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Background: Multiple artificial intelligence (Al) methods are being applied
to estimate health care sectors’ capacities. This study evaluated Al techniques’
predictive performance for determining the annual number of patients in hospitals.
Methods: The units of analysis were individual hospitals. This study used a dataset
consisting data from 708 hospitals in 2021. Training and test datasets were divided
by a ratio of 8:2. The two dependent variables were total length of inpatient stay
(TLOS) and total number of outpatient visits (TNOV). Four machine learning
techniques were used: linear regressor (LR), random forest (RF), gradient boosting
model, and extreme gradient boost. Model performance was evaluated with
coefficient of determination (R?) in addition to mean squared error (MSE), mean
absolute error (MAE), and root mean square error (RMSE). The study used Python
version 3.7.0.

Results: The best-fit model for predicting TLOS (R’=0.730) and TNOV (R’=0.707)
was RF and LR, respectively. Both RF and LR also had the lowest MSE, MAE, and
RMSE scores for inpatient and outpatient predictions. The most remarkable
factor associated with a good prediction of the inpatient sector was number of
beds followed by number of nurses. In contrast, the best predictive factor for the
outpatient sector was number of doctors followed by number of local households.
Conclusion: This study confirmed that Al methods are successful at predicting
hospitals’ annual patient loads. Among them, the RF and LR models showed
the best performance in predicting both inpatient and outpatient annual loads,
respectively. This study proposes that the Al tools utilized in this study can
accurately predict future medical demand.
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Figure 1. Flow-chart for data pre-processing and machine learning modeling. ML, machine learning.
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Table 1. Characteristics of hospitals

Variable Value Max. Min.
Number of hospitals 708 (100.0) - -
Locations; -si, -gu 656 (92.6) - -
Foundation type; 674(95.2) - -
private

Years of operation 13.8+6.8 430 20

Number of doctors 8.616.3 50.0 1.0

Number of nurses 27.9+28.8 190.0 1.0

Number of beds 100.3+68.6 456.0 30.0

% of physician 96.4+8.6 100.0 50.0
specialists

% of nurses among 5234233 100.0 3.2
all nursing staff

Number of CTs 0.6+0.5 20 0.0

Number of MRIs 0.7+0.8 4.0 0.0

Local population 338,753.5+168,573.2 887,015.0 16,320.0
(2021)

Local households 151,195.2471,913.8 372,888.0 9,055.0
(2021)

Number of 16,537.8£14,193.0  109,376.0 250
inpatients (2021)

Number of 49,878.2+36,7979 3643100 2,985.0

outpatients (2021)

Values are presented as number (%) or meanzstandard deviation.

CT, computed tomography; MRI, magnetic resonance imaging; Max.,
maximum; Min., minimum.
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Table 2. Correlation (r) of 2021 patient volume predictions
to actual values

Category LR RF GBM XGB p-value*
Inpatient 0.808 0855 0.845  0.842 0.954
Outpatient  0.844  0.791 0.791 0.792 0.996

LR, linear regressor; RF, random forest; GBM, gradient boosting machine;
XGB, extreme gradient boost.

*The p-value indicates the difference between the models using a one-
way ANOVA. Correlation coefficient between actual and predicted
values is p<0.001.

A} 529} Q1e8A 4:9] oS4 217} RE, LR A}
A1 S, A A o
0.8559} 0.8449] & VWA AT AN
A} (p=0.954)9% IR F(p=0.996) B o2
29 719] $01% Hol= 919l

Figure 29} 3 7t 2E9] 9191 9 JREA o
Bk A4 B4 55 AR EAISRE o)t 1
%ol 42} o] YA oS0l R o], 9]
et oS04 IR wHlo] L4yt 2 Uxs)
= Aol Aolet

Qe o) e RFOM Slefata} 4:9] o=
2 IROJA A2A]9} o23ke] 2.4 FHMSE, RMSE)

o] 7§ RS, K7} 713 ok, iz 94

N
rio
Rl
>
4
o2
=2
i
1)
0
>

HIRA RESEARCH 2024:4(1):73-86 | www.hira-research.orkr 77



Park YT, et al. « Predicting Annual Number of Patients Using Al

T T T T T T
o Predicted vs Actual R o Predicted vs Actual o
. 0.6 - = . 0.6 - : o
[~ [Th
= e
£ 05 © o o £ 05 °
2 2
o 04 e o | o 04 ol .
— . — o .
& o 60 © o g ) ) o® o
g 03 e o—© € 03 © P
2 a % %g)’/o ri oo :c, ° 04’
802 g 05— g 02 :
g Podgee ¢ £
3 ° o/gCof K] °
£ o fgnoo > o £ 01
ook
ik 0 I
0.0 T 0.0 T
T T
0.0 0.1 0.2 03 0.4 0.5 0.6 0.0 0.1 0.2 03 0.4 0.5 0.6
Actual number of patients Actual number of patients
0.7 T T T " T T T
’ 1 o Predicted vs Actual ° ) o Predicted vs Actual °
= g Y
Z 06 . g
U] : x o, o
= L. ° | zos —
g os pai 5 °
s ® 4
204 - 3 04 ;
“é o g0’ ° ? o o O’O ° °
3 o 7,0 203 °.° 0®
g 03 - € 6 | 020
: A : e i
T 0.2 % ¢ © 02 ) o o
o Y 9 i RO IO 5 o°
S o 0 @ 0%0 °
T o1 o T o . °’q§’%§9 °
o a 0o
¥ %00 &
0.0 0.0 l’
T
0.0 0.1 0.2 0.3 04 0.5 0.6 0.0 0.1 0.2 03 0.4 0.5 0.6
Actual number of patients Actual number of patients

Figure 2. Scatter plot comparing prediction of inpatient volume to actuals. LR, linear regressor; RF, random forest; GBM, gradient
boosting machine; XGB, extreme gradient boost.
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Figure 3. Scatter plot comparing prediction of outpatient volume to actuals. LR, linear regressor; RF, random forest; GBM, gradient
boosting machine; XGB, extreme gradient boost.

Table 3. Evaluating the performance of prediction models for patient volume

Item Models MSE MAE RMSE R’
Inpatient LR 0.006 0.046 0.074 0.637
RF 0.004 0.043 0.064 0.730
GBM 0.004 0.044 0.066 0.712
XGB 0.004 0.044 0.067 0.709
Outpatient LR 0.004 0.043 0.061 0.707
RF 0.005 0.045 0.071 0611
GBM 0.005 0.045 0.070 0619
XGB 0.005 0.046 0.070 0.622

LR, linear regressor; RF, random forest; GBM, gradient boosting machine; XGB, extreme gradient boost; MSE, mean squared error; MAE, mean absolute
error; RMSE, root mean square error; R’, coefficient of determination.
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