinical, and laboratory
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Fig. 3 Relative importance features based on RF

findings in Table 1. The results of comparing the demo-
graphic, clinical, and laboratory findings features in the
two groups of dead and discharged patients showed
that the age (P<0.001), hypertension (P<0.001), mari-
tal status (P<0.001), cardiovascular disease (P<0.001),
diabetes (P<0.001), lung diseases (P=0.004), can-
cer (P<0.001), Neurological diseases (P<0.001), BUN
(P<0.001), PTT (P=0.041), SGOT (P<0.001), Na
(P<0.001), CPK (P<0.001), and Plat (P<0.001) features
in the two groups were statistically significant and there
was a difference between the levels of these features in
the two groups of dead and discharged patients.
According to the results of Table 1, gender and age
features of demographic and clinical features and BUN,
PTT, SGOT and ESR features of laboratory findings
have more than 6% relative importance. The proposed
classification models LMT, CART, C5.0, and C4.5 were
developed to classify the death event due to COVID-19
for features with a relative importance of more than 6%
obtained from the random forest. Recall, Accuracy, and
F1-score evaluation criteria for training, test, and total

datasets to evaluate the performance of classification
models are shown in Table 2.

Based on the results of the evaluation criteria, the
CART decision tree was selected as the optimal model
for classifying the COVID-19 death. The selected CART
decision tree flowchart for the gender, age, BUN, PTT,
SGOT, and ESR features was drawn based on all the
samples of datasets, which are shown in Fig. 4. The ROC
curve was plotted to show the performance of the clas-
sification accuracy of the final CART model for the total
dataset and was shown in Fig. 5.

According to Fig. 4, the interpretability of the tree in
diagnosis effective biomarkers based on their importance
can be expressed. The developed CART tree consists of
35 nodes, including a root node (zero node), 16 internal
nodes, and 18 leaf nodes. For example, nodes zero, 1, 5,
and 13 of the first branch of the tree indicate that if an
individual had BUN <1.5 (BUN less than 20), age<1.5
(age less than 60 years), and SGOT <1.5 (SGOT Less
than 45), the risk of COVID-19 death would be 3.9%.
For nodes zero, 2, 4, and 10 of the last branch, the risk
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Table 1 Descriptive statistic and importance of each feature in COVID-19 patients
Characteristic Feature name Category Treatment frequency (%) P value* Relative
importance
Discharge Dead (%)
Demographic and clinical Age <60 957(51.6) 111(18) <0.001 6.99
>60 896(48.4) 506(82)
Gender Male 990(53.4) 347(56.2) 0.226 6.05
Female 863(46.6) 270(43.8)
Hypertension Yes 623(33.6) 283(45.9) <0.001 5.26
No 1230(66.4) 334(54.1)
Marital status Married 1552(83.8) 509(82.5) <0.001 5.07
Single 109(5.9) 17(2.8)
Divorce 15(0.8) 0(0)
Other 177(9.6) 91(14.7)
Cardiovascular disease Yes 288(15.5) 171127.7) <0.001 466
No 1565(84.5) 446(72.3)
Diabetes Yes 320(17.3) 153(24.8) <0.001 466
No 1533(82.7) 464(75.2)
Location Urban 1541(83.2) 516(83.6) 0.804 434
Rural 312(16.8) 101(16.4)
Lung diseases Yes 193(10.4) 91(14.7) 0.004 3.65
No 1660(89.6) 526(85.3)
Smoker Yes 140(7.6) 50(8.1) 0.663 236
No 1713(92.4) 567(91.9)
Renal insufficiency Yes 78(4.2) 32(5.2) 0311 177
No 1775(95.8) 585(94.8)
Cancer Yes 29(1.6) 26(4.2) <0.001 15
No 1824(98.4) 591(95.8)
Neurological diseases Yes 3(0.2) 11(1.8) <0.001 0.67
No 1850(99.8) 606(98.2)
Hepatic failure Yes 16(0.9) 5(0.8) 1 0.57
No 1837(99.1) 612(99.2)
Hematologic disorders Yes 10(0.5) 6(1) 0.252 0.29
No 1843(99.5) 611(99)
CILS Yes 5(0.3) 1(0.2) 1 0.1
No 1848(99.7) 616(99.8)
Total - - - - 47.94
Laboratory examination BUN <20 1372(74) 202(32.7) <0.001 11.93
>20 481(26) 415(67.3)
PTT 30-40 991(53.5) 300(48.6) 0.041 6.58
Other 862(46.5) 317(51.4)
SGOT <45 1378(74.4) 302(48.9) <0.001 6.25
>45 475(25.6) 315(51.1)
ESR <30 698(37.7) 219(35.5) 0337 6.11
>30 1155(62.3) 398(64.5)
Na 135-145 1497(80.8) 409(66.3) <0.001 511
Other 356(19.2) 208(33.7)
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Table 1 (continued)
Characteristic Feature name Category Treatment frequency (%) P value* Belative
Discharge Dead ig/lgaortance
CPK 25-310 1514(81.7) 413(66.9) <0.001 4.88
Other 339(18.3) 204(33.1)
Plat 130-400 1578(85.2) 440(71.3) <0.001 4.59
Other 275(14.8) 177(28.7)
BS <100 356(19.2) 85(13.8) 0.002 3.79
>100 1497(80.8) 532(86.2)
PMN <40 5(0.3) 8(1.3) 0.005 236
40-60 60(3.2) 26(4.2)
>60 1788(96.5) 583(94.5)
LDH 100-250 24(1.3) 3(0.5) 0.117 046
Other 1829(98.7) 614(99.5)
Total - - - - 52.06

Significant values are given in bold

*Chi-square test, C...S compromised immune system, ESR erythrocyte sedimentation rate, BUN blood urea nitrogen, BS blood sugare, SGOT serum glutamic-oxaloacetic
transaminase, PTT partial thromboplastin time, Plat platelets, PMN polymorphonuclear, CPK creatine phosphokinase, Na sodium, LDH lactate dehydrogenase

Table 2 Assessing the accuracy of decision tree models in classifying the COVID-19 death

Model Subset Confusion matrix Evaluation metric
TP FP FN TN Recall F1-score Accuracy
LMT Train 1225 299 73 133 0.9437 0.8681 0.7850
Test 514 130 41 55 0.9261 0.8573 0.7689
Total 1739 429 113 189 0.9383 0.8650 0.7804
45 Train 1217 284 81 148 0.9376 0.8696 0.7891
Test 510 120 45 65 09189 0.8608 0.7770
Total 1728 412 125 205 09325 0.8655 0.7826
C5.0 Train 1192 276 106 156 09183 0.8619 0.7792
Test 514 130 41 55 09261 0.8574 0.7689
Total 1739 429 114 188 0.9384 0.8649 0.7802
CART Train 1217 284 81 148 0.9376 0.8696 0.7891
Test 530 136 25 49 0.9550 0.8681 0.7824
Total 1739 421 114 196 0.9385 0.8667 0.7834

Significant values are given in bold

of COVID-19 death would be 62.3% for a person with a
BUN greater than 20, age above 60 years, and an SGOT
greater than 45.

Discussion

Since the initial diagnosis and identification of some
important factors with the more effective on any
unknown disease such as COVID-19 is significant for
specialists and especially physicians, first, the relative

importance of 25 effective features in the probability of
COVID-19 death using the random forest method was
selected. Then, by selecting important features (above
6%), LMT, C4.5, C5.0, and CART decision tree models
were developed based on the training dataset and the
performance accuracy of the models in classification
was evaluated.

In this study, machine learning methods (decision
trees) were used to classify and predict COVID-19
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Fig. 4 CART flowchart in classifying the COVID-19 death
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Fig. 5 ROC curve for the final CART model

mortality that the most important application of these
models is the ability to interpret and predict the future
mortality. Therefore, it is principal to use a model that
can best classify and predict. The final selected decision
tree (CART) can provide the best prediction by opti-
mally classifying the mortality of COVID-19 patients.
Deciding to treat such unknown diseases at critical
times (golden time) is considered very important for
medical professionals. In unknown diseases, such as
COVID-19, blood laboratory findings are taken from
many patients, which not only increases test time but

also test costs or other tests until test results are availa-
ble. Therefore, the CART decision tree plays an optimal
application by prioritizing the most important labora-
tory findings that are of great importance for optimal
decision-making in improving treatment. In most stud-
ies with machine learning methods [3, 27], only predic-
tion or classification of some laboratory findings in the
occurrence of death of COVID-19 patients has been
considered, which has no solution to save treatment
time as well as staggering laboratory costs, the most
important of which are To be considered, not provided.
In this study, among 25 demographic, clinical, and lab-
oratory findings in the classification of COVID-19 death,
demographic and clinical features of age and gender were
among the important features with a relative importance
of more than 6%. The results of this study have also been
shown in studies of Alotaibi et al. and Wang et al. [30,
31]. Also, the BUN, PTT, SGOT, and ESR from labora-
tory features were among the most important effective
features in the COVID-19 death with a relative impor-
tance of more than 6% and the results of these findings
have also been shown in studies by Cao et al. and Guan
et al. [32, 33] which by increasing or decreasing any of
these laboratory features from their normal range causes
adverse consequences for COVID-19 patients.
Demographic and clinical features of Hypertension,
Marital status, Cardiovascular disease, Diabetes, as well
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as laboratory features of Na, CPK, and Plat are of rela-
tive importance above 4.5% in the findings obtained from
Table 1, Which can be considered as effective features
in the risk of COVID-19 death. In studies by Garg et al.
and Nikpouraghdam et al., the features of Hypertension,
Cardiovascular disease, and Diabetes, which have been
recorded in admitted patients, have been identified as
significant features concerning mortality from COVID-
19 [34, 35]. In the studies of Peng et al. and Lee et al., the
Plat and CPK features were introduced as important fea-
tures in COVID-19 death [36, 37].

In this study, to show a tree flowchart with easy inter-
pretability for specialists and physicians for prompt
treatment decisions, features with more than 6% relative
importance were used. For the age, gender, BUN, PTT,
SGOT, and ESR features, the LMT, C4.5, C5.0, and CART
decision tree models were developed based on the train-
ing dataset, which provides accuracy in diagnosing and
classifying COVID-19 deaths was 76.89%, 77.7%, 76.89%,
and 78.24%, respectively. Also, the Fl-score evaluation
criteria to show the classification grade were 85.73%,
86.08%, 85.74%, and 86.81%, respectively. Among the
developed trees, the CART tree is based on the training
dataset with relatively higher accuracy than other trees
(Accuracy=78.24%) and with the classification quality
evaluation criterion (F1-score=286.81%) as the optimal
tree in the classification of COVID-19 death was selected.
Finally, the decision tree flowchart was drawn by this
model to diagnose and identify the patient to decide to
provide recovery and provide subsequent treatments.

The risk of COVID-19 death was calculated based on
the results flowchart of the final CART tree, and their
number of observations was shown in the leaves of the
tree in Fig. 2. According to Fig. 2, tree interpretability is
helpful for clinicians to prioritize the patient over treat-
ment while making decisions in less time. From the 35
nodes of the tree, which consists of 18 branches from the
root node to the leaves, the branch of nodes zero, 1, 5,
14, 17, and 25 indicates the lowest risk of death, namely,
if a person is less than 60 years old and BUN <20 and
SGOT <45 and ESR <30 and PTT have a range between
30 and 40, then the risk of COVID-19 death is 3.6%. In
contrast, the branch of nodes zero, 2, 4, and 10 indi-
cates the highest risk of death, namely, if a person is over
60 years old and has a BUN>20 and an SGOT >45, then
his risk of COVID-19 death is 62.3%. Also, for women
over 60 years old, if BUN >20, SGOT <45, and ESR < 30,
the risk of COVID-19 death will be 50.8%, as shown in
nodes 0, 2, 3, 12, 28, and 31. In the study of Li et al., age
and BUN were identified as the most significant influen-
tial features in COVID-19 mortality using the Boosting
gradient decision tree with accuracy criteria and AUC of
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88.9% and 94.1%, respectively [38]. In the study of Bhatia
et al,, age, BUN, and SGOT features were the most sig-
nificant features in the severity of COVID-19 mortality,
which were obtained by machine learning methods (deci-
sion tree) with 79.74% accuracy and 88.3% AUC [38].

Many studies have been performed to classify and
predict mortality in COVID-19 patients. In the study
by Yadaw et al. and de Moraes et al, they examined
the effects of laboratory findings on the prediction of
COVID-19 mortality using machine learning methods,
in which the performance of predicting mortality in their
study based on the AUC index was 91% and 85%, respec-
tively [14, 15]. It should be noted that despite the high
value of these indices, there is no interpretation of the
effect of features on the outcome.

One of the strengths of this study is using a tree-based
models that transforms the data into a tree representa-
tion and could be easily interpreted and understood.
These non-parametric models can efficiently deal with
large and complicated datasets without distributional
assumptions. In fact, when the dataset was small, these
models suffer from overfitting or underfitting. In this
study we overcome this issue by using the quite large
dataset. As in other studies, the researchers of this study
faced with some limitations. In addition to the features
used in this study, there are some features such as ALP
and ALT (or SGPT) due to the lack of information in the
patient file or the presence of a lot of missing in these
features do not consider in the analysis process. Also, in
this study, researchers had access to only two centers in
Hamadan, Iran, which could have been generalized with
more power and confidence if all cities in the province
were considered. Since many feature selection methods
have been introduced, applying different feature selection
methods and comparing their results with each other
from the point of view of selected features, and exam-
ining the performance of these methods in subsequent
analyzes such as classification can provide more detailed
information for researchers.

Conclusion

Finding a highly accurate and qualified model for inter-
preting the classification of an outcome that is consid-
ered clinically very important, at all stages, including
treatment and immediate decision-making, is crucial.
Therefore, the use of high-accuracy machine learning
methods with simple interpretability, such as the CART
decision tree, can help in diagnosing, classifying, and
prioritizing the factors influencing in death of COVID-
19 patients, as well as other diseases.
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Alkaline phosphatase; ALT: Alanine transaminase.

Acknowledgements

This work is a part of a research work in Biostatistics at the Hamadan University
of Medical Sciences in Iran. We would like to thank the patients and vice-
chancellor of research and technology of Hamadan University of Medical
Sciences in Iran (N0.1400121510205).

Author contributions

All authors have contributed to the preparation and expanding the manu-
script. Each author has read and approved the manuscript. SM, NR, and ARS
contributed to the literature review and analysis of the study and drafting the
manuscript. MM contributed to clinical aspects of the manuscript. SM, NR,
ARS, and MM reviewed the manuscript.

Funding
Not applicable.

Availability of data and materials

The dataset used for analysis during the current study are not publicly avail-
able due to restrictions related to our internal review board policy. However,
the dataset is available from the corresponding author (Ali Reza Soltanian) on
reasonable request.

Declarations

Ethics approval and consent to participate

The procedures followed in this study strictly comply with the ethical
standards formulated by the ethical committee of the hospitals in Iran. Ethi-
cal approval to start data collection and using the dataset in this study was
elicited from the Ethical Committee of the Hamadan University of Medical
Science with the approved ethical code: IRUMSHA.REC.1400.891. Informed
consent was obtained from all patients hospitalized or their legal guardian
and patients under the age of 16 from parents/legally authorized representa-
tives. All the experiment protocols involving human data were in accordance
with the University of Medical Science at Hamadan, Iran, privacy board, and
internal review board guidelines.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Author details

'Department of Biostatistics, School of Public Health, Hamadan University

of Medical Sciences, Hamadan, Iran. 2Modeling of Noncommunicable Dis-
eases Research Center, School of Public Health, Hamadan University of Medi-
cal Sciences, Street of Shahid Fahmideh, PO. BOX: 6517838736, Hamadan,
Iran. >Brucellosis Research Center, Hamadan University of Medical Sciences,
Hamadan, Iran.

Received: 8 March 2022 Accepted: 20 July 2022
Published online: 24 July 2022

References
1. WHO. https://www.who.int/emergencies/diseases/novel-coronavirus-
2019/situation-reports. 2022.

(2022) 22:192

20.

21.

22.

23.

24.

Page 11 of 12

Javanian M, Bayani M, Shokri M, Sadeghi-Haddad-Zavareh M, Babazadeh
A, Ghadimi R, et al. Risk factors for mortality of 557 adult patients with
COVID 19 in Babol, Northern Iran: a retrospective cohort study. Bratisl Lek
Listy. 2021;122(1):34-8.

Sohrabi M-R, Amin R, Maher A, Bahadorimonfared A, Janbazi S, Hannani
K, et al. Sociodemographic determinants and clinical risk factors associ-
ated with COVID-19 severity: a cross-sectional analysis of over 200,000
patients in Tehran, Iran. BMC Infect Dis. 2021;21(1):474.

Esmaeili ED, Fakhari A, Naghili B, Khodamoradi F, Azizi H. Case fatal-

ity, mortality, socio-demographic, and screening of COVID-19 in the
elderly population: a population-based registry study in Iran. J Med Virol.
2022;94:2126-32.

Shah S, Mulahuwaish A, Ghafoor KZ, Maghdid HS. Prediction of global
spread of COVID-19 pandemic: a review and research challenges. Artif
Intell Rev. 2021;55:1-22.

Wu W, Wang A, Liu M. Clinical features of patients infected with 2019
novel coronavirus in Wuhan, China. Lancet. 2020;395(10223):497-506.
Ponti G, Maccaferri M, Ruini C, Tomasi A, Ozben T. Biomarkers asso-
ciated with COVID-19 disease progression. Crit Rev Clin Lab Sci.
2020;57(6):389-99.

Copaescu A, James F, Mouhtouris E, Vogrin S, Smibert OC, Gordon CL,

et al. The role of immunological and clinical biomarkers to predict clinical
COVID-19 severity and response to therapy—a prospective longitudinal
study. Front Immunol. 2021;12:758.

Taj S, Fatima SA, Imran S, Lone A, Ahmed Q. Role of hematological param-
eters in the stratification of COVID-19 disease severity. Ann Med Surg.
2021,62:68-72.

. Shanbehzadeh M, Orooji A, Kazemi Arpanahi H. Comparing of data min-

ing techniques for predicting in-hospital mortality among patients with
Covid-19. J Biostat Epidemiol. 2021;7(2):154-73.

. Moulaei K, Shanbehzadeh M, Mohammadi-Taghiabad Z, Kazemi-Arpan-

ahi H. Comparing machine learning algorithms for predicting COVID-19
mortality. BMC Med Inform Decis Mak. 2022;22(2):1-2.

. Ali AM, Ghafoor KZ, Maghdid HS, Mulahuwaish A. Diagnosing COVID-19

lung inflammation using machine learning algorithms: a comparative
study. Internet of Medical Things for Smart Healthcare. Berlin: Springer;
2020. p. 91-105.

. Ali AM, Ghafoor KZ, Mulahuwaish A, Halgurd S, Mohammed MA. COVID-

19 pneumonia level detection using deep learning algorithm.

. Yadaw AS, Li Y-C, Bose S, lyengar R, Bunyavanich S, Pandey G. Clinical

predictors of COVID-19 mortality. medRxiv. 2020.

. de Moraes Batista AF, Miraglia JL, Donato THR, Chiavegatto Filho ADP.

COVID-19 diagnosis prediction in emergency care patients: a machine
learning approach. medRxiv. 2020.

. Alves MA, Castro GZ, Oliveira BAS, Ferreira LA, Ramirez JA, Silva R, et al.

Explaining machine learning based diagnosis of COVID-19 from routine
blood tests with decision trees and criteria graphs. Comput Biol Med.
2021;132:104335.

. Meng Z,Wang M, Song H, Guo S, Zhou Y, Li W, et al. Development and

utilization of an intelligent application for aiding COVID-19 diagnosis.
medRxiv. 2020.

. Pourbagheri-Sigaroodi A, Bashash D, Fateh F, Abolghasemi H. Laboratory

findings in COVID-19 diagnosis and prognosis. Clin Chim Acta Int J Clin
Chem. 2020;510:475.

. Maimon OZ, Rokach L. Data mining with decision trees: theory and

applications. Singapore: World Scientific; 2014.

Es-Sabery F, Es-Sabery K, Qadir J, Sainz-De-Abajo B, Hair A, Garcia-Zapirain
B, et al. A mapreduce opinion mining for COVID-19-related tweets
classification using enhanced ID3 decision tree classifier. IEEE Access.
2021;9:58706-39.

Ghiasi MM, Zendehboudi S. Application of decision tree-based ensem-
ble learning in the classification of breast cancer. Comput Biol Med.
2021;128:104089.

Talebi A, Borumandnia N, Jafari R, Pourhoseingholi MA, Jafari NJ, Ashtari
S, et al. Predicting the COVID-19 patients’status using chest CT scan find-
ings: a risk assessment model based on Decision tree. 2021.

Schonlau M, Zou RY. The random forest algorithm for statistical learning.
Stand Genomic Sci. 2020;20(1):3-29.

Cherfi A, Nouira K, Ferchichi A. Very fast C4.5 decision tree algorithm. Appl
Artif Intell. 2018;32(2):119-37.


https://www.who.int/emergencies/diseases/novel-coronavirus-2019/situation-reports
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/situation-reports

Moslehi et al. BMC Medical Informatics and Decision Making

25.

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

38.

(2022) 22:192

Landwehr N, Hall M, Frank E. Logistic model trees. Mach Learn.
2005;59(1):161-205.

Abohamr SI, Abazid RM, Aldossari MA, Amer HA, Badhawi OS, Aljunaidi
OM, et al. Clinical characteristics and in-hospital mortality of COVID-19
adult patients in Saudi Arabia. Saudi Med J. 2020;41(11):1217.

Shamrat FJM, Ranjan R, Md K, Hasib AY, Siddique AH. Performance evalu-
ation among ID3, C4. 5, and CART decision tree algorithms. In: Pervasive
computing and social networking: proceedings of ICPCSN 2021, p. 127.
2021.

Pandya R, Pandya J. C5. 0 algorithm to improved decision tree with
feature selection and reduced error pruning. Int J Comput Appl.
2015;117(16):18-21.

Yacouby R, Axman D, editors. Probabilistic extension of precision, recall,
and f1 score for more thorough evaluation of classification models. In:
Proceedings of the First Workshop on Evaluation and Comparison of NLP
Systems; 2020.

Alotaibi A, Shiblee M, Alshahrani A. Prediction of severity of COVID-
19-infected patients using machine learning techniques. Computers.
2021;10(3):31.

Wang J, Yu H, Hua Q, Jing S, Liu Z, Peng X, et al. A descriptive study of ran-
dom forest algorithm for predicting COVID-19 patients outcome. Peer).
2020;8:€9945.

Cao M, Zhang D, Wang Y, LuY, Zhu X, LiY, et al. Clinical features of patients
infected with the 2019 novel coronavirus (COVID-19) in Shanghai, China.
MedRxiv. 2020.

Guan W-J, Ni Z-Y, Hu Y, Liang W-H, Ou C-Q, He J-X, et al. Clinical
characteristics of coronavirus disease 2019 in China. N Engl J Med.
2020;382(18):1708-20.

Garg S, Kim L, Whitaker M, O'Halloran A, Cummings C, Holstein R, et al.
Hospitalization rates and characteristics of patients hospitalized with
laboratory-confirmed coronavirus disease 2019—COVID-NET, 14 States,
March 1-30, 2020. Morb Mortal Wkly Rep. 2020,69(15):458.
Nikpouraghdam M, Farahani AJ, Alishiri G, Heydari S, Ebrahimnia M,
Samadinia H, et al. Epidemiological characteristics of coronavirus disease
2019 (COVID-19) patients in IRAN: a single center study. J Clin Virol.
2020;127:104378.

Li S, LinY, ZhuT,Fan M, Xu S, Qiu W, et al. Development and external
evaluation of predictions models for mortality of COVID-19 patients using
machine learning method. Neural Comput Appl. 2021:1-10.

Peng J, Qi D, Yuan G, Deng X, Mei Y, Feng L, et al. Diagnostic value of
peripheral hematologic markers for coronavirus disease 2019 (COVID-19):
a multicenter, cross-sectional study. J Clin Lab Anal. 2020;34(10):e23475.
Bhatia S, Makhija Y, Jayaswal S, Singh S, Gupta I. Severity and mortality
prediction models to triage Indian COVID-19 patients. 2021. arXiv:21090
2485.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 12 of 12

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



http://arxiv.org/abs/210902485
http://arxiv.org/abs/210902485

	Application of machine learning models based on decision trees in classifying the factors affecting mortality of COVID-19 patients in Hamadan, Iran
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Study design and dataset
	Decision tree
	Logistic model tree (LMT)
	C4.5 and C5.0 decision tree
	Classification and regression tree (CART)
	Performance evaluation metrics

	Results
	Discussion
	Conclusion
	Acknowledgements
	References


