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Abstract: Globalization has gotten increasingly intense in recent years, necessitating accurate fore-
casting. Traditional supply chains have evolved into transnational networks that grow with time,
becoming more vulnerable. These dangers have the potential to disrupt the flow of goods or several
planned actions. For this reason, increased resilience against various types of risks that threaten the
viability of an organization is of major importance. One of the ways to determine the magnitude of
the risk an organization runs is to measure how popular it is with the buying public. Although risk is
impossible to eliminate, effective forecasting and supply chain risk management can help businesses
identify, assess, and reduce it. As a result, good supply chain risk management, including forecasting,
is critical for every company. To measure the popularity of an organization, there are some discrete
values (bounce rate, global ranking, organic traffic, non-branded traffic, branded traffic), known as
KPIs. Below are some hypotheses that affect these values and a model for the way in which these
values interact with each other. As a result of the research, it is clear how important it is for an
organization to increase its popularity, to increase promotion in the shareholder community, and to
be in a position to be able to predict its future requirements.

Keywords: e-learning; risk management; COVID-19 crisis; innovation; global supply chain; decision
support systems (DSS)

1. Introduction

Every section of human life has been impacted by technology, and education is no
different. The desire to employ remote education during the Coronavirus-19 (COVID-19)
pandemic has not yet been researched, despite the fact that e-learning has been investigated
in a variety of situations. The subliminal desire to maintain social distance is making
enrolling in cutting-edge education programs such as online courses more and more
popular among trainees during the current COVID-19 pandemic.

1.1. Global e-Learning Companies’ Situation

Based on this, the paper examines the global supply chain’s current state during the
pandemic period and offers managerial implications and ideas for how to strengthen the
supply chain. In order to offer management implications and suggest some ways to lower
the risks for the global supply chain, this research is based on an information analysis of
the global supply network’s current state.

Education impacts every aspect of people’s lives. Although it has been discussed in
several contexts, the use of digital learning during the COVID-19 epidemic has not yet been
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researched. During the current COVID-19 pandemic, the potential motivation to maintain
social distancing is one of the main reasons trainees enroll in innovative educational
programs such as online courses. This article examines the current state of global supply
chains during the pandemic and provides management implications and solutions for
improving global supply chains. This report is based on an information analysis of the
current state of global supply systems. It offers management implications and suggests
some ways to reduce the risks to these supply chains.

The objective of this essay is not only to analyze the concept but also to understand
supply chain management, to present the risks surrounding it and how to manage and
forecast them, and to describe methods and models that lead to their mitigation and
elimination. As a result, managers of supply chain risk management (SCRM) will be
better able to strategically allocate resources as necessary in order to reduce the risk to the
organization. Another benefit of digital learning is that it is thought to provide a high level
of interaction, which affects how valuable and usable it is seen to be and reinforces trainees’
positive views.

E-learning constitutes an innovative learning process that uses web technology for the
design, implementation, and extension of learning. The target is not to replace traditional
teaching methods but to improve and evolve these methods. E-learning will, however,
overtake traditional learning methods in the twenty-first century as a result of the benefits
it offers [1].

Employee training constitutes one of the main elements of the development of profit
or non-profit organizations. Thus, supply chain employees, who constitute the target group
for this study, are required to receive corresponding training.

Right now, in the US, there are about 10 million online courses and about 2500 e-
learning platforms. The educational level of the people addressed by e-learning platforms
starts from elementary school and continues until university. Other platforms are only
addressed by companies with the aim of developing their employees; after all, many of
these platforms offer the ability to earn a degree through distance learning [2].

1.2. Risk Management and Supply Chains

There are many advantages of e-learning. Some of these are as follows:

• There is no specific moment;
• From anywhere in the world;
• Asynchronous interaction;
• Team cooperation;
• New educational approaches;
• Computer integration.

The adoption of digital learning platforms has been motivated by the recent COVID-19
epidemic and widespread lockdowns, as well as the rising number of people who rely on
e-learning. This transformation of education [3,4], as well as learning and development
practices (L&D) [5], simultaneously developed a new field for both domestic and foreign
platforms, namely, massive open online courses (MOOCs) [6].

However, the current COVID-19 pandemic and widespread lockdowns have sped up
the adoption of digital learning platforms, increasing the number of individuals who rely
on online education. This transformation of education [3,4], a learning and development
(L&D) practice [5], has simultaneously created a new range of local and international
platforms for MOOCs [6].

Due to the recent pandemic and lockdowns situations, the use of digital learning plat-
forms has increased [7]. MOOC platforms, both domestically and internationally, now have
a creative opportunity thanks to this change in education. During the pandemic, companies
were forced to digitize many of their functions, such as communication between employees,
support services, human resources management, and, especially, employee training.

This change in education has produced an innovative range of local and international
platforms for MOOCs.
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The COVID-19 epidemic, the lockdown, and the measures undertaken to induce
physical separation were, according to the ILO (2021a,b) [8], the factors that finally had an
impact on the invention of remote learning education, even if online education platforms
had already begun to gain significant popularity [9].

Trainee Behavior

The term “trainee” is defined as a person or a company that invests in financial services
or goods [1]. The way in which these individuals or companies will invest the resources is
defined as “trainee behavior”. The parameters that make trainees behave differently are
as follows:

• The available resources of each course;
• The products and services that each trainee buys;
• Where the purchases are made;
• How often these purchases are made;
• How often they use the specific goods and services [10].

To be able to analyze and predict trainee behavior, the characteristics that influence
it must be recognized. So far, different models have been developed that predict trainee
behavior, each of them relying on different factors from which to derive their predictions.
Some of these factors are given in Table 1 below [10].

Table 1. Factors based on trainees’ characteristics.

Social Factors Personal Factors Psychological Factors

• Social groups
• Family
• Social status

• Age
• Profession
• Economic situation
• Personality

• Incentives
• Perception
• Beliefs

The different factors which influence the behavioral models result in the development
of different models. Some of these models are the economic model (a model based on
obtaining the maximum benefits at the lowest cost) [11], the learning model (a model that
analyzes the coverage of the trainee’s basic needs) [10], and the sociological model (a model
based on the impact that a student has on society) [12].

1.3. Understanding Risk and Online Education
1.3.1. Understanding Risk

Understanding risk is the assessment of the probability that an accident will occur in
relation to the assessment of the possible consequences that will be caused [13].

The two prevailing ideas that potentially explain how people perceive danger are
as follows:

• The psychological model;
• The philosophy of culture.

In the Fischhoff et al.-developed psychometric theorem, people are split into two
groups: the “experts” and to the “commons”. In this theory, the risk analysis is based on a
model that analyzes the way people perceive various risks [12].

On the other hand, in cultural theory, individuals perceive risks according to their
social beliefs and their social position [14].

1.3.2. Understanding Risk and Brand Name in e-Learning

In e-learning, trainees have separate ways of perceiving risks. In a study related to the
perception of risk in e-learning, it was established that trainees rely on tailored information
and communication with each other to make a purchase [15].
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The most important factors that can affect trainee trust levels are the quality of the
website and the user’s experience on that website. Another very important factor is the
positive information that is transferred from trainee to trainee, and this has the effect of
reducing the risk when the trainee chooses well-known companies [16].

1.4. Web Analytics
Web Analytics and Big Data

The gathering and examination of online data for the purpose of comprehending web
usage is referred to as “web analytics”. Web analytics can be used not only as a tool with
which companies conduct market research but also to assess ways in which to improve
their cyber footprint.

Big Data is defined as data collected by online users. This information is generated
by processing data obtained from websites and is referred to as key performance indi-
cators (KPIs), which are used to evaluate the effectiveness of a website. With the help
of KPIs, a company can examine the potential and weaknesses of a website. These user-
generated statistics support a theoretical framework of supply chain network resilience
for sustainability.

The analysis of these data has been proposed by various researchers as an approach to
distance-learning trainee behavior. However, a significant barrier to using web analytics
is that it has raised concerns about user privacy on the internet, and this has resulted in
anti-tracking tools, which degrades the quality of the data. [17–23]

1.5. Hypotheses

The process of building a predictive model illustrates how to build a descriptive model
that details the interactions between various components, including those in the supply
chain sector. The current study’s goal is to develop an FCM-based strategy for digital
marketing planning, specifically tailored for the supply chain sector.

The findings will provide managers with the required information in order to effec-
tively allocate resources to reduce corporate risk to their firm and will enable them to make
strategic decisions about issues such as the following:

• Should I spend money on online advertisements, or will the traffic my brand name generates
justify the expense?

• Is investing resources in search engine optimization for my organization’s website a wise use of
my time, or do consumers prefer more conventional methods of consuming during a crisis?

• Should I spend money on brand empowerment and digital marketing, or does the brand become
less significant to customers with a new crisis?

In an attempt to shed light on the relationship between the number of COVID-19
cases and deaths worldwide, the traffic source of the root domains of the best distance
learning platforms, their ranking in web analytics platforms globally, and the level of user
interaction with these websites, four research hypotheses have been selected.

The effects of the relevant KPI (customer behavior) variables (dependent variables) on
the COVID-19-related metrics (cases and fatalities), which are independent variables for all
of the following hypotheses, are examined in this study.

This strategy, utilizing the FCM technique, provides straightforward integration into
various marketing channels and quantification of the deviation of the link between the key
factors, offering a systematic study with which to compare many supply chain scenario
options at the same time. Easy knowledge assimilation by stakeholders and a systematic
propagation mechanism with which to monitor the consequences of changes made to a
planning system are two elements of an FCM model for strategic planning. The idea that is
presented here helps us grasp the model:

Hypothesis 1 (H1). The principal domains of e-learning platforms’ branded and non-branded
traffic KPIs are both impacted by the global ranking KPI.
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One of the most important metrics for evaluating a website’s performance is the Global
KPI rating. H1 tries to provide context for the impact of the total worldwide death toll
related to COVID-19 on this KPI by examining modifications in the behavior of internet
learners relating to confidence in established distance education providers. Deaths related
to COVID-19 are an indicator that ordinarily follows the illness count provided but pertains
to the latter’s inclusion.

This study will attempt to assess the effect of reported deaths related to COVID-19 on
distance-learning trainee behavior regarding distance education services, their preference
for particular educational backgrounds during the crisis, and how these behavioral changes
affect the search engine ranks of pertinent websites.

By forecasting the behavior of distance-learning trainees during a fresh crisis, the
results related to H1 will assist education organizations in developing efficient reputation
risk management techniques.

Having this information will make it simpler for them to decide whether investing
in brand development and search engine optimization (SEO) is a successful strategy with
which their organization might lower corporate risk.

Hypothesis 2 (H2). Changes in the KPI for pages viewed per user show how COVID-19 deaths
affected the principal domains of branded and non-branded traffic KPIs on e-learning platforms.

Global COVID-19 fatality rates can serve as a reliable indicator of the pandemic’s
development. The H2 study will make an effort to tie the changes in risk perception and
behavior among distance learners to an increase in the number of fatalities worldwide. Pre-
liminary research predicts that online education alternatives will be used more frequently.
However, difficulties in the supply chain brought on by the crisis are anticipated to change
how trainees behave toward service providers.

The final objective of research H2 is to determine how these factors impact user
engagement with the training service provider’s website. Managers of SCRM will be able
to create efficient enterprise risk management strategies with the use of the research findings
for H2. When determining whether or not to devote expenditure to brand enhancement
and web content improvement as a method by which to reduce corporate risk, it can be
very helpful to anticipate how distance-learning trainee behavior would change during a
new crisis. There will be two distinct sub-hypotheses for each of the four hypotheses, with
the labeled movement and the unlabeled variable being explored individually in each.

Hypothesis 3 (H3). The influence of the number of COVID-19 cases worldwide on the branded
and unbranded traffic KPIs of the key domains of e-learning platforms will be reflected in the global
ranking of KPIs.

The most common signal used to inform the public about the pandemic’s progression
is the amount of COVID-19 cases that have been recorded [7]. As more cases of the virus
are reported, it is anticipated that the general public’s opinion of the risk associated with
COVID-19 will change. H3 tries to explain how this phenomenon influences learners’
choices with respect to distance learning and their degree of trust in certain businesses,
as well as how this influence is seen in search engine rankings for websites of distance
learning organizations.

The findings on H3 will assist firms In developing successful reputation risk manage-
ment methods. If spending funds for branding improvement and digital marketing is a
wise move in reducing the business risk of education providers, it will become clear from
forecasting distance-learning trainee conduct during a new crisis.

Hypothesis 4 (H4). There is a connection between the amount of worldwide COVID-19 cases
and the pages viewed by each KPI effect from the branded and non-branded traffic KPIs of the main
domains of e-learning platforms.
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A helpful KPI that reflects the level of internet users’ interaction with a website is pages
viewed per user (PVU). When online distance-learning learners look for more knowledge
about the issues the COVID-19 situation is causing in supply chains, PVU is predicted to
rise throughout the crisis.

Research H4 will examine how brand choice and user loyalty change as more COVID-19
infections are recorded globally, with a focus on remote-learning trainees of distance
education businesses.

The outcomes of H4 will aid SCRM managers in creating successful business risk
management plans. Forecast learner conduct during a fresh crisis may be very helpful in
deciding whether investing money in brand improvement and online content optimization
is the best course of action for their firm in reducing corporate risk [7].

2. Materials and Methods
2.1. Sample Selection, Data Retrieval, and KPIs Alignment

Five businesses were chosen as an exemplary sample of the distance learning services
industry according to their market value as of January 1 2020. Each of the five maintained a
fully operating website and was one of the top ten businesses worldwide. Udemy Business,
Skillshare, LinkedIn Learning, Coursera, and edX were the five businesses chosen.

Since the majority of countries began enforcing stringent border controls and education
restrictions in that month, it was decided to select March 2020 as the COVID-19 starting
point. The aggregate mean value of the five companies for each KPI (dependent variable)
was also analyzed as a representative measure of the business sector.

More efficient statistical analysis and data management methods were considered
before this web analytics data processing method was selected.

The second phase (the COVID-19 period) was marked by globally confirmed COVID-19
cases (the independent variable), as well as globally confirmed COVID-19 fatalities (the
independent variable), every month, according to reports from the World Health Organization
(https://covid19.who.int/ access date 1 January 2020). Two variables representing the average
weekly COVID-19 cases and deaths for each month during that time period were created from
this data. Table 2 lists the key performance indicators that were utilized in this work.

Table 2. An explanation of the studied key performance indicators (KPIs).

KPI Description of the KPI

Global Ranking

The level of a domain’s online exposure is indicated by its global rating, which is
based on organic rankings and search traffic. This rating is determined by how

frequently the domain appears for the displayed keywords in the database of the
web analytics platform.

Organic Traffic “Organic traffic” refers to the quantity of users who access a website as a result of
unpaid (“organic”) search results.

Branded Traffic Branded traffic is the percentage of website visitors who come from users who
perform brand name searches.

Non-Branded Traffic Non-branded traffic refers to all search requests that did not contain the
company’s name but yet resulted in a visit to the website [24].

Bounce Rate The bounce rate is the proportion of site visitors who land on one page before
leaving without viewing any other pages.

Pages Viewed per User The number of pages viewed per user shows the proportion of visits to page views
during the same reporting period.

2.2. Risk and Statistical Analysis—Tables

The pre-COVID-19 and COVID-19 sets of KPI-related data have been separated and de-
scriptive statistical parameters have been extracted for each of the six dependent variables.
Cronbach’s alpha testing was also used to validate each set of variables (Table 3).

https://covid19.who.int/
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Table 3. KPI-related descriptive statistics with Cronbach’s alpha rating.

Variable Time Period N Mean Standard
Deviation

Standard Error
Mean

Cronbach’s
Alpha

Global Ranking Pre-COVID-19 12 1,314,231 1,280,762 36,254
0.681COVID-19 12 927,024 182,378 56,292

Branded Traffic
Pre-COVID-19 12 4.625 1.868 0.554

0.679COVID-19 12 8.874 1.589 0.451
Non-Branded

Traffic
Pre-COVID-19 365 2,278,267 1,611,167 481,189

0.581COVID-19 365 591,121 112,289 29,221

Organic Traffic Pre-COVID-19 12 867,678,674 861,651,556 249,881,089
0.610COVID-19 12 17,551,231,000 3,581,709,640 1,045,887,843

Bounce Rate
Pre-COVID-19 12 0.566 0.0544 0.0210

0.589COVID-19 12 0.230 0.0161 0.006
Pages Viewed per

User
Pre-COVID-19 12 2.365 0.108 0.029

0.589COVID-19 12 2.478 0.082 0.025

All six of the KPI-related variables can now be referred to as the study’s dependent
variables.

With the exception of non-branded traffic, where an unsatisfactory degree of depend-
ability was revealed, the Cronbach’s alpha testing value suggested moderate-to-low (but
acceptable) internal consistency for all variable sets. The limited sample size (N = 12) may
have contributed to this result.

The hypothesis study in this work is based on FCM simulation approaches, and the
descriptive statistical analysis serves primarily as a verification and routine procedure.
The Cronbach’s alpha value was adjusted to 0.590, which is moderate-to-low but at an
acceptable level, signifying internal consistency, after all data were reformatted as samples
by day (730 samples).

For COVID-19-related variables, qualitative statistical coefficients were also computed
for the COVID-19 timeframe. Since these variables became accessible for the second time
frame, they have been considered as independent variables at this level of analysis, and no
internal coherence control was conducted (Table 4).

Table 4. Descriptive statistics of COVID-19-related variables.

Variable N Mean Standard
Deviation

Standard Error
Mean

COVID-19 Cases 12 2,215,802,660 1,504,470,070 434,303,099

COVID-19
Deaths 12 49,644,347 24,349,448 7,029,080

An independent sample t-test has been conducted for all six KPI-related variables
prior to any additional statistical analysis. The time period (pre-COVID-19 and COVID-19)
has been used as the grouping variable with which to examine any statistically significant
differences in the variables’ values before and after the COVID-19 outbreak (Tables 5–7).

2.3. Problem Formulation and Research Hypotheses

Numerous effects of the current COVID-19 epidemic have been seen on e-learning
platforms worldwide. Due to the crisis’s dynamic nature—which was not a natural dis-
aster with long-term effects (e.g., earthquake, flood) but rather showed a nearly linear
increase—many of these changes are still unknown. This is exemplified by the rising
number of COVID-19 cases and deaths from February 2020 to the time of this analysis.
Because they had no control over the new risk, they were exposed to in online learning
environments, learners were compelled to seek alternate avenues, as in e-commerce, rather
than risking exposure to COVID-19.
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Table 5. Results of the descriptive independent samples t-test for the pre-COVID-19 KPI-related
variable.

t-Test for Equality of Means

Variable Levene’s Test for
Equality of Variances Significance (2-Tailed) Mean Difference Standard Error

Difference

Global Ranking 0.167 0.000 567.892 89,674
Branded Traffic 0.189 0.000 −5.346 0.704

Non-Branded Traffic 0.000 0.006 1,678,123 563,988
Organic Traffic 0.000 0.000 −5,818,907,564 1,087,891,032

Bounce Rate 0.000 0.000 0.985 0.023
Pages Viewed per User 0.567 0.004 −0.234 0.04

Table 6. Correlations between variables that are statistically significant after PCC analysis.

Variables Pearson Correlation Significance (2-Tailed)

Branded Traffic and COVID-19 Cases 0.989 0.000

Branded Traffic and COVID-19 Deaths 0.967 0.001

Branded Traffic and Global Ranking −0.784 0.029

Branded Traffic and Pages Viewed per User 0.776 0.002

Branded Traffic and Bounce Rate −0.892 0.004

Branded Traffic and Organic Traffic 0.967 0.000

Branded Traffic and Non-Branded Traffic 0.978 0.000

Non-Branded Traffic and COVID-19 Cases 0.876 0.000

Non-Branded Traffic and COVID-19 Deaths 0.867 0.000

Non-Branded Traffic and Global Ranking −0.776 0.002

Non-Branded Traffic and Pages Viewed per User 0.872 0.015

Non-Branded Traffic and Bounce Rate −0.764 0.005

Non-Branded Traffic and Organic Traffic 0.965 0.000

Organic Traffic and COVID-19 Cases 0.899 0.000

Organic Traffic and COVID-19 Deaths 0.885 0.000

Organic Traffic and Global Ranking −0.782 0.004

Organic Traffic and Pages Viewed per User 0.620 0.037

Organic Traffic and Bounce Rate −0.784 0.004

Bounce Rate and COVID-19 Cases −0.843 0.001

Bounce Rate and COVID-19 Deaths −0.783 0.004

Bounce Rate and Global Ranking 0.871 0.004

Global Ranking and COVID-19 Cases −0.812 0.002

Global Ranking and COVID-19 Deaths −0.563 0.049

COVID-19 Cases and COVID-19 Deaths 0.878 0.000

Because of this, this research is concentrating on particular KPIs relating to traffic, the
site’s ranking in Google, and user engagement metrics.

Four research hypotheses have been chosen to study these issues in an effort to shed
light on the impact of the amount of COVID-19 cases and deaths, globally, on the root
domains of the top online learning platforms, their global positioning in web analytics
platforms, and the level of student engagement on these sites.
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The impact of the related KPI (learner behavior) variables (dependent variables) on
the COVID-19-related metrics (cases and deaths), which are variables that are unrelated for
all of the following hypotheses, is examined in this research.

Table 7. Showing all eight variables’ correlations in a matrix table. Correlations that are positive and
negative are denoted by (+) and (−), respectively. This table was produced using the online tool
Mental Modeler (http://www.mentalmodeler.com accessed on 1 January 2020).

Branded
Traffic

Non-
Branded
Traffic

Organic
Traffic

Bounce
Rate

Global
Ranking

COVID-19
Cases

COVID-19
Deaths

Pages
Viewed per

User

Branded Traffic 1 0.98 0.97 −0.89 −0.78 0.99 0.97 0.78
Non-Branded Traffic 0.98 1 0.97 −0.76 −0.78 0.88 0.87 0.87

Organic Traffic 0.97 0.97 1 −0.78 −0.78 0.9 0.89 0.62
Bounce Rate −0.89 −0.76 −0.78 1 0.87 −0.84 −0.78

Global Ranking −0.78 −0.78 −0.78 0.87 1 −0.81 −0.56
COVID-19 Cases 0.99 0.88 0.9 −0.84 −0.81 1 0.88

COVID-19 Deaths 0.97 0.87 0.89 −0.78 −0.56 0.88 1
Pages Viewed per

User 0.78 0.87 0.62 1

3. Statistical Analysis—Model Forecasting
3.1. Research Instrument

Decision-makers, experts, and analysts can all benefit from the use of fuzzy cognitive
mapping (FCM), associations made from web analytics data, and simulation results based
on simulation models in forecasting and problem-solving.

The relationship between the problem’s factors is being mapped using FCM, and
weights are being assigned to each of the components of the factors taken into consideration
based on the independent and dependent variables.

3.2. Data of Forecasting with the Use of FCM

Using passive data from web analytics platforms, the eight COVID-19- and KPI-related
factors chosen for this inquiry will be examined with the goal of educating SCRM managers
on how to lower the company risk brought on by crises such as the COVID-19 pandemic.

Simulation scenarios will be created according to statistically significant interactions be-
tween each of the eight COVID-19- and KPI-related variables as represented in Tables 7 and 8 [7].

Table 8. The associations between all eight factors are shown in the Preferred state and metrics table.
This Table was produced using the online tool Mental Modeler (http://www.mentalmodeler.com
accessed on 1 January 2020).

Component Indegree Outdegree Centrality Preferred
State Type

Total Components
8

Total Connections
56

Density
1

Connections per Component
7

Number of Driver Components
0

Number of Receiver Components
0

Number of Ordinary Components
8

Complexity Score
NaN

Branded Traffic 7.36 7.359999999999999 14.719999999999999 ordinary

Non-Branded
Traffic 7.11 7.109999999999999 14.219999999999999 ordinary

Organic Traffic 6.91 6.91 13.82 ordinary

Bounce Rate 5.92 5.92 11.84 ordinary

Global Ranking 5.58 5.580000000000001 11.16 ordinary

COVID-19 Cases 6.3 6.300000000000001 12.60000000000001 ordinary

COVID-19 Cases 6.3 6.300000000000001 12.60000000000001 ordinary

COVID-19 Deaths 5.95 5.95 11.9 ordinary

Pages Viewed per
User 3.27 3.27 6.54 ordinary

http://www.mentalmodeler.com
http://www.mentalmodeler.com
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The outcomes of the FCM scenario will also assist firms in selecting efficient marketing
strategies and determining resource allocation. Using five selected globally active e-learning
platform root domains, the first stage of the investigation extracted passive data over a
24-month period, 12 months before and 12 months after the COVID-19 outbreak, as well as
data related to COVID-19 for the second year [7].

Big Data integration was applied to eight characteristics that define the innovative
distance learning sector. Independent sample t-tests were used to demonstrate a cause-and-
effect relationship between KPI- and COVID-19-related variables after the data’s reliability
is assessed using Cronbach’s alpha. The data were then put through Pearson correlation
coefficient testing for analysis.

This resulted in the discovery of 24 statistically significant correlations, 19 of which
showed strong connection traits at a statistical significance level of 0.01 [7].

These findings show how the distance-learning trainee behavior model responds
dynamically to a COVID-19-like epidemic. Even in the absence of a clear cause-and-effect
mechanism, or even a competitive underlying link, statistical analysis reveals a causal
relationship between variables with strong Pearson correlations (r > 0.800). For instance,
considering that both branded and non-branded traffic KPIs rise as a result of an increase in
the value of the organic traffic KPI, it would be appropriate to suggest a there is a significant
positive link between the two. Nonetheless, this suggestion is appropriate because the
model mimics a crisis in which statistical analysis reveals a big growth in organic traffic.

Both Baye et al. [25] and Jansen et al. [26], who noticed a positive link between organic
traffic and branded traffic, and who mentioned non-branded traffic as a component of
organic traffic measures, provide credence to this association. The “Traffic Stealing” and
“Adverse Selection” techniques have both been extensively used to establish a causal
relationship between branded and non-branded traffic [10,27].

Based on findings from trainee behavior research [28–35], which describes how trainees
behave in response to external stimuli such as a unique crisis, there are significant connec-
tions between COVID-19-related factors and variables connected to web analytics.

To display all of the cause-and-effect relationships between the COVID-19 and KPI-
related variables investigated in this study, an FCM has been created (Figure 1). This “soft
computing” method may mimic the results of interactions between variables with known
correlations, which increases this study’s assessment and explanatory potential and enables
it to produce more effective suggestions about the put-forth hypotheses [13].
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Figure 1. Displaying the correlations between all eight variables is a fuzzy cognitive map (FCM). Blue
and orange arrows, respectively, signify positive and negative associations. Each arrow’s direction
indicates the cause-and-effect link, and their width corresponds to the degree of correlation. Using
the cloud-based software Mental Modeler, this FCM was produced (http://www.mentalmodeler.com
accessed on 1 January 2020).

http://www.mentalmodeler.com
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Fuzzy graph representations of causal inference are known as FCMs. Hazy degrees of
causation between hazy causative agents are possible as a result of their hazy nature [36].
This is a hybrid of fuzzy logic and neural networks and can be applied as a “soft computing”
method for system modeling. Although adaptable, the method for creating FCMs still heav-
ily depends on human expertise and knowledge [37–40]. Many diverse scientific domains
have proved that FCMs are useful for showing decision support systems (DSS), including
geographic information systems (GIS) [41], expert decision support in applications for
urban planning, and medical decision support systems [42,43].

Firms are moving toward embracing online technologies that will improve their
capacity for strategic decision-making while Internet apps and e-learning are proliferating
in the workplace. Companies obtain useful information through passive techniques such
as web mining and web analytics, which must subsequently be processed into a more
understandable manner. By drawing more conclusions from web-mined row data, FCMs
can offer this reasoning mechanism. [2].

Choi, Lee, and Irani [44,45] point out the drawbacks of traditional data analytic
tools and offer an FCM technique as a Big Data analytics tool (BDA) that will aid in the
prioritization of public-sector decision-making.

Focusing on the behavior of distance-learning trainees, Lee and Lee [46] also contend
that incorrect web analytics data might quickly result in incorrect inferences about trainee
conduct, which would have a detrimental effect on marketing and business growth plans.
Researchers also suggest using an FCM-based interpretation of the web analytics data to
circumvent this issue (Figure 2).
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Figure 2. A conceptual framework for comprehending the suggested factors that impact the global
ranking of online learning platforms’ companies’ websites during the COVID-19 crisis escalation.

3.3. Statistial Methods

To assess the projected changes to the KPIs of the websites of web-based learning
platforms at various stages of the crisis, six scenarios were executed once the FCM map
had been constructed. The sigmoid approach was used for these instances.

The minimum and maximum component values for the total number of COVID-19
instances and fatalities worldwide were defined prior to executing the state prediction
scenarios.

A “0” value of 1.189 cases and a “1” value of 780,326 cases were set for scenarios
with different daily fresh COVID-19 instance counts throughout the world. The data were
obtained from Google.com (Figure 3).

Google.com


Forecasting 2023, 5 640

Forecasting 2023, 5, FOR PEER REVIEW  13 
 

Figure 2. A conceptual framework for comprehending the suggested factors that impact the global 
ranking of online learning platforms’ companies’ websites during the COVID-19 crisis escalation. 

3.3. Statistial Methods 
To assess the projected changes to the KPIs of the websites of web-based learning 

platforms at various stages of the crisis, six scenarios were executed once the FCM map 
had been constructed. The sigmoid approach was used for these instances. 

The minimum and maximum component values for the total number of COVID-19 
instances and fatalities worldwide were defined prior to executing the state prediction 
scenarios. 

A “0” value of 1.189 cases and a “1” value of 780,326 cases were set for scenarios with 
different daily fresh COVID-19 instance counts throughout the world. The data were ob-
tained from Google.com (Figure 3). 

The seven-day average values were used in order to prevent obtaining extreme val-
ues that could affect the scenarios’ outcomes (Figure 3). 

A level of 0.5 (389,523 daily cases) and a level of 0.25 (Figures 4 and 5) were used for 
Scenarios 1 and 2, both of which were run (194,761 daily cases). Increases in organic traffic 
(+1%), non-branded traffic (+2%), and branded traffic (+2%) were reported, according to 
scenario 1′s results (Figure 4). 

It was anticipated that the bounce rate (−2%) and the global ranking (−1%, 482, an 
improvement of 1%) would both decrease. The pages read per user KPI did not vary sig-
nificantly. 

Distance learning platforms can efficiently manage the business risk associated with 
an imminent crisis by utilizing backlinks, search engine optimization, and sponsored ad-
vertising to increase website traffic, as suggested by the outcomes of Scenario 1. 

The outcomes of Scenario 1 demonstrate that investing money in the optimization of 
online content is not a useful strategy for controlling business risk. 

 

Figure 3. (a) Screenshot from Google.com with the date selected as the “0” level value, displaying
daily new COVID-19 instances in all countries. (b) Screenshot from Google.com with the date set as
the “1” level value, displaying daily new COVID-19 cases in all countries.

The seven-day average values were used in order to prevent obtaining extreme values
that could affect the scenarios’ outcomes (Figure 3).

A level of 0.5 (389,523 daily cases) and a level of 0.25 (Figures 4 and 5) were used for
Scenarios 1 and 2, both of which were run (194,761 daily cases). Increases in organic traffic
(+1%), non-branded traffic (+2%), and branded traffic (+2%) were reported, according to
scenario 1′s results (Figure 4).

It was anticipated that the bounce rate (−2%) and the global ranking (−1%, 482,
an improvement of 1%) would both decrease. The pages read per user KPI did not
vary significantly.

Distance learning platforms can efficiently manage the business risk associated with
an imminent crisis by utilizing backlinks, search engine optimization, and sponsored
advertising to increase website traffic, as suggested by the outcomes of Scenario 1.

The outcomes of Scenario 1 demonstrate that investing money in the optimization of
online content is not a useful strategy for controlling business risk.

The findings of Scenario 2 (Figure 6) indicated that branded traffic would rise by 6%,
non-branded traffic would rise by 5%, and organic traffic would rise by 3%.

Both the bounce rate (−6%) and global ranking (−2%, suggesting an improvement of
2%) were forecast to decline.

The KPI for pages seen by each user did not change considerably. According to the
findings of Scenario 2, distance learning platforms need to further increase their brand
recognition in order to control the associated company risk when a crisis worsens. Since
paid advertising, search engine optimization, and backlinks can be used by businesses to
enhance traffic to their websites, they should allocate funds for digital marketing.
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Figure 4. An illustration of Scenario 1′s results from mentalmodeler.com (accessed on 1 January
2020).

Figure 5. An illustration of Scenario 2′s effects from mentalmodeler.com (accessed on 1 January 2020).

mentalmodeler.com
mentalmodeler.com
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Figure 6. An illustration of Scenario 3′s results from the website mentalmodeler.com (accessed on 1
January 2020).

The results of Scenario 2 also demonstrate that spending money on online content
optimization is a poor method of risk management for businesses.

The daily worldwide COVID-19 fatalities were set for scenarios with different amounts
of 59 and 14,306 deaths at “0” and “1” values, respectively. The source of these data was
Google.com (Figure 7).
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To avoid having extreme numbers that would have an impact on the outcomes of the
scenarios, the seven-day average readings were preferred (Figure 8).
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A level of 0.15 for Scenario 3 (Figure 9) and a level of 0.4 (5722 daily deaths) for
Scenario 4 were evaluated (2146 daily deaths).

Branded traffic increased by 2%, non-branded traffic also increased by 2%, and organic
traffic increased by 1% in the Scenario 3 results. (Figure 6). Both the bounce rate (−2%)
and the global ranking (−1%, showing an improvement of 1%) were expected decline. The
KPI for pages each user viewed did not vary significantly. The outcomes of Scenario 3 are
consistent with those of Scenario 1, demonstrating that distance learning platforms should
increase website traffic in order to successfully manage the company risk caused by paid
advertisements, search engine optimization, and backlinks during the early stages of a
novel crisis.

The outcomes of Scenario 3 contradict the idea that investing in online content opti-
mization is a sensible company risk management approach.

Results from the Scenario 4 test showed an increase in organic traffic (+3%), non-
branded traffic (+5%), and traffic from brands (+6%). (Figure 8).

Both the bounce rate (−5%) and the global ranking (−2%, suggesting an improvement
of 2%) were forecast to decline.

The KPI for pages seen by each user did not change considerably. The outcomes of Sce-
nario 4 are consistent with those of Scenario 2, demonstrating the need for distant learning
platforms to build their brand as a crisis intensifies in order to properly manage company
risk. Businesses should allocate funds for digital marketing and be ready to use paid
advertising, search engine optimization, and backlinks in order to increase website traffic.

The results of Scenario 2 further highlight the futility of spending money on online
content optimization as a method for reducing business risk. The impacts of worldwide,
everyday COVID-19 incidents and COVID-19 global daily fatalities were applied in two
more scenarios. In these two mixed scenarios, the “0” and “1” values from the preceding
circumstances were carried over.

mentalmodeler.com
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reported globally in Scenario 5, and (b) the other showing the same information.

In order to analyze the effects of both independent factors on the KPI-related variables,
a random date (24 December 2020) was selected, and data on worldwide COVID-19 cases
and deaths were obtained (Figure 9). Hence, after translating the data into FCM component-
level indicators, we came up with a value of 0.48 for COVID-19 cases (372.658) and 0.43 for
COVID-19 fatalities (6.150).

A rise in branded traffic (+11%), non-branded traffic (+8%), and organic traffic (+7%)
was seen in the Scenario 5 results (Figure 10). Both the bounce rate (−1%) and global
ranking (−3%, suggesting an improvement of 3%) were forecast to decline.

The pages read per user KPI did not vary significantly. These findings show a striking
shift in how trainees respond to a crisis when both risk factors have an impact on their
purchasing choices. These results indicate that platforms for online courses should invest in
e-learning tools that will boost their brand recognition, such as search engine optimization,
sponsored advertisements, paid keywords, and backlinks, in order to be ready to reduce
corporate risk in the event of a crisis involving multiple risk sources. Content optimization
should not be the main emphasis of company risk reduction measures.

With the help of an FCM component-level indication, Scenario 6 recommended a
0.47 level for COVID-19 fatalities (6724) for a 0.22 level of COVID-19 cases, suggesting
a disproportionately high number of deaths (within the stated “0” and “1” values) for a
specific number of COVID-19 cases (171,390). Organic traffic increased by 5%, non-branded
traffic increased by 6%, and branded traffic increased by 8% according to the results of the
Scenario 6 test (Figure 11).

Both the bounce rate (−7%) and the overall ranking (−2%, suggesting an improvement
of 2%) were forecast to decline. The pages read per user KPI did not vary significantly. These
results suggest that the mortality of the pandemic appears to have had a moderate impact
on trainee conduct. The decision to allocate financial resources for corporate risk reduction
should not be influenced by this element; thus organizations should not concentrate on it
while creating their corporate risk management plans.
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Figure 10. An illustration of Scenario 5′s outcomes from mentalmodeler.com (accessed on 1 January
2020).

Figure 11. An image from mentalmodeler.com showing the outcomes of Scenario 6.

4. Validity

The subsequent section explains how the COVID-19 epidemic affected students
enrolled in online courses during its initial phase, which ran from December 2019 to
March 2020.

mentalmodeler.com
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This period includes both the start of the pandemic and the first national regulations
requiring mandatory sheltering in place. Web analytics data changes from platforms for
online courses’ websites are given and examined. The conclusions from the FCM scenarios
are presented and related to the ideas above.

4.1. The COVID-19 Pandemic

On 31 December 2019, the Wuhan City Health Committee reported cases of “viral
pneumonia,” which was the first time COVID-19 was mentioned in Chinese news outlets.

On 30 January 2020, the World Health Organization (WHO) deemed the epidemic a
public health emergency of worldwide concern. A pandemic was subsequently proclaimed
on March 11 of the same year.

Shelter-in-place restrictions were implemented by the majority of countries, starting in
the last week of February 2020 and lasting through the end of March 2020.

The workload of online course platforms significantly increased because of these
constraints.

4.2. Changes in Trainees’ Online Behavior during the COVID-19 Epidemic

The statistical findings demonstrate that during the COVID-19 outbreak, trainees’
online inquiries about online course platforms and services rose. This suggests that the
perceived COVID-19 hazard risk motivated people to look for safer solutions to meet
their demands through e-learning platforms. Further investigation revealed that while
non-branded search traffic significantly decreased, trainees utilized specific brand names
as search phrases, showing that their perception of danger led them to select reliable plat-
forms. User engagement was dramatically affected following the epidemic, indicating that
trainees were interacting with the website’s material more frequently. These adjustments
dramatically raised the websites’ global ranking KPI for online course platforms.

4.3. Changes in Trainees’ Online Behavior during the COVID-19 Escalation

Both branded and non-branded traffic were on the rise when the number of new
illness cases increased; however, branded traffic appeared to respond more sensitively to
this deterioration.

As the crisis worsened, the increase in both branded and non-branded traffic to the
websites had a significant effect on the global ranking of the pertinent web domains. These
observations have a close relationship to the H1a and H1b hypotheses.

It is thought that the number of COVID-19 deaths worldwide has had an impact
on KPI-related variables, such as the COVID-19 cases variable, which has increased both
sponsored and non-branded visits to online course platforms and raised their global
ranking. The latter showed a more robust response to the crisis’s progression in terms of
the global death toll. The H2a and H2b hypotheses are directly related to these findings.

Despite the fact that trainees used online course platforms websites significantly
more frequently during the COVID-19 crisis, further research directly addressed H3a and
H3b, showing that the pages viewed per user KPI were unrelated to the pandemic crisis’s
escalation in terms of the global infection rate. The same results can be drawn for the H4a
and H4b-related research subjects, showing that trainee involvement, as measured by the
pages visited per user KPI, was not significantly impacted by the crisis’s intensification in
terms of the number of reported deaths.

Statistical analysis did, however, show a slight association between trainees’ increased
interest in both branded and non-branded online course platforms services during the
crisis, as well as higher user engagement with such platforms’ websites.

4.4. Outcomes of a Fuzzy Cognitive Mapping Scenario

For the COVID-19 scenario, six FCM possibilities were assessed. Based on the quantity
of confirmed incidents, it simulated a moderate (1) and a more acute (2) situation of the
crisis in Scenarios 1 and 2, respectively. The results of Scenarios 1 and 2 supported the
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statistical findings and showed that as COVID-19 cases mounted, the worldwide ranking
altered (rises or falls) in response to rising non-branded traffic and rising branded traffic
values, with the latter showing a more pronounced rise. These findings are relevant to, and
consistent with, H1a and H2b.

Scenarios 1 and 2 further support the idea that the pages seen per user KPI is not
significantly impacted by a rise in the number of confirmed cases, according to the statistical
findings on hypotheses H3a and H3b.

The number of fatalities clearly linked to COVID-19 shows that the current study also
simulated a crisis escalation at a moderate (scenario 3) and more severe (scenario 4) level.

The data from scenarios 3 and 4 supported the statistical findings by showing how
the worldwide ranking improves (declines) as non-branded traffic and branded traffic
values rise, with the latter showing a more significant increase in response to an increase in
COVID-19-related mortality.

These scenarios corroborate the results related to Hypotheses H1a and H2b. The
statistical results for H4a and H4b support the hypothesis that a spike in COVID-19-related
mortality has no effect on the KPI for pages visited per user in scenarios 1 and 2. For
scenario 5, a random date was selected in order to duplicate the dual influence of the two
independent events on the KPI-related variables.

In terms of traffic-related and user engagement factors, scenario 5 produced more
pronounced alterations while continuing the same pattern as compared to the statistical
analysis of scenarios 1–4.

In Scenario 6, a pandemic with greater mortality per unit of illnesses than COVID-19
was simulated. The findings supported those from scenarios 1–4 and showed that trainee
conduct was unaffected by lethality.

The pages seen per user KPI showed no discernible change in scenarios 5 or 6. The
outcomes of the FCM simulation scenarios point to the need for online course platforms to
further boost their brand reputation when a crisis worsens in order to handle the resulting
company risk more skillfully.

Companies should invest in developing their digital marketing strategies and be ready
to increase website traffic through paid advertising, SEO, and backlinks.

The results of the FCM simulation scenarios demonstrate that firms should not concen-
trate on optimizing their websites or adjusting their ideas for corporate risk management to
take crisis lethality into consideration, as doing so would seem to be futile in both scenarios.

5. Discussion

The goal of this paper is to present a new procedure that supply chain companies
can use to forecast how online learning environments and students’ perceptions of risk,
including forecasting, will affect their behavior following an outbreak, as well as during
the escalation of a novel crisis. Additionally, the paper aims to explore the ultimate impact
of their behavior, guided by forecasting, on the company’s brand name and website.

The managers of SCRM will be able to use this information to make smart strate-
gic decisions about investments that will reduce corporate risk to their company. This
investigation drew on information about root domain rankings, website visitor behavior,
traffic-related KPIs, and data mining from online analytics tools.

The COVID-19 outbreak had a big influence on all six KPIs, as evidenced by the
comparison of data collected before and during the outbreak.

The outcomes of the KPIs relating to traffic support the conclusions made by Forster
and Tang [46]. Researchers calculated the impact of the 2003 Hong Kong SARS epidemic
on the web by comparing sales units to the daily number of SARS infections.

Online sales have increased significantly, according to researchers. These outcomes
match those of the ongoing inquiry. During the COVID-19 crisis, another study with
comparable findings [47] also showed a considerable rise in web activity.

Moreover, this study used web analytics data, statistical analysis, financial data, and
questionnaires to look at how the COVID-19 problem affected trainee behavior in e-learning.
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The results of this study and the FCM-based findings are consistent, suggesting that learners
may turn to online learning options in urgent situations. With the limits on migration
imposed in almost every country, which have increased the demand for online education
services, this tendency is expected. The react–cope–adapt (RCA) model, which suggests
that trainees acquire new behaviors and coping mechanisms following an initial reaction to
a new contextual limitation, is consistent with this outcome.

The findings suggest that this technique may be utilized to alleviate transportation
limits brought on by pandemics, despite the fact that it was developed to address budgetary
constraints. These results are consistent with a study by Sheth (2020), which indicated that
trainee behavior reactions to COVID-19-induced house arrest included embracing new
technology to encourage consumption.

The crisis had a substantial impact on online trainees’ choices for educational materials
as well. Data research showed that once the crisis began, trainees began finding online
courses’ platforms by searching for the name of the company.

This result supports the psychometric paradigm [12], which contends that despite
significant difficulties in providing the desired level of services, trainees trusted specific
businesses with a strong reputation rather than looking for online courses’ platforms
services more generally. Although trainees undoubtedly turned to well-known brands
during the crisis, they also appeared more interested in both branded and non-branded
alternatives, suggesting that this relationship was not caused by the crisis’s escalation. This
is due to the fact that there was no clear relationship between the ratio of non-branded to
branded traffic at this time and the number of COVID-19 instances or deaths reported.

These results sparked attention in the research of McCullough [48,49], who proposed
that trainees might make up for prior good experiences they had with a brand in order to
mend their relationship with it via “trainee forgiveness.” The results show that students
are more inclined to overlook a lesson failure or poor service from a company with which
they have previously conducted business during times of crisis.

The authors of [50] also reinforce the significance of the “trust” aspect, which is
emphasized by the findings of this study, by stating that establishing trust is one of the
essential elements for successfully selling services and products online. The current findings
do not support the findings regarding economic restraints in [51–56], indicating significant
distinctions between pandemic-related and economic crises. Economic limits encourage
consumers to choose less expensive options (non-branded, private-label options), whereas
pandemic-related restrictions urge consumers to choose more reliable suppliers.

The results also demonstrated that—mostly as a result of an increase in organic traffic—
the global ranking KPI of online course platforms, service providers, and root domains
either improves or drops. This increase may be related to the crisis’s escalation, even though
it is more pronounced in terms of the quantity of diseases associated with COVID-19 than
the total number of deaths worldwide. This may be explained by the fact that infections,
not deaths, are typically used as the key statistic reflecting the global COVID-19 rise.

The observation that the COVID-19 cases variable, as opposed to the COVID-19 deaths
variable, had a stronger impact on the outcomes in the FCM simulation of a more deadly
pandemic provides additional evidence in favor of this hypothesis (Scenario 6).

After the COVID-19 outbreak, the number of pages read per user grew significantly,
albeit barely (average pages before COVID-19: 2.36; average pages after COVID-19: 2.49).
Visitors to the parent domain’s informational web pages on COVID-19 can understand this
outcome. The COVID-19 situation seems to have had a minor impact on this increase.

6. Conclusions

This study’s findings suggest that innovative online courses platforms should be ready
to handle a potential crisis that would result in a significant flood of trainees. The platforms
need to build out their infrastructure and acquire a better reputation if they want to service
a significant number of users. Trainees, however, prefer to believe in well-known platforms.
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To lessen the risks brought on by the crisis, firms will also need to focus on the devel-
opment of digital learning, including forecasting, to anticipate future demands. On crisis-
related pages, advertisements for the online course platform, based on forecasting, will
need to be displayed. However, this strategic approach should not only raise the platform’s
search engine rating but also enhance the forecasting accuracy for targeted marketing.

6.1. Limitations of the Research

Five companies made up the sample for the current study, and the market capitaliza-
tion as of 1 January 2020 was used. This criterion was selected to guarantee the sample’s
financial size uniformity. Even while each of the five organizations had a global presence,
not all of them relied equally on their websites for business, which is why some of the
collected KPIs exhibit notable company-specific variances. The homogeneity of internet
traffic could be used to create a sample as an alternate survey design strategy [54].

The data were gathered using web analytics software. It is difficult for researchers to
obtain high-quality data for a large sample due to the fact that the accessibility of these
data varies depending on the distance learning provider, and not all KPIs are accessible
on all platforms. On the other hand, this site is the only place at which one can find web
analytics data that are useful for research.

Future research could concentrate on analyzing platform-specific KPIs to address this
issue and guarantee data homogeneity without additional processing.

FCM is a relatively recent tool for examining how a crisis affects the behavior of
e-learning trainees. This explains why there has not been much prior research and why it is
challenging for academics to compare their findings with earlier approaches.

Using “soft computing” approaches to e-learning trainee behavior allows for the
drawing of a greater number of comparative outcomes [7].

6.2. Future Research

Future research might be able to examine e-learning platform users and the features
they seek. This might motivate businesses to cater to the tastes of their distance-learning
students, and it might also drive course designers to modify their content. The impact
of greater KPI data may be the subject of future research. In this manner, the simulation
would include additional information.
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