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Abstract: This paper presents an empirical analysis of e-commerce data obtained through Google
Analytics (GA) from two small businesses’ perspectives: an IT components company and a tourism
agency website located within the same county in Romania. The objective of our study is to examine
the enduring effects of the COVID-19 pandemic and seasonal variations over the last four years.
The data collection spanned from January 2019, predating the onset of the COVID-19 pandemic,
until mid-February 2023. To facilitate our analysis, we categorize the GA metrics into groups that
encompassed website performance, site accessibility, and user behavior for the IT company. As for
the tourism agency, we focus on website accessibility, user behavior, and marketing campaigns. Our
goal is to empirically group or associate GA metrics according to their intrinsic meaning and check if
each group reflects a certain latent concept (such as user behavior or site accessibility). Furthermore,
our study aims to formulate and test five hypotheses regarding the immediate and long-lasting
impact of the COVID-19 pandemic on the operations of small businesses. Our contribution consists
of formulating and verifying the five hypotheses by providing descriptive data from the results of
the Pearson correlation test, empirically grouping the GA metrics and verifying whether they reflect
certain latent factors or topics, interpreting the results from the application of the ANOVA technique
and Scarpello’s adaptation of the one factor test, respectively.
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1. Introduction

The COVID-19 pandemic emerged suddenly and somehow unexpectedly and heavily
influenced human habits and lifestyle as it imposed reduced mobility and shopping, leading
the population to use delivery services and buy online. The population learned that buying
online brings more time and the habit that was accentuated in pandemic times persisted
even after the COVID-19 pandemic diminished its effects [1–3]. According to several
sources [4–6], the COVID-19 pandemic has changed consumer behavior in several ways:
(a) consumers have become more focused on their basic needs and hygiene products while
reducing spending on non-essential items [5,6]; (b) consumers have developed a “buy local”
trend to support their communities and reduce environmental impact [5]; (c) consumers
have increased their online shopping and delivery services while avoiding physical stores
and crowded places [6–8]; (d) consumers have experienced more anxiety and stress, which
may have led to compulsive or erratic buying behaviors [4].

These changes have affected small businesses in different ways depending on their
industry, location, and customer base. Some small businesses have faced challenges, such
as reduced demand, supply chain disruptions, cash flow problems, and health risks [9,10].
Others found opportunities, such as new markets, digital transformation, innovation, and
customer loyalty [5]. Small businesses were forced to adapt to these changes by responding
to customer needs, resetting their strategies, and renewing their capabilities [5,11].
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The main idea of this article is to track how consumers increased their online shopping
and delivery service requests during the pandemic, and to do this, we will proceed in the
following sections to analyze datasets on typical businesses that before, during, and after
the pandemic used both online and offline commerce to market their products and services.
We will look at how the ratio of online to offline activity of the companies has varied over
time based on data obtained for the online traffic of these companies.

The technical contribution of this paper consists in: grouping the metrics of an IT
components company and performing analyses, such as correlograms and monthly distri-
butions for each year from the interval January 2019–February 2023, using GA metrics that
reflect site performance, website access, and users’ behavior and grouping the metrics of a
tourism agency performing analyses, such as correlograms and monthly distributions for
each year from interval January 2019–February 2023, using similar metrics plus the mar-
keting side. The association between Google Analytics (GA) metrics and site performance,
access to the website, user behavior, and marketing is our proposal to empirically group
(from our experience) or associate them based on their intrinsic meaning and check if each
group reflects a certain concept, such as user behavior, for instance. We test it by analyzing
the strength of intercorrelations within each group. By doing this, we aim to point out the
trends and the effect of the COVID-19 pandemic on the two different small business cases
located in one county in Romania, analyzing the GA data collected over the last four years.

The rest of this manuscript is organized into five sections. The second section is
dedicated to the relevant literature in the field, followed by materials and methods in section
three. In the fourth section, we present the results, and last, we present the conclusion and
direction for future research in the fifth section.

2. Literature Review

The purpose of this section is to review various scientific studies that have been carried
out in other papers on the influence of the COVID-19 pandemic on the online commerce
run by small businesses [12,13]. Also, described here are the reasons, together with relevant
bibliographical references, for the choice of data source that has been subjected to analysis
in the following sections.

According to OECD [14], the COVID-19 pandemic has accelerated an already existing
expansion of the e-commerce technology towards new firms, customers, and types of
products. It has also increased e-commerce’s share of global retail trade from 14% in 2019
to about 17% in 2020 [15]. However, some small businesses may face challenges such as
competition from large platforms, digital skills gaps, and regulatory barriers [16,17].

Consumers have increased their online purchasing while avoiding physical stores and
crowded places for several reasons [18]: (a) consumers are concerned about their health
and safety and want to minimize their exposure to the virus [19,20]; (b) consumers are
spending more time at home due to remote work, school closures, and lockdowns and
need more essentials and home-entertainment products [20]; (c) consumers are looking
for convenience, speed, and variety and find online shopping more satisfying than offline
shopping [19,21]; and (d) consumers are influenced by social media and online reviews
and recommendations and trust online brands more than before [19,20].

These reasons have led to a surge in e-commerce sales during the pandemic across
many categories [21]. E-commerce has grown by 32.4% in 2020 compared to 2019 in the
United States [21]. Some of the most popular categories for online shopping include
groceries [22,23], household supplies, personal care products, books, games, toys, and
electronics [20].

According to some web sources [21,24–27], consumers’ preferences towards online
shopping and delivery services are likely to persist after the pandemic but not at the same
level. Some of the factors that may influence consumers’ preferences are: (a) the availability
and effectiveness of vaccines and treatments for the COVID-19 pandemic, which may
reduce health risks and encourage more physical shopping [25,26]; (b) the quality and
convenience of online shopping and delivery services, which may retain or attract more
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customers who value speed, variety, and safety [24,27]; (c) the loyalty and satisfaction
of customers with their online brands, which may prevent them from switching back to
their previous brands or offline channels [21,25]; and (d) the social and emotional aspects
of shopping, which may motivate some customers to seek more human interaction and
experience in physical stores [26].

These factors may vary depending on the product category, customer segment, and
geographic location. Therefore, it is hard to predict how consumers’ preferences will change
after the pandemic [28]. However, some surveys suggest that online shopping will remain
popular for certain categories such as groceries, household supplies, personal care products,
and electronics [24,27], while physical shopping will regain some ground for categories
such as clothing, footwear, jewelry and cosmetics [25,26]. Some of the challenges faced
by small businesses in e-commerce are [29–35]: (a) finding the right niche and products
to sell; (b) sourcing the products from reliable suppliers; (c) targeting a relevant audience
and increasing store visits; (d) managing inventory and shipping efficiently; (e) reducing
cart abandonment and increasing conversions; (f) integrating e-commerce data into the
overall business structure; (g) competing with large platforms and other online sellers; and
(h) dealing with cybersecurity threats and data breaches.

Analyzing web traffic data from various sources can provide solutions or components
of solutions to many of these challenges, but it is particularly important for targeting
a relevant audience, increasing store visits, reducing cart abandonment, and increasing
conversions [36].

There are many possible sources of web traffic data (e.g., on the web analytics segment
alone, Google Analytics (GA), Adobe Analytics, IBM Digital Analytics, Webtrends, AT
Internet, Ahrefs, Semrush, BuzzSumo, MozBar, etc.), but the most widely used of them is
(and will probably remain for the foreseeable future) traffic tracking via GA. According to
several reports from Statista and other sources [37–41], the GA market share in the web
analytics software, worldwide, was 55.9% in 2022 (the biggest market share), with the
second competitor credited with 15.1% of the market share.

Google Analytics is a tool that can help in measuring and optimizing e-commerce per-
formance. Google Analytics can be used to [42–45]: (a) track website traffic and understand
where your visitors are coming from; (b) set up e-commerce tracking to see how many
sales, revenue, transactions and products are generated; (c) create Urchin Tracking Module
(UTM) parameters for smarter tracking of marketing campaigns; (d) test configurations
with a dummy profile to make sure everything is working correctly; (e) set conversion
goals in GA to measure how well the desired outcomes are achieved; (f) use shopping
behavior and checkout behavior reports to see how users interact with the products and the
checkout process; (g) create a durable and flexible tracking code that can handle different
scenarios such as discounts, refunds, taxes, etc.; and (h) Segment users for better context
and analysis of their behavior, preferences and needs.

Studies such as those by [46] have employed Pearson correlation to analyze user
engagement metrics like pageviews and average session duration. The research found
a positive correlation, suggesting that users who view more pages tend to spend more
time on the website [47]. In the realm of e-commerce, the Pearson correlation has been
used to analyze the relationship between bounce rate and conversion rate [48]. A negative
correlation was generally observed, indicating that a higher bounce rate often corresponds
to a lower conversion rate. It is worth noting that the Pearson correlation only captures
linear relationships and is sensitive to outliers [49]. Moreover, correlation does not imply
causation, a point often overlooked in applied settings [50].

The metrics provided by GA can serve as dependent variables in an ANOVA model,
with independent variables often being factors, like time, user demographics, or marketing
channels [49,51]. Research by [52] utilized ANOVA to analyze the impact of different
marketing channels on user engagement metrics, like pageviews and average session
duration. The study found significant differences between the means, suggesting that
the choice of marketing channel does affect user engagement. In e-commerce settings,
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ANOVA has been applied to examine how seasonal trends affect conversion rates [52].
The study revealed that conversion rates were significantly higher during holiday seasons
compared to non-holiday periods. It is worth noting that ANOVA assumes homogeneity
of variances and normally distributed data, assumptions that may not always hold in
real-world analytics data [53]. Moreover, ANOVA is not designed to establish causality but
rather to identify differences in means that are statistically significant.

The one-factor test is traditionally used to assess the impact of a single independent
variable on a dependent variable across multiple groups. Scarpello’s adaptation introduces
refinements to better accommodate non-normal distributions and unequal sample sizes,
among other considerations [54]. The GA metrics can serve as dependent variables in
Scarpello’s adapted one-factor test, with the independent variable often being a categorical
factor, like user demographics or source of traffic [49]. Given the specialized nature of
Scarpello’s adaptation, the literature specifically applying this method to Google Analytics
data is limited. However, the technique has been employed in related fields, offering
insights that could be transferable to web analytics. Scarpello’s adaptation has been used to
analyze job satisfaction but also consumer behavior metrics, such as customer satisfaction
and purchase intent [55–57]. These applications could be extended to Google Analytics
metrics, like conversion rate or average session duration. Studies in HCI have employed
Scarpello’s adapted one-factor test to analyze user engagement and usability metrics [58].
These findings could be relevant when examining similar metrics in Google Analytics. It is
worth noting that Scarpello’s adaptation, while versatile, still requires careful consideration
of underlying assumptions such as independence of observations and homogeneity of
variances [54].

Taking into account the above, we selected two companies with different profiles
(travel services and IT equipment and services respectively) for which we obtained rele-
vant traffic data recorded via GA. Our contribution consists of grouping the GA metrics
and associating them with a concept. This is similar to the confirmation factor analysis
(CFA) that is performed usually with survey data. In the CFA, questions are grouped
by researchers based on sense and the CFA allows data scientists or researchers to verify
whether they reflect a latent factor or concept [59,60]. CFA is applied to the answers offered
by respondents. Additionally, when dealing with data as text, latent Dirichlet allocation can
be applied to identify topics or latent concepts from large datasets of strings [61–63]. Thus,
our contribution consists of empirically grouping the GA metrics and verifying whether
they reflect certain latent factors or concepts. Moreover, we graphically analyze the GA
metrics and trends over the last four years, unraveling valuable insights.

In the following section, we will focus on the materials in terms of input data and the
proposed method to further analyze the e-commerce data.

3. Materials and Methods

During a generous interval (more than 4 years from January 2019 to February 2023),
the GA metrics of two websites were recorded. We focus first on the IT components
company’s website analytics. The following ten indices were recorded: Avg. Document
Content Loaded Time (s), Avg. Document Interactive Time (s), Avg. Page Load Time (s),
Organic Searches, Entrances, Entrances/Page Views, Session Duration, Sessions, Unique
Page Views, and Users. They are the main variables of the first data sample referring to the
IT components company, depicted in Table 1.

In Table 1, the GA metrics for the website of an IT components company are displayed
and included into one of the three categories. In this paper, we propose three categories in
which one of the metric falls: website performance, accessibility, and users’ behavior.
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Table 1. Metrics from the IT components company’s website analytics.

No. Metric Description Category

1 Avg. Document Content Loaded Time (s) Average time it takes for the content of a web page
to load, including text, images, and other media. Site performance

2 Avg. Document Interactive Time (s)
Average time it takes for a web page to become
interactive, allowing users to interact with various
elements on the page.

Site performance

3 Avg. Page Load Time (s) Average time it takes for a web page to fully load,
including all content, scripts, and media. Site performance

4 Organic Searches Number of users who arrived at your website by
conducting a search on a search engine. Access

5 Entrances Number of times users entered your website
through a specific page. Access

6 Entrances/Page Views

Ratio of the number of entrances to the total number
of page views for a specific page. It indicates the
likelihood of a user entering your website through
that page.

Access

7 Session Duration Average length of time users spent on the mobile
app during a single session. Behavior

8 Sessions Total number of sessions within a certain period on
the mobile app. Behavior

9 Unique Page Views
Number of times users viewed a specific page
within the mobile app, excluding repeated views by
the same user.

Behavior

10 Users Total number of unique users who accessed the
mobile app within a certain period. -

For the second company—a tourism agency located in the same county as the first
analyzed company—we identified 15 relevant metrics that represent the main variables of
the second data sample, depicted in Table 2, and they were grouped into three categories
that reflect accessibility (Organic Searches), marketing (Cost per Conversion, CPC, CPM,
ROI), and users’ behavior that includes the rest of the metrics. One idea that should be
pointed out is that the 15 metrics were not always present in the yearly selected data sets.
Therefore, a smaller number of metrics is analyzed depending on the year recordings.

Table 2. Description of the 15 metrics extracted from Google Analytics.

No. Metric Description Category

1 Organic Searches Number of users who arrived at your website by conducting a search on a
search engine Access

2 Sessions Total number of sessions within a certain period on the mobile app Behavior

3 Avg. Session Duration Average length of time users spent on your website during a single session Behavior

4 Avg. Time on Page Average amount of time users spent on a specific web page Behavior

5 Pages/Session Average number of pages viewed per session on your website Behavior

6 Bounce Rate Percentage of users who leave your website after viewing only one page Behavior

7 Clicks Number of times users clicked on a search engine result to arrive at
your website Behavior

8 Goal 1 Completions Number of times users successfully completed the specified action (Goal 1) on
your website Behavior
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Table 2. Cont.

No. Metric Description Category

9 Goal Conversion Rate Percentage of users who completed a specific goal on your website, out of the
total number of users who attempted to complete the same goal Behavior

10 CTR Percentage of users who clicked on an ad or marketing campaign out of the
total number of users who viewed the same ad Behavior

11 Cost per Conversion Amount of money spent on advertising or marketing campaigns for each
conversion achieved Marketing

12 CPC Cost of a single click on an ad or marketing campaign Marketing

13 CPM Cost of a thousand impressions of an ad or marketing campaign Marketing

14 ROI Amount of profit generated from a marketing or advertising campaign,
relative to the amount spent on that campaign Marketing

15 Users Total number of unique users who accessed the mobile app within a
certain period -

Table 2 displays the 15 metrics that characterize the operation of the e-commerce of a
tourism agency that sells various tourism packages.

Therefore, we propose to empirically group the GA metrics and verify whether they
reflect a certain latent factor or concept. For instance, metrics related to the loading time
may reflect the website performance.

By grouping the GA metrics, for the e-commerce IT components business, we aim to
verify the following hypotheses:

H0: The following GA metrics, Avg. Document Content Loaded Time (s), Avg. Document
Interactive Time (s), and Avg. Page Load Time (s), reflect the website performance.

H1: The following GA metrics, Organic Searches, Entrances, Entrances/Page Views, Session
Duration, Sessions, and Unique Page Views, reflect the access to the website.

H2: The following GA metrics, Session Duration, Sessions, and Unique Page Views, reflect the
users’ behavior.

Furthermore, for the tourism agency, we aim to verify the following hypotheses:

H0′: The following GA metrics, Sessions, Avg. Session Duration, Avg. Time on Page, Pages/Session,
Bounce Rate, Clicks, Goal 1 Completions, Goal Conversion Rate, and CTR, reflect the users’ behavior.

H1′: The following GA metrics, Cost per Conversion, CPC, CPM, and ROI, reflect the marketing.

The hypotheses are tested by analyzing the intercorrelations within each group of
metrics. Furthermore, we graphically analyze trends over the last four years to understand
seasonal variations and the effects of the COVID-19 pandemic.

4. Results

After grouping the GA metrics by the proposed categories, we proceed to annually
analyze the metrics. Except for Organic Search, which is only correlated with Session
Duration, the rest of the metrics are moderately (over 0.5) or highly correlated (0.98).

Table 3 displays the Pearson correlation indices among the ten analyzed metrics in the
proposed interval, whereas Table 2 shows the Pearson correlation indices among the ten
analyzed metrics in 2019, before the outbreak of the COVID-19 pandemic.
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Table 3. Pearson correlation indices among the ten analyzed metrics: Jan. 2019–Feb. 2023.

No. Metrics in 2019–2023 1 2 3 4 5 6 7 8 9 10
1 Avg. Document Content Loaded Time (sec) 1.00
2 Avg. Document Interactive Time (sec) 0.98 1.00
3 Avg. Page Load Time (sec) 0.93 0.94 1.00
4 Organic Searches −0.23 −0.22 −0.22 1.00
5 Entrances 0.50 0.54 0.51 −0.24 1.00
6 Entrances/Page Views 0.58 0.62 0.58 −0.32 0.89 1.00
7 Session Duration 0.03 0.03 0.02 0.66 −0.01 −0.12 1.00
8 Sessions 0.50 0.54 0.51 −0.24 1.00 0.89 −0.01 1.00
9 Unique Page Views 0.50 0.54 0.50 −0.19 1.00 0.88 0.05 1.00 1.00

10 Users 0.50 0.54 0.51 −0.25 1.00 0.89 −0.02 1.00 1.00 1.00

Table 4 displays the Pearson correlation indices among the ten analyzed metrics in
2019. The three metrics related to site performance are highly correlated. Also, the metrics
related to the users’ behavior are highly correlated, whereas the group of metrics related to
access are weakly correlated.

Table 4. Pearson correlation indices among the ten analyzed metrics in 2019.

No. Metrics in 2019 1 2 3 4 5 6 7 8 9 10
1 Avg. Document Content Loaded Time (s) 1.00
2 Avg. Document Interactive Time (s) 0.99 1.00
3 Avg. Page Load Time (s) 0.78 0.78 1.00
4 Organic Searches 0.14 0.15 0.07 1.00
5 Entrances 0.24 0.25 0.15 0.46 1.00
6 Entrances/Page Views 0.10 0.10 0.08 −0.09 0.24 1.00
7 Session Duration 0.15 0.15 0.07 0.52 0.54 −0.39 1.00
8 Sessions 0.24 0.25 0.15 0.46 1.00 0.24 0.54 1.00
9 Unique Page Views 0.21 0.22 0.11 0.56 0.86 −0.18 0.81 0.86 1.00

10 Users 0.24 0.25 0.15 0.42 0.99 0.28 0.47 0.99 0.82 1.00

Table 5 displays the Pearson correlation indices among the ten analyzed metrics in 2020.
Similar correlations as in 2019 are noticed in 2020. The effects of the COVID-19 pandemic
were not dominant. Stronger correlations emerged between Users and Session Duration,
Users and Organic Searches, Entrances and Organic Searches, and Organic Searches and
Sessions in comparison with 2019.

Table 5. Pearson correlation indices among the ten analyzed metrics in 2020.

No. Metrics in 2020 1 2 3 4 5 6 7 8 9 10
1 Avg. Document Content Loaded Time (s) 1.00
2 Avg. Document Interactive Time (s) 1.00 1.00
3 Avg. Page Load Time (s) 0.74 0.74 1.00
4 Organic Searches 0.14 0.14 0.09 1.00
5 Entrances 0.17 0.17 0.12 0.80 1.00
6 Entrances/Page Views −0.06 −0.06 −0.06 −0.10 0.07 1.00
7 Session Duration 0.22 0.22 0.17 0.77 0.91 −0.18 1.00
8 Sessions 0.17 0.17 0.11 0.80 1.00 0.07 0.91 1.00
9 Unique Page Views 0.18 0.18 0.13 0.82 0.97 −0.12 0.95 0.97 1.00

10 Users 0.17 0.17 0.11 0.81 1.00 0.08 0.90 1.00 0.97 1.00
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Table 6 displays the Pearson correlation indices among the ten analyzed metrics in
2021. This correlogram is similar to the mixed one when the entire dataset was considered.
Weak correlations were encountered between Session Duration, Organic Searches, and the
other metrics. However, like the interval 2019–2023, there is a strong correlation between
Session Duration and Organic Searches.

Table 6. Pearson correlation indices among the ten analyzed metrics in 2021.

No. Metrics in 2021 1 2 3 4 5 6 7 8 9 10
1 Avg. Document Content Loaded Time (s) 1.00
2 Avg. Document Interactive Time (s) 0.98 1.00
3 Avg. Page Load Time (s) 0.92 0.92 1.00
4 Organic Searches −0.06 −0.05 −0.07 1.00
5 Entrances 0.57 0.57 0.51 0.05 1.00
6 Entrances/Page Views 0.61 0.61 0.57 −0.15 0.77 1.00
7 Session Duration 0.14 0.13 0.10 0.69 0.17 −0.12 1.00
8 Sessions 0.57 0.57 0.51 0.05 1.00 0.77 0.17 1.00
9 Unique Page Views 0.58 0.57 0.51 0.12 1.00 0.75 0.25 1.00 1.00

10 Users 0.58 0.57 0.51 0.04 1.00 0.78 0.16 1.00 0.99 1.00

Table 7 displays the Pearson correlation indices among the ten analyzed metrics in
2022. Strong correlations were recorded between metrics from the first and third categories
of metrics. Entrances from the second category are weakly correlated with the other metrics.

Table 7. Pearson correlation indices among the ten analyzed metrics in 2022.

No. Metrics in 2022 1 2 3 4 5 6 7 8 9 10
1 Avg. Document Content Loaded Time (s) 1.00
2 Avg. Document Interactive Time (s) 0.97 1.00
3 Avg. Page Load Time (s) 0.91 0.93 1.00
4 Organic Searches 0.16 0.20 0.17 1.00
5 Entrances −0.06 0.07 0.06 −0.05 1.00
6 Entrances/Page Views 0.07 0.23 0.19 0.04 0.88 1.00
7 Session Duration 0.24 0.28 0.29 0.59 −0.02 0.04 1.00
8 Sessions −0.06 0.07 0.06 −0.05 1.00 0.88 −0.02 1.00
9 Unique Page Views −0.06 0.08 0.06 −0.03 1.00 0.88 0.01 1.00 1.00

10 Users −0.06 0.07 0.05 −0.05 1.00 0.88 −0.02 1.00 1.00 1.00

Table 8 displays the Pearson correlation indices among the ten analyzed metrics in
2023. Strong correlations are recorded between the first group of metrics that reflect the
site’s performance. Furthermore, strong correlations are recorded between the third group
of metrics, which reflect the users’ behavior. A very weak correlation was recorded between
the second group of metrics that reflect access to the website. However, the 2023 case is not
very relevant as only the first month and a half were considered in analyzing correlations.

After analyzing correlograms for each year, we can conclude that the first group of
metrics that reflect the site performance (Avg. Document Content Loaded Time (s), Avg.
Document Interactive Time (s), Avg. Page Load Time (s)) are strongly correlated. The
same finding is valid for the third category. There are similarities between correlograms in
2019 and 2020, and 2021 shows higher correlations, but in 2022, they gradually weakened.
The correlogram in 2021 stands out compared to the others, showing the impact of the
COVID-19 pandemic.
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Table 8. Pearson correlation indices among the ten analyzed metrics in 2023.

No. Metrics in 2023 1 2 3 4 5 6 7 8 9 10
1 Avg. Document Content Loaded Time (s) 1.00
2 Avg. Document Interactive Time (s) 0.91 1.00
3 Avg. Page Load Time (s) 0.98 0.89 1.00
4 Organic Searches 0.02 0.09 0.03 1.00
5 Entrances −0.09 −0.08 −0.10 0.28 1.00
6 Entrances/Page Views −0.11 −0.14 −0.09 −0.28 −0.18 1.00
7 Session Duration 0.20 0.29 0.12 0.45 0.49 −0.62 1.00
8 Sessions −0.09 −0.08 −0.10 0.28 1.00 −0.18 0.49 1.00
9 Unique Page Views −0.07 −0.05 −0.09 0.30 0.95 −0.44 0.58 0.95 1.00

10 Users −0.13 −0.12 −0.13 0.18 0.98 −0.10 0.38 0.98 0.92 1.00

From Tables 3–8, one can conclude that both H0 and H2 are valid. They reflect the site
performance and users’ behavior as the correlations are prevalent at these groups’ levels.
At the second group level, which reflects the access to the website, the correlations are
missing in 2019 and 2023 or are limited, as in 2020 and 2022. In 2021, even for the second
group of metrics, the correlations are stronger and more numerous.

The period between half of 2020 and 2021 was a non-typical period for multiple
domains as it corresponded with the period of lockdowns and other restrictions related
to the pandemic. But in the case of IT companies especially the hardware industry, the
influence was much higher, as due to online school and remote working, people needed
much more equipment, so there has been an increase in traffic, organic searches, and clicks
on the website. Due to the pandemic situation on the other side, there were issues related
to hardware supply so many companies could not satisfy the demand so there was no need
for usual advertising campaigns.

Analyzing the monthly distribution of the average number of Users, one can notice that
it increased starting from the end of 2021 when it went to more than 3250 users in December
2021. In 2022, the trend continued to rise to over 4150 users in June 2022. However, by the
end of 2022, the number of Users significantly decreased below 500 users (as in Figure 1). A
small increase was signaled from March to April and May in the number of Users, but it
decreased from June up to November when it slightly increased to around 350.
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Figure 1. Average number of Users’ monthly distribution for interval 2019–2023.
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However, the Users’ distribution at the year level is less relevant than Organic Searches,
which is depicted in Figure 2.
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Figure 2. Average number of Organic Searches, monthly distribution for 2019–2023.

Analyzing the monthly distribution of the first group of metrics, one can see that the
site performance was better during 2019 and 2020, when the three metrics were below 5 s
(as in Figure 3).
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The average time to load the content, become interactive, and fully load the page
increased to almost 35 s in the wintertime of 2021 and 2022.
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The thin line in Figure 4 depicts Entrances on average. They abruptly increased from
almost 200 in September 2021 to 3300 in December 2021 and continued this trend in 2022
(4180 in July) until October, similar to the Users’ monthly distribution.
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Figure 4. Average monthly distribution of the metrics from the first category—site performance.

The highest number of Users who arrived at the IT website by conducting a search
on a search engine was recorded in 2020 (45), and the trend continued in 2020 (41). The
highest number of Users was recorded in colder months (starting from September until
May). However, in 2022, the number of Users who arrived at the IT website by conducting
a search on a search engine decreased to 9 on average in July.

The third group of metrics, which reflect users’ behavior, is depicted in Figure 5. The
Session Duration’s shape is similar with the shape of Organic Searches, especially in 2021
when longer sessions took place in colder months. During summer in all years, the Session
Duration was shorter. From March 2020, when the COVID-19 pandemic erupted, there was
an increase in the Session Duration until the summer months, when, despite lockdowns,
they did not contribute to a longer Session Duration. The highest number of Sessions was
recorded in 2022. The trend is followed by Unique Page Views. They started to increase in
2021 in tandem and continued this trend until September 2022.

Analyzing the evolution of the Users and several metrics in the second and third
groups, a similar trend is emphasized by the evolution of the Entrances, Sessions, Unique
Page Views, and Users that started in 2021 by September/October and continued in 2022.

With a closer look at the evolution of the Users, Sessions, and Entrances metrics, one
can identify the events that triggered the trend, such as Black Friday in October 2021 and
the Christmas holidays.

In this case, we can see an unusual pattern in the second half of December 2021;
usually there should have been a flat line, but due to some technical issues, the site was
mostly unavailable during that period, which explains the sudden drop in all lines, as seen
in Figure 6.
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Figure 6. Trend of the Entrances, Sessions, and Users.

The second website refers to the e-commerce activity of a tourism agency located in
Romania in the same county as the IT components company. Table 9 displays the Pearson
correlation coefficients between metrics during the entire interval of 2019–2023.
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Table 9. Pearson correlation coefficients for the tourism agency in 2019–2023.

No Metrics in 2019–2023 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 Organic Searches 1.00
2 Sessions 0.29 1.00
3 Avg. Session Duration 0.18 −0.40 1.00
4 Avg. Time on Page −0.02 −0.13 0.17 1.00
5 Pages/Session 0.11 −0.29 0.74 −0.38 1.00
6 Bounce Rate 0.15 0.07 −0.24 −0.20 −0.13 1.00
7 Clicks 0.03 0.85 −0.49 −0.10 −0.37 0.06 1.00
8 Goal 1 Completions 0.20 0.15 0.10 −0.10 0.12 0.09 −0.02 1.00
9 Goal Conversion Rate 0.14 −0.06 0.25 −0.14 0.26 0.07 −0.17 0.78 1.00
10 CTR −0.07 0.37 −0.32 −0.09 −0.23 0.03 0.48 0.00 −0.01 1.00
11 Cost per Conversion −0.01 0.13 −0.10 −0.02 −0.09 0.07 0.18 −0.06 −0.07 0.21 1.00
12 CPC 0.07 0.12 −0.15 −0.07 −0.11 0.04 0.11 0.04 0.09 0.41 0.15 1.00
13 CPM 0.01 0.06 −0.07 −0.06 −0.04 0.04 0.07 0.01 0.07 0.59 0.13 0.76 1.00
14 ROI −0.01 −0.02 0.00 −0.03 0.02 0.01 −0.02 −0.02 −0.02 0.00 0.00 0.01 0.00 1.00
15 Users 0.30 1.00 −0.41 −0.13 −0.29 0.09 0.84 0.15 −0.06 0.36 0.12 0.12 0.05 −0.02 1.00

Except for Organic Searches, Bounce Rate, Cost per Conversion, and ROI, there
is at least one correlation among metrics extracted from Google Analytics. There are
strong direct overall correlations (>0.8) between Sessions and Users, Users and Clicks, and
Sessions and Clicks. Strong correlations are recorded between CPM and CPC (0.76), Goal
Conversion Rate and Goal 1 Completions (0.78), Pages/Session and Avg. Session Duration,
and CPM and CTR (0.59). There is a moderate correlation between CTR and Clicks (0.48).
Furthermore, moderate inverse correlations are recorded between Avg. Session Duration
and Sessions (−0.4), Avg. Session Duration and Clicks (−0.49), and Avg. Session Duration
and Users (−0.41).

Several strong and moderate correlations are identified for the 2019 data set, as shown
in Table 10. Except for Avg. Time on Page, all metrics show at least one correlation. The
first group of metrics that reflects the users’ behavior is well correlated at the group level
(except Avg. Time on Page) and between groups (except Goal Conversion Rate).

Table 10. Pearson correlation coefficients for the tourism agency in 2019.

No. Metrics in 2019 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
1 Organic Searches 1.00
2 Sessions 0.60 1.00
3 Avg. Session Duration −0.05 −0.41 1.00
4 Avg. Time on Page 0.09 −0.06 0.04 1.00
5 Pages/Session −0.08 −0.37 0.94 −0.27 1.00
6 Bounce Rate 0.22 0.45 −0.78 0.27 −0.82 1.00
7 Clicks 0.54 0.79 −0.45 0.10 −0.44 0.62 1.00
8 Goal 1 Completions 0.35 0.67 −0.19 −0.08 −0.17 0.12 0.41 1.00
9 Goal Conversion Rate 0.05 0.07 −0.03 −0.02 −0.03 −0.16 −0.03 0.65 1.00

10 CTR −0.14 0.05 −0.21 −0.02 −0.18 0.15 0.09 0.05 0.07 1.00
11 Cost per Conversion −0.02 0.23 −0.38 0.05 −0.35 0.49 0.46 −0.05 −0.28 0.24 1.00
12 CPC −0.17 0.06 −0.15 −0.07 −0.12 0.09 0.08 0.04 0.02 0.64 0.36 1.00
13 CPM −0.13 −0.05 −0.02 0.01 −0.02 0.01 −0.05 −0.04 −0.01 0.78 0.14 0.73 1.00
14 ROI −0.04 −0.45 0.51 0.10 0.46 −0.44 −0.51 −0.29 −0.08 −0.58 −0.47 −0.57 −0.28 1.00
15 Users 0.58 1.00 −0.42 −0.07 −0.38 0.45 0.78 0.67 0.07 0.04 0.23 0.06 −0.05 −0.45 1.00

Several strong and moderate correlations are identified for the 2020 data set, as shown
in Table 11. Except for Bounce Rate, all metrics show at least one correlation. The first
group of metrics that reflects the users’ behavior is well correlated at the group level (except
Bounce Rate) and between groups (except Pages/Session, Bounce Rate, Avg. Time on Page,
Goal 1 Completions, and Goal Conversion Rate).

More strong and moderate correlations are identified for the 2021 data set, as shown
in Table 12. Except for Organic Searches, all metrics show at least one correlation. The
first group of metrics that reflects the users’ behavior is well correlated at the group level
(with no exception) and between groups (except Bounce Rate and Avg. Time on Page).
From Tables 11 and 12, it indicates that marketing campaigns were conducted during 2020
and 2021.
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Table 11. Pearson correlation coefficients for the tourism agency in 2020.

No. Metrics 2020 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1 Organic Searches 1.00
2 Sessions 0.52 1.00

3 Avg. Session
Duration 0.24 −0.34 1.00

4 Avg. Time on Page −0.11 −0.43 0.41 1.00
5 Pages/Session 0.29 −0.04 0.69 −0.30 1.00
6 Bounce Rate 0.20 0.00 −0.14 0.17 −0.29 1.00
7 Clicks 0.21 0.88 −0.50 −0.42 −0.20 0.03 1.00
8 Goal 1 Completions 0.25 −0.03 0.38 0.03 0.36 −0.11 −0.13 1.00
9 Goal Conversion Rate 0.21 −0.05 0.38 0.03 0.35 −0.11 −0.13 0.94 1.00
10 CTR 0.07 0.39 −0.36 −0.19 −0.22 −0.09 0.49 −0.12 −0.12 1.00
11 CPC 0.26 0.19 −0.07 −0.07 −0.03 0.06 0.11 −0.09 −0.09 0.28 1.00
12 CPM 0.15 0.16 −0.12 −0.08 −0.08 0.01 0.14 −0.08 −0.07 0.48 0.85 1.00
13 ROI −0.30 −0.69 0.42 0.32 0.19 −0.01 −0.72 0.18 0.17 −0.69 −0.52 −0.43 1.00
14 Users 0.54 1.00 −0.34 −0.42 −0.05 0.01 0.87 −0.03 −0.05 0.39 0.19 0.16 −0.69 1.00

Table 12. Pearson correlation coefficients for the tourism agency in 2021.

No. Metrics in 2021 1 2 3 4 5 6 7 8 9 10 11 12
1 Organic Searches 1.00
2 Sessions 0.22 1.00
3 Avg. Session Duration 0.26 −0.53 1.00
4 Avg. Time on Page 0.07 −0.08 0.21 1.00
5 Pages/Session 0.05 −0.44 0.62 −0.49 1.00
6 Bounce Rate 0.06 0.15 −0.27 −0.55 0.13 1.00
7 Clicks −0.06 0.82 −0.55 −0.09 −0.43 0.08 1.00
8 CTR −0.20 0.38 −0.39 −0.11 −0.28 0.03 0.53 1.00
9 CPC −0.14 0.44 −0.49 0.26 −0.53 −0.30 0.51 0.55 1.00
10 CPM −0.18 0.32 −0.36 −0.06 −0.26 −0.03 0.43 0.83 0.72 1.00
11 ROI 0.14 −0.60 0.56 −0.14 0.54 0.20 −0.71 −0.63 −0.89 −0.61 1.00
12 Users 0.23 1.00 −0.54 −0.08 −0.44 0.16 0.79 0.36 0.43 0.30 −0.59 1.00

Less strong and moderate correlations are identified for the 2022 data set, as shown
in Table 13. Except for Organic Searches, Cost per Conversion, and ROI, all metrics show
at least one correlation. The first group of metrics that reflects the users’ behavior is well
correlated at the group level (except Goal Conversion Rate) and between groups (except
several metrics).

Table 13. Pearson correlation coefficients for tourism agency in 2022.

No. Metrics 2022 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1 Organic Searches 1.00
2 Sessions 0.10 1.00
3 Avg. Session Duration 0.33 −0.34 1.00
4 Avg. Time on Page 0.08 0.04 0.28 1.00
5 Pages/Session 0.19 −0.23 0.61 −0.40 1.00
6 Bounce Rate −0.15 0.09 −0.60 0.05 −0.51 1.00
7 Clicks −0.13 0.94 −0.46 0.03 −0.34 0.20 1.00
8 Goal Conversion Rate 0.13 0.02 −0.22 −0.19 −0.13 −0.20 0.03 1.00
9 CTR 0.01 0.66 −0.43 0.01 −0.32 0.20 0.69 0.13 1.00
10 Cost per Conversion 0.09 0.35 −0.23 0.00 −0.18 0.17 0.37 0.00 0.35 1.00
11 CPC 0.08 0.10 −0.28 −0.13 −0.21 −0.02 0.13 0.63 0.38 0.17 1.00
12 CPM 0.10 0.13 −0.21 −0.07 −0.16 0.00 0.14 0.41 0.58 0.19 0.86 1.00
13 ROI −0.03 −0.02 −0.06 −0.12 0.05 0.00 −0.03 0.04 −0.01 −0.02 0.02 0.00 1.00
14 Users 0.10 1.00 −0.36 0.03 −0.24 0.10 0.94 0.03 0.66 0.36 0.11 0.14 −0.01 1.00

Even less strong and moderate correlations are identified for the 2023 data set. Except
for the Goal Conversion Rate, all metrics show at least one correlation. However, the
relevance of 2023 metrics is very low as the data were analyzed only for one month and
a half.

From Tables 9–14, one can conclude that both H0′ and H1′ are valid. They reflect
the users’ behavior and marketing campaigns as the correlations at the groups’ level are
prevalent. It can be seen that 2021 was an atypical year with multiple stronger correlations
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than the rest of the years for both companies reflecting the effects of the COVID-19 pandemic
lockdowns. For the tourism industry, the same pandemic period had a completely different
effect than on the IT companies. Due to travel restrictions, tourism activities almost
completely shut down, and when restrictions were lowered there was a sudden increase in
interest (Organic Searches). Tourism companies tried to increase their revenue as much
as possible and ran multiple advertising campaigns, which also led to increasing costs for
acquiring clients. Figure 7 displays the evolution of CPC over the years 2019–2023.

Table 14. Pearson correlation coefficients for tourism agency in 2023.

No. Metrics in 2023 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1 Organic Searches 1.00
2 Sessions 0.77 1.00
3 Avg. Session Duration 0.02 −0.19 1.00
4 Avg. Time on Page 0.03 −0.07 0.41 1.00
5 Pages/Session −0.10 −0.13 0.29 −0.70 1.00
6 Bounce Rate −0.40 −0.34 −0.34 0.08 −0.28 1.00
7 Clicks 0.04 0.10 0.08 −0.03 0.06 −0.04 1.00
8 Goal Conversion Rate 0.15 0.39 −0.05 −0.15 0.15 −0.10 −0.18 1.00
9 CTR 0.08 0.01 0.19 0.11 0.02 0.03 0.67 −0.12 1.00
10 Cost per Conversion 0.12 −0.01 0.20 0.15 −0.02 0.03 0.04 0.01 0.75 1.00
11 CPC −0.14 −0.17 0.06 0.06 −0.02 0.18 0.57 −0.16 0.60 0.16 1.00
12 CPM −0.10 −0.15 0.09 0.08 −0.01 0.16 0.62 −0.16 0.74 0.32 0.98 1.00
13 ROI 0.12 −0.01 0.20 0.15 −0.02 0.03 0.04 0.01 0.75 1.00 0.16 0.32 1.00
14 Users 0.77 0.99 −0.22 −0.08 −0.14 −0.29 0.12 0.36 0.02 −0.01 −0.17 −0.14 −0.01 1.00
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Figure 7. Evolution of CPC over the years 2019–2023.

A different approach in terms of Organic Searches is evident in Figure 8. Almost the
same users searched for tourism packages exactly when the holiday should take place
(during the summer months) in comparison with searches for IT components, which are
more predominant in the colder months (as in Figure 8).

Looking at Figure 8, one can observe that there is a significant seasonal pattern in
data that is maintained in all years even during the COVID-19 period. We can observe
that there is a higher search volume during summer months (June–August) than in cold
season/months. Additionally, there is a slight increase in volume at the beginning of the
year as this is the period for early booking.
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Figure 8. Average monthly distribution of the Organic Searches.

Furthermore, there is a decline in search volumes from 2019 to 2020 in almost all
months after March 2020 due to the COVID-19 pandemic effects related to travel restrictions,
except in the summer months, when some restrictions were relaxed after the first lockdown.
During the following years, one can see an increasing tendency, but still below the volumes
recorded in 2019 and beginning of 2020.

The average monthly distribution of the Users chart (Figure 9) expresses the same
seasonality patterns as Organic Searches, with the highest volumes in the summer months.
Unlike Organic Searches, the distribution of the Users chart has also the influence of paid
campaigns as we can observe in the autumn months of 2020 and 2021, when the company
invested more in advertising (also due to COVID-19 pandemic influence) than before the
pandemic and 2022.
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Figure 9. Average monthly distribution of the Users.

In the evolution of Cost per Conversion (Figure 10), we notice CTR depends usually
on the specific campaign but on average remained the same in all periods. We notice an
increase in CPC during the end of 2022 as the majority of companies in tourism increased
their advertising budgets.
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Figure 10. Evolution of Cost per Conversion, CPC, CPM, CTR.

From Figure 11, we can see the there is a high variation in goal completion and it
was tracked mainly in 2019. The Avg. Time on Page has some small fluctuations from
month to month but generally is consistent. The number of users has a considerable
variation during the studied interval, but we can notice the period between the summer
of 2020 and the beginning of 2022 where the numbers were higher as restrictions were
lowered after the lockdown period, a period during which that company invested more in
advertising campaigns.
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Figure 11. Evolution of Goal 1 Completions, Avg. Time on Page, Users.



J. Theor. Appl. Electron. Commer. Res. 2023, 18 1501

From Figure 12, we can see that the conversion rate was higher during 2019 and
starting to gradually increase in 2022, but it was still well below the pre-pandemic period.
Also, on average, the number of pages viewed by users during visits on-site was constant
with some punctual spikes correlated with the increase in traffic due to campaigns.
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Figure 12. Evolution of Goal Conversion Rate and Pages/Users.

Studying the Evolution of Sessions, Avg. Session Duration, Organic Searches, Clicks,
and Bounce Rate (as in Figure 13), we can notice that there is an inverse correlation between
the Number of Sessions, Users, and Bounce Rate. Bounce Rate variation was greater
between the years 2019–2021, and, moreover, we notice a more constant pattern in 2022 and
forward. But during these periods, we notice a much lower Bounce Rate corresponding
with higher volumes of traffic. Overall, the average Bounce Rates remain the same for the
entire 3-year interval. When there is no influence of advertising, actually there is a direct
correlation between Avg. Session Duration, Organic Searches, Sessions, and Clicks.

To further explore the correlations already identified, as well as other possible inter-
connections, we proceeded by conducting a series of ANOVA analyses on the data obtained
from the GA for the IT shop.

Given the nature of the data and the context, ANOVA is typically used to compare
means across different groups. From the literature review of similar analyses, we identified
some potential analyses we might consider:

Time Metrics: Analyzing the average times (like “Avg. Document Content Loaded
Time”, “Avg. Document Interactive Time”, and “Avg. Page Load Time”) across different
months or years would help us understand if there are significant differences in load times
across different time periods, which could be influenced by factors like website updates,
server changes, or increased traffic.

Engagement Metrics: Metrics like “Entrances”, “Session Duration”, “Sessions”, “Unique
Page Views”, and “Users” can be analyzed across different months or years to see if there
are significant changes in user engagement over time.

Search Metrics: “Organic Searches” can be analyzed across different months or years
to understand if there is a significant change in how users are finding the site through
search engines.

Given the context of the article theme, we were interested in seeing if there were
significant changes in user engagement (like “Sessions” or “Users”) or website performance
(like “Avg. Page Load Time”) during the lockdown periods compared to other times.



J. Theor. Appl. Electron. Commer. Res. 2023, 18 1502

J. Theor. Appl. Electron. Commer. Res. 2023, 17, FOR PEER REVIEW 20 of 30 
 

 

between the Number of Sessions, Users, and Bounce Rate. Bounce Rate variation was 

greater between the years 2019–2021, and, moreover, we notice a more constant pattern in 

2022 and forward. But during these periods, we notice a much lower Bounce Rate 

corresponding with higher volumes of traffic. Overall, the average Bounce Rates remain 

the same for the entire 3-year interval. When there is no influence of advertising, actually 

there is a direct correlation between Avg. Session Duration, Organic Searches, Sessions, 

and Clicks. 

 

Figure 13. Evolution of Sessions, Avg. Session Duration, Organic Searches, Clicks, Bounce Rate. 

To further explore the correlations already identified, as well as other possible 

interconnections, we proceeded by conducting a series of ANOVA analyses on the data 

obtained from the GA for the IT shop. 

Given the nature of the data and the context, ANOVA is typically used to compare 

means across different groups. From the literature review of similar analyses, we 

identified some potential analyses we might consider: 

Time Metrics: Analyzing the average times (like “Avg. Document Content Loaded 

Time”, “Avg. Document Interactive Time”, and “Avg. Page Load Time”) across different 

months or years would help us understand if there are significant differences in load times 

across different time periods, which could be influenced by factors like website updates, 

server changes, or increased traffic. 

Engagement Metrics: Metrics like “Entrances”, “Session Duration”, “Sessions”, 

“Unique Page Views”, and “Users” can be analyzed across different months or years to 

see if there are significant changes in user engagement over time. 

Search Metrics: “Organic Searches” can be analyzed across different months or years 

to understand if there is a significant change in how users are finding the site through 

search engines. 

Given the context of the article theme, we were interested in seeing if there were 

significant changes in user engagement (like “Sessions” or “Users”) or website 

performance (like “Avg. Page Load Time”) during the lockdown periods compared to 

other times. 

The ANOVA analysis for the “Sessions” metric across different years has been 

performed. The results are showcased in Table 15: 

0.00%

10.00%

20.00%

30.00%

40.00%

50.00%

60.00%

70.00%

80.00%

90.00%

100.00%

0

500

1000

1500

2000

2500

3000

3500

0
1

/0
1

/2
0

1
9

1
2

/0
2

/2
0

1
9

2
6

/0
3

/2
0

1
9

0
7

/0
5

/2
0

1
9

1
8

/0
6

/2
0

1
9

3
0

/0
7

/2
0

1
9

1
0

/0
9

/2
0

1
9

2
2

/1
0

/2
0

1
9

0
3

/1
2

/2
0

1
9

1
4

/0
1

/2
0

2
0

2
5

/0
2

/2
0

2
0

0
7

/0
4

/2
0

2
0

1
9

/0
5

/2
0

2
0

3
0

/0
6

/2
0

2
0

1
1

/0
8

/2
0

2
0

2
2

/0
9

/2
0

2
0

0
3

/1
1

/2
0

2
0

1
5

/1
2

/2
0

2
0

2
6

/0
1

/2
0

2
1

0
9

/0
3

/2
0

2
1

2
0

/0
4

/2
0

2
1

0
1

/0
6

/2
0

2
1

1
3

/0
7

/2
0

2
1

2
4

/0
8

/2
0

2
1

0
5

/1
0

/2
0

2
1

1
6

/1
1

/2
0

2
1

2
8

/1
2

/2
0

2
1

0
8

/0
2

/2
0

2
2

2
2

/0
3

/2
0

2
2

0
3

/0
5

/2
0

2
2

1
4

/0
6

/2
0

2
2

2
6

/0
7

/2
0

2
2

0
6

/0
9

/2
0

2
2

1
8

/1
0

/2
0

2
2

2
9

/1
1

/2
0

2
2

1
0

/0
1

/2
0

2
3

[%
]

Date

Sessions Avg. Session Duration Organic Searches Clicks Bounce Rate

Figure 13. Evolution of Sessions, Avg. Session Duration, Organic Searches, Clicks, Bounce Rate.

The ANOVA analysis for the “Sessions” metric across different years has been per-
formed. The results are showcased in Table 15:

Table 15. The ANOVA analysis results for the “Sessions” metric across different years.

Source Sum of Squares Degrees of Freedom (df) F-Statistic p-Value
Year 1.5627 × 109 4 305.092 3.92929× 10−192

Residual 1.92206 × 109 1501 - -

The F-statistic is 305.092, which is quite large, indicating that there are significant
differences in the number of sessions across the years. The p-value is extremely small
(3.92929 × 10−192), which is way below the common alpha level of 0.05. This means that
the differences in the number of sessions across the years are statistically significant. This
suggests that there were significant changes in user engagement (as measured by the
number of sessions) over the years. This could be influenced by various factors, including
the impact of lockdowns.

We intended to analyze the changes between all dataset years, so we performed
pairwise comparison using Tukey’s HSD test for the “Sessions” metric across different
years. The results can be seen in Table 16:

Table 16. The results of pairwise comparison using Tukey’s HSD test for the “Sessions” metric across
different years.

Year1 Year2 Mean Difference p-Value Reject Null Hypothesis
2019 2020 95.85 0.7824 No
2019 2021 561.36 0.0 Yes
2019 2022 2536.89 0.0 Yes
2019 2023 30.46 0.9998 No
2020 2021 465.51 0.0 Yes
2020 2022 2441.04 0.0 Yes
2020 2023 −65.39 0.9962 No
2021 2022 1975.53 0.0 Yes
2021 2023 −530.90 0.0252 Yes
2022 2023 −2506.43 0.0 Yes
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Performing the comparison, we can note that the “Reject Null Hypothesis” column
indicates whether the mean number of sessions is significantly different between the two
years being compared. A “Yes” means there is a significant difference, while a “No” means
there is not. For instance, there is a significant increase in the number of sessions from 2019
to 2021 and 2019 to 2022. However, there is no significant difference between 2019 and 2020
or 2019 and 2023. Similarly, there is a significant decrease in sessions from 2022 to 2023.

These results provide insights into how user engagement, as measured by the number
of sessions, changed over the years. This is particularly useful in understanding the impact
of events like lockdowns on user engagement.

As we intended to compare the pre-pandemic period with effects of the pandemic
period, we further compared for the years 2019 and 2021. The visualization of the monthly
average sessions for the years 2019 and 2021 is given in Figure 14:
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Figure 14. The monthly average sessions for the years 2019 and 2021.

In 2019, there is a relatively steady number of sessions throughout the year, with a
slight increase towards the end. In 2021, there is a noticeable increase in sessions starting
from January, peaking around April, then showing a decline towards the end of the
year. This trend in 2021 could be influenced by various factors, including the impact of
lockdowns, changes to the website, marketing campaigns, or other external events.

To further this analysis, we looked into descriptive statistics for the number of sessions
in these years and explored specific months, as shown in Table 17.

Table 17. The descriptive statistics for the number of sessions in the years 2019 and 2021.

Metric Year 2019 Year 2021
Count 365 365
Mean 95.89 657.25
Standard Deviation 63.45 1270.37
Minimum 16 45
25th Percentile 63 115
Median (50th Percentile) 90 188
75th Percentile 115 365
Maximum 853 10,417

We observe the following. Mean: the average number of sessions in 2021 (657.25) is significantly higher than in
2019 (95.89). Standard Deviation: the variability in the number of sessions is much higher in 2021 compared to
2019, indicating that there were days with exceptionally high sessions in 2021. Maximum: the maximum number
of sessions in a single day in 2021 reached 10,417, which is a stark contrast to the maximum of 853 in 2019.



J. Theor. Appl. Electron. Commer. Res. 2023, 18 1504

These statistics further emphasize the significant increase in user engagement in 2021
compared to 2019. The high standard deviation in 2021 suggests that there were specific
days or periods with a surge in user activity, which could be related to external events or
factors. As we already discussed earlier, there were some infrastructure anomalies during
some time periods.

The months in 2021 with the highest average sessions are December—average of
3338.65 sessions; November—average of 1692.83 sessions; October—average of 1069.32 ses-
sions. These months, especially December, saw a significant surge in user activity compared
to the rest of the year. This could be attributed to various factors such as marketing cam-
paigns, promotions, website updates, or external events. To understand the reasons behind
these spikes, we can correlate these months with the IT sector promotional period and high
sales seasonality.

We further continue with ANOVA analysis for the “Users” metric across different
years. The results are showcased in Table 18:

Table 18. The results of ANOVA analysis for the “Users” metric across different years.

Source Sum of Squares Degrees of Freedom (df) F-Statistic p-Value
Year 1.56609 × 109 4 306.661 6.98898 × 10−193

Residual 1.91637 × 109 1501 - -

The F-statistic is 306.661, indicating that there are significant differences in the number
of users across the years. The p-value is extremely small (6.98898 × 10−193), which is way
below the common alpha level of 0.05. This means that the differences in the number of
users across the years are statistically significant.

We continued with the pairwise comparison using Tukey’s HSD test for the “Users”
metric between the years 2019 and 2021, as shown by Table 19.

Table 19. The results of pairwise comparison using Tukey’s HSD test for the “Users” metric between
the years 2019 and 2021.

Year1 Year2 Mean Difference p-Value Reject Null Hypothesis
2019 2021 535.68 0.0 Yes

The mean difference in the number of users between 2019 and 2021 is 535.68. The
p-value is 0.0, which is below the common alpha level of 0.05. This means that the difference
in the number of users between 2019 and 2021 is statistically significant.

The trends for Monthly Average Users for 2019 and 2021 are presented in Figure 15.
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In 2019, the number of users remains relatively consistent throughout the year, with
some fluctuations. In 2021, there is a noticeable increase in users starting from January,
peaking around April, and then showing a decline towards the end of the year. Similar
to the “Sessions” metric, this trend in 2021 is influenced by various factors, including
the impact of lockdowns, changes to the website, marketing campaigns, and specific
industry seasonality.

Below, in Table 20, are the descriptive statistics for the number of users in the years
2019 and 2021.

Table 20. The descriptive statistics for the number of users during 2019 and 2021.

Metric Year 2019 Year 2021
Count 365 365
Mean 82.38 618.07
Standard Deviation 58.73 1263.84
Minimum 13 37
25th Percentile 52 87
Median (50th Percentile) 76 148
75th Percentile 96 310
Maximum 843 10,284

Mean: the average number of users in 2021 (618.07) is significantly higher than in 2019 (82.38). Standard Deviation:
the variability in the number of users is much higher in 2021 compared to 2019, indicating that there were days
with exceptionally high user counts in 2021. Maximum: the maximum number of users in a single day in 2021
reached 10,284, which is a stark contrast to the maximum of 843 in 2019. These statistics further emphasize the
significant increase in user engagement in 2021 compared to 2019.

The months in 2021 with the highest average users are December—average of 3294.55 users;
November—average of 1645.6 users; October—average of 1023.65 users. These months,
especially December, saw a significant surge in user activity compared to the rest of the
year. As with the “Sessions” metric, this could be attributed to various factors, such as
marketing campaigns, promotions, website updates, or external events.

To provide a comprehensive comparison, we analyzed the three metrics “Sessions,”
“Users,” and “Organic Searches” for the months of October, November, and December in
2021 by descriptive statistics and visual comparison. The results were as follows: Sessions—
there is a clear upward trend from October to December, with December having the highest
number of sessions; Users—the trend for users is similar to sessions, with a noticeable
increase from October to December; and Organic Searches—the number of organic searches
also shows an upward trend in the first two months, with December having a lower count.

The results for the same analysis for October, November, and December 2019 were as
follows: Sessions—the number of sessions remains relatively consistent across the three
months, with an increase in the November/Black Friday promotion period; Users—the
trend for users is similar to sessions, with an increase in November; and Organic Searches—
the number of organic searches remains relatively stable across the three months.

Compared to 2021, the metrics for 2019 show more stability and less variability. The
significant spikes observed in 2021, especially in December, are not present in 2019. This
suggests that there were specific factors or events in 2021 that led to increased user engage-
ment and organic visibility.

We also looked at the percentage change in the metrics “Sessions,” “Users,” and
“Organic Searches” from 2019 to 2021 for the months of October, November, and December.
The results are showcased in Table 21:
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Table 21. “Sessions,” “Users,” and “Organic Searches” for October, November, and December 2019
vs. 2021.

Month % Change in
Sessions % Change in Users % Change in

Organic Searches
October +846.03% +947.99% −9.65%
November +1126.69% +1267.53% −1.73%
December +2822.02% +3295.31% −11.92%

We observed the following: Sessions—there is a substantial increase in the number of
sessions in all three months in 2021 compared to 2019. The increase is most pronounced in
December, with a staggering 2822.02% growth; Users—similar to sessions, the number of
users has seen a massive surge in 2021. December again leads with a 3295.31% increase
compared to the same month in 2019; and Organic Searches—interestingly, while sessions
and users have seen a significant rise, organic searches decreased in October and December
of 2021 compared to 2019. This suggests that while more users are visiting the site and
engaging in sessions, they might be coming from sources other than organic searches, such
as direct links, referrals, or paid campaigns.

The data indicate that while the website experienced a tremendous increase in user
engagement in 2021, it might need to focus on improving its organic search visibility.

In summary, while there is a clear surge in user engagement in 2021, especially in
December, the organic search performance does not show a corresponding increase. This
could indicate that the growth in user engagement might be driven by factors other than
organic search, such as marketing campaigns, direct traffic, or referrals.

We also performed intercorrelation analysis to understand the relationships between
multiple variables in a dataset. If many variables are highly correlated with each other, it can
indicate multicollinearity, which can be problematic in certain analyses, especially regression.

Scarpello’s adaptation of the one-factor test is a method to detect multicollinearity.
The procedure involves the following:

Factor Analysis: Conduct a factor analysis on the variables.
Examine the Eigenvalues: If the first eigenvalue from the factor analysis is substantially

larger than the others, it indicates that a single factor (or a few factors) is accounting for
most of the variance in the data, suggesting multicollinearity.

We proceeded with the intercorrelation analysis using Scarpello’s adaptation of the
one-factor test on the relevant metrics from the dataset.

The eigenvalues obtained from the factor analysis on the selected metrics are as follows:
[0.366, 0.342, 0.380, 0.630, 0.219, 0.278, 0.667, 0.219, 0.226, 0.219]. The eigenvalues are not
substantially different from each other. There is not a single eigenvalue that is much larger
than the others. Based on Scarpello’s adaptation of the one-factor test, the absence of a
single dominant eigenvalue suggests that there is not a strong indication of multicollinearity
among the selected metrics. This means that no single factor is accounting for most of the
variance in the data.

Scarpello’s adaptation of the one-factor test provides a few more diagnostic measures
to assess multicollinearity as follows: Percentage of Variance Explained by the First Factor—
if a single factor explains a large portion of the variance (e.g., more than 50%), it is an
indication of multicollinearity; Condition Index—it is the square root of the ratio of the
largest eigenvalue to each successive eigenvalue. A condition index greater than 30 is
often considered a sign of severe multicollinearity; Variance Proportions—for each variable,
the proportion of its variance that is associated with each factor. If a variable has a large
variance proportion associated with the first factor, it is influenced by multicollinearity.

These are the additional diagnostic measures based on Scarpello’s adaptation of the
one-factor test:

Percentage of Variance Explained by the First Factor: 62.16%—the first factor explains
a significant portion of the variance, which is more than 50%. This suggests potential
multicollinearity.
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Condition Indices. The condition indices for the metrics are as follows: [1.0, 1.04, 0.98,
0.76, 1.29, 1.15, 0.74, 1.29, 1.27, 1.29]. None of the condition indices exceed the threshold of
30, indicating that severe multicollinearity is not present based on this criterion.

Variance Proportions for the First Factor: The variance proportions associated with
the first factor for the metrics are [0.092, 0.100, 0.092, 0.017, 0.141, 0.136, 0.0004, 0.141, 0.139,
0.141]. Several metrics have a large variance proportion associated with the first factor,
suggesting they are influenced by multicollinearity. The significant percentage of variance
explained by the first factor and the high variance proportions for several metrics suggest
potential multicollinearity.

However, the condition indices do not indicate severe multicollinearity.
In conclusion, while there are indications of multicollinearity among some of the

metrics, it may not be severe.

5. Conclusions

This article presented how traffic data obtained from Google Analytics over the last
four years for two companies in two very common categories (tourism products and
services and IT products and services) can be effectively used to obtain insights beyond
the usual uses for such data. We thus tried to determine how customer buying behavior
changed during the COVID-19 pandemic and to what extent these changes persisted after
the end of the pandemic.

In order to answer such questions, it is important to find out relevant identifiers
of consumer behavior. To this end, based on the web traffic data available for the two
companies with different profiles, we were able to test five working hypotheses:

H0: The following GA metrics, Avg. Document Content Loaded Time (s), Avg. Document
Interactive Time (s), and Avg. Page Load Time (s) reflect the site performance.

H1: The following GA metrics, Organic Searches, Entrances, Entrances/Page Views, Session
Duration, Sessions, and Unique Page Views, reflect the access to the website.

H2: The following GA metrics, Session Duration, Sessions, and Unique Page Views, reflect the
users’ behavior.

H0′: The following GA metrics, Sessions, Avg. Session Duration, Avg. Time on Page, Pages/Session,
Bounce Rate, Clicks, Goal 1 Completions, Goal Conversion Rate, and CTR, reflect the users’ behavior.

H1′: The following GA metrics, Cost per Conversion, CPC, CPM, and ROI, reflect the marketing.

By empirically grouping the GA metrics for each of the two small businesses—as some
of them are applicable only for the tourism products and services (it is the only one that
ran marketing campaigns tracked via Google Analytics during the period considered)—we
formulated the above-mentioned hypotheses considering the intrinsic meaning of the GA
metrics and tested whether each group reflected a concept or a latent factor. We checked at
the annual level whether the intercorrelations of the metrics within the same group were
significant. As illustrated in the literature review, this approach is similar to other statistical
measurements methods, such as confirmatory factor analysis, which processes responses
from surveys or questionnaires, or natural language processing techniques, such as latent
Dirichlet allocation that identifies topics out of large datasets in text format.

The direct findings were the following: (a) except H1, all hypotheses are valid; (b) H0
and H2 reflect the site performance and users’ behavior as the correlations are prevalent
at these groups’ level. At the second group level which reflects the access to the website,
the correlations are missing in 2019 and 2023 or are limited as in 2020 and 2022. In 2021,
even for the second group of metrics, the correlations are stronger and more numerous;
(c) H1 is a composite image of the customers’ activity on the companies’ websites; (d) H0′

and H1′ reflect the users’ behavior and marketing campaigns as the correlations at the
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groups’ level are prevalent. It can be seen that 2021 was an atypical year with multiple
stronger correlations than the rest of the years for both companies reflecting the effects of
the COVID-19 lockdowns.

Once we concluded that we can construct relevant identifiers of consumer behavior
based on the available data, we were able to draw, as applications of these identifiers, some
derived conclusions or practical implications, such as (a) customer shopping behavior
was indeed significantly influenced during the pandemic period, both in terms of product
categories targeted as a priority and in terms of preference for e-commerce over traditional
commerce; (b) there were both similarities and significant differences between the two
types of companies analyzed; (c) after the perceived end of the pandemic, the preference
for e-commerce has declined sharply, but not to pre-pandemic levels, so we can say with
some degree of certainty that there will be persistent, even if not extreme, effects on
customer shopping behavior; (d) the period between half of 2020 and 2021 was a non-
typical period for multiple business areas as it corresponded with the period of lockdown
and other restrictions related to the pandemic. But in the case of IT companies, especially
the hardware industry, the influence was much higher, as due to online school and remote
working, people needed much more equipment, so there was an increase in traffic, organic
searches, and clicks on the website. Due to the pandemic situation on the other side, there
were issues related to hardware supply so many companies could not satisfy the demand
so there was no need for usual advertising campaigns; and (e) for the tourism industry,
the same pandemic period had a completely different effect than for IT companies. Due to
travel restrictions, tourism activities almost completely shut down, and when restrictions
were lowered, there was a sudden increase in interest reflected by the Organic Searches
metric. Tourism companies tried to increase their revenue as much as possible and ran
multiple advertising campaigns which also lead to increasing costs for acquiring clients.

One limitation of this study is related to the area of applicability. We studied the GA
metrics from two small businesses located in Romania. Therefore, as future work, we plan
to extend our studies to small businesses in other countries in the region.

Also, future research could focus on the application of more advanced statistical
models like MANOVA (multivariate analysis of variance) or mixed-effects models for a
more nuanced understanding.

As for a closing conclusion, Scarpello’s adaptation of the one-factor test has not been
extensively applied, until this study, to Google Analytics data, but its broader applications
in related fields indicate a promising avenue for future research. Further empirical studies
may validate and extend this methodology in the context of web analytics.
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