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Abstract: The explosion of e-commerce creates new opportunities for courier companies to thrive,
making the industry one of the success stories, due to its sustainability and resilience during the
pandemic. As customers become more familiar with COVID-19, they adopt new online purchasing
behaviors toward branding preferences. The purpose of this paper is to analyze the impact of risk
familiarization on courier companies’ digital branding. This paper investigates the application of
the psychometric paradigm by Fischhoff ho suggested risk novelty as a key factor for the level of
risk perception. Five big companies with global trading activities were selected and analyzed on a
three-period time: the year before, the first year, and the second year of the COVID-19 pandemic, by
using passive crowdsourcing data. The results indicate that after the first year of the pandemic, online
customers’ risk perception of COVID-19 hazards decreased, and consumers returned to their pre-
COVID-19 behavior regarding brand preference. However, the dramatic escalation of new infections
caused by new COVID-19 mutations reversed their online purchasing attitude from non-branded to
branded preferences. The outcomes of the research can be used by scientists and supply chain risk
managers to redefine risk mitigation strategies, COVID-related information marketing strategies and
innovation investments within the industry. The research further introduces dynamic simulation
modeling to be used as a risk management tool in favor of courier companies’ proper resource
allocation and digital optimization.

Keywords: digital branding; risk perception; courier; big data; simulation; risk management;
supply chains

1. Introduction

The COVID-19 pandemic has forced customers to move to online shopping at a
faster pace, changing their purchasing behavior from conventional to digital [1]. As
it appears so far, this rapid explosion of e-commerce has no limits, posing challenges
to the courier industry, but also driving innovation [2,3]. As the last-mile ecosystem
challenges soared dramatically during the pandemic, so did customers’ expectations for
rapid fulfillment regarding courier services, such as the speed of the services provided,
contactless transactions and digital signatures, to name a few [4]. This shift in customers’
online shopping patterns created new priorities when choosing courier companies, not
only in terms of safety, but for convenience as well [5]. Either way, it becomes of the essence
that these priorities persist long after the pandemic disappears, motivating the need for
alternatives in the last-mile landscape.

As customers adjust their consumption behavior toward e-shopping, they also deal
with remote-shopping-related risks [6]. The perceived risk of choosing products or services
online is affected by different factors. According to a study on risk perception in online
auctions, consumers rely on personalized information and word-of-mouth communication
to make purchases, with the brand having a major impact on consumers’ perceived risk [7].
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Electronic word-of-mouth (eWoM), in the form of customers’ reviews on social media
or dedicated platforms, has also been suggested to significantly affect consumers’ brand
loyalty and perceived risk [8]. Although the customers’ risk perception and eWoM link
is well established [9], studies underline the very important role of the review-source
trustworthiness on the caused effect [10]. A related study [11], reported a negative link
between consumers’ trust and perceived risk, implying that customers’ trust is positively
associated with an Internet vendor’s reputation level. However, other studies imply no
significant connection between brand name and online consumers’ perceived risk [12].
Site quality and the user’s entire web experience are two of the most important aspects
that determine trust levels. As noted by Tzavlopoulos et al. [13], the overall quality of the
e-commerce dimensions, such as the ease of use of websites, the design, responsiveness
and security, leads to higher levels of customer satisfaction, mitigating their perceived
risk. Collaborating with trusted business partners and positive word-of-mouth are also
considered successful risk-reducing strategies, highlighting the direct relationship between
brand name and low-risk perception [14].

One major challenge for the future of courier services and the entire last-mile ecosys-
tem is to build resilience in their supply chains and operations, by paying attention to
specific key factors: fulfilment timeline, types of goods and achieving routing efficiency [15].
For instance, the product type, such as grocery and home food, is more likely to experience
a decrease in demand and be replaced by physical presence [16]. Therefore, in order to
ensure resilience, courier companies need to rapidly scale up their capacity and consistently
ensure high-quality services, while monitoring risk and implementing mitigation strate-
gies simultaneously. Since technology and digital formats influence consumer behavior,
businesses are suggested to further include digital transformations in their processes [17].

Although e-shopping has been reported to be in a rising trajectory even before the
COVID-19 crisis [18], the shift in consumer behavior toward online shopping has been
highlighted by many studies [17–24]. As an expected consequence, buyers have increased
their interaction with e-payment platforms as well, replacing the flow of physical currency
with digital money transactions [18]. New regulations and procedures set during the
pandemic are expected to further modify consumer behavior even when the COVID-
19 wave retreats [22]. Studies suggest that these alternations in shopping patterns are
highly affected by consumers’ income, age, and sector of occupation [25]. In a different
approach, researchers introduce the theory that customers’ buying intentions could be
predicted by anxiety and COVID-related fear (necessities), as well as depression levels
(non-necessities) [26]. Consumers’ turn to well-established brands during the pandemic has
been spotted [19]; however, companies’ inability to satisfy customers during the pandemic
has been suggested to lead to low customer loyalty [24]. Exposure of customers to an
unusual load of online information has been reported to cause information overload and
cyberchondria, triggering a state where buyers demonstrate an increased intention to make
unusual purchases and voluntarily self-isolate [27].

Even though multiple studies on consumers’ behavioral change during the COVID
era exists, little attention has been addressed to the level at which familiarity contributes
to the adoption of new purchasing pattern behaviors. It has been two years since COVID-
19’s invasion and people appear to accept pandemic life as the new reality [28]. This
acceptance signals that familiarity with COVID-19 has become a state of mind. Familiarity
leads to higher levels of trust, which in turns impacts social behavior [29,30]. Although
risk familiarity has been researched by academia in terms of its relationship with mental
health [31] and outgoing behaviors [32], little attention has been paid to its impact on
customers’ online behavior and branding preferences on courier companies. To this end,
the current paper focuses on analyzing the role of risk familiarity on courier companies’
digital branding. The novelty of the current research lies on the employment of a precise
methodology, containing pioneering content, aiming to provide useful insights concerning
risk familiarization and digital branding, based on passive crowdsourcing. In addition, a
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comprehensive dynamic simulation model has been developed to be used as a valuable
tool for risk prediction.

The paper proceeds as follows: First, the theoretical background is presented. In this
section, related literature is introduced leading to the articles’ research question formulation
and to the suggested conceptual framework of this study. The article then analyzes the
materials and methods used and presents the results of the estimation techniques utilized.
Moreover, discussion of the results follows, as well as the conclusion of the study including
the various implications of the findings. Finally, the research limitations as well as future
research proposals are presented.

2. Theoretical Background
2.1. Risk Management and Supply Chains

The linking platform via which items, finances and information flow from suppliers
through distributors to end customers is known as the supply chain. In a highly unstable
and dynamic environment, low-risk supply chains are the only method to maintain unin-
terrupted and lucrative commercial activities, since a single supply chain link failure could
result in economic disaster for the businesses involved. Several studies have suggested
definitions of supply chain risk management (SCRM) [33–36]. The definition introduced
by Ho et al. [37] describes SCRM as ‘an inter-organizational collaborative endeavor uti-
lizing quantitative and qualitative risk management methodologies to identify, evaluate,
mitigate, and monitor unexpected macro- and micro-level events or conditions, which
might adversely impact any part of a supply chain’. Categorization of SCRM risks is
rather specialized despite the undisputed connection between SCRM and the general risk
management theory. Researchers have used different approaches to classify SCRM risks. In
a more detailed approach, SCRM risks could be categorized into the following 11 groups
of risks:

(1) Strategic, (2) operations, (3) supply, (4) customer, (5) asset impairment, (6) competi-
tive, (7) reputation, (8) financial, (9) fiscal, (10) regulatory, and (11) legal risks.

In another relevant study [38], supply chain risks were separated into “flow”-related
groups, defined as “material flow risks”, “financial flow risks”, and “information flow
risks”. Finally, by adopting a different approach, other researchers [35] separated organiza-
tional risks from network-related and environmental risks.

2.2. Risk Perception
2.2.1. Risk Perception Dominant Theories

The risk level is a rather subjective term since it expresses the perceived possibility
of losing or winning a specific value due to hazards or opportunities in the company’s
environment. Risk perception is a crucial factor for successful risk management since
effective risk perception and communication are the main prerequisites for decreasing risk
across all levels within an organization [39]. The factors affecting the way different people
perceive specific hazards as carrying a higher or lower level of risk have been attempted to
be described by different researchers. Although most scholars explain risk perception as
the result of an individual’s cognitive process, one may argue that various factors other
than the individual influence the ultimate decision. These elements include the individual’s
social and cultural network, which is formed by his or her history, symbols, values and
ideology [40].

The complicated nature of risk perception is expressed by the two dominant explana-
tory theories. A novel method of risk perception research was suggested by cultural
theory [41] which proposes that risk perceptions are culturally biased. Individuals are
expected to view society’s dangers in such a way that their ideas and commitments to social
function and order are reinforced [42]. The psychometric paradigm [43] has had the most
influence in the scientific field of risk analysis [44]. This theory proposes an explanatory
model of how laypeople perceive diverse risks based on a “mental map” of hazards. This
theory, on the other hand, puts people into only two categories: “experts” and “laypeople,”
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with no other distinctions established between either groups or individuals [45]. In terms
of predicting and explaining perceived risk, the psychometric paradigm is considered
fairly successful. Dread and familiarity were established as two characterizing elements
for risks by Fischhoff, Slovic, and Lichtenstein [1]. Over 70% of the variance in risk per-
ception was due to familiarity and dread. The findings of several studies confirm this
suggestion [46–48].

2.2.2. Risk Familiarity Effects on Perception of General Risks

Several researchers have investigated familiarity when it comes to risk perception
in general. The proposition that familiarization with a hazard will result in a lower risk
perception has been introduced by many studies and in different concepts. Many discus-
sions have been made regarding “risk diffusion” within a group, where discussion of risk
among team members is expected to result in lower risk perception. The concept of the risk
familiarity effect on risk perception has long been a research question. A study by Wallach,
Kogan, and Bem [49] reported that when a group discusses and agrees on decisions that
involve genuine risks and payoffs, more risk is taken than when there is no such debate
and agreement. Diffusion or spreading of responsibility is the suggested mechanism that
underpins this group-induced change toward greater risk-taking. These findings were
later supported by other researchers [50]; however, challenges to this theory have also
been reported [51]. Weber, Siebenmorgen, and Weber [52] reported a positive connection
between risk familiarization and increased risk perception, although, this study was related
to understanding short-term risk rather than to long-term familiarization with a risk. Many
researchers have also studied risk familiarity in the concept of educating people about a risk
concluding that knowledge is crucial in the formation of attitudes and perceptions [53,54];
however, the familiarization effect of individuals with a risk after a long-exposure period,
such as the COVID-19 pandemic, on risk perception has not been adequately studied.

2.3. Consumer Behavior and Dominant Consumer Behavior Models

A definition suggested by Schiffman, Kanuk, Kumar, and Wisenblit, describes con-
sumer behavior “as the behavior that consumers display in searching for, purchasing, using,
evaluating and disposing of products, services, and ideas which they expect will satisfy
their needs” [55]. In general terms, the decisions individuals make on how they will spend
their limited resources of time and money can be called consumer behavior and involves
questions regarding what they buy and why they buy it, when and how often they buy
it, where they buy it, as well as how often they use it [56]. Modern consumer behavior
theories include the ‘Engel–Kollat–Blackwell’ model, which concerns consumer behavior as
a conscious problem-solving and learning model [57], as well as the ‘Howard–Sheth’ model,
which explains consumer product choice using the stimulus-response paradigm [58]. The
‘stimulus-response’ model also belongs to the modern consumer behavior approaches, pri-
marily reliant on marketing stimuli that, once placed into the buyer’s “black box,” produce
replies [59]. The ‘Nicosia’ model, which focuses on communication between the consumer
and the company, also supports this “marketing-dependent” viewpoint [60].

More traditional theories of consumer behavior have rather mainstream approaches
such as the ‘learning’ model that describes consumer behavior as a need-driven element,
oriented by the necessity to satisfy basic needs such as shelter and learned needs such
as fear [56], and the ‘economic’ model [61] stating that consumer behavior is dictated
by the need to acquire the maximum benefits from the minimum cost. The sociological
theory gives great importance to the impact of the consumer on society [62] as well as
the psychoanalytic approach taking into account the fact that both the conscious and
unconscious mind has an impact on consumer behavior [63] could also be classified as
“traditional” theories.



J. Theor. Appl. Electron. Commer. Res. 2022, 17 1659

2.4. Web Analytics
2.4.1. Web Analytics and Passive Crowdsourcing

The collection and utilization of data produced by online users during their everyday
internet and social media activity are described as passive crowdsourcing [64]. The fact that
these datasets are produced unintentionally and without any additional effort by the online
users, makes this crowdsourcing strategy valuable for government or political purposes
since these organizations are highly interested in gathering data from online resources,
in order to gain a better grasp of public opinion [65]. This concept of users passively
uploading data that scientists can gather and analyze in a way that is different than
users’ initial intentions, created a set of novel terms such as “citizen sourcing”, “Citizen
Science” and “Neogeography“ [66]. This research technology is highly applicable to
environmental research since it can generate a continuous and direct flow of data related to
human activities, comparable to data collected by surveillance and tracking devices and
autonomous sensors [67]. Nevertheless, this data-productive research approach faces some
serious limitations regarding data quality and data relevance as well as challenges related
to time and cost [68].

Web analytics is a type of passive crowdsourcing that makes use of Big Data generated
by internet users during their normal online activities [69] and is described as the moni-
toring and recording of websites’ user activity as well as websites’ technical performance
for enterprises to have a clear perspective of the intricate interactions that occur between
internet users and websites [70]. These raw and rather unmanageable data are converted to
usable, simple to calculate, compare and track overtime variables named key performance
indicators (KPIs). These indicators can greatly assist an organization in identifying and
optimizing its website’s strengths and weaknesses [71]. Researchers have proposed Web
data mining as a possibly helpful way for identifying Web customer behavior [72] as well
as a beneficial approach for optimizing the complicated seller–buyer interaction process
through digital marketing [73]. The dynamic perspective of Web analytics has stimulated
e-commerce organizations to allocate substantial resources to improving conventional
data-limited Web usage methods by creating efficient assessing tools through KPIs [74].
Necessary user privacy has triggered serious criticism regarding the ethics of web analyt-
ics data. This reaction resulted in the development of anti-tracking tools and legislation
with a consequence decline in web analytics data quality. Researchers, on the other hand,
have proposed circumventing this limitation by employing technologies that deliver Web
analytics without tracking [75].

2.4.2. Utilization of Web Analytics in SCRM

Web analytics have sparked increased scientific interest in their possible applications
in SCRM [76], yet a study of existing SCRM literature reveals that data-driven approaches
receive only sporadic attention. The dominating viewpoint of supply chain digitalization
emerges the challenge of developing smart data-driven SCRM [77]. The importance of
relevant data is undeniable, nevertheless, organizations and stakeholders project justifiable
concerns related to confidentiality and privacy. This limitation triggered several improve-
ments in data management and analysis that ensure advanced data security during the
whole storage-processing-sharing cycle [78].

The utilization of web analytics for SCRM is supported by several studies in several
applications. Studies focus on the potential benefits of collecting, analyzing, and monitoring
both internal and external data for the company [79]. Researchers also recommend that
special attention should be paid to the interaction among big data information systems and
users. Taking the same approach, Miao He et al. proposed in their study the utilization
of both internal and external data to detect and predict supply problems [80]. Supply
chain risk assessment and forecasting, in the form of transportation risk, was also studied
by Shang, Dunson, and Song who used Big Data mined from 6 months of activities of
20 cargo airlines [81]. Data collection from multiple sources is highly valued by many
researchers. In a relevant study, researchers suggested a thorough approach to obtaining
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usable information from unstructured data through the systematic gathering, processing,
and monitoring of supply chain risk data from diverse information sources [82]. However,
because it was tested on a single example company, their method is difficult to generalize.
Approaching the same problem from a different angle, the problem of managing the vast
data number to a controllable variable through mathematically based automated inspection
methods was introduced by another research team [80].

2.4.3. Web Analytics in SCRM during the COVID-19 Crisis

Several studies have been conducted in respect of the impact of COVID-19 on the
supply chain [83–87], highlighting the severe consequences of the pandemic to numerous
trade sectors and suggesting ways to cope with the “new normal with COVID”. More and
more research tend to use Big Data to explain the impact of the pandemic on the supply
chain [88–91]. In this context, crowdsourcing services prove to be useful, due to the large
amount of available, organized and unstructured data from multiple sources [20] which is
of paramount importance for a supply chain so as to improve perceptibility, predict future
behavioral attitudes, and moderate potential negative influence of the pandemic.

The pandemic forced global logistics to rapidly shift and adapt to the new crisis
environment, indicating the urgent need for companies to respond to ensure sustainabil-
ity [92,93]. An interesting study was conducted on the logistics, specifically cross-border
trade in parcels, explaining thoroughly the critical role of helping people and firms during
the pandemic [94]. Challenges, policies, and regulations have been extensively researched,
indicating the great contribution of this trade to firms, especially smaller ones, to maintain
economic activities.

Although Big Data and logistics have aroused the interest of the scientific community
from different perspectives [95–97], there is little research on how risk familiarity impacts
the purchasing behavior of online users. Research by Iglesias-Sanchez et al. [98] regarding
branding strategies, compared two periods during and after the lockdown, to elucidate the
need for social advertising campaigns. To this end, the originality of the current study lies
in examining three different periods so as to acknowledge the role of familiarization with
COVID-19 on online purchasing behaviors. It is a novel topic that will lead the way for
more research regarding risk familiarity. Further, the study highlighted the effectiveness
of Big Data and dynamic simulation modelling as a risk management tool for supply
chain companies, regarding resource allocation and risk mitigation strategies during a
novel crisis.

2.5. Problem Formulation and Research Hypotheses

The continuing COVID-19 epidemic has had a wide-ranging impact on global supply
networks. Many of these changes are yet unclear since customer behavior is continually
altering in response to the dynamic nature of the crisis. Customers’ elevated risk perception
about the pandemic has driven them to e-commerce solutions, resulting in greater traffic
and enhanced global ranking for e-commerce websites. This effect was more noticeable
for courier companies since the global self-isolation restrictions increased the demand for
courier services.

Almost two years after the start of the pandemic, daily cases increased dramatically;
however, vaccination and less severe viral mutations keep death rates at a rather low level.
Civilians’ two-year familiarization with the COVID-19 hazard has led them to embed mask
usage and self-distancing in their daily routine and has resulted in lower risk perception
of the COVID-19 virus. Following our previous research findings [20] where courier
companies’ customers demonstrated a clear tendency for preferring branded options as the
crisis escalated, we formulated three core questions. Firstly, is there any difference in courier
companies’ website traffic between the first and last 12-month period of the pandemic? Do
people after a 2-year familiarization with the hazard still prefer well-known brands rather
than less established choices? What does the effect of COVID-19 risk familiarization have
on courier companies’ digital branding?
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Answering these questions can highlight the effectiveness of using passive crowd-
sourcing data as a risk management tool for supply chain companies since they can provide
answers to risk managers regarding resource allocation and risk mitigation strategy devel-
opment during a crisis after people have familiarized themselves with the initial hazard.
To provide answers to the questions above we developed fivefour research hypotheses:

Hypothesis 1 (H1). During the 2nd 12-month period of the COVID-19 pandemic, courier
companies’ customers’ online behavior will not be significantly affected by COVID-19 daily new
infection numbers.

As people become more familiarized with the risk of COVID-19 infection, it is expected
that the perceived risk level will decrease, and the effect of crisis level fluctuation will be
less decisive on their consuming behavior. This hypothesis will help companies clarify the
effect of crisis duration and risk familiarization on consumer decisions.

Hypothesis 2 (H2). During the 2nd 12-month period of the COVID-19 pandemic, branded traffic
will significantly decrease, and non-branded traffic will significantly increase compared to the 1st
12-month period of the COVID-19 pandemic.

As consumers perceive a lower risk level for the COVID-19 crisis, it is expected that the
effect of the crisis on their consuming behavior will be retracted, and they will demonstrate
a tendency to restore their old consuming habits. Answering this question will assist
companies in predicting consumer behaviors within a time of enduring dynamic crisis with
COVID-19 pandemic characteristics.

Hypothesis 3 (H3). During the 2nd 12-month period of the COVID-19 pandemic, the global
ranking will be significantly affected by the increase in organic keywords.

The 2nd 12-month period of the COVID-19 pandemic is expected to be dominated
by pre-COVID consuming tendencies. Following this notion, we expect consumers to
perform more “organic” research for their preferred services and less to follow pathways
through branded advertisements. The outcomes of this research question will support
courier companies in efficiently allocating their resources during a long-term crisis.

Hypothesis 4 (H4). During the last 6 months of the 2nd 12-month period of the COVID-19
pandemic, courier companies’ customers’ online behavior will be significantly affected by the
COVID-19 daily new infection numbers.

Although familiarization with the COVID-19 risk is expected to lower the perceived
risk, the very rapid and high increase in new infection cases, as well as the domination of
more infectious viral mutations may exceed a cognitive threshold and trigger a new “crisis
behavioral” pattern that will be significantly affected by the crisis escalation numbers. This
hypothesis will significantly assist companies to adapt to crisis-level oscillations that may
occur during long-term crises.

The proposed conceptual framework of the cognitive mechanism related to the courier
services e-customers’ behavior during the COVID-19 crisis is described in Figure 1.
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Figure 1. Proposed conceptual framework.

3. Materials and Methods
3.1. Research Design

To investigate our research questions, we utilized passively crowdsourced Big Data,
mined through dedicated web-analytics platforms and data bases. This process provided
our research with a large amount of worldwide internet users’ unstructured data, increasing
our results’ credibility and applicability.

In order for our data to be statistically manageable, they were processed into seven
dependent (KPI-related) and one independent (COVID-19 related) variable that underwent
a three-level quantitative experimental approach. In the initial level of our hypotheses
investigation, we used independent sample t-tests to identify significant differences be-
tween the samples from the different periods. Results would provide us with information
to investigate H2. Furthermore, Pearson’s correlation coefficient statistical analysis was
applied among all variables of each period to study H1, H3 and H4 through highlighting
possible cause–effect connections between the sets of variables.

Following the descriptive statistical analysis, Pearson’s correlation coefficient statistical
analysis results were used to create a fuzzy cognitive map (FCM), simulating the cognitive
mechanism of the investigated process. FCM simulating scenarios deployment was used to
assist our deeper hypotheses investigation through different result comparisons.

Dynamic simulation modeling of the whole process was the last estimation technique
used in this study. This method allowed further analysis of the investigated hypotheses
through examination of the possible solution impacts or market environmental changes
on the studied system, introducing this approach as a dynamic risk management and
decision-making tool.

3.2. Data Collection Method

For our study, we defined three time periods of one year each (Figure 2). We specified
the 1st of April 2020 as the starting date of our study period because most effects of the
pandemic had already settled in since most countries had applied border control laws and
self-isolating policies for almost one month. The first period (1st of April 2019 to 31st of
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March 2020) represented the year before the COVID-19 pandemic (pre-COVID period).
The second period (1st of April 2020 to 31st of March 2021) signified the first year of the
COVID-19 pandemic (COVID 1st 12-month period). The third period (1st of April 2021
to 31st of March 2022) denoted the 2nd year of the COVID-19 pandemic (COVID 2nd
12-month period). For the investigation of H4 we also highlighted the last 6-month period
of our timeline where the COVID-19 daily infection cases spiked.

Figure 2. Explanatory timeline of the periods used for the study.

For the three periods, we acquired passive crowdsourcing data from five sample
courier company root domains through a web analytics platform [99]. The mined data
formed seven dependent variables that expressed monthly values of selected KPIs (Table 1).

Table 1. Description of the KPIs that formed the dependent variables of the study.

KPI—Related Variable Description

Global Ranking
Based on organic rankings and search traffic, the global ranking reflects how much

of a presence a domain has on the Internet [100]. “The ranking” nature of the
variable categorizes it into ordinal variables.

Organic Traffic Organic traffic is a measure that refers to users who arrive at your website as a
consequence of unpaid (“organic”) search results [101].

Paid Traffic Paid traffic consists of visitors who land on your website after clicking on an
advertisement [100].

Branded Traffic The percentage of website traffic that comes from visitors who have included your
brand name in their search queries is referred to as branded traffic [102].

Non-branded Traffic Non-branded traffic is defined as any search query that did not include the
company’s name but still resulted in a visit to the site [103].

Organic Keyword Terms that enable a site to rank in the Google Organic results [100].

Paid Keyword Paid keywords or advertising keywords are a method of advertising on search
engines using paid keyword research [100].

To achieve more efficient data processing and statistical analysis, we collected every
KPI value from the sample companies and formed a representative KPI-related variable
based on the average value. An arithmetic mean value was chosen in order to simulate
the behavior of an average company representing the highest percentage of market capi-
talization in the courier companies’ sector. Additionally, this process (Figure 3), applied
to all seven KPIs, allowed us to compare our results with studies that have used similar
methodologies [20,69,76].

For the second and third studied periods, we acquired data regarding the global daily
confirmed cases of COVID-19 as recorded by the STATISTA database (“COVID-19 New
Cases Worldwide by Day” 2022). For better accuracy and compatibility with the dependent
variables of the study, these data were processed into an average daily value for every
month, forming the independent variable of the study (COVID cases).
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Figure 3. Initial-data process methodology.

3.3. Sample Strategy and Sample Size

Our sample was created by taking into consideration the courier companies’ market
capitalization value as of the 1 January 2020 [104]. We selected from the top ten companies,
five to form a representative sample of the respective business sector based on their global
trading activities and the existence of a fully functional website. The companies that con-
sisted our representative sample were UPS [105], Royal Mail [106], FedEx [107], DHL [108],
and S.F. Express [109].

As described, the sample collection method was based on passively crowdsourced Big
Data mining and not in more traditional methods such as, for example, questionnaires. This
element made the sample demography parameter not applicable for this study; however,
the fact that the selected organizations were based in three different continents (America,
Europe and Asia) increased the global representation of the investigated sample.

4. Results
4.1. Statistical Analysis
4.1.1. Independent Samples t-Tests

All variables were categorized into two sets, the ‘COVID 1st 12-month period’ set
(regarding the first year of the crisis) and the ‘COVID 2nd 12-month period’ set (regarding
the second year of the crisis). A third set was formulated from the variables related to the
period before the crisis, labeled as ‘pre-COVID’.

Independent samples t-tests were applied between all three data sets to clarify the
statistically significant differences (Tables 2–4).

Table 2. Independent sample t-tests results between the pre-COVID and COVID 1st 12-month period
data sets.

Variables
Levene’s Test for Equality
of Variances Significance

t-Test for Equality of Means

Significance
(2-Tailed) Mean Difference Standard Error

Difference

Global Ranking 0.878 * 0.000 1403.183 282.934

Organic traffic 0.000 * 0.000 −653,489.883 1,102,043.342

Paid Traffic 0.765 0.776 9925.083 34,413.750

Branded Traffic 0.376 * 0.000 −4,211,666.667 716,990.941

Non-Branded Traffic 0.000 * 0.015 1,459,846.667 508,017.106

Organic Keywords 0.000 * 0.000 −298,472.200 33,348.217

Paid Keywords 0.150 0.730 −207.300 591.305

* statistically significant results.
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Table 3. Independent sample t-tests results between the pre-COVID and COVID 2nd 12-month
period data sets.

Variables
Levene’s Test for Equality
of Variances Significance

t-Test for Equality of Means

Significance
(2-Tailed) Mean Difference Standard Error

Difference

Global Ranking 0.420 * 0.029 605.267 258.399

Organic traffic 0.003 * 0.000 13,625,360.330 269,979.690

Paid Traffic 0.011 * 0.000 −252,326.017 54,921.794

Branded Traffic 0.113 * 0.000 −3,708,333.333 895,471.6324

Non-Branded Traffic 0.044 * 0.033 −2,046,223.333 891,100.012

Organic Keywords 0.003 * 0.000 −353,031.400 34,427.896

Paid Keywords 0.412 * 0.023 775.000 316.673

* statistically significant results.

Table 4. Independent sample t-tests results between the COVID 1st 12-month period and COVID
2nd 12-month period data sets.

Variables
Levene’s Test for Equality
of Variances Significance

t-Test for Equality of Means

Significance
(2-Tailed) Mean Difference Standard Error

Difference

COVID Cases 0.004 * 0.019 −637,015.504 235,857.027

Global Ranking 0.312 * 0.001 −797.917 218.608

Organic traffic 0.000 * 0.000 −7,421,870.450 107,941.892

Paid Traffic 0.019 * 0.000 −262,251.100 55,755.428

Branded Traffic 0.016 * 0.557 503,333.333 843,394.416

Non-Branded Traffic 0.000 * 0.001 −3,506,070.000 733,298.205

Organic Keywords 0.142 * 0.001 −54,559.200 13,041.621

Paid Keywords 0.001 * 0.096 982.300 546.446

* statistically significant results.

Global ranking, organic traffic, organic keywords as well as branded and non-branded
traffic variables resulted in statistically significant differences before and after the COVID-19
pandemic outbreak.

All seven dependent variables demonstrated statistically significant differences be-
tween the two periods.

Five of the seven dependent variables demonstrated statistically significant differences
between the two periods. Branded traffic had no significant difference from the COVID-1st
to COVID-2nd period as well as paid keyword. COVID cases demonstrated a statistically
significant increase.

To investigate H4, independent samples t-tests were applied within the COVID 2nd
12-month period data set, between the first and last six months in order to reveal statistically
significant differences within the data set (Table 5).

COVID-19 cases, global ranking as well as brand traffic and non-branded traffic
revealed statistically significant differences within the COVID-2nd data set.

Independent sample t-test outcomes suggested that e-customers familiarization with
the COVID-19-related risks resulted in significant changes to their purchasing behavior
regarding brand preferences, driving them to behave in a “non-COVID” pattern. However,
when new infection cases demonstrated an intense increase, e-customers responded to the
crisis escalation by shifting their preferences to more trusted brands, although they were
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familiarized with the crisis-related risks. This effect could be described as a “crisis within a
crisis effect”.

Table 5. Independent sample t-tests results within the COVID 2nd 12-month period data set.

Variables
Levene’s Test for Equality
of Variances Significance

t-Test for Equality of Means

Significance
(2-Tailed) Mean Difference Standard Error

Difference

COVID Cases 0.000 * 0.000 −816,999.621 74,792.737

Global Ranking 0.463 * 0.000 −784.967 112.584

Organic traffic 0.159 0.572 −130,797.066 223,731.854

Paid Traffic 0.280 0.335 100,600.067 99,285.677

Branded Traffic 0.000 * 0.019 −3,430,000.000 1,010,715.918

Non-Branded Traffic 0.001 * 0.020 3,486,570.000 1,070,762.347

Organic Keywords 0.002 0.122 −36,335.267 20,078.535

Paid Keywords 0.055 0.972 11.9333 329.121

* statistically significant results.

4.1.2. Pearson Correlation Coefficient Statistical Analysis

To clarify any possible linear connections between pairs of variables during the COVID
2nd 12-month period, we used a Pearson’s correlation coefficient (PCC–r) statistical analysis
on our data sets. Several statistically significant connections were discovered, with some of
them indicating a very strong linear link. (Table 4). PCC analysis revealed 17 statistically
significant correlations between the variables, nine of which were significant at the 0.01
level and eight at the 0.05 level (two-tailed) (Tables 6–8).

Table 6. Statistically significant correlation matrix after PCC–r analysis (COVID 2nd 12-month
period).

COVID 2nd 12-Month Period (N = 12)

COVID-19
CASES

GLOBAL
RANKING

ORGANIC
TRAFFIC

BRANDED
TRAFFIC

NON
BRANDED
TRAFFIC

ORGANIC
KEYWORD

PAID
KEYWORD

PAID
TRAFFIC

COVID-19
CASES 1 * 0.614 ** 0.823 ** −0.817

GLOBAL
RANKING * 0.614 1 ** 0.766 * −0.732

ORGANIC
TRAFFIC 1 ** 0.721

BRANDED
TRAFFIC ** 0.823 ** 0.766 1 ** −0.994

NON
BRANDED
TRAFFIC

** −0.817 * −0.732 ** −0.994 1

ORGANIC
KEYWORD ** 0.721 1

PAID
KEYWORD 1

PAID
TRAFFIC 1

* Correlation is significant at the 0.05 level (2-tailed). ** Correlation is significant at the 0.01 level (2-tailed).
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Table 7. Statistically significant correlation matrix after PCC-r analysis (COVID 2nd 12-month
period/1st semi-period).

COVID 2nd 12-Month Period/1st Semi-Period (N = 6)

COVID-19
CASES

GLOBAL
RANKING

ORGANIC
TRAFFIC

BRANDED
TRAFFIC

NON
BRANDED
TRAFFIC

ORGANIC
KEYWORD

PAID
KEYWORD

PAID
TRAFFIC

COVID-19
CASES 1

GLOBAL
RANKING 1

ORGANIC
TRAFFIC 1 ** 0.950 * 0.828

BRANDED
TRAFFIC 1 * −0.839

NON
BRANDED
TRAFFIC

** 0.950 * −0.839 1

ORGANIC
KEYWORD 1 * 0.895

PAID
KEYWORD * 0.828 * 0.895 1

PAID
TRAFFIC 1

* Correlation is significant at the 0.05 level (2-tailed). ** Correlation is significant at the 0.01 level (2-tailed).

Table 8. Statistically significant correlation matrix after PCC–r analysis (COVID 2nd 12-month
period/2nd semi-period).

Pearson Correlation COVID 2nd 12-Month Period/2nd Semi-Period (N = 6)

COVID-19
CASES

GLOBAL
RANKING

ORGANIC
TRAFFIC

BRANDED
TRAFFIC

NON
BRANDED
TRAFFIC

ORGANIC
KEYWORD

PAID
KEYWORD

PAID
TRAFFIC

COVID-19
CASES 1 * 0.747 * −0.736

GLOBAL
RANKING 1 ** −0.964 ** 0.929

ORGANIC
TRAFFIC 1

BRANDED
TRAFFIC * 0.747 1 ** −0.994

NON
BRANDED
TRAFFIC

* −0.736 ** −0.994 1

ORGANIC
KEYWORD 1

PAID
KEYWORD ** −0.964 1 * −0.841

PAID
TRAFFIC ** 0.929 * −0.841 1

* Correlation is significant at the 0.05 level (2-tailed). ** Correlation is significant at the 0.01 level (2-tailed).

Pearson correlation coefficient statistical analysis results suggested that during the
two 6-month semi-periods of the COVID-19 crisis’ 2nd year (risk familiarization year),
e-customer behaviors were driven by different stimuli. Outcomes provided a strong
indication that during the second six-month period, e-customers’ turn to branded options
was significantly and positively correlated with new COVID infection cases indicating that
the risk familiarization effects could be suppressed in the case of a new escalation of the
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familiarized risk and e-customers will tune their behavior to risk level fluctuations (“crisis
within a crisis effect”).

4.2. Fuzzy Cognitive Mapping Analysis

For the second level of analysis, we developed a fuzzy cognitive map (FCM) of the
dynamic relationships between the elements of the system created by the COVID-19- and
KPI-related variables investigated in our study (Figure 4). By building enough rules with
proper input and output membership functions, it is possible to identify the structure of
fuzzy systems. The discovered model can then be used to describe as well as forecast the
behavior of the target system [110]. Relationship rules between variables are graphically
represented with arrows symbolizing the cause–effect relationship and different line widths
demonstrating the strength of the causal relationship. The color of the arrows indicates
a negative or positive correlation between the variables. Fuzzy cognitive mapping of
this volatile crisis environment can be a powerful tool for creating effective and efficient
suggestions about our studied hypotheses.

Figure 4. Fuzzy cognitive mapping (FCM) of the variables studied during the “crisis within a
crisis effect” period. Blue and red arrows signify positive and negative correlations between
variables respectively.

To further study our model we developed three scenarios simulating different states
of the crisis during a “crisis within a crisis effect” period. For scenario 1 (Figure 5) we
simulated a high level of COVID-19 cases (0.9 of the maximum recorded value). Scenario
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results suggested that the digital branding of the courier companies is negatively affected
by a 3% increase in global ranking KPI.

Figure 5. Scenario 1 results (COVID-19 cases at 0.9).

For scenario 2 (Figure 6) we simulated a high level of COVID-19 cases (0.9 of the
maximum recorded value) combined with a moderate (0.6 of the maximum recorded value)
increase in paid keywords. Scenario outcomes indicated that digital branding decrease can
be minimized by increasing the paid keywords.

Figure 6. Scenario 2 results (COVID-19 cases at 0.9, paid keywords at 0.6).

For scenario 3 (Figure 7) we simulated the same level of COVID-19 cases (0.9 of the
maximum recorded value) combined with a very high increase in paid keywords (0.95
of the maximum recorded value). Simulation results supported the results of scenario
2 and further suggested that a higher resource allocation for paid keywords during a
“crisis within a crisis effect” phase can reverse the negative impacts of crisis escalation on
digital branding.
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Figure 7. Scenario 2 results (COVID-19 cases at 0.9, paid keywords at 0.95).

FCM scenario results supported statistical analysis outcomes by simulating the COVID-
19 new infection cases effect on e-customers’ branding preferences during a “crisis within
a crisis effect” period. FCM scenarios were also able to simulate the effect of possible
organization’s responses to the decreasing digital branding level. These results introduce
significant indications that Big Data processing through fuzzy cognitive mapping tech-
niques could potentially assist organizations’ decision-making systems and risk mitigation
strategies via simulating and forecasting responses to crisis scenarios and changes to a
crisis environment.

4.3. Predictive and Simulation Model Development

The complex and critical environment of e-commerce has posed a range of challenges
that constrain effective business performance. Dynamic simulation modelling (DSM) acts
as a scenario-development tool, which examines the impact of possible solutions and
further evaluates the effectiveness of interventions in real-time environmental conditions.
Computational methods have been extensively used in both industries and academia in an
attempt to run real-time scenarios.

Holistic modelling efforts have been recorded in high-tech laboratories [111,112], non-
profit organizations [113], academic conferences [114,115], and the banking sector [116],
among others.

Extensive research has been developed on the supply chain [117–119]. Adhitya et al. [120]
investigated risk management in the supply chain, suggesting that “consequence analysis
can be conducted using a dynamic simulation model of the supply chain operations”. Miel-
czarek and Uziałko-Mydlikonska [121] focused on Big Data and DSM in healthcare delivery
systems, stating that those two variables are synergistic. Research by Johnson et al. [122]
further supported the interrelationship between Big Data and DSM as being an important
“what if” value. In research by Sarlis et al. [123], the authors developed a dynamic simu-
lation model for the advancement of websites’ visibility. In essence, Big Data and DSM
have received much attention lately, highlighting their great contribution to predicting,
evaluating, and responding to crises.

The current research focused on the development of a dynamic simulation (DS) model
that integrates the variables identified in the analysis of Big Data from five top courier
companies. To this view, the proposed DS model incorporated the variables that could
affect the brand name of a courier company. This DS model aimed to present an advanced
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decision support tool for dynamic risk assessment in the supply chain. The model is flexible
to run in multiple scenarios, based on users’ online purchasing behavior, as explored in the
Big Data analysis.

Based on the results of the present study, online users tended to alter their e-shopping
attitude once they were familiar with the COVID-19 hazards. Similarly, their online pur-
chasing behavior changed again, within the same period, when there was a dramatic
escalation of daily new infections. As their risk perception increased, the inclination
towards well-established brands is highlighted.

In such an uncertain era, it is hard for risk managers to precisely predict and instantly
respond to users’ online behavior. The proposed model, due to its dynamic nature, is
a valuable tool to manage future risks more effectively and offer better risk mitigation
strategies. It also provides valuable information to risk managers and solutions for the
proper allocation of a company’s resources. In essence, it is an important management
tool that allows courier companies to predict the impact of risks and instantly respond, by
developing “what if” scenarios and implementing risk mitigation measures, essential in
minimizing online buyers’ risk perception, and advancing risk familiarity and enhancing
brand awareness and trust.

4.4. Dynamic Simulation of “Crisis in a Crisis Effect”

In order to create the dynamic simulation model (DMS) for the “crisis within a crisis
effect”, a significant outcome of the present study, we used some of the iThink features,
presented below in Figure 8 combined with all the variables that significantly affect the
second semi-period. Once the model was implemented [Appendix A], we performed a
“run” to evaluate the outcomes of the statistical analysis and verify its efficiency.

Figure 8. Dynamic simulation model implementation.

The company allocates resources to the stocks “paid traffic” and “paid keywords” in
order to advance their digital branding in crisis situations. These two stocks increase the
stock “branded traffic”, which increases the stock “global rank” accordingly. The stock
“non-branded traffic” further impacts the stock “global rank”; however, in a negative way
since online users tend to prefer less-established brands when the risk perception during
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a crisis is lower and, therefore, crisis familiarity becomes a state of mind. The outcomes
produced by the DSM are presented in Table 9 and Figure 9.

Table 9. “Crisis within a crisis effect” outcomes from dynamic simulation modeling.

Months Second Period
COVID-19 Cases Branded Traffic Non Branded

Traffic
Global

Ranking Paid Traffic Paid Keyword

1 567.91 169.73 157.01 169.51 131.19 116.25
2 764.04 271.29 171.57 266.47 145.90 130.53
3 907.63 381.05 165.34 362.99 152.05 142.89
4 1012.74 496.81 149.86 453.97 153.75 153.34
5 1089.70 617.20 131.19 537.37 153.16 161.95
6 1146.04 741.28 112.41 612.64 151.41 168.73
7 1187.29 868.37 94.97 680.03 149.07 173.74
8 1217.48 997.96 79.48 740.11 146.46 176.99
9 1239.59 1129.62 66.06 793.57 143.74 178.53
10 1255.77 1263.03 54.65 841.11 140.98 178.40
11 1267.62 1397.88 45.05 883.41 138.23 176.62
12 1276.30 1533.94 37.03 921.07 135.51 173.23

Figure 9. “Crisis within a crisis effect” dynamic simulation (FCM scenario 3).

During the first semi-period, considered the familiarity period, online users adopted
their pre-COVID behavior, toward less-established brands. This is obvious from the
pink line in Figure 9, where there was a slight but transient increase in non-branded
traffic. However, during the second semester of the COVID-2 period, the “omicron”
new COVID mutation generated new confirmed cases, as the blue line demonstrates
this sudden escalation in new infections, greatly affecting the online attitude of courier
customers. During this period of uncertainty, online users shifted from less-known brands
to established ones, leading to an impressive increase in branded traffic (as apparent in
red line). Figure 9 clearly demonstrates this behavioral change and further confirms the
positive contribution of paid keywords (rising yellow line) to well-established branding
preferences. As paid keyword increased, branded traffic further increased, which favors
the global rank of well-established courier companies (green line). This outcome provides
support to the positive correlation between customers’ trust and companies’ reputation
level [124].

This is exactly the point where the management of courier services should invest
in paid advertising activities in an attempt to increase paid traffic, which consequently
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increases global ranking. The company should allocate more resources to the stock “paid
keywords” rather than to the stock “paid traffic”, as the results clearly demonstrate the
efficiency of this marketing activity. This is a once-in-a-lifetime opportunity for courier
companies to highlight the superiority of their services through new product development,
service innovation, offers, and discounts, as is evident from the outputs of the DSM. If the
company misses this opportunity, online users will once again shift their behavior when
the “omicron mutation” becomes familiar again to online users.

When it comes to the supply chain ecosystem, branding optimization can be inferred
by expanding users’ engagement metrics in the DSM. The DSM provides a plethora of
advantages for courier companies’ marketers and strategists. By investing resources in
decision support systems based on behavioral KPIs and adapting them in micro-level
environments, brands could enhance their online visibility and achieve higher conversion
rates. The DSM recreates complex systems and predicts human behaviors during crisis
periods, only when thorough examination of the correct variables is achieved.

Based on the outcomes of the current statistical analysis and following scenario 3 of the
FCM, the company can allocate more resources to paid keywords, in an attempt to reverse
the existing negative environment and enhance branding. When cases are escalating, the
company can constantly evaluate the online behavior of users, based on the variables that
mainly affect their purchasing behavior, and through the validation of KPIs, the marketing
activities are directed at users’ behavioral change.

Results of the DSM provided a real-time perception of variable fluctuations and
verified to a significant extent the outcomes of the statistical analysis and FCM scenarios.
Multiple studies have revealed the importance of DSM as a tool for proactive and optimal
decision-making [125–127]. DMS results of this study provide further support to the fact
that DSM facilitates the optimization of operation functionality and could be a significant
risk management tool for the sustainability and vitality of courier companies during crises.
By running multiple scenarios and constantly monitoring passive crowdsourcing services,
the management teams of courier companies will be able to better allocate the company’s
resources to concrete marketing activities, from incipient to full-scale crises, in favor of
digital optimization, brand credibility and customer loyalty.

5. Discussion

As the literature reveals, the pandemic has forced companies to adapt to online
shopping and, in most cases, abandon brick-and-mortar sales, even after regulations have
been lifted [128]. COVID-19 has changed previous patterns of buying behavior, from
traditional to more digitalized online attitudes [129]. The results of a survey conducted at
the end of 2020 by the European Commission indicate that 71% of consumers have shifted
to e-commerce sales [130], clarifying the tendency of customers to use online services.

According to the present study’s hypotheses, it is estimated that the ongoing COVID-
19 pandemic has modified the way that online users purchase when selecting courier
services. Indeed, the rising popularity of delivery services during the pandemic indicate
that people have turned to delivery services not only for convenience, but also for safety
reasons [131]. According to Sakas et al. [20], during periods of uncertainty, customers
tend to trust familiar brands, raising concerns regarding how customers select courier
services and the role of brands during crisis escalation. Following this research outcome,
the current research investigated the role of branding when selecting courier services and
the level to which familiarization affects this variable through our hypotheses. Based
on the outcomes of the current research, the daily number of infections has not changed
online users’ e-shopping attitude from the COVID-1st to COVID-2nd period, confirming
H1. That is to say that customers remain loyal in using courier services, even if countries
have relaxed rules and scaled back testing, indicating that the new coronavirus has shifted
customers purchasing behavior to be loyal to digitalized services [132] The pandemic has
been challenging for the industry, requesting innovative ways to serve their audience [133].
The new trend of courier services in constantly providing innovative solutions based on
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flexibility, freedom of decision-making, and health and safety is an indication that customer
will still rely on delivery services after the crisis is over [134].

However, the familiarity with COVID-19 hazards has directed online customers into
adopting their pre-COVID behaviors for less-established brands, confirming H2. As people
become more familiar with COVID-19, adaptiveness is one key factor that shapes their
online purchasing behavior [24]. According to Guthrie et al. [135] during the coping phase
of the pandemic, customers adopt new habits that will become the “new normal” during
the adapting phase. This means that although there is a tendency for consumers to keep
using delivery services, there are several factors that affect their brand preferences [5],
among which trust in a brand is of the essence [136]. When familiarity becomes the “new
normal”, customers of courier services tend to use brands they may trust less, if other
factors, such as delivery time [137] and payment methods [5] better satisfy their needs. The
tendency of consumers to prefer less-established brands is further supported by H3, in
which global ranking during the COVID-2nd period decreased, positively affecting digital
branding for less known courier companies.

However, during the 2nd year, the dramatic escalation of new infections caused by
new COVID-19 mutations reversed their online purchasing attitude from non-branded to
branded preferences. Indeed, during crisis situations, purchasing behaviors are greatly
affected by customers’ product familiarity [138]. This is a significant outcome, which
leads us to the conclusion that when risk perception revives from scratch within the same
period, through the explosion of new infections, consumers adopt their “crisis online
behavior” with reliability [139] and brand image [140] positively affecting customers’
preferences. This “crisis within a crisis effect” similarly affects consumers’ risk perception
at the beginning of the pandemic. It becomes essential that, when there is an increase in
infections within a crisis period, the employment of risk-reduction strategies should be
based on well-established brands.

Risk perception, brand credibility, and past experience have been the focus of mul-
tiple studies, indicating the importance of branding [141,142]. Although people tend to
underestimate familiar risks, the current research revealed that when a crisis revives, they
shift their branding preferences from less-established brands (COVID-1st period online
purchasing behavior) to popular brands (COVID-2nd period online purchasing behavior),
to eliminate their risk perceptions. This outcome confirms H4 and emphasizes the tendency
and emotional connection of online users to choose trustworthy and reliable services [143].
H4 confirmation was also supported by the FCM scenario results indicating that although
during a “crisis within a crisis effect” phase of a pandemic crisis, branding is highly affected
by the escalation of the crisis, this effect can be reversed by proper allocation of resources
for the enhancement of traffic to the organization’s root domain.

In essence, during situations of high uncertainty, online consumers are not merely
buying name brands but are in fact seeking assurance. Risk managers of courier compa-
nies should allocate resources to advancing the dynamics of branded traffic and organic
keywords, through media advertising and social media marketing, among others, so as to
increase brand awareness, attract new online users and achieve high conversion rates. Big
Data should be seen as an important risk management tool for digital branding, where risk
is the core product to invest in and reverse existing high-risk perceptions of risk familiarity.

6. Conclusions

COVID-19 should be the re-starting point for the supply chain as it has brought to
light previous vulnerabilities and accelerated many pre-existing trends. Physical distancing
and confinement measures have accelerated the already growing trends in online shopping.
Millions of online customers have changed their behavior, a fact that puts a considerable
strain on e-commerce. While many would argue that the COVID-19 pandemic as a once-
in-a-lifetime event, waiting for normality, it brought priorities, such as visibility and
digitalization that are not only temporarily needed, but requirements that are here to stay.
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6.1. Theoretical Implications

The role of risk familiarity in customers’ purchasing behavior and branding prefer-
ences has been the point of research for the current study. It provides support to multiple
studies, regarding the impact of COVID-19 to online e-commerce and the use of courier
services [5,130,132,133,140,144]. What is most important is that the purchasing behavior of
consumers toward well- or less-established brands greatly depends on the level of their
familiarity risk. The more familiar with COVID-19 customers are, the more they adopt
their pre-COVID consuming habits and shift toward less-known brands, a fact that raises
concerns regarding the correlation between customers’ trust and an internet vendor’s
reputation level [12]. Due to the nature of the industry itself that is related to the transporta-
tion of products, it is estimated that customers put more attention into selecting branded
products when shopping online, rather than selecting a well-established courier service.
However, as the crisis escalates, customers tend to choose well-established brands, due to
their need to mitigate their high levels of risk perceptions. To the best of our knowledge,
this is among the first studies to prove that the logistics sector, and especially courier
services, are evaluated differently by consumers, since they assess delivery punctuality
and quality of courier services as important factors for their satisfaction [145]. When crises
occur, potential delays or non-deliveries, make customers more anxious in selecting trusted
brands that will successfully execute the delivered promise.

Moreover, a comprehensive dynamic simulation model was developed to offer deep
insights into how online consumers shift their attitudes toward less-established brands as
their risk perception lowers and the COVID-19 hazards become a more familiar context.
Previous studies have been devoted to supply chain simulation modeling, highlighting its
uniqueness to visualize, understand and quantify such dynamics [146,147]. To this end, the
present study invested in the development of a dynamic simulation model as an important
risk management tool to forecast and optimize the performance of courier services during
crisis situations.

6.2. Managerial Implications

The need for safety and hygiene was, and still is, of paramount importance during
the pandemic. As a result, several courier companies immediately responded to the
new challenging environment by developing new services. Even if some COVID-19-
related innovations have a predicted short-life cycle, risk managers must continue to
optimize efficiencies with the intention to create brand loyalty. New online activities, based
on choices, the pool of alternatives, and flexibility, should be developed so that courier
companies to continue delivering the promised brand. As people become more familiar
with the use of delivery services, courier companies should keep developing new strategies
to make operations and services easier for both the industry and customers. Reusable
packaging, deliveries by drones and deliveries to cars are just a few innovations that should
become the norm in the industry [133].

Globally, as of the 14 October 2022, there have been 620,878,405 confirmed cases of
COVID-19, including 6,543,138 deaths [148]. However, most countries have lifted COVID-
related restrictions, while customers still use courier services [133]. Since familiarity with
COVID-19 plays a significant role in customers’ purchasing behavior, courier companies
should allocate more resources to developing marketing activities that will inform the
audience both at the beginning and during the crisis. The faster the customers move from
the reacting phase to the coping and adapting one, the easier the new consuming habits
become the “new normal” [134]. Sharing relevant online content that informs, educates,
and facilitates consumers offers a great opportunity for risk managers to quickly convey
true information about hazards. The pandemic has changed the way consumers view
brands [149] and therefore courier companies’ marketing communications, as part of a
country’s communication strategy, should invest in knowledge distribution [150]. This
communication channel will enable online customers to become familiar with the COVID-
19 risks and move at a rapid pace into the adapting phase.
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Perhaps the most important aspect for courier companies is to initially establish a
strong brand name since consumers tend to ignore less-known brands, even if they offer
the same benefits [151]. Especially, when there is a second wave of crisis, consumers tend
to trust well-establish brands [20].

As a consequence, enhancing brand credibility should be the priority in courier compa-
nies’ marketing strategies. In some cases, the unexpected growing demand for courier ser-
vices has pressured e-commerce distribution channels, leading to delays or non-deliveries.
To make the brand trustworthy, risk managers should establish stronger policies to solve
customer problems and provide high-quality services related to delivery issues. Evaluation
programs, pre-defined upgrades, and customer support are essential approaches to reduc-
ing users’ perceived risk [141]. Establishing a long-term relationship with online users,
both post-sale and after-sale is also valuable to risk mitigation. To do so courier companies
should invest in Big Data analysis as a key pillar of corporate resilience. Big Data analysis
offers a great opportunity for courier companies to harness their data and use it to identify
new opportunities and trends.

What seems obvious today, after 2 years of the pandemic, is the risk familiarity that
customers have related to COVID-19 hazards, which leads to the adoption of pre-COVID
branding preferences. However, when a “crisis within a crisis” occurs, there is an urgent
need to develop crystal clear steps for identifying, analyzing, and planning responses as
an antidote to online customers’ higher perceived risk. This “crisis within a crisis effect”
would remain an uncovered hidden pattern without the contribution of crowdsourcing
services. If companies want to achieve rapid recovery and continuous growth, the analysis
of the real-time data and their adaption to simulation modeling is of great importance.
Especially, the latter provides safe and efficient solutions to real-time problems.

6.3. Societal Implication

According to Statista, 61% of respondents chose home delivery, either at their door
or in their mailbox, making home package delivery the most used method worldwide
in 2021 [152]. During COVID-19, courier services manage to cope with a vast range of
clients, allowing businesses to operate, despite the confinement measures imposed [136].
Therefore, courier companies greatly contributed to business viability and resilience.

Since the outcomes of the present study revealed that customers continue to use
courier services, despite lifting COVID-19 restrictions, it is more than imperative for
courier companies to invest in innovative services that will allow both employees and
customers to better experience the services delivered. On one hand, employees face safety
and health risks while at work [153,154], so online payments, contactless deliveries, or
autonomous delivery systems, among others, will contribute to mitigating health issues
and reductions in traffic collisions and emissions. On the other hand, as the research
suggests, risk familiarity plays an important role in branding preferences, implying the
employment of educational policies to increase customers’ knowledge so as to reduce or
eliminate maladaptive beliefs [155].

7. Research Limitations and Future Research Proposals

The main focus of this paper was to acknowledge the importance of using Big Data
and simulation modeling to identify the effect of COVID-19 familiarity risk on courier
companies’ digital branding. However, the findings of this study must be seen in light
of some limitations. Five top courier companies have been examined in three different
periods, the pre-COVID year, and the 1st and 2nd year of the pandemic. Although the
sample was sufficient enough for the needs of the current study, more courier companies
should be thoroughly studied, to confirm our hypotheses.

In addition, for the purpose of the current study, the periods under examination were
on an annual basis. As the weeks go by and the COVID-19 cases are constantly increasing
and decreasing, it would be of extreme importance to examine more periods, for instance
on a monthly or six-month basis, to verify the newly introduced term “crisis within a crisis
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effect”. This will further shed light on online users’ behavior toward brand preferences,
during a novel crisis and why customers tend to choose less-known brands when the risk
familiarity level is low, whereas they choose well-established brands when the level of risk
familiarity is relatively low.

Eventually, our proposed methodology and framework could be enforced with more
discursive analysis, since Big Data offers a vast amount of information. What would
be real help to risk managers is to examine our proposed methodology in other sectors
within the same industry, such as procurement and production logistics, so as to see if e-
shopping attitudes remain the same across markets. Under this perspective, more research
is recommended by using product segmentation. The authors of the current study suggest
that online users’ behavior may be different regarding risk perception and familiarity,
depending on the type of product they order.

Last, more investigation is required in the development of dynamic simulation models,
for the current study’s credibility and confirmation within the supply chain. More scenarios
would provide deeper insight into the proper allocation of resources and the optimization
of digital branding strategies.
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Appendix A

Table A1. iThink coding routine for defining branding through global rank.

Branded__Traffic(t) = Branded__Traffic(t − dt) + (PK2BT + PT2BT + GR2BT) * dtINIT

Branded__Traffic = PT2BT + PK2BT

INFLOWS:

PK2BT = Paid__Keywords * 0.5

PT2BT = Paid__Traffic * 0.3

GR2BT = Global_Rank * 0.05

Company__Resources(t) = Company__Resources(t − dt) + (−CR2PK − CR2PT) * dtINIT

Company__Resources = 10,000

OUTFLOWS:

CR2PK = Company__Resources * (Percent__CR2PK/100)

CR2PT = Company__Resources * (Percent_CR2PT/100)

Global_Rank(t) = Global_Rank(t − dt) + (PK2GR + PT2GR + NBT2GR − GR2BT) * dtINIT

Global_Rank = PK2GR + PT2GR + NBT2GR
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Table A1. Cont.

INFLOWS:

PK2GR = Paid__Keywords * 0.5

PT2GR = Paid__Traffic * 0.3

NBT2GR = Non_Branded__Traffic * 0.2

OUTFLOWS:

GR2BT = Global_Rank * 0.05

Non_Branded__Traffic(t) = Non_Branded__Traffic(t − dt) + (OK2NBT + OT2NBT − NBT2GR) * dtINIT
Non_Branded__Traffic = OK2NBT + OT2NBT

INFLOWS:
OK2NBT = Organic__Keywords * 0.4

OT2NBT = Organic__Traffic * 0.6

OUTFLOWS:

NBT2GR = Non_Branded__Traffic * 0.2

Organic__Keywords(t) = Organic__Keywords(t − dt) + (−OK2NBT) * dtINIT

Organic__Keywords = 100

OUTFLOWS:
OK2NBT = Organic__Keywords * 0.4

Organic__Traffic(t) = Organic__Traffic(t − dt) + (−OT2NBT) * dtINIT Organic__Traffic = 100

OUTFLOWS:

OT2NBT = Organic__Traffic * 0.6

Paid__Keywords(t) = Paid__Keywords(t − dt) + (CR2PK − PK2GR − PK2BT) * dtINIT

Paid__Keywords = CR2PK

INFLOWS: CR2PK = Company__Resources * (Percent__CR2PK/100)

OUTFLOWS:

PK2GR = Paid__Keywords * 0.5

PK2BT = Paid__Keywords * 0.5

Paid__Traffic(t) = Paid__Traffic(t − dt) + (CR2PT − PT2BT − PT2GR) * dtINIT Paid__Traffic = CR2PT

INFLOWS: CR2PT = Company__Resources * (Percent_CR2PT/100)

OUTFLOWS:
PT2BT = Paid__Traffic * 0.3

PT2GR = Paid__Traffic * 0.3
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