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ABSTRACT 

The patients hospitalized in an Intensive Care Unit (ICU) are always at risk of death. 
Use of machine learning for predicting the mortality of ICU patients is essential to assess the 
severity of the disease and to judge the value of new treatments, interventions, and health care 
policies. Therefore, this study aims to predict the mortality in patients hospitalized in the ICU 
based on machine learning techniques. The present study was conducted in four steps: data 
understanding, preprocessing, modeling, and evaluation. First, the mortality factors in the pa-
tients hospitalized in the ICU were identified and were extracted from 800 records of patient 
data. Next, different prediction algorithms including decision tree (J48), MLP, KNN, random 
forest, and SVM were developed based on 19 confirmed factors. The random forest algorithm 
worked appropriately based on receiver operating characteristic (ROC), accuracy, precision, 
sensitivity, and specificity. The SVM algorithm was the weakest algorithm according to ROC, 
sensitivity, accuracy and precision. Also, ventilation was the most effective factor for predict-
ing the patients' death. Our study shows that machine learning algorithms can appropriately 
predict the mortality rate in patients hospitalized in the ICU with high accuracy and precision, 
extracting deeper specificities. Since diagnosis by humans is a time-consuming process with a 
higher probability of mistakes, using these algorithms can decrease treatment decision mis-
takes made by the ICU physicians and increase the chance of successful treatment. 
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1. Introduction 

The intensive care unit (ICU) is one 
of the most stressful places in the hospital 
[1] in which acute patients are managed by 
the most expert staff and developed equip-
ment [2]. The patients hospitalized in the 
ICU suffer from acute disease or injury and 
are always at risk of death [3]. The longer a 
patient stays in the ICU, the more likely the 
mortalities increase, because the immune 
system is weakened, accordingly, and vital 
organs such as the lungs, heart, kidneys, 
liver, and brain are involved. Therefore, this 
challenge can increase  mortality [4]. The 
mortality rate among patients in the ICU  
has been reported as 20 to 30%, constituting 
20 to 50% of the total hospital mortality [5]. 

Predicting mortality as one of the 
most important clinical outcomes for pa-
tients hospitalized in the ICU can help de-
termine the severity of the disease, identify 
new treatment methods, provide efficient 
hospital equipment, and adoption of health 
care policies [6]. To predict the mortality in 
the ICU, we are always faced with an im-
portant question of how to predict the risk of 
mortality and the factors affecting it for 
hospitalized patients and minimize the mor-
tality rate in ICU based on available data 
[7]. To answer this question, it should be 
said that, in recent years, algorithms such as 
Decision Tree (J48), Random Forest (RF), 
K Nearest Neighbor (KNN), Multi-layer 
Perceptron (MLP), and Support Vector Ma-
chines (SVM) have been increasingly used 
to predict mortalities [8, 9]. Considering the 
irregular knowledge of the ICU patient, ma-
chine learning algorithms have the highest 
potential to predict mortality in the ICU 
[10]. 

These knowledge discovery algo-
rithms can help predict deaths and events in 
a way that the human brain simply cannot 
process and analyze [11]. Also, these 
knowledge discovery tools can automatical-
ly analyze raw data and extract high-level 

information for health decision-makers to 
make better treatment decisions [12-13]. In 
their study, Nemati et al. showed that using 
real-time data in ICU, machine learning al-
gorithms can accurately predict the sepsis 
start in a patient in the ICU 4 to 12 hours 
before clinical diagnosis [14]. 

In the last 30 years, various machine 
learning algorithms and scoring systems 
such as Acute Physiology and Chronic 
Health Evaluation (APACHE), Simplified 
Acute Physiology Score (SAPS), Mortality 
Probability Model (MPM), Naïve Bayes, 
and Sequential Organ Failure Assessment 
(SOFA) have been developed to predict 
mortality[15, 16]. These algorithms and 
scoring systems have limitations. The most 
comprehensive and accurate of these scor-
ing systems, APACHE, is a proprietary tool 
that requires a license and depends heavily 
on choosing the correct acceptance recogni-
tion. MPM and SAPS also consider only a 
few variables, resulting in ease of use, but 
are too simple models that may ignore im-
portant physiological measurements [17]. 

Some studies have shown that the use 
of J48, RF, KNN, MLP, and SVM algo-
rithms for predicting mortality is very effec-
tive compared to older algorithms [16, 18, 
19]. Comparison of j48 and Naive Bayes 
(NB) algorithms showed that the efficiency 
and accuracy of j48 are better than that of 
Naive Bayes [20]. Awad et al. [21] pro-
posed RF ensemble learning for mortali-
ty prediction of hospitalized patients and 
concluded that the introduced algorithm 
works better than other prediction algo-
rithms. Also, Moridani et al. [17] developed 
an SVM algorithm to predict the risk of dy-
ing of cardiovascular patients in the ICU. 
They concluded that SVM performed better 
than the ANN algorithm.  

Based on a large amount of the avail-
able raw data about patients hospitalized in 
the ICU the importance of machine learning 
algorithms to predict patient mortality accu-
rately, and the powerful potential of these 
algorithms to change the future of medical 
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science, this study aimed to predict mortali-
ty in patients hospitalized in the ICU based 
on machine learning techniques. In this 
study, after identifying and introducing the 
effective factors to predict the mortality in 
patients hospitalized in the ICU and classi-
fying them, five algorithms, decision tree 
(J48), MLP, KNN, random forest, and SVM 
have been used. According to the main pur-
pose of this study, it can be said that early 
prediction of the mortality for patients hos-
pitalized in the ICU can save the patient's 
life, allocate resources to more acute pa-
tients [10], and help physicians to decide 
about the patient's stay time in hospital [22]. 

Besides identifying the patients who 
are at risk of death, it is possible to help 
make critical decisions such as stopping or 
continuing the treatment, studying the 
treatment risks, pursuing the resources and 
equipment needed for patients in the ICU, 
and decreasing the stay period in ICU [23]. 

 
2. Survey on the Previous Works 

In recent decades, the data collected 
in ICUs has increased and has been used in 
data analysis and machine learning studies 
[24]. There is a wealth of data to improve 
the care of ICU patients which is still un-
used or in need of further analysis. Howev-
er, automated detection tools based on dif-
ferent predicting models can analyze raw 
data and extract information to enable deci-
sion makers to make better decisions [12, 
24, 25]. In mortality prediction models in 
the ICU, we are always looking for an an-
swer to the critical question of how to iden-
tify the mortality risk and associated factors 
in order to minimize the mortality rate of 
patients [25]. Various studies have dis-
cussed and compared mortality prediction 
models for ICU patients [26-28]. 

Calvert et al. [29] used electronic 
health record collected clinical variables to 
predict intensive care unit mortality. Strong 
predictive accuracy was obtained in this 
study (80%). However, we question the 
practical application of this tool, which pre-

dicts a 12-hour sampling point. This study 
does not specify at what stage of the devel-
opment of a critical care episode this tool 
should be used to have the best effect. In 
contrast, the algorithms presented in our 
study attempt to predict in-hospital mortali-
ty shortly after ICU admission. 

In another study, Sadeghi et al. [30] 
tried to predict early hospital mortality. This 
study presents a new method for predicting 
mortality using 12 features extracted from 
patients' heart signals during the first hour 
of ICU admission using the MIMIC-III da-
tabase. The extracted features are fed into 
eight classifiers: decision tree, linear discri-
minant, logistic regression, SVM, random 
forest, boosted trees, Gaussian SVM, and K-
NN.  The random forest algorithm estimates 
both accuracy and interpretability better 
than other algorithms. This study shows that 
heart rate (HR) signals can be used to pre-
dict mortality in patients in the ICU. In ad-
dition, Crawford et al. [31] concluded that a 
decision tree (DT) algorithm provides a 
clinically acceptable mining result in pre-
dicting lymph node spread in men with clin-
ically localized prostate carcinoma. Ya-
kovlev et al. [32] used the algorithms of k-
nearest neighbors, Random Forest, and Na-
ive Bayes to predict the in-hospital mortality 
and length of stay (LoS) in patients with 
acute coronary syndrome (ACS). Among 
the algorithms used, the accuracy of the Na-
ive Bayes algorithm was the highest 
(90.0%). 

Although in our study the algorithms 
introduced in the above studies have been 
used, the proposed framework of our study 
for mortality prediction is composed of 
physiological and clinical data. These phys-
iological and clinical data include chart var-
iables, laboratories, vital signs, and patient 
demographics, and are not necessarily relat-
ed to a specific organ/diagnosis because the 
ICU is a very complex environment and 
patients with several diseases are typically 
hospitalized [28].  
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Also, some studies show that custom-
ized algorithms perform better and more 
efficiently than traditional scoring systems 
[33]. Lee and Maslove [34] performed a 
retrospective analysis using local clinical 
data captured from hospital electronic medi-
cal records (EMRs). The aim of their study 
was to customize a severity of illness score 
using local electronic medical record data. 
The results of this study showed that cus-
tomized and trained algorithms based on 
ICU-specific data provide better mortality 
predictions than traditional SAPS scoring 
using the same predictor variables. In our 
study, we also used trained and customized 
ICU-specific data-based algorithms to pre-
dict mortality in patients hospitalized in the 
ICU, not traditional scoring such as SAPS. 

At the end of this section it should be 
said that the ICU is a very complex envi-
ronment and patients admitted to it may suf-
fer from more than one disease or have dif-
ferent signs and symptoms, so it is very dif-
ficult to determine which custom model to 
use [28]. However, there is a need for mor-
tality prediction algorithms in the ICU, 
which is the focus of this study. 

 
3. Material and Methods  

The present study was conducted 
based on the proposed model in Fig. 1. Ac-
cording to this model, the present study was 
conducted in four stages of data understand-
ing, preprocessing, modeling, and evalua-
tion. These steps are described below. 

 
3.1 Step 1: Data understanding 

 As shown in Fig. 1, this step involves 
the final identification and confirmation of 
the factors affecting the mortality in patients 
hospitalized in the ICU. To identify the fac-
tors affecting the mortality of patients hospi-
talized in the ICU, a comprehensive litera-
ture review was conducted in Web of Sci-
ence, PubMed, and Scopus databases. Data 
in this step were collected using the data 
extraction form. This form consisted of 
fields about the factors affecting the predic-

tion of patient mortality in the ICU. Review-
ing the relevant research and consulting 
with three medical informatics experts and a 
physician specializing in the ICU, content 
validity was also confirmed. 
 In the next step, a researcher-made 
questionnaire was used to approve finally 
the identified effective factors. This ques-
tionnaire consisted of three parts: demo-
graphic information of specialists, determin-
ing the importance degree of each effective 
factor by specialists, and other factors. It is 
worth saying that the other factors section 
was included to consider the forgotten fac-
tors in the questionnaire. The face and con-
tent validity of the questionnaire was con-
firmed by four specialist physicians of the 
ICU. Moreover, the questionnaire reliability 
was calculated using Cronbach's alpha for-
mula. Cronbach's alpha was calculated 
0.897. To analyze the data about the effec-
tive factors, each part of the questionnaire 
was classified into five levels: "very high", 
"high", "medium", "low" and "very low". 
Therefore, the scoring scale was considered 
one to five for each of the factors.  

To approve the factors, 12 physicians 
working in the ICU in Rasoul Akram and 
Shahid Hasheminejad hospitals were called. 
One week later, six people stressed their 
readiness to participate in the study. In the 
next step, the questionnaire was distributed 
among these six people. After collecting the 
data, they were analyzed using SPSS soft-
ware version 23. After calculating the 
standard deviation and the mean of the ef-
fective factors, based on the participating 
specialist physicians' opinions, the factors 
that had a mean of less than 3.5 were ex-
cluded from the study. According to the ex-
perts' opinions, these factors were not very 
significant to predicate the mortality in pa-
tients hospitalized in the ICU.  

After confirming the factors, a form 
was designed to extract the data from the 
files of patients hospitalized in the ICU. 
This form included fields with patient file 
numbers and factors approved in the previ-
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ous step. Its validity was also confirmed 
based on the three specialist physicians' 
opinions working in the ICU. To extract and 
collect the records values in the patients' 
records, the researchers referred to the rec-
ords archive of two Hazrat Rasoul Akram 
and Shahid Hasheminejad hospitals. A total 
of 800 records (559 alive and 241 dead) 

were studied. Data were collected from July 
1 to September 15, 2020. 

The criterion for selecting the records 
included those recorded in the initial 24 
hours for patients hospitalized in the ICU in 
the last two years. In the last step of this 
phase, all collected data were entered into 
an Excel file. 

 
 

 
Fig. 1. Proposed model for research. 

 
3.2 Step 2: Preprocessing 

After collecting data, they were sorted 
and managed based on the type of the data. 
The records with 85% or higher values 
missing were excluded from the study. 
Moreover, the variable of patients' file num-
ber was excluded. The patients' names were 
anonymously added to the database (using 
numbers one to 800). Subsequently, the data 
collection created for data preprocessing, 
i.e., managing the missing value and con-
firming the data validation, was re-
examined more accurately. Furthermore, the 

number of blank records was calculated for 
each of the identified factors affecting pre-
dicting the mortality of patients in the ICU. 
The blank records and data entered outside 
of the normal or possible range were re-
viewed and corrected if needed.  

Furthermore, since the initial sample 
size consisted of 241 dead patients and 559 
alive, the data collection was unbalanced. 
This meant that the number of records in 
one category was higher than the others (the 
number of samples in a larger category 
could be a maximum twice more than the 
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other categories). As a result, predicting the 
classified models would have a bias towards 
having a larger sample size. Therefore, the 
values of the functional indicators in the 
classified models will be decreased. To 
solve this problem, two sampling methods 
are defined: under-sampling and over-
sampling. In under-sampling, the high-
class size is decreased to be equal to the 
low-class size, and in over-sampling, low 
class size is increased to be equal with high-
class size. In this study, over-sampling 
(SMOTE) was used to balance the class 
records for dead with alive ones. Therefore, 
the classes are balanced. Data mining mod-
els were then performed on the balanced 
sample [35]. After using SMOTE, the sam-
ple size was changed to 559 dead patients 
and 482 alive.  

 
3.3 Step 3: Implementing the selected da-
ta mining techniques (modeling) 

In this step, to select machine learn-
ing techniques, the different studies con-
ducted in these fields were examined [9, 36-
38]. Subsequently, according to the studies, 
the type, and quality of data, the appropriate 
techniques were selected. SPSS version 23 
was used to analyze the data. Weka v3.9.2 
software was used to analyze and calculate 
the curves, criteria, and draw the confusion 
matrix. This academic software was used 
due to its various data preprocessing capa-
bilities, including all models in the area of 
artificial intelligence and having the  open-
source capability [39]. 
 
3.4 Step 4: Evaluating and validating the 
models’s performance 

Sensitivity, specificity, accuracy, pre-
cision, and ROC area under curve indices 
were used to evaluate the performance of 
predicting models. These criteria will be 
defined and calculated using the confusion 
matrix components (Table 1). In this study, 
accuracy refers to the ratio of the number of 
alive and dead people who have been diag-
nosed accurately. Precision means the num-

ber of people who have died and the model 
has accurately identified them. Sensitivity 
refers to the ratio of dead people that the 
model has accurately identified as dead. 
Therefore, the higher the value is, the more 
accurate the diagnosis of the dead is. Speci-
ficity is a ratio of people who are alive and 
the model has accurately identified them as 
alive [40]. ROC is also used as an indicator 
to determine a model’s power. Furthermore, 
in the medical field, the area under the ROC 
curve is used to evaluate the accuracy of 
diagnostic tests [41]. 

 
Table 1. Confusion matrix. 

Prediction value           Output 
Living )-(  Death )+(  

FN TP Death )+(  Real 
value TN FP Living )-(    

* True positive (TP): The number of deaths that the 
model has correctly identified. 
* False positive (FP): The number of living people but 
the model has incorrectly identified them as dead. 
* True negative (TN): The number of people who are 

living and the model correctly identified them as liv-
ing. 
* False negative (FN): The number of people who are 

dead but the model has incorrectly identified them as 
living [42]. 
 

Finally, for each of the selected mod-
els, the performance was reported. The 
model that had better results than other 
models was reported as the best model for 
predicting the mortality in patients hospital-
ized in the ICU. 

 
4. Ethical Considerations 

To conduct this study, the code of 
ethics with the number IR.KMU.REC.1399. 
338 was obtained from the ethics committee 
of Kerman University of Medical Sciences. 
The specialist physicians participated volun-
tarily and there was the opportunity to leave 
the study at any time and without any con-
sequences. All patients' data were collected 
by the research team confidentially and 
without registering their identity data. These 
data were not made available to individuals 
outside the research team. Furthermore, ac-
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cording to the research type, using data did 
not pose any risk to patients. 

 
 
 

5. Results  
The research findings are following 

based on the research steps. 
 

5.1 Step 1: Data understanding 

 According to the reviewed literature 
and after removing duplicates, total of 49 
effective factors involved in the mortality in 
patients hospitalized in the ICU were ex-
tracted from the studies. These 49 factors, 
along with the mean and standard deviation 
obtained by the physicians who are special-
ists in the ICU and anesthesia major are 
listed in Table 3. The demographic infor-
mation of these physicians is also shown in 
Table 2. 

 
Table 2. Physicians’ demographics. 

              Variable                                                    N  percentage of frequency 
Gender  Male  3 50 

Female 3 50 
Age  25-40 3 50 

41-55 2 33.33 
>55 1 15.66 

Education degree Specialist  3 50 
 Sub-specialist 3 50 

Type of specialty Intensive care 4 66.64 
Anesthesia 2 33.33 

Employment history (year) 1-15 4 66.64 
16-30 2 33.33 

 
 According to Table 3, two factors of 
Ventilate and Glasgow Coma Scale (GCS) 
with a mean of 4.59 and then two factors of 
age and vasoconstrictor drugs with a mean 
of 4.47 were introduced as the most effec-
tive predicting factors of mortality of pa-
tients hospitalized in the ICU. Cardiopul-
monary resuscitation factors before admis-
sion, CRF, CKD, Serum lactate, existence 
of chronic diseases, surgical procedures dur-
ing the ICU hospitalization period, SGOT, 
SGPT, PaO2, type of hospital admission, 
BMI, chronic organ failure and C-reactive 
protein factors according to the specialists' 
opinion with a mean less than 3.5 were ex-
cluded. In addition, two suggested factors 
"addiction" and "diabetes" were added to the 
collection of effective factors by the physi-
cians participating in the study. A total of 36 
effective factors were approved by special-
ists to predict the mortality in patients hos-
pitalized in the ICU. 

The ICU patient database was col-
lected from 800 patients hospitalized (241 
dead and 559 alive) in two Hazrat Rasoul 
Akram and Shahid Hasheminejad hospitals. 
Dead people and living population in this 
study were 30.1%, 69.9%, respectively. In 
terms of gender, 58.4% were male and 
41.6% were female. The frequency of dead 
men (18.6) was higher than women (11.5). 
These statistical details are presented in Ta-
ble 4. 

 
Table 4. Percentage of the frequency of 
prediction factors based on gender. 

Total  Percentage of 
dead people 

Percentage of 
living people 

Gender  

58.4 18.6 39.8 Male  
41.6 11.5 30.1 Female  
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Table 3. Predicting factors for the mortality in patients hospitalized in the ICU. 
Specialists’ perspectives Effective factors Row 

±SD Mean 

±0.87 4.59 Ventilate 1 
±0.87 4.59 Glasgow Coma Scale(GCS) 2 
± 1.00 4.47 Age 3 
± 0.73 4.47 Vasoconstrictor drugs 4 
±1.04 4.46 Diastolic pressure 5 
± 1.00 4.44 Systolic pressure 6 
± 0.73 4.44 Heart rate 7 
±0.48 4.35 Estimated Glomerular Filtration Rate (eGFR) 8 
±0.81 4.1 Respiratory rate 9 
±0.57 4.1 Creatinine(Cr) 10 
±0.37 4.1 Partial Pressure of Carbon Dioxide (PCO2) 11 
±0.57 4.1 The potential of Hydrogen (PH) 12 
±0.96 4.1 ICU length of stay 13 
±0.81 4.1 Fraction of Inspired Oxygen (FiO2) 14 
±0.37 3.89 Serum sodium 15 
±0.37 3.89 Urine output  16 
±0.58 3.89  ( Glucose (Glu 17 
±0.69 3.89 Partial Pressure Of Oxygen (PO2) 18 
±0.69 3.86 Albumin (Alb) 19 
±0.95 3.73 Hematocrit (HCT) 20 
±0.95 3.73 Hemoglobin (Hb) 21 
±0.48 3.73 Patient status after surgery 22 
±0.48 3.73 Bicarbonate (HCO3) 23 
±0.48 3.73 Serum potassium  24 
±0.75 3.64 White blood cells (WBCs) 25 
±0.75 3.64 Total Bilirubin 26 
±0.72 3.63 Mean Arterial Pressure (MAP) 27 
±0.78 3.6 Blood urea nitrogen (BUN) 28 
±0.78 3.6 Gender 29 
±0.78 3.6 Metastatic cancer 30 
±0.53 3.6 Partial Thromboplastin Time (PTT) 31 
±0.97 3.57 Rectal temperature 32 
±0.53 3.55 Platelet Count (PLT) 33 
±0.53 3.55 Infection  34 
±0.53 3.55 Serum cortisol 35 
±0.53 3.50 Readmission 36 

* * Cardiopulmonary resuscitation before admission 37 
* * Chronic Renal Failure(CRF) 38 
* * Chronic Kidney Disease (CKD) 39 
* * Serum lactate 40 
* * Existence of chronic diseases 41 
* * Surgical procedures during the ICU hospitalization period 42 
* * SGOT 43 
* * SGPT 44 
* * Partial Pressure of Oxygen (PaO2) 45 
* * Type of hospital admission 46 
* * Body mass index (BMI) 47 
* * Chronic organ failure 48 
* * C-reactive protein 49 

Note:* These factors were removed by specialist physicians due to a mean score less than 3.5. 
 
5.2 Step 2: Preprocessing 

FiO2, eGFR, Serum cortisol, read-
mission, stay time length in the ICU, urine 
output and, infection factors with missing 
values above 85% were excluded from the 

data collection. The list of these factors 
along with the number of missing value and 
their percentage is presented in Table 5. 
Removing the factors with high missing 
values, 31 effective factors of morality pre-
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diction (29 factors from Table 3 along with 
two suggested factors of diabetes and addic-

tion) were moved to the next step. 

 

Table 5. The missing values of each effective factor in the mortality in patients hospitalized in 
ICU in the database. 

% Missing value number 
for each factor 

Factors name 

100 800 FiO2 
100 800 eGFR 

85.25 682 Serum cortisol 
100 800 Readmission 

98.85 790 ICU length of stay 
98.62 785 Urine output 
87.05 700 Infection  

 

In total, according to specialists' opin-
ions and removing the factors with missing 
values, 31 factors were finally used to pre-
dict the mortality in patients hospitalized in 
the ICU. Table 5 shows the importance of 
these 31 factors. The importance level of 
these factors was calculated using Weka v 
3.9.2 software. The most effective factor 
used in the data collection of predicting the 

mortality of patients was ventilation. The 
factors in items 20 to 31 were also excluded 
from the study since they were less im-
portant to predict the mortality in patients 
hospitalized in the ICU. 

According to Table 6, a total of 19 fac-
tors were used to predict the mortality in 
patients hospitalized in the ICU. 

 

Table 6. Effective factors used in the data collection of predicting the mortality in patients 
hospitalized in the ICU. 

Values of each effective 
factor 

Factor’s name Row  

0.1915 Ventilate 1.  
0.1787 Glasgow Coma Scale(GCS) 2.  
0.1604 Patient status after surgery 3.  
0.1496 Gender 4.  
0.1153 Rectal temperature 5.  
0.0975 Creatinine(Cr) 6.  

0.08 Diabetics 7.  
0.0602 Age 8.  
0.0519 Addictions 9.  
0.0509 Vasoconstrictor drugs 10.  
0.039 Partial Thromboplastin Time (PTT) 11.  

0.0298 Blood urea nitrogen (BUN) 12.  
0.0298 The potential of Hydrogen (PH) 13.  
0.0263 Glucose (Glu) 14.  
0.0259 Albumin(Alb) 15.  
0.0216 Heart rate 16.  
0.0157 Partial Pressure Of Oxygen (PO2) 17.  
0.0156 Hematocrit(HCT) 18.  
0.0134 Total Bilirubin 19.  

0.0 Metastatic cancer 20.  
0.0 Hemoglobin(Hb) 21.  
0.0 Mean Arterial Pressure (MAP) 22.  
0.0 Diastolic pressure 23.  
0.0 Systolic pressure 24.  
0.0 Respiratory rate 25.  
0.0 Partial Pressure of Carbon Dioxide (PCO2) 26.  
0.0 Platelet Count (PLT) 27.  
0.0 Serum potassium  28.  
0.0 Serum sodium 29.  
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0.0 White blood cells(WBCs) 30.  
0.0 Bicarbonate(HCO3) 31.  

 
 

5.3 Step 3: Implementing the selected da-
ta mining techniques 

In this study, decision tree (J48), 
MLP, KNN, random forest, and SVM algo-
rithms were used to make prediction mod-
els. It is worth noting that to decrease the 
minimum distance between query instance 
and the training samples, the KNN model 
was applied to the data collection six times 
[43-44]. All these algorithms were imple-
mented using Weka v3.9.2 software. 

There were 67 leaves used to make 
the decision tree. Finally, a tree-sized 133 
was formed. The test option selected for the 
decision tree was Validation-Fold Cross-10. 
Experiments have shown that the best 
choice to estimate most accurately is Vali-
dation-Fold Cross-10 [45]. To create the 
neural network, its usual structure, MLP 
was used. Effective factors to predict the 
mortality and the target variable or patient 
death were neural network inputs and out-
puts, respectively. Therefore, the neural 
network used in the present study consisted 
of 31 input neurons, 10 hidden neurons, and 
one output (death or survival). Samples of 
data mining studies in the clinical area were 
cited to determine the hidden layers [12, 46, 
47]. In these studies, the ability of two-layer 
neural networks was emphasized. It should 
be noted that one of these layers was the 
output layer and the other was the hidden 
layer. For KNNs, 1, 3, 5, 7, 9, and 11 neigh-
bors were used. To analyze random forest, 
bagging with 100 iterations and base learner 

were used. In this model, similar to the deci-
sion tree algorithm, Validation-Fold Cross-
10 was used to evaluate the algorithm and 
estimate most accurately [45]. The most 
common kernel, the Gaussian kernel or 
RBF, was used to create the SVM [48]. Val-
idation-Fold Cross-10 was used to evaluate 
this algorithm and obtain the most accurate 
estimate [45]. It should be noted that to cre-
ate each of these models, the studies using 
these models in different clinical areas were 
examined [12, 47, 49]. 

 

5.4 Step 4: Evaluating and validating the 
performance of the algorithms 

At this step, the performance of deci-
sion tree (J48), multilayer perceptron, KNN, 
random forest, and SVM algorithms were 
evaluated. Subsequently, their sensitivity, 
specificity, accuracy, precision, and ROC 
indices were calculated. The comparison 
results of these indices for each of the algo-
rithms are presented in Table 7. Sensitivity, 
specificity, accuracy, precision, and ROC of 
random forest were higher than other algo-
rithms. SVM was the weakest algorithm 
according to ROC, sensitivity, accuracy, and 
precision. The specificity of the MLP algo-
rithm was weaker than other algorithms. 

Among the six KNN algorithms, 
KNN-7 performed better than the other five 
algorithms in terms of specificity, accuracy, 
precision, and ROC. Regarding the sensitiv-
ity criterion, the KNN-1 algorithm per-
formed better than other algorithms.

 

Table 7. Algorithms used for predicting the mortality in the patients hospitalized in ICU. 
Algorithm Sensitivity  Specificity  Accuracy  Precision  ROC 

MLP 68.67% 74.77% 71.95% 70.12% 0.7872 
KNN-1 69.70% 78.35% 74.35% 73.52% 0.7395 
KNN-3 67.84% 80.14% 74.44% 74.65% 0.8028 
KNN-5 64.73% 83.36% 74.73% 77.03% 0.8072 
KNN-7 64.31% 84.61% 75.28% 78.28% 0.8133 
KNN-9 62.24% 83.18% 73.48% 76.14% 0.8128 

KNN-11 62.44% 81.03% 72.43% 73.95% 0.8083 
J48  71.16% 75.84% 73.67% 71.75% 0.7435 

Random Forest 76.14% 86.76% 81.84% 83.21% 0.8884 
SVM 56.43% 79.98% 65.32% 64.30% 0.7056 
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6. Discussion 
This study investigated predicting the 

mortality in the patients hospitalized in the 
ICU based on machine learning algorithms 
using the collected data in the first 24 hours 
of admission to the ICU. Totally, 19 factors 
were used to predict the mortality in the pa-
tients in the ICU. Among these factors, 
Ventilate, GCS, gender, age, rectal tempera-
ture, and creatinine were considered signifi-
cant as in other studies [50-54]. Among 
these factors, ventilate and the GCS were 
the most important. In the study of Awad et 
al., the GCS factor was introduced as one of 
the important factors to predict in-hospital 
mortality [21]. Ergan et al., in their study, 
emphasized the important role of ventilate 
condition to predict the mortality from 
High-Risk Pulmonary Embolism in the ICU 
[55]. 

Mohamed et al., [56] also showed 
that in predicting the mortality in infected 
patients hospitalized in the ICU, in addition 
to platelet count and CRP level in serum, a 
ventilated condition is also very important. 
Ghanem et al. and Lu et al. studies showed 
that low level of consciousness and GCS 
score have a relationship with predicting the 
mortality in patients hospitalized in the ICU 
[57, 58]. Brown et al. study's findings 
showed that age, blood urea nitrogen, respi-
ration rate, and ventilation status are im-
portant indicators to predict in-hospital mor-
tality [59]. The importance of the present 
study compared to other above-mentioned 
studies was to consider the specialists' opin-
ion in the final confirmation of the effective 
factors. Other studies were limited to ex-
tracting the factors from similar studies or 
patient files. 

In this study, two algorithm groups 
were used to develop the mortality predic-
tion models for patients hospitalized in the 
intensive care units. Clear or interpretable 
models and unclear or black-box models, 
and clear classifications (such as decision 
trees) using linear patterns explain the hid-
den clinical consequences and analyze data. 

Therefore, decision tree-based algorithms 
provide the output knowledge in the form of 
a tree of different states, values, and varia-
bles. Demonstrating knowledge visually and 
in the form of a tree caused the categories 
based on the decision tree fully be interpret-
able and understandable [35]. 

In contrast, unclear categories such as 
random forest, KNN, MLP, and SVM are in 
the black box group. The most important 
criticism for this group, especially for the 
artificial neural network, is to understand 
and interpret the problem about their results 
for humans and how to calculate and obtain 
the output. Unclear classifications are less 
effective facing noisy data [35, 60]. In this 
study, the black-box algorithm of random 
forest based on ROC (0.8884%), accuracy 
(81.84%), accuracy (83.21%), sensitivity 
(86.76%) and, specificity (76.14%) had bet-
ter performance to predict the mortality than 
other algorithms. According to ROC, sensi-
tivity, accuracy, precision, SVM was the 
weakest algorithm. 

Kim et al. [12] used a decision tree, 
artificial neural network, SVM, and 
APACHE III algorithms to predict mortality 
in the ICU. The models were developed 
based on 15 factors. According to the ROC, 
the decision tree-based model, artificial neu-
ral network, SVM, and APACHE III had 
better power, respectively. In the present 
study, however, the SVM-based model had 
the weakest performance. Besides, the accu-
racy obtained for all predicting models in 
the Kim et al. study was significantly higher 
than the present study. This result may be 
due to the large population (23,446 patients) 
under study or the factor number used to 
predict mortality. Xia et al. in their study 
developed models for predicting mortality 
in the ICU using an artificial neural network 
and two factor sets [61]. 

The results of this study show that 
neural networks with few variables had bet-
ter performance compared with an artificial 
neural network with more variables [61]. 
Among the conducted studies, the study of 
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Hsieh et al. was more similar to the present 
study. This study developed mortality pre-
diction models in a special group of the ven-
tilated patients based on random forest, arti-
ficial neural network, and SVM. The result 
of this study, as in the present study, showed 
that the random forest algorithm had the 
best performance (91% ROc) to predict the 
death of these patients in the ICU [62]. 
Findings from Kandhasamy et al., study 
similar to the present study to predict diabe-
tes mellitus recognized the performance of 
the KNN algorithm better than the J48 algo-
rithm [63]. 

Finally, in this study, the ROC curve 
was used to compare the extracted 
knowledge from the mortality prediction 
models of the patients hospitalized in inten-
sive care units.  

For all used algorithms, sensitivity 
and specificity indices were not the same in 
terms of importance and specificity was 
more important than sensitivity which is 
why ROC was used for comparison. Since 
the medical staff exaggerates expressing the 
condition of the disease based on their prin-
ciples, and in the end, the incorrect predic-
tion of the death of the patient who finally 
survives is more acceptable compared with 
the incorrect prediction of the survival of 
the person who finally dies. According to 
the presented studies and the result of the 
present study to evaluate the performance of 
the algorithms performance and analyze 
their results, the performance of algorithms 
can be different from one database to anoth-
er based on the number and type of factors 
[12]. Another point is that some factors do 
not affect predictions. For example, the fac-
tors items 20 to 31 in Table 5 did not affect 
predicting the patient mortality although 
from the treatment staff's point of view de-
termining these factors is very important for 
the successful treatment of the patients and 
predicting their mortality. However, in ma-
chine learning techniques and data mining, 
many of these factors can be ignored, and 

the mortality rate can be predicted using 
fewer factors. 

 
7. Study Limitations 

Since it was impossible to collect data 
about patients hospitalized in intensive care 
units from all hospitals in Iran, the data was 
collected from only two hospitals. It is sug-
gested that in another study, a large sample 
size should be collected or generalize it to 
several provinces. Since some physicians 
refused to cooperate in completing the ques-
tionnaire, only six specialist physicians' 
opinions to approve the effective factors 
were used. This challenge can affect the 
research results; therefore, it is suggested to 
use more specialists in future studies. As 
mentioned, like all machine learning mod-
els, these models can be viewed as "black 
box" models, which means that there is little 
insight into how factors play a role in pre-
dicting patient mortality. This problem can 
be decreased by ranking predictors after 
their contribution to the total AUC. 

 
8. Conclusion 

In this study, five machine learning 
models were used to predict the mortality of 
patients hospitalized in the intensive care 
units. A total of 19 important factors for 
predicting mortality were identified. Venti-
lation was the most effective factor used to 
predict patients' death. Random forest was 
the best algorithm for predicting mortality in 
patients hospitalized in the ICU. Also, the 
SVM algorithm was the weakest algorithm. 

Based on these predicting models, the 
raw data can be best used in the ICU and 
useful data can be obtained by extracting 
their hidden patterns. As a result, it could 
help physicians in the process of patient 
treatment and decrease medical mistakes 
due to boredom and long working hours. It 
also could save patients' lives, reduce mor-
tality, compensate for specialist shortages in 
the ICU, decrease the number of hospital 
admissions, and decrease the long-term 
treatment cost for patients, hospitals, and the 
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insurance industry. Finally, it is suggested in 
addition to predicting the mortality rate in 
the patients hospitalized in ICU, the as-
sessing models and classifying the patients' 
severity are also provided. These models 
can be used to compare the health status of 
the patients to each other, identify the most 
critically ill patients and, as a result, allocate 
the specialized ICU equipment and, facili-
ties to the most critically ill patients. 
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