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Abstract –In this study, Random Forest (RF) and Adabbost (AB) algorithms from machine learning 

models were used to estimate the length of stay (LOS) of patients treated in a hospital. Dependent and 

independent variable data from 6247 patients were used for the study. The developed ML model and the 

AB algorithm showed the best performance. AUC, CA, F1, Prec, Recall, and MCC values for the AB 

model were calculated as 0.999, 0.994, 0.994, 0.994, 0.994, and 0.991, respectively. AUC, CA, F1, Prec, 

Recall, and MCC values of the performance measurement values of the RF algorithm were calculated as 

0.982, 0.897, 0.894, 0.900, 0.897, and 0.830, respectively. ML models were developed, a patient's LOS  

was calculated, and bed planning for hospital management was done efficiently with the present study. 
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I. INTRODUCTION 

One of the most important issues in hospital 

management, considered within the scope of health 

management, is resource efficiency rates [1]. 

Health resources are generally classified in two 

different ways as location and human-based [2], 

[3]. Employees such as doctors, nurses, civil 

servants, caregivers, technicians, and technicians 

are expressed as human-based health resources [4]. 

Resources such as beds, examination/treatment 

rooms, triage areas, and operating rooms are 

defined as location-based health resources [5], [6]. 

This study, patient stay times were analyzed by 

considering beds from location-based sources. 

Bed occupancy rates are generally directly 

affected by the length of hospital stay (LOS) of the 

patients [7]. Bed occupancy rates are planned for 

the duration of a patient's stay in a hospital. For 

this reason, in this study, it is recommended to plan 

more efficiently by estimating the length of stay of 

the patients and calculating the occupancy rates of 

the beds in the hospital. 

The efficiency of health resources is measured 

with some patient-hospital-based indicators in 

studies [8]–[10]. In one study, health resource 

numbers were evaluated by a patient's length of 

stay in a hospital. In another study, the number of 

health resources was optimized, and the patient’s 

waiting time in the hospital was minimized [11]. 

Atalan et al. analyzed the number of health 

resources in the emergency department of a 

hospital with simulation models and tried to predict 

patient waiting times and lengths of stay [12]. 

Many applications such as optimization, 

simulation, artificial intelligence, and statistics 

have been used to analyze parameters such as 

waiting times, length of stay, and resource 

efficiency, among the hospital-patient indicators in 

the health system [13]–[15]. Generally, it aims to 

obtain concrete results using the discrete-event 

simulation method [16]–[18]. One of the most 

important reasons for preferring this method is that 

the structure of the health system or hospitals is 

dynamic and complex [17], [19]. However, lately, 

it has been observed that more than a single 

application is needed to solve the healthcare 

system’s problems [20]. For this reason, the results 

obtained should be supported by another 

application. In this study, two different ML 

algorithms were used to test the validity of the 

estimation results obtained. 
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This study consists of four different parts. The 

literature part of the study is discussed in the first 

part. In the second part of the study, theoretical 

information about the methodology of this study is 

given. In the third part of the study, the results of 

the case evaluation of the research were shared. 

Finally, a general framework of this study was 

presented, and information was given about the 

necessity of the work. 

II. MATERIALS AND METHOD 

Describe in detail the materials and methods 

used when conducting the study. The citations you 

make from different sources must be given and 

referenced in references.  

This study aimed to estimate the duration of 

patient stays by using the data of 6247 patients 

from a hospital. For this study, ten different inputs 

and one output variable are considered. The data of 

the study were obtained from 

https://github.com/duncan-wang/LOS-prediction. 

Table 1 presents the definitions and properties of 

the variables. 

 

 
Table 1. Variables used in this study and their properties 

Variable Notation Type Feature 1 Feature 2 

Patient Gender PtG Input Categoric Discrete 

age PtA Input Numeric Continuous 

admit_type AT Input Categoric Discrete 

admit_location AL Input Categoric Discrete 

admit_diagnosis AD Input Categoric Discrete 

insurance HI Input Categoric Discrete 

marital_status MS Input Categoric Discrete 

num_diagnosis DN Input Numeric Continuous 

num_drugs ND Input Numeric Continuous 

num_procedural NP Input Numeric Continuous 

LOS_days LOS Output Numeric Continuous 

 

Values, such as mean, standard deviation, 

variance, minimum, maximum, kurtosis, skewness, 

and number of samples, were calculated among the 

descriptive statistical criteria of dependent and 

independent variables. Descriptive statistics data of 

the variables are mentioned in Table 2. 

 

 
Table 2. Basic statistics of variables 

Variable LOS PtA 

PtG F M F M 

Total Count 2780.0 3467.0 2780.0 3467.0 

Mean 57302.0 57878.0 53654.0 53064.0 

StDev 40088.0 39532.0 26544.0 25098.0 

Variance 160706.0 156279.0 704570.0 629904.0 

Minimum 0.0 0.0 0.0 0.0 

Q1 24950.0 26152.0 43000.0 43000.0 

Median 51537.0 51856.0 59000.0 58000.0 

Q3 82731.0 83907.0 75000.0 72000.0 

Maximum 224041.0 223676.0 88000.0 88000.0 

IQR 57781.0 57755.0 32000.0 29000.0 

Skewness 0.7 0.7 -0.9 -0.9 

Kurtosis 0.1 -0.1 -0.2 -0.1 
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In this study, AB and RF models from ML 

algorithms were preferred to estimate the LOS 

values of patients. Four different performance 

measurement values were calculated to verify the 

validity of these models' estimation data. 

Performance measurement criteria are Area under 

the ROC Curve (AUC), Accuracy classification 

score (CA), balanced F-score or F-measure (F1), 

Precision (Prec), Recall, and Matthews correlation 

coefficient (MCC). This study used the preferred 

RF and AB algorithms Orange 3.34 computer 

program to obtain the prediction data. The ML 

model developed for this study is shown in Figure 

1. 

 

 

 
 

Figure 1. Screenshot of the ML model 

 

The dependent variable LOS factor data are 

divided into 90% and 10% for ML algorithms' 

training and testing stages. The numerical results 

obtained by running the data used for this study in 

ML models are discussed in the next section. 

III. RESULTS 

This study aimed to estimate the data of the 

dependent variable by using the data of 10 

independent and one dependent variable of 6425 

patients. The estimation data was obtained using 

the RF and AB algorithms of the ML model. 

Performance measurement data were calculated to 

verify the validity of the prediction results of these 

algorithms. The performance measurement values 

of this study are given in Table 3. 

Table 3. Performance measurement values of ML 

algorithms 

 

 

Algorithms RF AB 

AUC 0.982 0.999 

CA 0.897 0.994 

F1 0.894 0.994 

Prec 0.9 0.994 

Recall 0.897 0.994 

MCC 0.83 0.991 

 

 

 

According to the results obtained, the AUC, CA, 

F1, Prec, Recall, and MCC values of the AB model 

were calculated as 0.999, 0.994, 0.994, 0.994, 

0.994, and 0.991, respectively. AUC, CA, F1, Prec, 

Recall, and MCC values of the performance 

measurement values of the RF algorithm were 

calculated as 0.982, 0.897, 0.894, 0.900, 0.897, and 

0.830, respectively. According to the estimation 

data of these two algorithms, Confusion matrix 

data are given in Tables 4 and 5. 
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Table 4. Confusion matrix data according to the RF algorithm 

 Predicted Sum of 

Data Actual  Long Medium Short 

Long 95.1% 4.3% 6..0% 99 

Medium 1.7% 91.0% 6.4% 221 

Short 3.2% 4.8% 87.6% 304 

Sum of Data 73 219 332 624 

 
Tablo 5. AB algoritmasına göre confusion matrix verileri 

 Predicted Sum of 

Data Actual  Long Medium Short 

Long 99.5% 0.1% 0.3% 99 

Medium 0.1% 99.4% 0.3% 221 

Short 0.3% 0.5% 99.4% 304 

Sum of Data 98 222 304 624 

 

According to the results obtained during the 

testing phase of the AB and RF algorithms, the 

accuracy percentages of the expressions 

representing the duration of a patient's hospital stay 

were calculated as 99.4 and 87.6, respectively. 

According to AB and RF algorithms, the accuracy 

rates of a patient's long hospital stay were 99.5% 

and 95.1%. According to the AB and RF 

algorithms, the accuracy rates of a patient's mid-

term hospital stay were 91.0% and 99.4%. 

To obtain the prediction data, 10% was used for 

the testing phase. The multidimensional scaling 

method was used to see the distribution of the 

prediction data in the test phase according to LOS 

types. The multidimensional scaling graph of this 

study is shared in Figure 2. LOS data belonging to 

this scaling method are generally distributed 

homogeneously. 

 
Figure 2. Multidimensional scaling plot 
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IV. CONCLUSION 

This study ran the ML algorithms AB and RF 

models to estimate the LOS values of patients 

admitted to a hospital. To verify the validity of the 

estimation results obtained, the performance 

measurement values of the algorithms were 

calculated. According to these values, while the 

AB algorithm performs best, the RF model 

performs poorly despite its high accuracy. This 

study makes a significant contribution to the bed 

planning of hospital management, thanks to the 

estimation data to be obtained using ML 

algorithms. As a result of the concrete results 

obtained by using accurate data in this study, it was 

concluded that the proposed method should be 

used in hospital management. 
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