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" ! industries. This study focuses on the effects of COVID-19 on a
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consulting company that specializes in technology services.
By analyzing the company's sales data for the five-year period
before the pandemic, and using machine learning techniques
via the KNIME platform, the study aims to predict the sales data
for the COVID-19 period. Three different regression models
- linear, gradient boosting, and random forest - were used to
make these predictions, and the models were compared based
on their coefficient of determination (R2) to determine which
model performed best. The chosen model was then used to
interpret the impact of COVID-19 on the company. The findings
of the study provide insights into how COVID-19 has affected
the consulting company. The chosen model showed that the
pandemic had a significant negative impact on the company's
sales, with a sharp decline in the second quarter of 2020.
However, the company was able to recover some of its losses
by the fourth quarter of the year. The study also highlights
the importance of using machine learning techniques to
predict future sales data during unpredictable events such
as the COVID-19 pandemic. Overall, this study sheds light on
the impact of COVID-19 on a technology consulting company
and demonstrates the importance of using data analysis and
machine learning techniques to make predictions and interpret
the effects of significant events on business operations.
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COVID-19'UN TEKNOLOJi SEKTORUNE ETKISi: BIR

DANISMANLIK SIRKETi ORNEGI

Anahtar Kelimeler

0z

COVID-19, makine
6grenimi, regresyon
modelleri, KNIME,
tahmin

COVID-19 salgini, diinya genelinde benzeri gériilmemis bir
etki yaratmigstir; hem ekonomik hem de sosyal agidan biiyiik
degisimlere neden olmugstur. Bu salginin farkl fiilkeler ve
endiistriler lizerindeki etkisini anlamak icin bircok calisma
yapilmistir. Bu ¢alisma ise, teknoloji hizmetleri alaninda
uzmanlagsmis  bir danismanlik firmasinin  COVID-19'un
etkilerini analiz etmektedir. Calisma kapsaminda, sirketin
pandemi éncesine ait bes yillik satis verileri incelenmis ve
bu veriler lizerinden KNIME platformu araciligiyla makine
6grenimi teknikleri kullanilarak COVID-19 dénemine iliskin
satis verilerinin tahmini amaglanmigstir. Bu tahminler igin ti¢
farkli regresyon modeli (dogrusal, gradyan artirma ve random
forest) kullanilmis ve bu modellerin performansi, belirleme
katsayilarina (R2) gére karsilastirilmistir. Secilen model daha
sonra, COVID-19'un sirket lizerindeki etkilerini yorumlamak
icin kullanmlmigtir. Arastirmanin  bulgulari, COVID-19'un
danismanlik sirketini nasil etkiledigine dair derinlemesine
icgori saglamaktadir. Segilen model, salginin sirketin satislart
tizerinde énemli bir olumsuz etki yarattigini ve 6zellikle 2020
yilinin ikinci ¢eyreginde sert bir diistis yasandigini géstermigtir.
Ancak, sirket yilin dérdiincti ¢ceyregine dogru kayiplarinin bir
kismint telafi etmeyi basarmistir. Calisma ayrica, COVID-19
salgini gibi 6ngériilemeyen olaylar sirasinda gelecekteki satis
verilerini tahmin etmek icin makine 6grenimi tekniklerinin
6nemini vurgulamaktadir. Genel olarak, bu c¢alisma, bir
teknoloji danismanlik sirketi tizerinde COVID-19'un etkilerine
dair 6nemli bilgiler sunmakta ve is operasyonlari lizerindeki
etkileri tahmin etmek ve yorumlamak icin veri analizi ve
makine égrenimi tekniklerinin degerini ortaya koymaktadir.
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1. Introduction

The coronavirus pandemic, also known as the COVID-19 pandemic was first
shown up in Wuhan, Hubei Province on 31st December 2019. COVID-19 was con-
firmed as a pandemic on 2020, March 11 by World Health Organization. Before
the declaration as a pandemic, it spread to 18 countries from China (WHO 2022).
The first case of Turkey’s COVID-19 was discovered on March 11, 2020. More
than 5 million people were infected after the first incidence, and nearly 100,000
people died until the beginning of May (Anon n.d.).

According to World Health Organization (WHO), more than 520 million people
were affected by COVID-19 and also more than 6 million people passed away
until May 2022 (WHO, 2022).

The COVID-19 pandemic affects the world socially, physiologically, and also eco-
nomically. Several papers, studies, and, articles were published to explain those
effects with different analyses from different angles. Out of 193 countries’ eco-
nomics, 167 economies saw a negative rate in 2020. Almost 79 percent of the
world economy accounted for by these 167 economies. China was the worst af-
fected country in the first quarter of 2020 with an economic decrease of 9,7 per-
cent. Iceland and France followed China on the list. India, United Kingdom, and
Spain were the most damaged countries during the second quarter of 2020 and
the world economy shrunk 32,9 percentages. In the third quarter of 2020, 33,1
percent growth came amid a resurgence in consumer activity. In the last quarter
of 2020, the economy maintained growing by 4 percent even with a slight rate
compared to the third quarter. Total growth in 2020 was 3,6 percent and only
two countries which are China and Turkey saw a positive economic rate at end
of the 2020 (Organisation for Economic Co-operation and Development, 2021).

COVID-19 appeared suddenly and changed the expectations of companies. Fore-
casting is substantial to plan production, efficiently allocate resources and work-
forces, marketing strategies for companies. Machine learning (ML) is the study
of computer algorithms that can learn and develop on their own through experi-
ence and data (Mitchell, 1997). Forecasting is one of the applications of machine
learning.

This research concentrated to analyze the impacts of COVID-19 in the case of a
Turkish consultancy company in technology sector with machine learning. With
seven years of sales data collected made forecasting using different regression
model from the Konstanz Information Miner (KNIME) platform. The regression
models are gradient boosting regression (GBR), linear regression (LR) and ran-
dom forest regression (RFR).
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Section 1 contains general information about COVID-19 and its economic im-
pacts. The remaining parts of this study are as follows. Section 2 discusses the re-
view of previous studies published which provides a summary of similar studies
about the economic impacts of COVID-19 in different sectors around the world.
Machine learning, forecasting methodologies, and the KNIME tool which is used
for modeling information are given in Section 3. Section 4 explains preparing
sales data, and forecasting methods step-by-step. Numerical results and com-
ments are given in Section 5. Finally, Section 6 highlighted and presented results
and findings in this case.

2. Literature Review

After COVID-19 appeared, more than 50.000 papers were published on the Sci-
ence Direct website. Pandemic affected various sectors like tourism, accommoda-
tion, education, aviation, production, automotive, and food. More than one-fifth
of papers are related to the economic effect of COVID-19 from different angles
(ScienceDirect, n.d.). According to Organization for Economic Co-operation and
Development (OECD), countries’ economies affected adversely in the beginning
of the pandemic. Recovery started however lower-income economies still needs
time (Organisation for Economic Co-operation and Development, 2021). Table 1
summarizes the main studies to understand the effect of COVID-19 worldwide
except in the technology sector.

Table 1. Significant Studies about COVID-19 on Sectoral Basis

Author(s) Country Sector Impact

COVID-19 affected strong-
ly the agricultural system

Blazy et al., 2021 Caribbean Agriculture such as a decrease in rev-
enue, production decreas-
ing.

There was stockpiling es-

Vall Castell6 & Lopez pecially in the first week of

Casasnovas, 2021 Spain Supermarket lock<.iown, with fear of pan-
demic was decreased sales
rates.

Electric Vehicl i
Wen etal, 2021 China ectric Vehicle There WE.IS a negative effect
Industry on sales in the short term.
Wieczorek-Kosmala, There were financial slack

4 countries  Hospitality

2021 holdings during COVID-19.
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Hayakawa & Muku-
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Kotcharin, 2020

Fu & Shen, 2020
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Heetal,, 2020
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Airline

Energy Industry

Marine  (Ship-
ping, fisheries,
marine tourism,
energy)

Various sectors

There were negative ef-
fects on leather, footwear
products, and transport
kits especially in the fourth
and fifth months of 2020
whereas there were effects
positively in industries
manufacturing medical
products.

Australia, Canada, the Unit-
ed Kingdom, and United
State showed the worst
reaction to proclamation of
COVID-19 as a global pan-
demic.

COVID-19 damaged the
productivity of energy
companies, and companies
could not effort their fixed
costs and expenses, as a
result, an important dam-
aging effect was found on
the development of energy
companies.

Marine tourism was the
most affected sector in
Malaysia because the gov-
ernment considered as a
non-essential sector. Ship-
ping was affected lightly
compared to other sectors.

Electric energy, heating,
mining, and environmental
industry have been impact-
ed negatively during the
COVID-19. Even so, some
industries showed strong
immunity for instance pro-
duction, information tech-
nology, and healthcare in
China.
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There were negative effects
on property and personal
insurance, and personal
insurance was damaged
more than that property
insurance from the angle
of insurance density and
depth.

Wang et al,, 2020 China Insurance
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Figure 1. Daily Cases of Turkey

This study will be a research that will focus on analyzing the impacts of COVID-19
on the technology sector in a Turkish company. The first case of COVID-19 appea-
red on 11* March 2020 in Turkey. After the first case, more than 5 million people
were infected and almost 100.000 people died until the beginning of the May
(Anon n.d.). Figure 1 shows daily cases of Turkey (Worldometers n.d.).

Note. Daily COVID-19 cases in Turkey. From Worldometers, COVID Live - Corona-
virus Statistics — by Worldometers, n.d. (Worldometers n.d.).

e Turkey Government took various precautions during this time. Important
dates are;

e 1%t February 2020- All the flights from China were stopped.

e 29" February 2020- All flights to South Korea, Italy, and Iraqgi were stopped
(The Economist, 2020).

e 11% March 2020- First COVID-19 case was announced.
e 12% March 2020- Schools was closed from 16" March (Kandemir, 2020).

e 16% March 2020- Indoor activities such as businesses and places of worship
were halted (Cantekin, 2020).
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e 215t March 2020- A total curfew was announced for people who are elder 65
and who have immune system diseases such as asthmatics, cardiovascular
problem, high blood pressure (Kandemir, 2020).

e 10" April 2020- A curfew was announced to everyone during weekends
(Ghosh, 2020).

o 4% May 2020- Return to normal life rules explained (Anon n.d.).

e 1% June 2020- Public spaces were opened and domestic flights were resumed
(The Economist, 2020).

e 26" November 2020- A new curfew was announced for people elder than 65
and younger than 20. Also, indoor activities such as businesses and places of
worship were halted again (Overseas Security Advisory Council, 2020).

o 14" April 2021- A two-week partial closure was declared (Anon n.d.).

e 26" April 2021- New full lockdown announced from 29" April to 17" May
(The UN Refugee Agency, 2021).

e 17% May 2021- Partial closure was declared until 1 July (Anon n.d.).
e 1%July 2021- The curfew was completely lifted (Anon n.d.).

In compliance with data from the Presidency of Strategy and Budget, in the se-
cond quarter of 2020, most sectors were affected negatively by COVID-19 such
as industry, construction, services, export, and import. The most affected sector
in Turkey became exporting with a 15,4 percent decrease(T.C. Cumhurbaskan-
lig1 Strateji ve Biitge Baskanlig1 n.d.) Exporting became a general problem in the
world because of restrictions on air flights and curfews. During the pandemic,
electronic microchip demand was increasing around the world. In Turkey, the
automotive sector was affected negatively as a consequence of an interruption in
production in the second quarter (Sabah, 2020).

The consultancy sector was affected adversely by COVID-19 in the first quarter of
2020. The consultancy sector continues to grow over the last 12 years. In 2019,
the value of the sector reached $160 billion. Source Global Research gathered
the opinions of hundreds of consulting organizations from around the world and
concluded that the consultant sector could lose $30 billion in value by 2020. The
United States has a major percentage in the consultancy sector and according to
the study, 1 percent decrease is expected. Study shows Europe will be the worst
affected by COVID-19 (Consultancy n.d.). While business services, healthcare,
energy and resources, manufacturing, and the public sector were in the higher
risk group, financial services, pharma, retail and, technology and telecoms were
in the lower-risk group (Consultancy n.d.).
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Information technology (IT) consulting, often known as technology consulting,
refers to services that assist clients in determining how to best employ informa-
tion technology and digital to meet their business objectives. Remote working
and curfews affected the demand for information and communication technolo-
gies (ICT) demands in a positive way (Taser, Aydin, Torgaloz and Rofcanin 2022).
People need to do various things online such as shopping, working, studying and
ICT makes them possible. That's why companies investing in digitalization for
adopting this period.

A survey about people’s grocery shopping choices shows there is a significant
passing to online shopping during COVID-19. And it explains people who expe-
rienced online shopping are more likely to keep (Shen, Namdarpour, and Lin,
2022). Besides online shopping, the study by Mouratidis and Papagiannakis
shows online learning, telework, telehealth, and teleconferencing also increased
when compared to before COVID-19. While teleconferencing and e-learning inc-
reased by 34 percent, telework has a 31 percent increase (Mouratidis and Papa-
giannakis, 2021).

Microsoft Teams is a platform that combines teleconference, chat, and notes. Sin-
ce it was released in November 2016, there was no significant growth like during
the pandemic. From March 2020 to April 2020, the number of users increased by
4,5 times. According to a survey of Microsoft Teams users in the United States,
29.71 percent of businesses used Microsoft Teams for remote work during the
COVID-19 pandemic in 2020 (Statista, 2022).

During a pandemic, ICT generates solutions to understand the spread of CO-
VID-19. For instance, the Australian Government released an application called
CovidSafe to monitor and keep down the spreading of COVID-19 and invest $5
million for consulting, development, and maintenance (Consultancy n.d.). Also,
Turkey Government launched a similar application named “Hayat Eve Sigar” to
minimize spreading. The application generates a unique code and people use this
code when they went to indoors such as in shopping malls, theaters, cafés and
restaurants, and schools.

The National Institute of Standards and Technology (NIST) defines cloud compu-
ting as a model that provides ubiquitous, on-demand network access to a com-
mon pool of configurable computing resources (e.g., servers, networks, applica-
tions, storage, and services) that can be provisioned and released quickly with
minimal management effort or service provider interaction (Mell and Grance,
2017). According to a study, cloud computing is helping countries in the fight
against COVID 19, economically and commercially in the education and health
sectors (Alhomdy, Thabit, Abdulrazzak, Haldorai and Jagtap, 2021).
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According to a survey of 263 senior UK banking executives, shows two-thirds
are planning operational costs and want to invest in technology and automation.
After COVID-19 they realized their potential agility and the necessity of digitali-
zation (Appian, 2020).

Ntasis, Koronios, and Pappas (2021) investigate the impact of COVID-19 on the
technology sector for TATA Consultancy Services (TCS). TATA Consultancy Servi-
ces is a multinational information technology services and consulting company
in India. They have 285 offices across 46 countries. They used the business and
stock value performance of TCS for their study. According to a study, economic
policy uncertainty has a negative effect on the stock price of TCS (Ntasis, Koroni-
os, and Pappas, 2021).

Forecasting future demand is quite important to manage production, plan reso-
urces, avoid overstocking, and supply process. There are a number of methodo-
logies that can be used at this point, and most of these methodologies are based
on past demand or sales (Rohaan, Topan, and Groothuis-Oudshoorn, 2022). As
examples in the energy sector, Agbulut (2022), Ayvaz et al. (2017), and, Sun and
Liu (2016) used ML to forecast energy demand and CO; emission in different mo-
dels. In the health sector, Yang et al. (2022) studied the prediction of lung cancer
recurrence and survivability, and Chowdhury et al. (2022) studied the diagnosis
of COVID-19 from coughs sounds, Sabeti, and friends (2022) searched for de-
tection of craniosynostosis in newborns with machine learnings. Madhurya et
al. (2022), and Sahin et al. (2013) examined the detection of credit card fraud
with different machine learnings techniques (Agbulut, 2022; Ayvaz, Kusakci, and
Temur, 2017; Chowdhury, Kabir, Rahman and Islam, 2022; Madhurya, Gururaj,
Soundarya, Vidyashree and Rajendra, 2022; Sabeti, Boostani, Moradi and Sha-
koor, 2022; Sahin, Bulkan, and Duman, 2013; Sun and Liu, 2016; Yang, Xu, Sun,
Zhang and Farid, 2022). While Ensafi et al. (2022), used time series forecasting
techniques to predict item sales of a retail store, Chen and Ou (2011) used extre-
me learning machines to forecast sales in the retail industry (Chen and Ou, 2011;
Ensafi, Amin, Zhang, Shah, 2022).

3. Methodology

This section explains general information about machine learning and imple-
mentation areas, three regression models that we used for prediction, and exp-
lains which data were collected and preprocessing of collected data. The study
adhered to research and publication ethics standards.

3.1 Machine Learning

Machine learning (ML) is the study of computer algorithms that can learn and de-
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velop on their own through experience and data (Mitchell 1997). It is becoming
one of the hottest topics for research. Researchers are used ML in various areas
such as health, energy, biology, social science, banking, etc. ML helps to detect
some diseases earlier, predict energy consumption, forecast sales in various sec-
tors, identification of fraud or spam e-mail, and recommend products or videos.

There are various platforms to implement machine learning. In this study, Kons-
tanz Information Miner (KNIME) was used for implementation. KNIME is an
open-source and free platform based on Java that used data analysis, integration,
and reporting. Figure 2 is a summary of input and outputs values used in three
regression models. Different models were implemented to sales data and com-
pared with each other. The best prediction was used to explain COVID-19 effects
on sales.

Linear Output Value
Regression - Predicted Sales Amount
s a )
Input Values
- Categories
-Sectors .
- Years Gradl?“‘ Output Value
- Quarters Boostu.lg - Predicted Sales Amount
-Sales Amount of Quarter, Regression
- Sales Amount of 1,2,3
Previous Quarter
\ J/ R;:izltn Qutput Value
. - Predicted Sales Amount
Regression

Figure 2. Diagram of Input and Output Value

3.2 Data Preparation

In this study, sales data of a technology company was collected between 2015
and 2022 years. At the first, sales data have 3.072 rows that include 8 service
categories and 12 sectors. The 3 most known services categories were selected
according to sales amount from the 8 services. Since 5 sectors have minor sales
amount like 4 percent as total, they were grouped in others. Sales amount was
calculated quarterly every year and 1,2, and 3 previous quarter amount was ad-
ded as new columns to understand sales trends. Every row that has “0” as sales
amount was deleted to make more successful forecasting. After preprocessing,
sales data have 531 rows. Finally, historical information of COVID-19 was taken
from the Republic of Turkey Ministry of Health website (Anon n.d.).
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Sales amount normalized with min-max normalization. This method increases
consistency of models. The purpose of min-max normalization method is to nor-
malize the smallest value to 0 and the largest value to 1, and spread all other
data to this 0-1 range. Its formula is as below. This approach serves to obscure
the company's data while also standardizing all parameters onto a consistent
positive scale.

X' = X _Xmin (1)

Xmax-Xmin
X = The value that will normalized
Xmin = The smallest value of variable
Xmax = The biggest value of variable

After normalization, descriptive analysis implemented to sales amount. Nor-
mal distribution was controlled and sales amount variables was found non-
parametric. Figure 3 shows the distribution of values. The outliers that were
seen in figure was checked in sales data. They did not remove from data because
any mistake was not found.

400

Frequency

0 1 1 ]
,00000000 ,20000000 40000000 60000000 80000000 1,00000000

Figure 3. Frequency of Sales Amount
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Kruskal Wallis test implemented for category and sector. This method used to
test whether the mean of two or more samples shows a significant difference
from each other. Table 2 shows the results of test. Significance level is lower
0,001, which means category and sector has significance on sales amount.

Table 2. Results of Kruskal Wallis test for Category and Sector

Variables Test Significance
Category Kruskal-Wallis Test <0,001
Sector Kruskal-Wallis Test <0,001

Figure 4 shows the sales amount of three service categories every quarter. 3rd
service category has a major sales percentage every quarter. The revenue line
has a significant peak in every last quarter of a year until the 2021 year.

Category ® Category 1 @Category 2 ® Category 3 @ Sales Amount
4

Sales Amount
~

1 .
- .
-___-—_—-———-—-- e
0
2015 2016 2016 2016 2016 2017 2017 2017 2017 2018 2018 2016 2018 2019 2019 2019 2019 2020 2020 2020 2020 2021 2021 2021 2021 2022
4 1 2z 3 4 1 2 3 4 1 2 3 4 1 2 3 4 1 2 3 a4 1 2 3 4 1
Year Quarter

Figure 4. Categorical Sales Amount Quarterly

3.3 Machine Learning Models

A study by Chicco and friends shows that R2 has more advantages over other sta-
tistical rates such as MAE, MSE, RMSE, and MAPE in different analyses. According
to the study, only MAPE or MSE, or RMSE is not enough to explain a regression
performance quality (Chicco, Warrens, and Jurman, 2021).

3.1.1 Linear Regression

Linear regression is a classical statistical algorithm and a machine learning algo-
rithm. The first type of regression analysis was developed by Adrien Marie Le-
gendre in 1806 (Legendre 1806). The relationship between variables is modeled
using linear predictor functions. Simple linear regression is used when there is

443



Miithendis ve Makina / Engineer and Machinery 65, 716, 432-461, 2024

just one variable. Multiple linear regression is used when there is more than one
variable (Rencher and Christensen, 2012). In linear regression, the main goal is
finding the best equation which is nearest to the values.

3.3.2 Gradient Boosting Trees Regression

The gradient boosting technique used in classification and regression was sug-
gested by Breiman et al. in 1984 (Breiman, Friedman, Olshen and Stone, 1984).
The gradient-boosting algorithm improved weak learners to strong learners
(Nie, Roccotelli, Fanti, Ming and Li, 2021). The main goal is to minimize the sum
of squared errors. Figure 6 shows the relationship between iterations and error.
With every iteration, the error is decreasing and the model becomes more suc-
cessful.

Error

< a
“““#&di%

Iterations

Figure 5. Schematic Representation of Gradient Boosting Regression

3.3.3 Random Forest Regression

Like gradient boosting, the random forest technique is used for classification and
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regression. Tin Kam Ho created the first algorithm in 1995 (Ho, 1995). The ran-
dom forest algorithm generates reasonable forecasting with little configuration.
In the regression model, the average forecasting of each tree are returned and
overfitting of the training set is prevented (Ho, 1998; Minasny, 2009). Figure 7
shows the diagram of random forest regression. This method is very popular to
analyze large data sets (Borup, Christensen, Milbach and Nielsen, 2022).

Test Sample Input

Results-1 Results-2 Results-n

Averaging

Final Results

Figure 6. Diagram of Random Forest Regression

4. Implementation

The monthly total sales figures have been calculated on a quarterly basis starting
from the first month of the year. The amounts of the 1, 2, and 3 previous quarters
were added as new columns to understand sales trends. Three service catego-
ries,7 sectors, years and quarterly knowledge, quarterly revenue amounts, and
sales amount of 1,2, and 3 previous quarters are used as inputs for machine le-
arning. After splitting the sales data into training and test data, three regression
models were implemented and the sales figures for the next year were predicted
with different year combinations. Models are compared to each other according
to the R? values.

Three regression models were constructed using KNIME. The inclusion of para-
meters in the regression model was determined based on their p-values. Parame-
ters with a p-value less than 0.05 were included in the model. Figure 7 shows the
construction of the models. Excel reader module is used to import collected sales
data. KNIME understands data type automatically but also allows to change ma-
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nually. The imported data were sorted by year and quarter. With the normalizer
module, data consistency increased for sales amount. The partitioning module
helps to split data as train and test. Partitioning rate change according to the
years which belongs to the train or test. Three regression model is added with
two modules that are learner and predictor. The learner module teaches machine
learning which data are input and which are predicted. The predictor module is
configured to predict sales amounts. The numeric scorer calculates the success
of models and the line plot shows custom graphics.

5. Numerical Results

In this section, three various forecastings were calculated with KNIME. One of
them belongs to pre COVID-19 era and the others prediction of the COVID-19 era.

5.1 Forecast for 2019 with Data Between 2015 and 2018

From 2015 to 2018 years belong to the pre-COVID-19 era. Data from 2015-2018
were used as training data and data from 2019 were used as test data. The sales
data has 270 rows for training and 82 rows are predicted with three models.
Figure 9 shows the predicted sales amount with linear regression and the actual
sales amount for all sectors in 2019. Even if the quality of prediction looks good,
it changed from sector to sector.

@ Sales Amount @ Predicted Sales Amount
10

Sales Amount

Sales Amount ve Predi:

A M A ML o ML LA

Figure 8. Actual and Predicted Sales Amount of 2019 Year with LR for All Sec-
tors

Figure 9 and 10 details the actual and projected sales amounts for the techno-
logy and holding sector. There is a noticeable deviation at the end of the year.
There may be delays in the collection of revenues.
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@ Sales Amount @ Predicted Sales Amount
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Figure 9. Actual and Predicted Sales Amount of 2019 Year with LR for Technol-
ogy Sector

Sales Amount ve Predicted Sales Amount

Figure 10. Actual and Predicted Sales Amount of 2019 Year with LR for Holding

®5ales Amount ® Predicted Sales Amount
010

g & 8

Sales Amount ve Predicted Sales Amount

20 40 60 80
Row

Figure 11. Actual and Predicted Sales Amount of 2019 Year with LR for Auto-
motive Sector
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The finance sector had a difference between actual and predicted sales amount
almost all year is shown in Figure 12. While predicted sales amount was more
than actual in the first quarter, there was not a difference in the second quarter.
This means the collection revenue is not associated with this difference.

Sales Amount ve Predicted Sales Amount

Figure 12. Actual and Predicted Sales Amount of 2019 Year with LR for Finance
Sector

Figure 13 explains the values of the retail sector. There is a significant difference
in the first quarter of the year like the finance sector. However, in this case, this
difference is a positive way.

Sales Amount ve Predicted Sales Amount

Figure 13. Actual and Predicted Sales Amount of 2019 Year with LR for Retail
Sector

Service and others were shown in Figures 14 and 15. Both of them had signifi-
cant deviations all year. It is hard to explain this difference with a collection of
revenue. Because of the irregularity of sales amount, different models can be
improved for those sectors.
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Sales Amount ve Predicted Sales Amount

Figure 14. Actual and Predicted Sales Amount of 2019 Year with LR for Service

Sector

®5ales Amount ® Predicted Sales Amount
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Sales Amount ve Predicted Sales Amount

40

Figure 15. Actual and Predicted Sales Amount of 2019 Year with LR for Others

Table 4 is a summary of the results of three regression models. Results shows,
that while linear regression has the biggest R? value which means has better go-
odness of fit, random forest regression is the most ineffective regression model.

Table 4. Result of Three Regression Models for 2019 Forecasting

Regression Train Test
Model Data Data

LR 2020
GBR 2015-

2019 0,928
RFR 0,894

RZ

0,896
0,023

0,026

MAE

0,028
0,002

0,003

MSE

0,003
0,047

0,057

RMSE

0,056
-0,009

-0,013

MSD

0,001
1,093

1,757

MAPE

2,108
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5.2 Forecast for 2020 with Data Between 2015 and 2019

The First COVID-19 case has announced at the beginning of 2020 in Turkey. We
try to forecast the 2020 year that has COVID-19 with data between 2015 and
2019. The construction of regression models is the same as 2019 forecasting
which is explained in the implementation section. 352 rows of sales data were
used for training and 80 rows were predicted. The actual and predicted sales
amount was shown in Figure 16.

Sales Amount ve Predicted Sales Amount

Row

Figure 16. Actual and Predicted Sales Amount of 2020 Year with Linear Regres-
sion

Sales Amount ve Predicted Sales Amount

Row

Figure 17. Actual and Predicted Sales Amount of Q1 2020 Year with Linear Re-
gression
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[t seems that the actual sales amount is lower than the predicted sales amount
in the first quarter of 2020. Figure 17 shows the detail of the first quarter. As we
understand, there is a notable variation in category 3 that has the biggest sales
value. The first quarter revenue is lower than the predicted sales amount.

When on closer inspection of the second quarter in Figure 18, we can see total
sales amount is bigger than predicted. The deficit in the first quarter may have
been offset here.

Sales Amount ve Predicted Sales Amount

Figure 18. Actual and Predicted Sales Amount of Q2 2020 Year with Linear Re-
gression

Sales Amount ve Predicted Sales Amount

Figure 19. Actual and Predicted Sales Amount of Q3 2020 Year with Linear Re-
gression
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The third quarter of the year has better accuracy as we can see in Figure 19 when
compared first and second quarters. This adaptation impact is kept in the fourth

quarter which is shown in Figure 20.

Sales Amount ve Predicted Sales Amount

Figure 20. Actual and Predicted Sales Amount of Q4 2020 Year with Linear Re-

gression

Table 5 shows that R? has decreased compared to the 2019 prediction. COVID -19

may cause this decrease.

Table 5. Results of Three Regression Models for 2020 Forecasting

Regres- .
sion Train  Test g, MAE MSE RMSE
Data Data
Model
LR 2020 0,896 0,028 0,003 0,056
GBR 2015-2019 0,928 0,023 0,002 0,047 -0,009
RFR 0,026 0,003 0,057 -0,013

0,894

MSD

0,001
1,093

1,757

MAPE

2,108

The linear regression model was the best model when we predict the non-
COVID-19 era. The linear regression was implemented quarterly for the 2020
year. Results are written in table 6. As we understand, prediction quality gets
better towards the end of the year. Especially, the R2 value of the 1st quarter has
a disruptive impact on the year. When R2 is calculated with the 2nd, 3rd, and
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4th quarters, the best value has been obtained. The first case of COVID-19 was
appeared end of 2019 and announced as a pandemic in March 2020. In Turkey,
the full lockdown was from March to June. This situation explains the lower R2
value in the first and second quarters. Until 21st November, Turkey did not have
a lockdown.

Table 6. Results of Linear Regression Quarterly in the 2020 Year

Regression Model Train Data Test Data R?
LR 1t Quarter 0,42
LR 1,2 Quarter 0,778
2015-2019
LR 1,274 31 Quarter 0,841
LR 2" 314 4% Quarter 0,931

Forecast for 2020-2021 with Data Between 2015 and 2019The sales data bet-
ween 2015 and 2019 were used to predict the 2020 and 2021 years which has
pandemic. 352 rows of sales data were used for training and 158 rows were pre-
dicted. The line graph of actual and predicted sales data is given in Figure 21.

Sales Amount ve Predicted Sales Amount

,
.

Figure 21. Actual and Predicted Sales Amount of 2021 Year with Linear Regression

Table 7 shows the statistical measures of each regression model. According to the
results, linear regression has the best value and is better when compared to fore-
casting 2020. This improvement can be proof that after the first year of COVID-19
normalization process started.
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Table 7. Results of Three Regression Models for 2020-2021 Forecasting

Reﬁr:;ff“ "];r:t‘: gg:; 2 MAE MSE RMSE MSD MAPE

LR 2015 0921 0,033 0003 0058 -0,003 1,459

GBR . 2020- 0832 0,039 0007 0084 -0021 0874
2021

RFR 2019 0,839 0,039 0007 0083 -0028 1,074

When the actual and predicted total sales amount in 2020 was compared pre-
dicted value is lower than actual. It can be a negative effect of COVID-19 at the
beginning of the 2020 year. When collection data examined, the first quarter of
2020 has missing collection. There may have been a problem in collection due
to the uncertainty brought by the COVID-19 period. However, in 2020 there is a
positive effect on the total sales amount. Table 8 is a summary of the difference
between actual and predicted sales amounts.

Table 8. The Difference Between Actual and Predicted Total Sales Amounts

Actual Total Predicted Total

Ye t Diff
ear Quarter Sales Amount Sales Amount tierence

Q1 1,44 1,73 -20,48%
Q2 1,72 1,45 15,74%

2020
Q3 1,73 2,09 -20,69%
Q4 2,33 2,03 12,87%
Q1 2,13 2,32 -8,99%
Q2 2,52 2,18 13,64%

2021
Q3 3,16 2,90 8,21%
Q4 3,59 3,47 3,45%

5.4 Forecast for 2021 with Data Between 2015 and 2020

By using the values between 2015-2020, 2021 values were tried to be predic-
ted. 432 lines belong to train data and 78 lines are predicted as sectoral. Table 9
summarized metrics of three regression models. Linear regression has the best
R2 value.
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Table 9. Results of Three Regression Models for 2021 Forecasting

Regression Train Test

2
Model Data Data R MAE MSE RMSE MSD MAPE

LR 0928 0,039 0,004 0063 -0,012 0,752
2015-

GBR 2020 2021 0,912 0,041 0005 0069 -0,023 0,596

RFR 0,889 0,043 0,006 0,078 -0,033 0,518

2020 year was the most affected from COVID-19. 2021 values predicted with two
different train data for understanding that 2020 data has disruptive effect on
machine learning whether or. Table 10 shows the R2 value of two different mod-
els. The coefficient of determination has better value without 2020 sales data. To
ensure that the 2020 sales data will be ignored, the model can be run again by
continuing to collect data after the COVID-19.

Table 10. Comparison of 2021 R? Values with Different Train Data

Regression Model Train Data Test Data R?
LR 2015-2019 2021 0,933
LR 2015-2020 2021 0,928

6. Conclusion

After COVID-19 first appeared in China, various sectors were affected tourism,
accommodation, education, aviation, production, automotive, energy, technology,
and food. Every country took various cautions like using masks, remote working,
and curfews to control this pandemic.

Remote working and curfews affected the demand for information and com-
munication technologies (ICT). People need to do various things online such as
shopping, working, studying and ICT makes them possible. That's why compani-
es investing in digitalization for adopting this period.

This study aims to understand the impact of COVID-19 and explore the populari-
ty of information technologies in the technology sector through various machine
learning models, utilizing sales data from pre-COVID-19 periods of a Turkish
consulting firm.
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Results show COVID-19 has adverse effects, especially in the first quarter of the
2020 year. After the adaptation period, the sales amount normalizes. Even, in
2021 a positive effect was seen on sales amount. Further, it can be investigated
whether the machine learning model tested afterward is suitable for predicting
future years or whether it is more appropriate to make predictions by ignoring
the COVID-19 period. In addition, the inflation impact can be studied during the
COVID-19 era, and sales revenue convert as dollars because of changes in cur-
rency. With the increasing demand for the technology sector, being a developer is
more interesting day by day, and companies seeking good developers in Turkey
and also around the world. It can be examined as a new study, impacts of increa-
sing demand for information technologies on developers, and their salary.
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