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A Prediction for Medical Supplies
Consumptions During Coronavirus
Disease 2019

COVID-19 Doneminde Koruyucu Sarf Malzemelerin
TUketiminin Tahmin Edilmesi

ABSTRACT

Extraordinary periods experienced since the beginning of human history have caused the formation
of specific patterns. The current coronavirus disease 2019 pandemic we are experiencing has pro-
vided critical viewpoint on the use and supply of preventive consumable materials like masks, gowns,
and disinfectant. These are used as hygienic items to protect against infectious diseases and are
assumed not to be very significant and easily managed in hospitals during normal periods. This study
first assessed the supply, stock, and consumption processes for these protective and preventive
items considering data from 2019, considered a normal period in hospital operation. In the second
part of the study, the differences in supply and use of these items were modeled based on data dur-
ing the development of the pandemic. To estimate the use of consumption of the protective equip-
ment, number of doctors, healthcare workers, administrative personnel, patients, and surgeries were
chosen as independent variables. Multivariate linear regression analysis was applied to examine the
changes in the independent variables on protective consumables. It has been observed that dif-
ferent variables are effective in estimating the consumption of each protective consumable. N95
mask, tie band surgical mask, and medical face mask consumptions were explained by the number
of coronavirus disease patients and healthcare workers. Hand disinfectant and examination glove
consumption were predicted with the number of doctor and coronavirus disease patients. Surgical
glove prediction was estimated by using the number of surgeries. In this study, multivariate regres-
sion models are proposed to help predict the consumption of protective consumables in hospitals.

JEL Codes: C13, C39, C53

Keywords: COVID-19, healthcare providers, medical supplies, multiple linear regression, predic-
tion, protection items

6z

insanlik tarihinin baglangicindan bu yana yasanan olagandisi dénemler kendine 6zgii diizenlerin olus-
masina neden olmustur. Hastanelerde olagan donemlerde gok 6nemli olmadigi 6ngorilen ve kolay
yonetilebildigi varsayilan, maske, 6nliik ve dezenfektan gibi koruyucu sarf malzemelerinin kullanimi ve
tedarigi, 2019 koronavirts hastaligi (COVID-19) pandemi donemi ile birlikte kritik bir bakis agisi kazan-
masina neden olmustur. Bu galismada, oncelikle, bir hastane isleyisinde olagan durum sayilan 2019 yili
verileri dikkate alinarak bu koruyucu ve onleyici malzemelerin tedarik, stok ve tliketim stiregleri deger-
lendirilmistir. Calismanin ikinci kisminda ise pandemi doéneminin gelismesi esnasinda olugsan veriler
dikkate alinarak, bu koruyucu ve onleyici sarf malzemelerin tedarik ve kullanimlarinda olusan farkli-
lagsmalar modellenmistir. Koruyucu sarf malzemelerinin kullanimlarinin tahminini modellemek igin
doktor, hemsire, idari personel, hasta sayisi ve ameliyat sayisi bagimsiz degiskenler olarak secilmistir.
Bagdimsiz degiskenlerdeki degdisimin koruyucu sarf malzemeler Uzerindeki degdisimlerini incelemek
amaclyla ¢ok degiskenli dogrusal regresyon analizi uygulanmistir. N95 ve bagcikli cerrahi maske ve
lastikli maskenin tliketimi, COVID hasta sayisi ve saglik calisani sayisi ile agiklanmistir. El dezenfektan
ve muayene eldiveni tiketimi doktor sayisi ve COVID hasta sayisi ile tahmin edilmistir. Cerrahi eldiven
tahmini, ameliyat sayisina bagli olarak tahmin edilmistir. Bu galigmada, hastanelerde koruyucu sarf
malzemelerinin tiketimlerinin tahmin edilmesine yardimci olacak cok degiskenli modeller dnerilmistir.

JEL Kodlari: C13, C39, C53

Anahtar Kelimeler: COVID-19, saglik hizmeti saglayicilari, tibbi sarf malzemeler, coklu dogrusal
regresyon, tahmin, koruyucu malzemeler
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Introduction

The outcomes of epidemic diseases are different from other
disasters due to two special features: these are caused by long-
term irregularities and have increasing spread. The inability to
control this type of disaster causes severe disruptions to sup-
ply chains and societies, and as a result, irreparable losses occur
(Menaetal.,, 2022; van der Laan et al., 2016). Additionally, with the
declaration of a pandemic forthe whole world by the World Health
Organization (Johnson, 2020) in January 2020, large changes
occurred in supply chains. The ability to manage this process
with very rapid and accurate decisions carries great importance.
During this COVID-19 pandemic period, especially the health and
logistics sector was among the most affected sectors. As a result,
the demand for the items of medical supplies used in the health
sector to provide hygiene and protection has grown unusually
(Cohen & Rodgers, 2020; Rhee, 2020). Additionally, the inability
to find suppliers or inadequate stocks caused increases in their
prices. During this coronavirus disease 2019 (COVID-19) pan-
demic, increases of nearly 3.8 times the monetary value spending
on consumables were observed from the related hospital data-
base compared to the period before the pandemic. Roshan et al.
(2020) observed a sudden increase in the demand of hand sani-
tizers during the COVID-19 pandemic. They presented that there
has been four times increase in the consumption of hand sanitiz-
ersin March and April 2020. The aim of this study was to estimate
the increasing demands for items in progressing and developing
periods with the COVID-19 pandemic and additionally to create a
model that can be used as an example for similar situations.

Researchers have started to conduct modeling and prediction
studies about epidemics and all connected scientific problems as
a result of the advent of unknown infectious diseases. Planning
for medical needs and public health services will continue to ben-
efit from these modeling and prediction research in the future.
Numerous prediction techniques have started to be applied in
the subject of epidemics, particularly with the growth of data sci-
ence. To date, many studies have been performed about topics
like scientific predictions, medical supply, demand prediction,
selection of suppliers, and design of supply chains in the medical
field.

During the COVID-19 pandemic, Ekingen and Demir (2021) looked
at the rates of change for the personal protective equipment
utilized in hospitals. They compared the usage of the protec-
tive equipment in the COVID-19 period with the non-COVID-19
period. They showed that the amount of usage of this equipment
has increased, but there was no significant increase in the num-
ber of staff and patients. The multiple linear regression technique
is used to predict varied applications, for example, energy con-
sumption (Aranda et al., 2012; Catalina et al.,, 2013), evaluation
and measurement of education system (Olsen et al., 2020; Uyanik
& Giiler, 2013), predicting the price of the apartment (Ceh et al.,
2018), and distribution of food demand (Crivellari et al., 2022). We
focus on the multiple linear regression technique that has been
applied during this time of epidemic diseases. According to the
review of the literature in the epidemic disease period, there are
lots of studies about the prediction of the COVID-19 patients.
The descriptions of a few of the studies that were presented are
provided here. Rath et al. (2020) developed a model for predic-
tion of the COVID-19 to visualize the trend of the affected cases
by using the linear and multiple linear regression analysis (LRA)
techniques for the India region. Cihan (2022) applied different

machine learning regression methods to predict the total num-
ber of intensive care patients, total intubated patients, and the
number of daily death caused by COVID-19. Chaurasia and Pal
(2020) analyzed and forecasted changes in the transmission of
the COVID-19 infection, and two artificial intelligence (Al) mod-
els—auto regressive integrated moving average (ARIMA) and
regression models—were used in their study. Demirkol (2022)
developed a mathematical model to minimize the cost associ-
ated with the distribution and collection process supply chain
network design problem that emerged during the pandemic
process of a factory producing hygiene products. Furman et al.
(2021) proposed an approach based on queueing theory to pre-
dict demand for personal protective equipment (PPE) such as
surgical masks, gloves, and gowns required over a specified time
horizon, which has increased significantly since the onset of the
COVID-19 pandemic. The WHO (2020) summarizes the rational
use of PPE in healthcare and community settings as well as dur-
ing the handling of cargo; in this context, PPE includes gloves,
medical masks, goggles or face shields, gowns, and, for specific
procedures, respirators (i.e., N95 or FFP2 standard or equivalent)
and aprons.

In the second section, accessible references related to the topic
will be assessed. In the third section, materials and methods used
in the study are presented. The fourth section creates a multiple
linear regression model based on a hospital sample and the final
section discusses the results.

Methods

Materials

This study obtained data about the consumption of consumable
items providing hygiene and protection from a private hospital
located in one of the regions with the densest population in the
metropolitan city of Istanbul. The first COVID-19 case was seen
in Turkey on March 11, 2020. From March 20, 2020, all hospitals
were declared pandemic hospitals. In this period, most COVID-
19 cases were in April 2020. There were fewer coronavirus cases
in May and June 2020 as a consequence of the country’s imple-
mentation of general restrictions. However, with the removal of
restrictions in June, numbers began to rise again in July 2020.
The hospital where data were obtained functioned as a pandemic
hospital from March to September 2020. In September and
October, hospitals ceased being pandemic hospitals. With the
increase in the pandemic around the world and in Turkey in the
autumn, all hospitals were declared pandemic hospitals again in
November. Within this scope, after interviews with the hospital
management, the study noted consumable items without a high
degree of importance (noted as C group items in the ABC analy-
sis) beforehand but with differing supply management affected
by the COVID-19 pandemic, including tie band surgical mask and
medical face mask (MRUBSUR), N95 mask (MN95), hand disin-
fectant (HDSF), examination glove (EXGLV), and surgical glove
(TTSURGLV) (World Health Organization (WHO), 2020). Data
were collected about the numbers of doctors (NDOC), healthcare
workers (NNUR), administrative personnel (NEMP), patient exam-
inations (NPAT), COVID-19 patients (NCOV), and surgery (NSUR)
considered to affect the consumption of medical supplies. As a
result of shortages and supply chain challenges, hospital admin-
istration decided to design their own surgicalf/isolation gown,
which is not taken into account in this study. All data within the
scope of the study used consumption figures from the period of
the COVID-19 pandemic (March 2020-March 2022) and from a
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similar period of the previous year (January 2019-February 2020).
Additionally, the management stated there were no changes in
elements related to capacity like number of beds or doctors. All
variables and definitions used in the study are given in Table 1
that shows the statistical descriptive data according to the pan-
demic period. In this research, the time frame with COVID-19 was
referred to as COVID, and the time frame without COVID-19 was
referred to as N-COVID. Data are all given as numbers, with HDSF
given in liters.

The variation in amounts consumed from January 2019 to March
2022 is shown in Figure 1. According to Figure 1 and as a result of
analyses performed with analysis of variance (ANOVA) to deter-
mine whether there is a difference between the periods or not,
consumable items with significant differences were included in
the study. According to the ANOVA for all dependent variables,
there was a difference in consumption between COVID and
N-COVID periods. It was observed that there was no difference
between the two periods of TTSURGLYV variable.

Due to the fall in patient and surgery numbers predicted for nor-
mal periods (N-COVID) during the COVID-19 period, a reduction
occurred in the consumption of EXGLV and total powdered and
non-powdered TTSURGLYV. In conclusion, the reduction in the
number of patients attending treatment and/or accepted for
treatment compared to normal periods caused a reduction in

the number of surgeries performed. Though the consumption of
medical supplies in the normal period was all at the same level
(apart from TTSURGLYV), the unpredicted and very variable con-
sumption in the pandemic period can be seen in Figure 1.

Multiple Linear Regression Method

The aim of the study was to determine a method which will allow
the prediction of medical supply consumption in a hospital dur-
ing anormal period (N-COVID) and a pandemic period (COVID-19).
The demand prediction methods are divided into two as quanti-
tative and qualitative (Chapman, 2006). Qualitative estimations
are predictions produced from information without a well-
defined analytic structure. It may be especially beneficial where
there are no previous data, like for a new product or one without
a sales history. Qualitative methods use methods like market
research, naive, Delphi, and expert opinions. Quantitative meth-
ods include time-series and association models. Time-series
prediction models make estimations for the future according
to data from the past. Estimation methods like moving average,
trend analysis, and exponential smoothing are time-series meth-
ods. Associated models are predictions made linked to factors
or variables affecting the outcome values (Nahmias, 2008). The
most commonly used method is LRA which is a mathematical
expression of the relationship between the variable with future
values to be predicted and a variable affecting this predicted
variable. In situations with more than one independent variable,

-;ggfs:;ca/ Descriptive Monthly Data for Medical Supplies from January 2019 to March 2022 (Data Used)
Variables Variable Type Total (h=39) COVID Group (n=25) N-COVID Group (n=14) P
NDOC Independent 96.92 + 7.84 100.64 +4.04 90.29 + 8.68 .000*
99 (95-102) 8075 (78-94) 94 (80.75-99)
NNUR Independent 3891+ 657 403 + 631 364.3 +64.9 077
377(330-439) 383(362.5-468.5) 338.5(315.8-438.3)
NEMP Independent 44 +6.34 40.44 + 3.787 50.36 +4.8 .000*
42 (40-50) 41(38.5-42.5) 52.5(46.5-53.25)
NPAT Independent 33,000 + 4984 31,729 + 4883 35,269 + 4464 .031*
32,839 (29,246-36,747) 31,791 (28,491-34,007) 36,204 (32,492-38,270)
NSUR Independent 2188.4 + 383.3 2101.9 + 380.3 2342.8 + 3497 .059
2203 (1884-2440) 2105 (1872-2307) 2343.5 (2054.8-2566.5)
NCOV Independent 4274 + 570.4 667 + 591 0+0 .000*
213 (0-774) 387 (231-1081) 0 (0-0)
HDSF Dependent 509.3 +270.5 641.4 +249.2 2736 + 771 .000*
449 (295-650) 605 (457-792) 289.5(212.3-324.3)
MRUBSUR Dependent 38,676 + 20,044 50,321 +£ 15125 17,882 + 5063 .000*
38,950 (18,250-47,500) 46,970 (40,215-61,100) 17,500 (14,800-21,425)
MN95 Dependent 1899 + 1859 2948 + 1506 23.7 £ 491 .000*
2088 (15-2897) 2752 (2156-3237) 9(3.8-20)
EXGLV Dependent 399,613 + 62,954 417552 + 64,813 367,579 + 45,885 .015*
385,000 (360,511-433,704) 400,800 (364,178-450,150) 375,600 (354,400-387,050)
TTSURGLV Dependent 10,439 + 2147 10,713 + 2261 9950 + 1906 293

10,300 (9041-11,633)

10,657 (9193-12,791)

10,209 (8885-10,956)

Note: Values are expressed as mean + standard deviation or median (interquartile range: Q1-Q3).
*Significant p-value <.05.
COVID =coronavirus disease; EXGLV =examination glove; HDSF=hand disinfectant; MN95=number of mask 95; MRUBSUR =medical/surgical mask; NCOV=number of

COVID-19 patients; NDOC =number of doctors; NEMP=number of employees; NNUR =number of nurses; NPAT =number of patients; NSUR=number of surgeries;

TTSURGLV =total surgical gloves.
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Scatterplot of NCOV vs Month
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Figure 1.

Consumption by Years, Actual Data for Medical Supplies From 2019 January to March 2022. EXGLV = examination glove; HDSF = hand disinfectant;

Scatterplot of NSUR vs Month
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MN95 = number of mask 95; MRUBSUR = medical/surgical mask; NCOV =number of COVID-19 patients; NPAT = number of patients; NSUR = number of
surgeries; TTSURGLV =total surgical gloves.
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the multiple linear regression analysis (MLRA) method is applied.
Example studies using this method may be investigated (Flynn
et al.,, 2010). The MLRA is a method used for decision-making in
a very broad area. For example, MLRA methods may be used to
estimate sales (Chahal et al., 2018), to decide on prices for prod-
ucts (Ceh et al., 2018), to determine the quality levels of products
(Binoj et al., 2021), to predict energy consumption (Aranda et al.,
2012; Bianco et al.,, 2009), and to predict COVID-19 case numbers
(Rath et al., 2020).

Method Details

The use of time-series methods was not appropriate to esti-
mate the medical supply consumption in this study because
modeling showing an increasing trend linked to time will cause
mistaken estimations in situations where a falling trend begins
in the COVID-19 pandemic. The decision was made to use the
MLRA method to provide a model to estimate the medical supply
consumption in a hospital by noting the number of personnel in
the hospital and according to the progression of the pandemic
in the whole world and in Turkey (as independent variable) with
the aim of estimating consumption. The estimations obtained
with the models created as a result of the study will allow hospital
management to decide on how much of which items need to be
purchased. As a result of this, making the best estimations will
assist hospital management to avoid situations where stock is
completely consumed and also prevent excess stock costs.

The basic steps and assumptions used in implementing the
MLRA method may be listed as follows.

The aim of the MLRA method is to explain the total variance in the
dependent variable with the independent variables. Some of the
independent variables in MLRA may have insignificant contribu-
tions to the model. For this reason, one of the most important
topics in the MLRA is to decide on which independent variables
best explain the dependent variable. In order to make this deci-
sion, the values for the correlation coefficient (r) and coefficient
of determination (R?) should be examined. The r value shows the
level and direction of the correlation between the dependent vari-
ables and independent variables. The value of this coefficient var-
ies from —1 to +1. +1 represents a positive strong correlation with
increasing direction, O implies no correlation, and —1 represents
a negative strong correlation with decreasing direction. The cor-
relation between dependent variables and independent variables
may be investigated on a matrix plot diagram shown on scatter
plot graphs. Based on scatter plots, decisions can be made about
whether the correlation between variables is linear, quadratic, or
logarithmic. The R? value shows how much the independent vari-
ables explain the variance of the dependent variable. The R? value
varies between O and 1. For prediction with a good regression
equation, the R? value is expected to be larger than 0.70. When
comparison of regression models including different numbers of

independent variables is desired, it is necessary to use the R(Zadj)

value. Even if there is no real development in the model, the R?
value always increases when a variable is added to a model. The
Rl value shows the increase only if the mean square error falls
as aresult ofadding a new variable (Montgomery & Runger, 2003).

In line with this aim, it is necessary to determine the independent
variables that will explain the dependent variable “most suitably”
and remove insignificant variables from the model. This pro-
cess is called “variable selection.” For variable selection, different
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methods like backward selection, forward selection, and stepwise
can be used.

The backward selection method begins by including all indepen-
dent variables in the model and progresses in steps by eliminat-
ing the variable with largest significance p-value greater than
.05 with the 95% CI until the most effective factor remains. The
forward selection method, contrary to the backward election
method, chooses the most significant of all factors by adding the
factors one by one. The stepwise method applies both the forward
and backward methods together to reach a conclusion. Inclusion
of all factors in a model in line with expert opinions will cause dif-
ferences in the results. The success of applying the MLRA method
is linked to performing variable selection accurately.

For selection of variables, first, it is necessary to investigate the
correlation between the independent variables and dependent
variable by applying correlation analysis or matrix plots. It is nec-
essary to include independent variables with strong correlations
in the analysis. If there are very strong relationships between the
independent variables themselves, it is necessary to not include
one of these variables in the model. As a result of the selected
independent variables (X,) and the MLRA applied, the equation
best explaining the dependent variable (Y ) is obtained. The
regression equation (Equation 1) obtained with the MLRA method
can be written as follows (Montgomery & Runger, 2003):

Y =Bo+PXi+PBoXo +... 4P X+ ©)

where f, is a constant intercept, f,, .. ,f, are regression coeffi-
cients of k independent variables, £ is an error term, and Y'is an
nx1 column vector that represents the n observation value of
the dependent variable. Due to prediction of the model from the
observed values, the predicted regression model (Equation 2) is
shown below (Galwey, 2014):

Y:bo+b1X1+b2X2+...+kaki:1,...n (2)
Here, V' isthe predicted dependent variable, b, is the predicted
constant value, b, is the slope of the kth independent variable, X;
is the ith variable, and € is the predicted error.

The matrix notation defining the estimated regression equations
(Equations 3-6) are presented as follows:

Y=Y+e=Xb+e (3)

n

Z(Y,—?jz =(v=xB) (v -XB) (@)

i=1
b=(X"X)"X"Ty (5)

e=Y-Xb=Y-Y 6)

The least-square error method is applied to minimize the total
error squares and predict regression coefficients. The coefficients
in the equation are estimated using the least-squares method to
minimize the error (e) between the observed values and predicted
values. Graph and regression analysis studies were performed
using the Minitab statistical software (Minitab, 2021).



125

To identify the best regression model, the following processes are
performed (Araiza-Aguilar et al., 2020; Ghinea et al., 2016; Hair
etal., 2010):

1. In order to apply linear regression, linearity, homoscedastic-
ity, independence of the residuals, and normality assump-
tions are evaluated.

2. Multiple linear regression is applied to all data with the cho-
sen independent variables. With the aim of measuring the
model performance, the RZM , residual deviation (S), and
Mallows’ Cp values and normality diagrams are checked.
Mallows” Cp provides to select the best independent vari-
ables with eliminating the imprecise variables in the model.

3. Inthefirst stage, the MLRA method was applied separately for
COVID and N-COVID periods to obtain regression equations.

4. A regression model was created by assessing all periods
together.

5. Probability plot diagrams for the residuals between the val-
ues predicted by the two different regression equations and
the real values were created, and the equation best explain-
ing the consumption of medical supplies was determined.

6. Predictions were performed with the obtained equations and
compared with real values. Probability plot and time-series
plot diagrams were used to compare real values and values
predicted in all the obtained models, and the equations best
explaining consumption were chosen by examining the

n

>}

i=1

mean absolute deviation MAD =(1/n) (7)

and

mean absolute percentage error mAPe :[(W/n)zn ‘(Y —Y,)/Y, }xwoo
i=1

(8)
values.

One of the most important aims in completing this study was to
ensure prediction of medical supply consumption to assist hos-
pital management in deciding on when and how much medical
supplies to purchase.

Results

Hospital management provided data about the numbers of
examination, surgery, COVID-19, doctors, healthcare workers,
and administrative personnel during periods with consump-
tion amounts examined. For results, the retrospective analysis
from multiple regression analysis methods was used to first
examine the correlation coefficients between the independent
variables and dependent variable. The independent variables
with the strongest correlation had regression analysis per-
formed and were added to the model to determine the final
model.

The total sample number collected in the study deals with a
39-month duration (between January 2019 and March 2022). As
the COVID-19 pandemic began in Turkey in March 2020, it covers
a 25-month period. Additionally, the preceding 14-month period
is the period when the COVID-19 pandemic was not effective
(January—-December 2019 and January—February 2020).

Before the MLRA method, one-way ANOVA was applied to analyze
whether there were differences in terms of consumption between

the COVID-19 period and non-COVID-19 period. Items with dif-
ferences between these periods (MN95, HDSF, EXGLV, MRUB-
SUR, and TTSURGLV) were chosen, and a matrix plot was created
to identify independent variables with strong correlations. The
COVID and N-COVID periods were considered as a categorical
variable. The MLRA was applied via the Minitab 21.1 program with
the determined independent and dependent variables. Thus, pre-
dictions were provided for the consumption of items for periods
with and without the COVID-19 pandemic. The correlations of all
materials with each other and significant variables with 95% ClI
are given in Table 2.

Prediction of N95 Mask Consumption with Multiple Linear
Regression Analysis

While consumption of MN95 items before the COVID-19 pan-
demic was so low as to be negligible, consumption increased
during the pandemic. When the correlation with independent
variables is investigated on the correlation matrix (Table 2), the
strongest correlation with r=.819 appeared to be with NCOV.
The reduction in NSUR and NPAT caused a reduction in the con-
sumption of MN95 items. There appears to be a strong correla-
tion (.72) between the NSUR and NPAT independent variables. In
situations with a strong correlation between independent vari-
ables in MLRA, it is necessary to remove one of these indepen-
dent variables from the model. The multicollinearity between
independent variables is explained with the variance inflation
factor (VIF) value. Varian inflation factor=1/1-R? is calculated,
and a high R? value is possible when there is a strong correla-
tion between two variables. If R? > 0.9, this means that the VIF
value >10. This value represents high multicollinearity. The high
VIF value requires that one of the variables should be removed
from the model due to two variables displaying the same
characteristics.

According to the correlation analysis result, the NPAT, NNUR,
NDOC, NEMP, and NCOV independent variables appeared to
affect the MN95 dependent variable. As a result of including
the effective variables in the model and applying the variable
selection method of backward elimination, NCOV and NNUR
emerged as the independent variables best explaining MN95
consumption. As a result of the MLRA using Minitab, the follow-
ing regression equation was obtained for MN95 consumption
(Equation 9).

COVID MN95=4.113 NNUR+1.790 NCOV 9)

The NCOV and NNUR variables explained 90.60% of the con-
sumption of MN95 items (Table 3). The ANOVA result found
p < .05 for NCOV, showing it was a significant variable. In the
regression Equation (9), every extra healthcare personel produces
an increase of 4113 and every extra COVID patients produces an
increase of 1790 in the consumption of MN95. The MAD and
mean percentage absolute error (MAPE) values were calculated
for the predictions with Equation 9; the MAD value was 739.48
and the MAPE value was 52.3%.

Residual plot diagrams are important to assess analysis results
as they show the fit of data to normal distribution. As MN95
items were almost not used at all during the N-COVID period,
normality checks were performed for data from the COVID
period, and Figure 2 shows that the residuals for the data were
normally distributed and homoscedasticity assumption was
proved.
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126

'saA0|B [e2164ns [e101=ATDYNSLL ‘Sel1ebuns Jo Jaquunu=YyNSN :s1usired Jo Joquunu = |dN S8sinu Jo Joquunu=y4NNN

‘s9ak0|dWd JO JaquINU=dNIN SI0300p JO Jaquinu=D0dN ‘SIusired G-AIA0D JO Joquinu=AQDN sew [ed1Bins/[edipaw =4NSINYIA ‘S6 YSBW JO JaquINU=GENIN ‘JUBIISJUISIP PUBY=-4SAH ‘9A0|B UOIFeUIWEXS = ATOXT

00 >d.,.,
10 >d.,
‘GO" > dy '930N
- 6T, 916° 6L0° 861 cer 100> 100> SLO° ¥66° (<378 d
A1DINSLL
- 150~ 110= §8¢T le- ST .. 19 R 4% . 18e- 100~ €G0°  J/suosieed g
- Tolo} vTo 100> 100> 9zo sel €89 eIl clo) d
- . g . l9e ... 899 .. 189 . gge- GT- 190 ere ¥0€  Jsuosiead  A19X3 Ol
- 100> 100> 100> 90’ S00 100> gee 100> d
- 8cs .. 199 .. 68 loe- . PhP- .. 9TS- 65 .. B6GG  Jsuoslead SBNIN 6
- 100> 100> 4} Xeioy Xolo} 90 100> d
- w €59 .. Blg 90k~ €S- . 96b- cog .. 8EG  Jsuosiead dNSINYN ‘8
- 100> Xolo) 100> 414 18G" 100’ d
- v SEL . ¥OS- .. €T8- 88l- 160 . C0S  Jsuosiead 4SaH L
- Xolo) 100> sov 618 €00 d
- . S0S- .. 8lg- YT~ 9co- .. 6Sy"  Jsuosiead AOON "9
- 100> 96¢ eve 15T d
- TL vh- 16— 98l-  Jsuoslead 4NSN 'S
- 98¢’ 66€ 6l d
- 60° 6el vlg—-  Jsuosiead LVdN ¥
- €0L 416} d
- €90° . 86E£- Jsuosiesd dNIN €
- GlL d
- 9g¢’  Jsuosieed 4NNN T
- d
- J1s,uosiead D0AaN |
AT1DNSLL A19X3 S6NIN dnsandn 4SaH AOON UNSN 1VdN dNaN ¥NNN J0aN a|qeliep

a|qeleA Juspuadapu) pue Juspuadaq usamiag SUOIIE[BLI0D S,U0SIBad

‘colqeL

Trends in Business and Economics | 2023 37(2): 120-136 | doi: 10.5152/TBE.2023.220091



127

Table 3.
Multiple Linear Regression Analysis for MN95
Variables Step 1 Step 2 Step 3 Step 4
Coefficient P Coefficient Je) Coefficient P Coefficient P VIF®
NDOC 36.2 144 26.5 125
NNUR 6.53 097 5.7 109 6.79 .063 4113 .000 1.99
NEMP -94.5 .094 -827 106 -291 439
NPAT -0.0248 570
NCOV 1798 .000 1.881 .000 1.928 .000 1.790 .000 1.99
S 991.872 976.005 1009.75 1001.42
R? 92.62% 92.50% 91.59% 91.35%
R? (adjusted) 90.77% 91.07% 90.44% 90.60%
Mallows’ Cp 5.00 3.33 3.80 2.44

Note: *Coefficient of independent variables in regression equation.

NCOV =number of COVID-19 patients; NDOC =number of doctors; NEMP=number of employees; NNUR =number of nurses; NPAT=number of patients; VIF=variance

inflation factor.

Prediction of Hand Disinfectant Consumption with Multiple
Linear Regression Analysis

Coronavirus disease 2019 is known to cause an increase in the
use of HDSF items among patients and healthcare workers as a
result of mask, distance, and hygiene rules. In the normal period,
only healthcare workers displayed care in using disinfectant
items, while after the pandemic, patients attending hospital
began to pay attention to the use of disinfectants. Examining the
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Figure 2.

Residual Plot for MN95. MN95 = number of mask 95.

correlation matrix table for HDSF items, significant correlations
were observed for NPAT (r=-.523), NDOC (r=.502), and NCOV
(r=1735), which were taken as independent variables. When the
categorical variable of COVID and N-COVID periods are assessed
with all data, the regression Equations 10a and 10b were obtained.
These equations explained 91.06% of the consumption of HDSF
materials. The S value was 176.948 (Table 4). The normality dia-
gram shows that the residuals obtained as a result of the regres-
sion equation displayed normal distribution (Figure 3). According
to the regression equation, HDSF consumption increased by a
mean of 188.3 L in the COVID period. For each increase in the
number of doctors and the number of COVID patients, there were
a mean 3.009 L and 0.2365 L increase in HDSF consumption,
respectively.

COVIDHDSF =1883 + 3.009 NDOC+0.2365 NCOV (10a)

N—COVIDHDSF = 0.0 + 3.009NDOC+ 0.2365NCOV (10b)

For only the COVID-19 period, the analysis results with NPAT,
NDOC, and NCOV variables provided the regression equation in

Table 4.
Regression Coefficient for HDSF Material
Variables Step1 Step 2

Coefficient P Coefficient P VIF
NPAT -0.00652 .248
NDOC 5.53 017 3.009 .000 3.20
NCOV 0.2045 .002 0.2365 .000 222
Pandemic 159.3 .047 188.3 015
S 176.016 176.948
R? 92.06% 91.74%
R? (adjusted) 91.15% 91.06%
Mallows’ Cp 4,00 3.38

Note: HDSF=hand disinfectant; NCOV=number of COVID-19 patients;
NDOC =number of doctors; NPAT =number of patients; VIF =variance inflation
factor.
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Residual Plot for HDSF. HDSF = hand disinfectant.

Equation 11a. Analysis results for only the N-COVID period pro-
vided the regression equation for HDSF material in Equation 11b.

COVIDHDSF =0.01308NPAT +0.3296 NCOV (11a)

N—COVIDHDSF =0.007687NPAT (11b)

To determine the model best explaining HDSF consumption,
consumption was predicted with Equations 10a and 10b and
Equations 11a and 11b. The MAD and MAPE values were calculated
for the predictions and real values, and the model with smallest
values was accepted. For predictions with Equations 10a and 10b,
the MAD value was 122.35 and the MAPE value was 28.3%. For
predictions with Equations 11a and 11b, the MAD value was 141.82
and the MAPE value was 31.2%. When compared to the models,
the first model (104, b) had smaller MAPE and MAD values. There-
fore, Equations 10a and 10b with low MAPE and MAD values were
chosen to predict HDSF consumption in the coming months.

Prediction of Examination Glove Consumption with Multiple
Linear Regression Analysis

Examination gloves are changed after every patient is exam-
ined. Examination gloves are known to be most intensely used
by doctors and healthcare workers. The consumption of EXGLV
items in the N-COVID period was most associated with the NPAT
variable with .783 correlation and .05 p-value obtained in corre-
lation analysis (Table 5). Consumption, which could be explained
by patient numbers in the N-COVID period, can be observed to
have a large increase from March 2020 with the attendance of
COVID patients. For this reason, it was observed from the data
in Table 2 that the NPAT variable along with NDOC, NNUR, and
NCOV variables may be effective. Due to the differences in these
variables and knowing patient number is one of the implementa-
tions affecting the use of gloves, three regression equations were
obtained as a result of analyses with the NPAT, NDOC, NNUR, and
NCOV variables. Equation 12 shows the equation when all data are
assessed together, while Equation 13a shows the equation pre-
dicting the N-COVID period and Equation 13b shows the regres-
sion equation obtained for the COVID period.

COVID &N —COVIDEXGLY =3923NDOC + 38.1 NCOV (12)
N—COVIDEXGLV =10.333NPAT (133)
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COVIDEXGLV =10.54INPAT +113.7 NCOV (13b)

According to Equation 12, consumption of EXGLV items appear
to be affected by NDOC and NCOV variables. For each increase in
doctor numbers, there is a monthly increase of 3923 items, and
each increase in COVID patient numbers will cause a 38.1 increase
in the EXGLV consumption. If we consider EXGLV consumption
in only the N-COVID period, for each increase in patient num-
bers, there will be a 10.333 item increase in EXGLV consumption.
According to data in Table 6, the R(Zadj) value is 97.95%, S value

is 57,896.6, and Mallows” Cp value is 2.52 for Equation 12. The
model in Figure 4 shows that the residuals have normal distribu-
tion. Due to obtaining different equations, in order to determine
the model best explaining EXGLV consumption, predictions were
calculated with Equation 12 and Equations 13a and 13b. The MAD
value was 46,643.86 and the MAPE value was 11.8% for Equation
12. The MAD value was 50,361.26 and the MAPE value was 12.0%
for the predictions obtained with Equations 13a and 13b. The
decision was made to continue with the model obtained with the
equation best explaining EXGLV consumption in Equation 12.

Prediction of Medical Face Mask Consumption with Multiple
Linear Regression Analysis

The supply of masks, gloves, protective equipment, and disin-
fectant products has been risky during the pandemic period.
Because of this, even the businesses that we normally supply
have had trouble getting supplies. Interviews have been set up
with the managers of the factories that produce these goods, but
they have provided unfavorable feedback. For instance, whereas
we requested 10,000 masks, only 2000 were delivered. In addi-
tion, each item’s price varies because no manufacturer maintains
a regular stock. The rubberized mask’s unit cost was 0.08 Turkish
liras (TL) in January 2020, but it rose to 2.30 TL in March. The
hospital planted 110,000 masks in April 2020 to make up for the
absence of masks.

Masks are sold as two types: medical face masks and tie band
surgical masks. As both items can be substituted for the other,
consumptions of both items were collected as the name of
MRUBSUR. In April 2020, which is the beginning time of the
COVID pandemic period, 28,630 masks were used, despite the
fact that there were 2154 COVID patients, due to both the difficul-
ties experienced in the mask training and the absence of the obli-
gation to wear a mask. This row was omitted from the study, and



129

Table 5.
Table Correlation Coefficient for N-COVID Period

Pearson’s correlations

Variable TTSURGLV EXGLV MN95 MRUBSUR HDSF NDOC NNUR NEMP NPAT NSUR
1. TTSURGLV Pearson’s r -
P -
2. EXGLV Pearson’s r .685 ” -
p .007 -
3. MN95 Pearson’s r .027 153 -
p 927 601 -
4. MRUBSUR Pearson’s r 138 A1 72 -
p 637 144 6] -
5. HDSF Pearson’s r -1 184 62 .55 . -
p 74 .53 .02 .04 -
6.NDOC Pearson’s r =14 196 31 3 412 -
p 626 502 28 31 143 -
7.NNUR Pearson’s r -03 476 .36 .68 ” 363 78 " -
p .924 .086 21 .01 203 .001 -
8.NEMP Pearson’s r 14 487 .23 3 685 7 574 495 -
p 633 078 43 .007 .032 .072 -
9. NPAT Pearson’s r 397 783 A3 .61 T AT 142 Bb37 * 275 -
p 16 <.001 87 02 549 629 .048 .342 -
10. NSUR Pearson’s r .388 442 .08 .28 -02 -2 -.01 -02 7 - -
p A 14 78 .33 .958 485 978 942 .01 -
Note: *p < .05.
“p<.01.
“p<.001.

EXGLV=examination glove; HDSF=hand disinfectant; MN95 =number of mask 95; MRUBSUR = medical/surgical mask; NDOC =number of doctors; NEMP=number of
employees; NNUR=number of nurses; NPAT=number of patients; NSUR =number of surgeries; TTSURGLV =total surgical gloves.

Table 6.
Regression Coefficients for EXGLV Material
Variables Step 1 Step 2 Step 3
Coefficient P Coefficient P Coefficient P VIF
NPAT 242 191 2.64 128
NDOC 3089 .000 2959 .000 3923 .000 1.63
NCOV 57.9 .006 55.6 .006 381 018 1.63
Pandemic -9831 700
S 57,496.3 56,8141 57,896.6
R? 98.19% 98.18% 98.06%
R? (adjusted) 97.98% 98.03% 97.95%
Mallows’ Cp 4.00 215 252

Note: EXGLV =examination glove; NCOV =number of COVID-19 patients; NDOC = number of doctors; NPAT=number of patients; VIF= = variance inflation factor.

the computation was done in order to produce accurate results
in the MLRA analysis.

Regression Equations 14a and 14b were obtained by consider-
ing all data in the analysis results performed with NDOC, NEMP,
and NCOV variables affecting the variation in MRUBSUR items.
According to Equations 14a and 14b, for each increase in the num-
ber of nurses, there will be a 50.26 item increase in the consump-
tion of MRUBSUR items, and if the number of COVID patient
increases, the consumption rate will be increased 14.49 items.

Additionally, during the COVID period, there was a mean 19,741
item increase in monthly use.

COVID MRUBSUR = 19,741 + 50.26 NNUR + 14.49 NCOV (14a)

N-COVID MRUBSUR = 0.0 + 50.26 NNUR + 14.49 NCOV (14b)

As a result of MLRA performed due to the effect of NPAT and
NNUR variables in correlation analysis results for the MRUB-
SUR items in the N-COVID period, Equation 15a was predicted.
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Residual Plot for EXGLV. EXGLV =examination glove.

According to data in Table 7, the R_((adj))*2 value is 94.80%, S
value is 9637.78 and Mallows’ Cp value is 1.99 for MRUBSUR. But
in COVID-19 period, NCOV variable was found significant in using
MRUBSUR items and Equation 15b was obtained. This equation
shows that the predicted MRUBSUR comsumption increases by
16.40 for every Covid patient added.

N-COVID MRUBSUR= 49.2(NNUR) (15a)

COVID MRUBSUR = 96.12 NNUR + 16.40 NCOV (15b)

If we consider MRUBSUR consumption only in the N-COVID
period, for each increase in the number of healthcare work-
ers, there will be an increase of 49.2 masks used monthly. If we
only consider the COVID period, every increase in the number
of healthcare workers will cause a monthly increase of 96.12 for
MRUBSUR consumption, and if the number of COVID patients
increases, the consumption rate will be increased 16.40 items.
Due to obtaining different equations, with the aim of determin-
ing the model best explaining MRUBSUR consumption, predic-
tions were calculated with Equations 14a and 14b and Equations
15a and 15b. The MAD value was 705756 and the MAPE value was

39

8
6

Versus Fits
(response is EXGLV)

™
:3 g 'Y
] b4 ° °
& ! ° °
'8 °® . ° ° o
N *
T
T 0 % o o
e [ I . 4
Il o L
5 °
°
Kl %o 0 o
° L °
°
°
-2 :
300000 350000 400000 450000 500000
Fitted Value

20.0% for Equations 14a and 14b. For predictions with Equations
15a and 15b, the MAD value was 7281.67 and the MAPE value was
20.2%. The decision was made to predict using the equations
best explaining the MRUBSUR consumption for the COVID and
N-COVID periods (in other words, Equations 14a and 14b).

Figure 5 shows the probability plot, the data form an approxi-
mately straight line along the line. The normal distribution
appears to be a good fit to the data for MRUBSUR variable.

Prediction of Surgical Glove Consumption with Multiple Linear
Regression Analysis

It is known that TTSURGLV items are generally used for surger-
ies. The equation best explaining consumption was Equation
16 (R(zadj) = 96.28%) obtained as a result of analysis including the

NEMP, NPAT, and NSUR variables considered to affect the con-
sumption of this item in the regression model. Table 8 shows the
MLRA results for TTSURGLV. This equation shows that for every
surgery, amean 4.721 gloves were used. The regression equations
obtained for N-COVID and COVID periods are given in Equations
17a and 17b.

The model in Figure 6 shows that the residuals have normal
distribution.

Table 7.
Regression Coefficients for MRUBSUR
Variables Step 1 Step 2 Step 3

Coefficient P Coefficient P Coefficient P VIF
NDOC 1 996
NEMP =213 563 =212 319
NNUR 7.9 0N 7.9 .009 50.26 .000 2.93
NCOV 15.51 .000 15.52 .000 14.49 .000 2.25
Pandemic 16,531 .025 16,553 .003 19,741 .000 4.39
S 9779.63 9634.74 963778
R? 95.35% 95.35% 95.21%
R? (adjusted) 94.64% 94.80% 94.80%
Mallows’ Cp 5.00 3.00 1.99

Note: MRUBSUR = medical/surgical mask; NCOV=number of COVID-19 patients; NDOC=number of doctors; NEMP=number of employees; NNUR=number of nurses;

VIF=variance inflation factor.

Trends in Business and Economics | 2023 37(2): 120-136 | doi: 10.5152/TBE.2023.220091



131

Normal Probability Plot
{response is MRUBSUR)

29

N N 38

AD 0432

95 P-Value 0291
90
80
70
£ 6o
€ 60
O 504
S 40
30
20
10
5

-3 -2 A 0 1 2 3
Standardized Residual
Figure 5.

Residual Plot for MRUBSUR. MRUBSUR = medical/surgical mask.

Table 8.
Regression Coefficients for TTSURGLV Material
Variables Step 1 Step 2
Coefficient P Coefficient Je) VIF
NEMP 1341 .656
NSUR 4.464 .000 4721 .000 1.00
S 2056.77 2035.04
R? 96.40% 96.38%
R? 96.20% 96.28%
(adjusted)
Mallows’ Cp 2.00 0.20
Note: NEMP=number of employees; NSUR =number of surgeries;
TTSURGLV =total surgical gloves; VIF=variance inflation factor.
TTSURGLV =4.721 (NSUR) (16)

Equation 17a for the N-COVID period and Equation 17b for the
COVID period were obtained from the results of the MLRA applied
separately for the TTSURGLV items. While there was 4.204
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Residual Plot for TTSURGLV. TTSURGLV =total surgical gloves.
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TTSURGLYV used per surgery in the N-COVID period, in the COVID
period this use was modeled as 5.091 items.

N-COVID TTSURGLV =4.204 (NSUR) (17a)

COVID TTSURGLV = 5.091 (NSUR) (17b)

Due to obtaining different equations, with the aim of deciding
which model best explained TTSURGLV consumption, predictions
were calculated with Equation 16 and Equations 17a and 17b. The
MAD value was 157773 and the MAPE value was 15.1% for Equation
16. For prediction with Equations 17a and 17b, the MAD value was
1352.95 and the MAPE value was 12.6%. The decision was made to
predict TTSURGLV consumption with the models for equations
best explaining the COVID and N-COVID periods (in other words,
Equations 17a and 17b.

Prediction of All Medical Supplies for the Next Period

Figure 7 shows the predicted values obtained with different
models due to MLRA for medical supplies and actual con-
sumption. The curves shown with blue lines represent the
actual consumption values. The red lines show the graph of
values predicted in models obtained by considering all periods
together.
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Predicted and Actual Consumptions for All Medical Supplies. MN95 = number of mask 95; HDSF = hand disinfectant; EXGLV = examination glove;

MRUBSUR = medical/surgical mask; TTSURGLV =total surgical gloves.

The Minitab software is used to apply the prediction response
optimizer tool for future periods. Response optimization aids in
finding the combination of variable settings that jointly optimize
a particular response or a group of responses. When assessing
the effects of various variables on a response, this is helpful. If
response optimizer is employed, Figure 8 is obtained based on
the MLRA results. By adjusting the red line to the right or left
in this diagram according to the NDOC, NNUR, and NCOV while
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choosing the COVID period, hospital management may forecast
how much medical supply will be used. According to individual
and composite desirability, you can determine how well a set of
variables satisfies the objectives you have set for the responses.
Composite desirability (D) assesses how the circumstances opti-
mize a collection of replies, while individual desire (d) assesses
how the conditions optimally optimize a single response. Desir-
ability is measured on a scale from O to 1. Zero signifies that one
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NDOC NNUR
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2732.0 N_COVID
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0.0 CoVID
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¢
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Figure 8.

Response Optimizer of All Medical Supplies for N-COVID Period. EXGLV =examination glove; HDSF=hand disinfectant; MN95 = number of mask 95;
MRUBSUR =medical/surgical mask; NCOV=number of COVID-19 patients; NDOC =number of doctors; NNUR = number of nurses; NSUR = number of

surgeries; TTSURGLV =total surgical gloves.

or more responses fall outside of the permissible range, whereas
1represents the optimum situation. The composite desirability in
this case (0.9350) is quite close to 1, indicating that the settings
appear to produce favorable outcomes for all responses taken
together.

Discussion

The desire was to assist hospital management in making pur-
chasing decisions by performing predictions about the future
with consumption figures obtained from the hospital. The
COVID-19 pandemic affected the number of patients and num-
ber of surgeries, which can be seen from the data in Table 1 and
Figure 1. As the COVID-19 numbers increased, the number of
patients and surgeries reduced. Decisions taken by the govern-
ment affected these numbers. At the beginning of the COVID-
19 period in April, all hospitals were transformed to pandemic
hospitals and did not accept patients except in emergency situ-
ations. Non-critical surgeries were postponed. Mask, distance,
and hygiene rules were implemented to intervene against
COVID-19. For this reason, the demand for some supplies
increased during the pandemic. Supply problems were encoun-
tered due to this increase, and some items had to be purchased
at very different prices. Especially when masks could not be
obtained, hospitals were forced to sew their own masks. Over

time, suppliers proliferated and capacity increased. The reduc-
tion in pandemic numbers linked to the progression of the pan-
demic and implementation of preventive measures will affect
the supply chain. All suppliers and hospital management in the
world and Turkey have the opportunity to be able to implement
correct purchasing policies by monitoring the progression of
the pandemic. This is an important reason for the inability to
use time-series estimation methods to predict consumption.
The multiple regression analysis is a method accepted for use
to predict the dependent variable linked to more than one inde-
pendent variable. The desire is to predict consumption by find-
ing the effect of variance in medical supply consumption that
will form due to independent variables; for this reason, con-
sumption of medical supplies considered to be linked to the
pandemic was included.

Conclusion and Recommendations

In conclusion, the MLRA was used to create mathematical mod-
els to predict the consumption of medical supplies in a hospital in
Turkey. The data were gathered from January 2019 to March 2022
that included the COVID-19 and non-COVID periods. Correlations
were observed between the NPAT, NSUR, and NCOV variables in
the analysis of samples. Independent variables with high multi-
collinearities were not used in the models.
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In this study, regression models were used to predict the monthly
consumption of medical supplies in a hospital linked to the con-
sumption of medical supplies during the COVID and N-COVID
periods and NDOC, NNUR, NEMP, NPAT, NCOV, and NSUR. Regres-
sion models were obtained to predict the consumption of MN95,
EXGLV, HDSF, TTSURGLYV, and MRUBSUR items in future periods.
While examining the best model in order to predict consumption
during the COVID and non-COVID periods, we analyzed periods
separately and together. We selected the best model according
to the MAPE and MAD values that gives the smallest deviation
values.

This study shows that the use of MN95 has a strong relationship
with the number of COVID patients. According to the obtained
regression equation, NCOV and NNUR variables explained 90.60%
of MN95 usage. The change in HDSL consumption is explained by
the NDOC and NCOV variables at the level of 91.06%. It is seen
that there is a constant increase of 188 L in the COVID-19 period
and varies depending on the number of doctors and COVID
patients. It was observed that EXGLV changed with a strong cor-
relation depending on the NPAT variable in the N-COVID period.
It has been realized that NDOC, NNUR, and NCOV variables are
effective in the COVID-19 period. With all these variables, three
different regression models were obtained as a result of MLRA.
Among these models, the model with the lowest MAPE and MAD
values was selected. According to this model, EXGLV consump-
tion can be estimated according to the change in NDOC and
NCOV numbers. The NDOC, NNUR, NEMP, and NCOV variables
were chosen as effective variables for the estimation of MRUB-
SUR consumption. It is seen that the best model obtained with
these variables explains the variability of 94.80% with the NNUR
and NCOV variables. The variable TTSURGLV was explained by the
model with 96.28% depending on the number of surgeries. While
the consumption per surgery was 4204 in the N-COVID period,
the usage increased to 50,921 in the COVID period. It will be pos-
sible to obtain better results with more data.

This study will assist the prediction of consumption of medical
supplies during pandemic periods in hospitals. Predictions of
medical supply consumption will contribute to purchasing deci-
sions and stock policies. Uncertainty is accepted for these mod-
els, considering that other factors affecting the consumption
of medical supplies were not checked in this study and that the
study is based on a relatively small sample.

Future studies will perform optimization studies and simulation
studies minimizing stock costs for medical supplies to decide
minimum stock levels.
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Genisletilmis Ozet

Amag: Bu calismanin amaci, COVID-19 pandemisi ile birlikte tliketimi artan hijyen ve koruyucu sarf malzemelerin ilerleyen ve gelisen
donemlerdeki talebini tahmin etmektir, ayrica benzer durumlar igin 6rnek olabilecek bir model olusturmaktir.

Yéntem: Bu calisma icin istanbul gibi metropol bir sehirde niifus yogunlugunun en fazla oldugu bélgelerden birinde bulunan &zel bir
hastanenin hijyen ve koruyuculuk saglayan sarf malzeme tiketimlerine ait veriler ele alinmistir. Verileri dikkate alinan hastane, 2020
Mart - Eylll aylarinda pandemi hastanesi olarak fonksiyon Ustlenmistir. Hastane yonetimi ile yapilan gorismeler sonrasinda tedarik
yonetimi farklilasan fakat daha 6ncesinde yiiksek derece 6nem olusturmayan (ABC analizi iginde C grubu malzeme olarak dikkate alina-
bilen), COVID-19 salgininda tiiketimlerinin etkilendigi dtslintlen sarf malzemeleri olarak maske cerrahi bagcilikli, maske lastikli, maske
N95, el dezenfektani, muayene eldiveni, ameliyat eldiveni malzemeleri dikkate alinmistir. Bu galismada, bir hastanenin COVID-19 donemi
ve COVID-19 olmayan donemi sarf malzeme tiketimleri bagimh degdisken olarak, doktor, saglik calisani, idari personel, hasta, COVID-19
hastasi, ameliyat sayilari bagimsiz dedisken olarak tanimlanmis ve hastanenin aylik sarf malzeme tiketimlerini tahmin etmek igin cok
degiskenli regresyon modelleri kullaniimistir. Bu ¢alisma kapsaminda COVID-19 pandemisinin oldugu Mart 2020-Mart 2022 tarihlerini
iceren 25 aylik bir dénem ile pandemi dncesi doneme ait olan Ocak 2019-Subat 2020 tarihleri arasindaki 14 aylik déneme ait sarf mal-
zemelerin tliketim rakamlari ele alinmistir. Regresyon analizi calismalari igin Minitab Statistical Software (Minitab, 2019) kullaniimistir.

Bulgular: Bilinmeyen bulasici hastaliklar ortaya giktikga, arastirmacilar salgin ve salgin ile ilgili bilim konularinda modelleme ve tahmin
calismalari yapmaya baslarlar. Yapilan bu modelleme ve tahmin calismalari halk saghgr hizmetlerinin ve medikal ihtiyaglarin planla-
masinda faydali olmustur ve gelecekte de olacaktir. Ozellikle de veri biliminin gelismesiyle birlikte ¢ok sayida tahmin yontemi salgin
alaninda kullaniimaya baslamistir.

Bu calismada, hastaneden elde edilen sarf malzemelerin tiiketim rakamlari ile gelecege yonelik tahminler yapilarak hastane yonetiminin
satin alma kararlarina yardimci olmak istenmistir. Elde edilen veriler dogrultusunda COVID-19 pandemisinin hastaneye muayene igin
gelen hasta sayisini ve ameliyat sayisini etkiledigi gozlenmistir. COVID-19 sayilari arttikga hasta ve ameliyat sayisi azalmistir. Coklu reg-
resyon analizi sonucunda; hastaneye normal muayene igin gelen hasta sayisi, ameliyat sayisi ve COVID-19 hasta sayisi arasinda guglt bir
korelasyon oldugu gorilmektedir. N95 maskesinin COVID-19 olmayan dénemde neredeyse hig kullanilmamaktayken COVID-19 pande-
misiile birlikte ciddi miktarda tiketiminde artis oldugu ve regresyon analizi sonucunda da COVID-19 hasta sayisina bagli olarak degistigi
ortaya ¢ikmistir. El dezenfektaninin tiiketimindeki degisimi en iyi aciklayan faktorlerin doktor sayisi ve COVID-19 hasta sayisi olmustur.
Muayene eldiveninin COVID-19 pandemi 6ncesinde tiiketimin muayene edilen hasta sayisina bagh olarak degistigi, fakat COVID-19 pan-
demi doneminde tiiketimin doktor sayisi, saglik personeli sayisi ve COVID-19 hasta sayisina bagli degistigi hesaplanmistir. Ayni sekilde,
cerrahi bagcikli ve lastikli maske kullanimini en iyi agiklayan degdiskenler saglik personeli sayisi ve COVID-19 hasta sayisi olmustur. Ame-
liyat eldivenin tiketiminin ise ameliyat sayisina gore degdiskenlik gésterdigi elde edilmistir. Bu ¢alisma ile pandemi doneminde alinmasi
gereken maske, mesafe ve hijyen énlemleri dogrultusunda kullanilmasi gereken sarf malzemelerin tiketimlerinin tahmin edilmesinde
yardimci olacak tahmin modelleri nerilmistir. Bu tahminler, hastanelerin sarf malzemelerinin satinalma ve siparis politikalarina katki
saglayacaktir. Bunun sonucunda, en iyi tahminlemeyi yaparak hem stoksuz kalmamak hem de fazla stok maliyetini engellemek tzere
hastane y6netimine yardimci olunacaktir.
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