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Abstract
The Coronavirus disease (Covid-19) has become a global problem since WHO declared 
a pandemic in 2020. The number of deaths due to Covid-19 has increased significantly in 
many countries. This study aimed to implement decision tree modeling to represent the 
relationship between risk factors and the mortality rate of Covid-19 patients. This study 
analyzed secondary data of 83,024 Covid patients from January 2020 to June 2021. Data 
processing used data mining with the decision tree classification method. The results 
showed that comorbidity is the leading risk factor for death which is then influenced by 
age. The higher the age group with comorbidities, the higher the risk of death. Suggested 
that health services can utilize the results of this study to prevent the severity of Covid-19 
infection. Such as the development of comorbid awareness programs and community-
based education on managing patients with comorbidities.
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of protective equipment and health support 
tools (Merlin & Vanchapo, 2021). 

Various studies on risk factors have 
been carried out. People with hypertension 
and diabetes mellitus, male gender, and active 
smokers were more likely to be infected with 
Covid-19 (Gallo Marin et al., 2021; Susilo et 
al., 2020). In addition, it is also a risk factor for 
death due to Covid-19 infection (Nanda Nur 
Illah, 2021; Satria et al., 2020). A study found 
that 22.8% of hospitalized Covid-19 patients 
died. Most of the comorbid were found (Maryati 
et al., 2022). The most common comorbid in 
Covid-19 deaths is Diabetes Mellitus. Diabetes 
Mellitus increased by 2.78 times higher in 
Covid-19 patients, resulting in death (Corona 
et al., 2021; Govender et al., 2021; Nandy et al., 
2020; Varikasuvu et al., 2021). It is caused by 
several factors that increase the risk of Covid-19 
infection among diabetic patients (Ejaz et al., 
2020).  

In addition to comorbidities, age and 
gender had a significant relationship with 

Introduction
Coronavirus diseases (Covid-19) is an 

infectious disease caused by the SARS-CoV-2 
virus (World Health Origanisation, 2022). Until 
February 25, 2022, the total number of cases 
globally reached 428,511,601 people infected 
with the death rate due to Covid-19 reaching 
5,911,081 (World Health Origanisation, 2022). 
In Indonesia alone, deaths due to Covid-19 
reached 147,342 people (World Health 
Origanisation, 2022). The high mortality rate in 
Indonesia is caused by the delay in responding 
to the health crisis (Olivia et al., 2020)

The number of Covid-19 in Indonesia 
has significantly increased; cases initially only 
concentrated on the island of Java quickly spread 
to other large islands with a high number of 
migrant populations, such as East Kalimantan, 
Papua, and South Sumatra (Olivia et al., 2020). 
Java island became Indonesia’s highest area of 
Covid-19 distribution (Ilmi & Praptana, 2022). 
The quick increase in the cases significantly 
impacts hospital management, such as the lack 



335

KEMAS 18 (3) (2023) 334-340

Figure 1. Data Processing

Method
This study used secondary data on 

Covid-19 patients obtained from the Semarang 
City Health Service (DKK) from January 2020 to 
June 2021. The total data obtained were 83,437 
and the cleaned data processed was 83,024. The 
data consisted of gender, age, comorbidities, 
symptoms, date of being tested positive for 
Covid-19, date of being declared cured/died, 
isolation status (self-isolation or hospital 
treatment), and final status (cured/death). Data 
processing uses data mining with the decision 
tree classification method. Decision tree 
classification methods are commonly used in 
data mining to form a classification system that 
uses multiple variables or develops predictive 
algorithms for the dependent variable (Song & 
Lu, 2015). The data processing process in this 
study shows in Fig.1

death from Covid-19. Where men aged 45-
60 years are susceptible to Covid-19 and have 
the potential to increase mortality (Nanda Nur 
Illah, 2021). A model showed that men are more 
likely to be infected with Covid-19 with severe 
symptoms and require hospital treatment than 
women (Bienvenu et al., 2020; Clark et al., 2020; 
Mohamed et al., 2021).

Various studies have found an influence 
between comorbidities, gender, and age on 
the incidence of death in Covid-19 patients 
(Bertsimas et al., 2020; Dessie & Zewotir, 2021; 
Pung et al., 2021). However, no research has 
found a relationship between these factors 
and the mortality rate of Covid-19 patients. 
Therefore, this study aimed to implement 
decision tree modeling to represent the 
relationship between these factors and the 
mortality rate of Covid-19 patients.
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The secondary data for Covid-19 
collected is carried out in the pre-processing 
process. In this stage, complete and incomplete 
data is sorted, checking data consistency. 
Meanwhile, in the pre-processing process, the 
data discretization process is carried out on 
the age variable with age grouping based on 
the risk of Covid-19 infection (World Health 
Organisation, 2022). The data results ready to be 
processed are then divided into training and test 
data using the cross-validation technique. This 
technique helps form a model that is resistant 
to unknown data. In this stage, the output 
obtained is a decision tree model trained using 
training data. Furthermore, the model obtained 
with the training data is compared with the test 
data, which produces test parameters in the 
form of the level of accuracy, precision, and 
recall of the model that has been generated.

The implementation process utilizes the 
Rapid Miner application, with the main class 
target being the patient status variable. The 
performance evaluation process is carried out 
using test parameters in the form of accuracy, 
precision, and recall. Each evaluation parameter 

shows how the decision tree model identifies 
patient status by looking at the variables of 
gender, age range, comorbidities, symptoms, 
and treatment status.

Results and Discussion
The results of the data mining experiment 

process obtained a decision tree model. From 
the tree rules obtained, the pattern of the 
interrelated variables in determining patient 
status can be seen. Overall, the decision tree 
model will evaluate the comorbid variables as 
the first node, wherein that variable has two 
branches, namely “yes” and “no.” In the next 
stage, the variable of care status is observed, 
wherein this variable has two branches, namely 
“treated in health facilities” and “self-isolation.” 
The following observed variable is the age range 
which has eight branch distributions. The age 
range varies with the criteria “85+” and has 
additional branches in the form of symptom 
variables which are distributed into “yes” and 
“no.” Besides that, the symptom variable with 
a value of “yes” is derived again through the 
gender variable branch (See. Fig.2).

Figure 2. Patient Decision Tree without Comorbid

The decision tree model in patients 
without comorbidities who received treatment 
at the health facilities showed an increase in 
deaths due to Covid-19 in the elderly group. 
In the age group of 85 and over, the decision 
tree model showed the role of symptoms and 

gender that affect the output of patient care. 
Patients aged 85 and over who are symptomatic 
and male have a higher mortality percentage 
(54.1%) than females (38%) in the same age 
group.
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Figure 3. Decision Tree of Patients with Comorbid
Figure 3 shows that most patients with 

comorbidities require treatment at health 
facilities. The percentage of deaths increases 
with the increasing age group. In patients aged 

85 and over, symptom factors affect treatment 
output. Most (58.2%) died in patients who 
showed early symptoms in this age group.

Figure 4. Status of COVID-19 Patients With and Without Comorbid
Based on comorbid variables and the 

distribution of age range variables, it can be seen 
that the older, the greater the death rate due to 
Covid-19. Figure 4 shows that the recovery 
status of patients without comorbidities has 
decreased with each increase in the age range, 
and the death rate has increased where the 
most significant spike is between 50 to 84 
years. Meanwhile, compared with the status of 
patients with comorbidities shown in Figure 
5, there was a significant decrease in the 

number of patients recovering. The opposite 
occurred in the number of deaths of patients 
with comorbidities, where mortality increased 
significantly, especially starting in the age range 
of 30 to 84.

From the evaluation results obtained, 
the value of each parameter (see Table 1). The 
accuracy value indicates the model’s ability 
to predict the patient’s status, either “dead” 
or “recovered.” The decision tree model 
can produce an accuracy value of 93.18%, 
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which means that 93.18% of the test data 
generated from the cross-validation process 
can be predicted correctly. Then the precision 
parameter in the decision tree model that is 
formed can produce a value of 93.22%, which 
means the model can accurately predict 93.22% 
of data that has a “cured” class from all test data. 
Then the recall can reach 99.95%, which means 
the system can separate the “healed” class data 
with nearl
Table 1 Model Evaluation Results

Evaluation Score (%)
Accuracy 93.18
Precision 93.22

Recall 99.95
y 100% accuracy.

The decision tree model showed that 
the risk grouping of patients in the first stage 
is the presence or absence of comorbidities. 
This case described that comorbidity gives 
different results for Covid-19 patients. A review 
study showed that chronic non-communicable 
diseases significantly affect the prognosis of 
Covid-19 (Anjorin et al., 2021). Patients with 
comorbidities are more susceptible to infection 
and have more severe symptoms (Huang et 
al., 2020; Madjid et al., 2020). The results also 
found that most patients with comorbidities 
require treatment in health services.

In this case, comorbidities are vital 
in preventing deaths from Covid-19. In 
Indonesia, comorbidities are one of the 
essential focuses in controlling Covid-19 as 
stated in the Decree of the Minister of Health of 
the Republic of Indonesia Number HK.01.07/
MENKES/413/2020. In implementing education 
and community empowerment, it is essential 
to control comorbidities. In addition, health 
services are required to report the comorbid 
status of Covid-19 patients. (Keputusan 
Menteri Kesehatan Republik Indonesia Nomor 
Hk.01.07/Menkes/413/2020 Tentang Pedoman 
Pencegahan Dan Pengendalian, 2020). A study 
showed that Covid-19 patients with comorbid 
heart and kidney failure have the potential to 
have severe symptoms. Meanwhile, patients 
with comorbid Diabetes Mellitus have a 2.78 
times risk of dying from Covid-19 (Nandy et 
al., 2020). 

The second branch of the decision tree 
model explained that both comorbid and non-
comorbid patients have different possibilities 
for recovery based on age groups. The older the 
age group, the higher the percentage of patients 
who died, both comorbid and non-comorbid. 
A study found that being over 60 years old 
and having comorbidities was a risk factor for 
death in Covid-19 patients. Although younger 
patients with hypertension and diabetes had a 
risk of having a worse prognosis than the older 
age group (Bae et al., 2020). 

Another study found that those less 
than 50 years of age had low awareness 
of hypertension and tended to ignore it 
compared to older people (Sehestedt et al., 
2007). It supports the decision tree model in 
the comorbid patient group, where mortality 
increases at 30 years. An interesting thing 
was found in the group after 85+ without 
comorbidities, where the decision tree model 
showed a worse prognosis in the symptomatic 
group and male gender. A study found that 
biological and sociocultural factors caused 
vulnerability in men; many cases found men 
showed more severe symptoms of Covid-19 
infection. (Jin et al., 2020; Papadopoulos et al., 
2021; White, 2020)

Conclusions
The decision tree model describes 

patients with Covid-19 infection up to 2021 
before high vaccine coverage and Omicron-
type. The resulting death is likely to be in 
patients who have not received the vaccine. 
However, with a high level of accuracy, the 
resulting decision tree model can be used as 
a risk assessment step in Covid-19 patients. 
Especially in the old age group and have 
comorbidities. The results of this study are 
evidence that in handling Covid-19, there is a 
need for a comorbid risk assessment. It is hoped 
that health services can utilize the results of 
this study to prevent the severity of Covid-19 
infection—the development of comorbid 
awareness programs and community-based 
education on the management of patients with 
comorbidities.
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