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ABSTRACT User engagement is a part of user experience that measures how attracted the users are in
using a certain product or services. The level of user attention while navigating a website is a key factor in
determining its effectiveness. Web usage mining can be performed on the weblog of a website to extract user
navigational behavior and gain valuable insights into the useful activities of the users. The user navigational
behavior can then be further evaluated to measure the user engagement of the website. This paper presents
a new framework that uses user navigational behavior extracted from web usage mining to measure the
engagement level of the users on the website. In this proposed framework, web session clustering is first
performed on the pre-processed weblog to group similar user access patterns from web sessions. After that,
four proposed engagement metrics, which are the hourly activeness, the hourly traffic, the daily activeness,
and the daily traffic are calculated for each cluster to determine the engagement level of the users on the
website. According to the engagement level determined by the user engagement metrics, an attention score is
formulated to show how attracted the users in the session cluster are to the website. In this paper, two weblogs
from different websites are used to measure their user engagement with the Cluster-N-Engage framework.
The framework shows that attention score can assess the website’s effectiveness in achieving its objectives.

INDEX TERMS User attention, user engagement, user navigational behavior, web session clustering, web
usage mining.

I. INTRODUCTION
Over the years, the Web has grown immensely as Internet
users interact with different website types. Many organiza-
tions grasp the opportunity to use websites to share and
promote information about their products or services [1], [2].
In online advertising, the website effectiveness is often
stringed together with user engagement. It is crucial to ensure
that the users are not only engaged but also have positive
feelings when they are navigating said websites [3], [4].
Capturing user’s attention on a website is important for better
information retrieval and processing, leading to more effec-
tive advertising on products or services [5], [6], [7]. Hence,
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a website should be carefully developed to ensure user’s
attention is retained.

User engagement refers to the quality of user experi-
ence that prioritizes how captivated and attracted a user is
towards a website, and so being motivated to use it [8].
Users are engaged when they have invested their time,
attention and emotion while navigating the website. Measur-
ing user engagement of a website is not a straightforward
task. In existing works, measuring user engagement com-
monly involves three approaches, which are self-reported
engagement assessment, cognitive engagement assessment,
and online behavioral metrics [8], [9]. Self-reported engage-
ment assessment uses questionnaires or interviews to get user
engagement attributes. Many researchers have developed and
improved upon the existing questionnaires, such as the User
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Engagement Scale (UES) to measure user engagement [10],
[11], [12]. The main limitation of this method is its reliance
on subjectivity [13]. This is because questionnaires require
users to provide their opinions and perceptions. Users may
have different interpretations of the questions, which can fur-
ther affect the reliability of the collected response. Cognitive
engagement assessment uses follow-on task performance and
physiological measures in its evaluation. The evaluation of
follow-on task performance is assessed by the user’s profi-
ciency in a different task immediately after engaging in a
previous task. To capture physiological data, various methods
such as eye trackers, camera, and mouse pressure, can mea-
sure user engagement. While this approach is comparatively
more objective than the first approach, it is more invasive and
can only be used in a close quarter. Online behavioral metrics
are extracted and assessed solely based on the web usage data
of the website. Two common examples of the metrics that can
be used are time spent on the website and click-through rates.
The main downside of online behavioral metrics is that it
cannot explicitly explainwhy users are engaged.While online
behavioral metrics may not provide a straightforward way to
explain user engagement, they offer a non-intrusive approach
to measure it. Web usage mining (WUM) can be conducted
on thewebsite’s weblog to gain insights into user navigational
behavior.

WUM is a category within web mining that performs data
mining techniques to extract user navigational behavior from
a weblog [14], [15]. The user navigational behavior is useful
in analyzing how the web pages are accessed by users, thus
enhancing the website’s structure and content [16]. WUM
comprises three main phases, which are the pre-processing
phase, the pattern discovery phase, and the pattern analy-
sis phase, as illustrated in Fig. 1 [17], [18]. As the raw
weblog does not contain useful information, the weblog is
first pre-processed to be converted into a list of web sessions.
Pattern discovery uses various techniques such as statistical
analysis, association rule mining, and clustering to extract
user behavioral patterns. In the pattern analysis phase, inter-
esting patterns and information are extracted.

FIGURE 1. Phases of web usage mining (WUM).

To measure the user engagement of the website, user
engagement metrics, also referred to as the online behavioral
metrics (the third approach of user engagement assessment)
can be used. Previous studies have proposed to create a
single engagement score by combining multiple user engage-
ment metrics. Aggregating multiple metrics into a single
score offers several advantages that aids the decision-making

process. This approach simplifies complex user navigational
behavior into a concise measure, providing organizations
with the overall engagement of a website. The score can be
further categorized into different levels of engagement, such
as high and low engagement for easier interpretation. This
facilitates the comparison of the overall engagement across
various websites. With the score, organizations can identify
patterns and changes in the engagement of websites more
efficiently. Although the engagement score in existing works
is effective in evaluating the overall engagement of a web-
site, it falls short in identifying the factors that contribute to
website engagement. The contributing factors in this context
refer to the user navigational behavior within the website. For
organizations seeking to enhance their websites, this informa-
tion is useful in providing insights into navigational behavior
that drives engagement. Therefore, a new framework, known
as the Cluster-N-Engage, which uses web usage mining and
user engagement metrics is proposed to measure user engage-
ment from the clusters of user navigational behavior on a
website. User engagement of a website is closely related to
user attention. Users invest more attention towards a website
if they feel engaged and involved. The involvement level of
the users correlates with the interest level and the relevance
of the website [19]. Hence, an attention score is formulated
to describe the intensity of user attention of a specific session
clusters towards the website based on the user navigational
behavior.

In the Cluster-N-Engage framework, weblogs are first
pre-processed before being grouped into different-session
clusters by performing web session clustering. The engage-
ment levels of the clusters are then determined based on the
four proposed user engagement metrics, namely the hourly
activeness, the hourly traffic, the daily activeness, and the
daily trafficAccording to the engagement level determined by
the user engagement metrics, an attention score is calculated
to show how attracted the users in the session cluster are to
the website. Instead of showing the overall engagement of the
website, the framework shows the user attention level of vari-
ous session clusters within the website. Based on the attention
scores, each session clusters are categorized into high atten-
tion cluster, medium attention cluster and low attention
cluster. Organizations can explore whether session cluster
that involves the target action of the website attract high
user attention. User attention is measured by how active and
frequent the users visit a website. Thus, if users visit a website
actively and frequently, they are investing more attention to
the website, leading to a good engagement. Two weblogs are
used to show the applicability of this framework in measuring
the user engagement for different websites. There are two
main contributions in this paper, which is summarized:

• To propose a new framework that evaluates the user
engagement of websites by clustering the navigational
behavior from web usage mining.

• To formulate an attention score that aggregates engage-
ment metrics that reflect the user attention level of the
user navigational behavior clusters.
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TABLE 1. Engagement metrics in existing studies.

The rest of the paper is organized as follows. Section II
provides the related works in this study. Section III and IV
present the description of datasets and the methodology of
the framework in greater detail. The results and discussion
are presented in Section V and VI, respectively. Finally, the
paper is concluded with a discussion on the contribution of
this work and its future work in Section VII.

II. RELATED WORKS
A. USER ENGAGEMENT METRICS
There are various studies that use different engagement met-
rics to measure the user engagement on a website. Table 1
shows the list of engagement metrics that are used on various
websites.

Lehmann et al. [8] proposed three types of engagement
metrics, which reflect popularity, activity, and loyalty. Popu-
larity metrics, which are the number of unique users, number
of visits, and number of clicks, measure how much a website
is used. Activity metrics, which are the click depth and dwell
time per visit, measure how a website is used by the users.
Loyalty metrics, which are the active days, return rate, and
dwell time on the website, measure how frequently users
return to a website. The website is said to be highly engaging
if the three types of engagement metrics are high. Liang [20]
selected the number of clicks per visit and time spent per
visit as user engagement metrics to measure the relationship
between user engagement and purchase decision in mobile
wallet platform. In [21], user engagement metrics such as
average visit duration, pages per visit, and number of unique
visitors are used to illustrate the correlation between the
website traffic and the user engagement. Bahry et al. [22] used
bounce rate, daily page views per visitor, and daily time on
site to measure user engagement of the municipal websites.

In summary, various user engagement metrics are used in
existing studies, depending on the specific type of engage-
ment that the authors aim to investigate. However, they can be
broadly categorized into the metrics based on the users, the
clicks, the website visits, and the time. They are represented
by a, b, c, and d respectively in Table 1. Each user engage-
ment metrics measures the different aspects of a website. As a
single metric is insufficient to evaluate the engagement of a
website, many studies use multiple metrics for this purpose.
However, having multiple metrics make it challenging to
make decisions as they might provide conflicting insights
into user behavior. These works do not aggregate the various
metrics into a single score that can conclude the engage-
ment of a website. Having an engagement score is useful in
assessing the users’ overall impression of a website, which
allows organizations to identify areas where the website can
be improved. This will be discussed in the next subsection.

B. USER ENGAGEMENT ASSESSMENT
In the previous subsection, user engagement metrics show
only the engagement of different aspects of the website. How-
ever, having an aggregated engagement score is important
to show the engagement level of a website with the aid of
the calculated metrics. This subsection presents three studies
that perform user engagement assessment. Table 2 depicts the
engagement assessment in the existing studies.

Peterson and Carrabis [23] defined visitor engagement as
the measurement of the depth of user interaction against
a clearly defined set of goals. The authors then proposed
a new calculation method for measuring visitor engage-
ment. This was done by calculating the click depth index,
duration index, recency index, brand index, feedback index,
interaction index, and loyalty index. Each of these metrics
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TABLE 2. Engagement assessments in existing studies.

aims to measure engagement from various parts of the web-
site. A high engagement score shows the users are highly
engaged on the website. While this method can yield a single
score to show the overall engagement of the website, the
authors did not provide any additional information regard-
ing classifying the score into distinct levels of engagement.
Knowing the level of engagement of a website is a straight-
forward way to understand the interest level of the users.

In [24], the authors proposed four engagement metrics
that are based on variations of the dwell time to measure
the user engagement in online news reading. Online news
website comprises many news articles of different topics.
The engagement metrics used are the dwell time on page,
the dwell time on page header, the dwell time on body of
page, and the time spent on the comment section of page.
The authors first performed a clustering algorithm on the
dataset before measuring each cluster with the engagement
metrics to identify the different page reading patterns. A set of
engagement levels are suggested by the authors to show user
attention on a news article, which include bounce, shallow
engagement, deep engagement, and complete engagement.
To calculate the article user engagement profile, a probabilis-
tic model is formulated. This probabilistic model is effective
in showing the proportion of each engagement level in the
article. However, this engagement assessment method is not

applicable in different types of websites as the work focus
solely on online news website. In addition, this approach
measures the article’s engagement solely based on the per-
centage of the content read. This may not be suitable for other
website types that demand additional metrics to evaluate
engagement.

In a study by Fedushko et al. [25], the authors pro-
posed a method for technical condition assessment by
combining both user engagement and Service Level Indica-
tors (SLIs)/Service Level Objectives (SLOs)/Service Level
Agreements (SLAs) measurements to identify types of user
satisfaction with infrastructure state of online learning ser-
vices such as Coursera and Udemy. The authors presented a
method for calculating the engagement score of the website.
After the engagement score is obtained, it is standardized to
the range from 0 to 1. Based on the standardized engagement
score, the engagement level of the website is categorized into
low, moderate, or high. The engagement levels are mapped
with the SLO/SLA to show how websites can be improved
upon. Although the focus of this study is to measure the
user satisfaction of online learning services, this method
shows how having an engagement score and distinct levels
of engagement can help understand user behavior.

In summary, each user engagement assessment method in
previous studies have their own strengths and weaknesses.
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TABLE 3. Web page categories-online roadshow website.

The proposed Cluster-N-Engage framework aims to over-
come the limitations of previous studies. The similarities and
differences between Cluster-N-Engage framework and the
others are highlighted:

• In [24] and [25], these frameworks are applicable
only to particular types of websites, which are online
learning services and online news website, respec-
tively. Like [23], the Cluster-N-Engage framework is
designed to work on different websites.

• Like [24], the Cluster-N-Engage framework measures
engagement by solely utilizing the user navigational
behavior extracted from weblogs. The engagement
metric used to calculate the engagement score in [24] is
the number of page views. The weblog alone does not
measure the engagement metrics listed in [23] and [25],
as they require external sources such as questionnaires.

• Existing frameworks in [23], [24], and [25] produced a
single engagement score that shows the overall engage-
ment of the website. The Cluster-N-Engage framework
produces a single engagement score as well, which
will be referred to as the attention score. The atten-
tion score shows the level of user attention directed to
the website. Both the engagement score and proposed
attention score combine multiple engagement metrics
into a single measure, which can simplify decision-
making process.

• In [23], the final engagement score was not classi-
fied into distinct levels of engagement. In contrast, the
Cluster-N-Engage frameworkwill classify the attention
score into one of three levels: high attention, medium
attention, and low attention. Categorizing the score into
engagement levels provides a clearer interpretation of
user behavior within the website.

• The primary difference between the Cluster-N-Engage
framework and previous works lies in the user engage-
ment assessment of the website. Engagement score
in previous works only provides the overall engage-
ment of the website. The Cluster-N-Engage framework
addresses this issue by performing clustering and intro-
ducing attention score. Once the user navigational
patterns are first clustered based on their similarity,
attention score is used to measure the level of user
attention for each cluster. This method can then identify
the user attention level of the clustered navigational
behavior within the website.

III. DATASET DESCRIPTION
This section briefly describes the weblogs of different sizes
used in this study. Two weblogs are used in this study to
test the applicability of the framework on different datasets.
The first weblog is obtained from a ready online roadshow
website [26], [27]. Online roadshow is a roadshow in the
virtual environment that promotes products or services on
digital devices. The main aim of the online roadshow website
is to play games to redeem vouchers. The products-specific
advertising elements are embedded into the games to engage
the users in the online roadshow website. In this ready online
roadshow website, new users are required to fill up a survey
regarding the campaign, which will lead them to the landing
page. The user is then prompted to create an account to join
the campaign. After that, the user is directed to the dashboard
page, which displays six available games. The six available
games contain information that the campaign intends to con-
vey. The user must complete all six games to redeem vouchers
at the redemption page. When the user logs out, they will be
led to the logout page.

The online roadshow website contains 20,135 entries in its
weblog, which are collected from July 5, 2021, to August 31,
2021, spanning 57 days. There are 15 pages after the weblog
is pre-processed.Within these pages, this study represents the
six game pages as game 1, game 2, game 3, game 4, game 5,
and game 6. Table 3 presents the description of web pages of
the online roadshow website.

The second weblog is a dataset from an e-commerce web-
site taken from Harvard Dataverse [28], [29]. The concept
of the website is elaborated based on existing e-commerce
websites. An e-commerce website is a website that allows
users to purchase items or services on their digital devices.
The main aim of the e-commerce website is to purchase prod-
ucts. To use the website, users are first required to register
for an account. Users can search for products to purchase by
browsing a list of products and using the product search bar.
When users have the intention to purchase a product, they
can add the product into the shopping cart. They can place
an order for the product and make a payment if they intend
to purchase it. Users can also recommend a product to their
peers. After the users receive the products, they can leave a
product review on the website.

The weblog records user visits to the e-commerce web-
site for a duration of 30 days, specifically from April 1,
2020, to April 30, 2020. It comprises 5,597,529 entries. After
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TABLE 4. Web page categories-E-commerce website.

pre-processing, the recorded URIs are further classified into
23 distinct page categories. Table 4 presents the description
of the page categories of the e-commerce website.

IV. METHODOLOGY
In this section, Cluster-N-Engage framework that combines
both web usage mining (WUM) and user engagement is
presented. The three main phases ofWUM that are illustrated
in Fig. 1 are adapted into the framework to show the rela-
tionship between WUM and user engagement. Fig. 2 depicts

the general overview of the framework. In the pre-processing
phase, the datasets undergo data cleaning, user identification,
session identification and path completion. In the pattern dis-
covery phase, clustering, specifically web session clustering
is conducted to extract session clusters present in the datasets.
Finally, user engagement of the session clusters is evaluated
in the pattern analysis phase. Fig. 3 provides the expanded
view of the Cluster-N-Engage framework from Fig. 2. The
subsequent section is organized according to the three main
phases of WUM presented in Fig. 3.
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FIGURE 2. General overview of cluster-N-Engage.

A. PRE-PROCESSING PHASE
Both weblogs are first cleaned to remove irrelevant entries
and to perform necessary data type conversion. The data
cleaning process of both weblogs differs but they follow the
common processes that are illustrated in Fig. 3. The snippets
of the online roadshow weblog and e-commerce weblog are
shown in Fig. 4 and Fig. 5, respectively.
The online roadshowweblog comprises nine fields, includ-

ing the log ID, page, user ID, temp ID, enter page time, log
time, device used to access the website, campaign ID, and IP
address. Only three fields, which are the user ID, log time,
and page are selected in this study as they are relevant for
the clustering of web sessions based on user navigational
behavior. Selecting only the essential fields helps to improve
the clustering quality. Log entries that have missing records
in any fields are removed from the dataset. The e-commerce
weblog contains 10 fields, which are the IP ID, user ID, times-
tamp, HTTP method, URI, HTTP version, status code, bytes,
referrer, and user agent. Based on the suggestion by [30], log
entries that do not provide meaningful information during the
mining process should be first removed. According to [31],
log entries that do not contain the HTTP method value of
GET or POST can be removed. Log entries with status codes
between 200 to 299 that give a successful response are kept
as they show the successful actions made by the users. In the
e-commerce weblog, records of several log entries that the
users did not explicitly request, such as graphic files and
scripts are eliminated. The data within these files is not
relevant to actual user navigational behavior. According to
Yu et al. [32], log entries created by network robots can
be identified by their IP address and agents. Therefore,
log entries with the user agent value of ‘Go-http-client’,
‘python’, ‘bot’, and ‘Bot’ created by network robots are
removed. Only four fields, which are the IP ID, timestamp,
URI, and user agent are kept in this study. The names of
the URIs in the e-commerce weblog are translated from
Polish to English using Google Translate for easier interpre-
tation. As the dataset contains many URIs, they are manually
grouped into 23-page categories based on their relatedness,
as outlined in Table 4. URIs that do not represent mean-
ingful pages or cannot be categorized into the defined page
categories are removed. The URI is represented as not mean-
ingful if it does not provide information on user navigational
behavior on the e-commerce website. Some examples of

these types of URI are ‘/vpn/’, ‘/other/bookmarks.php’, and
‘/other/captcha.php’.

After data cleaning is performed on the datasets, user
identification is conducted to reveal the identity of each user.
For the online roadshow weblog, the users can be identified
straightaway by referring to the user ID field. Log entries with
the user IDs of the website administration team are removed.
In the e-commerce weblog, individual users are identified
based on the IP ID and user agent fields. In this proposed
framework, the same user is identified from the same IP ID
and user agent as suggested by Selvakumar et al. [33].

A web session contains all the actions performed by a user
from the moment they enter a website until the exit. The
main objective of session identification is to split the page
access of each user into individual sessions, each representing
a website visit as suggested by Asadianfam and Moham-
madi [34]. Before session identification is conducted, all the
web pages in both datasets are renamed as p1, p2, p3, and so
on. This renaming process is for the vectorization process in
the latter steps. The time on page is calculated by subtracting
log time of the current page from the log time of the next page.
The time-out technique is used in this study to detect web
sessions. According to Guerbas et al. [35], the web session
is identified during a pre-defined threshold time-out interval
in this technique. Session identification is performed with
a time-out value of 30 minutes based on a few conditions.
A user is considered having exited the website, or started a
new web session if any of the following conditions are met:
(1) the user has accessed a page for over 30 minutes, (2) the
page accessed is the last recorded page on the website, and
(3) the page accessed is a logout page. Table 5 shows the
description of both datasets after the sessions are identified.

TABLE 5. Data description.

Every web session is a path sequence that is taken by the
user. Pages within the same session are converted into a list,
representing a path. Fig. 6 visually presents a sample list of
sessions in path form. Taking the last row as an example,
the path of user 762 in the session is [p6, p5, p5, p11, p5],
indicating that user 762 visits p6, p5, p11, and finally p5
again during the session. Both datasets are then vectorized
to be converted into a large binary matrix. The matrix size
is determined by the number of sessions and the number of
pages. In this study, the matrix of the online roadshowweblog
is 2, 361 × 15, and the matrix of the e-commerce weblog
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FIGURE 3. Expanded view of cluster-N-Engage.

FIGURE 4. Snippet of online roadshow weblog before pre-processing.

FIGURE 5. Snippet of e-commerce weblog before pre-processing.

FIGURE 6. An example of a list of sessions in path form.

is 104, 875 × 23. Each cell within the matrix shows if a
particular page has been requested during a specific session,

represented by 1 for yes and 0 for no. Table 6 shows the paths
from Fig. 6 in a matrix form as an example.

B. PATTERN DISCOVERY PHASE
To analyze the user navigational behavior in the datasets,
web session clustering is performed on thematrices generated
during the pre-processing phase. Since the initial number of
clusters of both datasets is unknown, the optimal number of
clusters is determined by using the Elbow Method with the
Sum of Squared Error (SSE) [36]. The optimal number of
clusters is selected by finding the ‘‘elbow point’’.
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TABLE 6. An example of a binary session matrix.

After obtaining the optimal number of clusters, four clus-
tering techniques, namely k-means, k-medoids, bisecting
k-means, and fuzzy c-means, are performed on both web
session matrices. Given the multidimensional nature of the
matrices, three dimensionality reduction techniques, such as
the principal component analysis (PCA), the t-distributed
stochastic neighbor embedding (TSNE), and the uniform
manifold approximation and projection (UMAP) are con-
ducted on the web session matrices prior to the clustering
step. To assess if dimensionality reduction enhances cluster-
ing quality, multiple setups are examined. Each clustering
techniquewill be performed on thematrices, with andwithout
dimensionality reduction.

The Euclidean distance is used as the similarity measure in
the clustering experiments, as it is commonly applied in web
usage mining [18], [37]. The clustering results are then evalu-
ated based on the three cluster validity indices, which are the
Silhouette index (SI), the Davies-Bouldin (DBI) index, and
the Calinski-Harabasz (CHI) index [38].

C. PATTERN ANALYSIS PHASE
In the pattern analysis phase, the user behavior of the session
clusters that are obtained from the pattern discovery phase is
extracted by using the user engagement metrics. At the end of
this phase, an attention score is calculated to show the level
of user attention towards the website.

User engagement in the Cluster-N-Engage framework
relates to how involved the users are on the website. When
users are engaged, they are more likely to pay attention to
a website. Four user engagement (UE) metrics, namely the
hourly activeness, the hourly traffic, the daily activeness,
and the daily traffic are proposed in the Cluster-N-Engage
framework. The proposed metrics are derived from the two
commonly used user engagement metrics, which are the num-
ber of clicks and the number of sessions. Number of clicks
and number of sessions serve as indicators of the level of user
attention towards the website. When users are engaged with
a website, they are likely to have higher levels of navigation
activity and visit the website more frequently. Number of
clicks is related to the activeness of the users on the website,
meanwhile the number of sessions is related to the traffic
of the website. Both the number of clicks and number of
sessions are calculated based on time slots and dates. The time
slots are represented in the 24-hour time format, ranging from
00:00 to 23:59. The dates correspond to the time period of
the datasets, is stated in Table 5. Therefore, hourly activeness
and hourly traffic refer to the number of clicks and sessions

made by users hourly regardless of the date.Meanwhile, daily
activeness and daily traffic refer to the number of clicks and
sessions made by users daily regardless of the time. The
number of clicks and sessions are calculated for each session
cluster, taking into consideration on the time slots and dates.
Table 7 depicts the definition of the proposed UE metrics.

TABLE 7. Definition of the proposed user engagement metrics.

After the UE metrics of each time slot and date of all
clusters are recorded, the calculated values are subjected
to max-min normalization to scale them within 0 to 1.
The engagement levels of each normalized value are then
determined using the quartile formula. The minimum value,
maximum value, first quartile, median value, and third quar-
tile are calculated separately for every UE metric. Table 8
shows the calculation of the quartile values for the hourly
activeness metric and hourly traffic metric as an example.

The quartile formula is used to categorize the normal-
ized values into four equal parts: very low engagement,
low engagement,medium engagement, and high engagement.
Fig. 7 and Table 9 illustrate how the normalized values are
categorized into different engagement levels. For example,

FIGURE 7. Illustration of engagement levels according to the quartiles.
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FIGURE 8. Snippet of the categorization of engagement level of the hourly activeness and hourly traffic metrics of a cluster.

TABLE 8. Snippet of the quartile values of the hourly activeness and
hourly traffic metrics.

TABLE 9. Engagement levels according to the quartile formula.

according to Table 8, if the normalized value of the hourly
activeness metric is between the median value (0.06362) and
third quartile (0.11978), it will be categorized as medium
engagement.

Once the engagement levels of the normalized values are
obtained, the overall engagement level of each session cluster
based on theUEmetrics can be assessed. This can be achieved
by summing up the frequency of very low engagement, low
engagement, medium engagement, and high engagement of
each UE metric. As illustrated in Fig. 8, at the hourly traffic
metric column, the frequency of high engagement is the

highest. Therefore, the engagement level of the session clus-
ter based on the mentioned UE metric is high.

Each UE metric shows different types of engagement that
can be seen in each session cluster. Hourly activeness and
hourly traffic depict a general overview of user engagement
in the session cluster. Meanwhile, daily activeness and daily
traffic reveal a more specific overview of user engagement of
the session cluster as it takes into consideration the engage-
ment level on a daily basis. Table 10 shows the characteristics
of each cluster according to the UE metrics and its engage-
ment level.

An attention score is introduced to describe the intensity
of the user attention of a specific session cluster toward the
website based on the UE metrics. The score for each UE
metric depends on the engagement level: 1 for very low
engagement, 2 for low engagement, 3 for medium engage-
ment, and 4 for high engagement. The scores of the UE
metrics are first summed up and then averaged, resulting in
the attention score. Based on the attention score, it is then
further categorized into three attention levels, as shown in
Table 11. The higher attention score shows that a user visits
a website actively and frequently.

V. RESULTS
This section first briefly presents the results of the cluster-
ing experiment. The results of this experimental study were
reported in [39]. This section will further discuss the user
engagement results by using the proposed framework in this
study.

Before performing different clustering techniques on the
datasets, the optimal number of clusters was identified as 10
for the online roadshow weblog and 5 for the e-commerce
weblog. The clustering techniques with the best results,
as determined by the three cluster validity indices (Sil-
houette index, DB index, and CH index), are selected for
further user engagement analysis. Based on the experimental
study in [39], k-medoids clustering with no dimensionality
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TABLE 10. Engagement level and descriptions.

reduction achieved the best performance across all three
metrics for the online roadshow website. As for the
e-commerce weblog, the combination of k-medoids and

UMAP is the most promising model. These two models are
used in the subsequent pattern analysis phase to investigate
user engagement.

112286 VOLUME 11, 2023



Z.-Y. Lim et al.: Cluster-N-Engage: A New Framework for Measuring User Engagement of Website

TABLE 11. Attention scoring system.

To understand the different user navigational patterns of
each cluster, the averaged proportion of pages of each cluster
in the online roadshow weblog and e-commerce weblog are
plotted in Fig. 9 and Fig. 10, respectively. Both figures pro-
vide an initial understanding of the session cluster behavior
before the user engagement assessment.

FIGURE 9. Cluster profiles of online roadshow weblog.

Fig. 9 leads to the following observation: Cluster 0 (blue)
contains sessions that have high frequency on the redemp-
tion history page, which suggests that users in this session
cluster only enter the online roadshow website to check
their redemption history. Cluster 1 (red) contains users who

TABLE 12. Interaction pattern of the session clusters in the online
roadshow weblog.

FIGURE 10. Cluster profiles of e-commerce weblog.

leave the website shortly after entering, which is reflected in
the high frequency of the logout page. In Cluster 2 (grey)
and Cluster 3 (yellow), the frequent pages are pre-survey
page, landing page, login page, and registration page. This
shows that both clusters contain newly registered users of
the website. The main difference between both clusters is
that Cluster 2 has higher frequency on the redemption his-
tory page, meanwhile Cluster 3 has higher frequency on the
redemption page. Cluster 4 (magenta) has a high frequency
on the redemption page, showing that the users’ main aim
in visiting the website is to redeem vouchers. In Cluster 5
(green) and Cluster 7 (brown), the visit frequency of the
6 game pages is high, which suggests a game playing behav-
ior. However, there is a higher frequency on the redemption
page and redemption history page in Cluster 5, depicting that
users of this cluster have played the games and continued to
redeem vouchers in a single visit. In Cluster 6 (dark blue),
the users mainly visited the website to redeem vouchers and
checked their redemption history. Cluster 8 (black) is similar
to Cluster 6, but the users did not visit other web pages
besides the redemption page and redemption history page.
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TABLE 13. Interaction pattern of the session clusters in the e-commerce
weblog.

In Cluster 9 (spring green), the users solely visited the website
to redeem vouchers. Table 12 summarizes the navigation
behavior of each session cluster on the online roadshow
website.

Fig. 10 leads to the following observation: Cluster 0 (blue)
contains sessions that have high frequency on the about page,
category page, and product page. This suggests that the users
in this session cluster entered the website to find more infor-
mation about it and browsed through different categories of
products listed on the website. In Cluster 1 (orange), users
entered the website solely to discover more information about
it. The most frequently visited pages in Cluster 2 (grey) are
product page, search page, and recommend page. This shows
that the users in this cluster have focused to search products
and to recommend products to others. In Cluster 3 (yellow),
users discovered more information about the website and
browsed products to purchase. Cluster 4 (dark blue) has a high
page frequency on the product page, category page, delivery
page, and payment page. This shows that the users visited the
website to browse through product categories, make payment
for the products, and check the product delivery status after
purchasing. Table 13 summarizes the navigation behavior of
each session cluster on the e-commerce website.

Table 14 and 15 show the engagement levels of each UE
metrics and attention scores of the session clusters in the
online roadshow weblog and e-commerce weblog, respec-
tively. The clusters in both tables are sorted in a descending
order based on their attention score. Within the tables, the
‘pages’ column presents the top three frequently visited pages
along with their averaged proportions in each cluster. The
pages listed in the stated column follow the ‘page name’ in
Table 3 and 4.
Based on Table 14, the session cluster with the highest

attention score is Cluster 0, meanwhile, the session cluster
with the lowest attention score is Cluster 1. Cluster 7 has the
smallest size, with only 132 sessions (5.6%=132/2,361). This
shows that only a few sessions contain users who visited the
website solely to play games. Cluster 0 is the largest cluster,
with 20.5% (485/2,361) of the sessions being assigned to

it. This shows that the website received high attention from
many users who return to the website to check their redemp-
tion status and redemption history. Cluster 4, Cluster 5, and
Cluster 7 are session clusters that have game page as one of
their top frequently visited pages. Among the three clusters
listed, Cluster 5 has the highest attention score, meanwhile
Cluster 4 and Cluster 7 have the medium attention level.
Based on the UE metrics of Cluster 5, it received very low
daily traffic despite having a high hourly activeness and high
hourly traffic. This shows that there is only a very low number
of visits from the users who redeem vouchers after playing
games daily. However, this does not mean that the website
received low attention from the users, as the website achieved
a high engagement level for the three other UEmetrics except
daily traffic. Cluster 4, Cluster 6, Cluster 8 and Cluster 9 have
medium attention level (2.25 to 2.50). The similarity between
these four clusters is that the most frequently visited page
is the redemption page. This indicates that the online road-
show website received medium attention from users when
they were redeeming vouchers. Cluster 4 and Cluster 6 have
the same attention score of 2.50. Both clusters have a high
number of visits on the redemption page and a low number of
visits on the game pages. However, the engagement levels of
UE metrics show that both clusters are engaged in different
aspects. Based on the metrics, users in Cluster 6 are very
active on the website at any hour, but they are not active on the
website daily. Meanwhile, users in Cluster 4 are moderately
active on the website hourly and daily.

As Cluster 9 has equal amount of low engagement and
medium engagement in the daily activenessmetric, thismeans
that there is both a low and moderate number of clicks
collected daily from this cluster. The attention score of Clus-
ter 9 is higher than Cluster 8 because of its high hourly traffic
metric. The website received a high number of visits hourly
in Cluster 9, while the website received a low number of visits
hourly in Cluster 8. Compared to the other clusters in the
medium attention category, Cluster 3 and Cluster 7 have the
lowest attention score. Based on the hourly activeness and
daily activeness metrics, there is a low number of users who
are active on the website solely to play games at both hourly
and daily in Cluster 7. On the other hand, the engagement
level of the daily activeness metric in Cluster 3 is much lower
than in Cluster 7. The difference in engagement level shows
that the attention received by the website comes from differ-
ent aspects (hourly activeness and daily activeness). Themain
difference between Cluster 3 and Cluster 7 are: Cluster 3 has
a higher hourly user interaction than Cluster 7, however,
Cluster 3 has a lower daily user interaction than Cluster 7.
The online roadshow website received less attention in Clus-
ter 1 and Cluster 2. The attention score of Cluster 1 is lower
than Cluster 2, meaning that the website received the least
attention and involvement from users who log out shortly
during their visit. Compared to Cluster 1, Cluster 2 has a
higher attention score as the users are newly registered and
visited the redemption history page after creating an account
on the website. The high page visit of the redemption history
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TABLE 14. Cluster characteristics of online roadshow website.

page indicates that a few newly registered users participate in
the online roadshow as they are attracted to the redemption
gift. Although Cluster 2 has a similar pattern to Cluster 3,
Cluster 2 has a low attention score as the users have low
interaction with the website at any hour.

In Table 15, the session cluster with the highest attention
score is Cluster 1, which is the largest cluster as well. Clus-
ter 2 has the smallest cluster size and the lowest attention
score among the five clusters. The engagement levels of the
UE metrics of Cluster 1 are high, showing that e-commerce
website received both high interaction and user visits in this
cluster at any hour and day. Therefore, Cluster 1 has the
topmost attention score of 4.00. Besides Cluster 1, Clus-
ter 3 and Cluster 0 have a high attention score. The similarity
among these three clusters is that the most frequently visited
page is the about page. This means that the e-commerce
website receives high attention from the users when they

are visiting the about page to know more information about
the website. As the averaged proportion of the about page
decreases, the attention score of the cluster decreases as well.
The attention score of Cluster 3 is lower than Cluster 1
since the engagement levels of its hourly activeness, daily
activeness and daily traffic are medium. Cluster 0 has the
lowest attention score among the three high attention clusters.
Although the engagement levels of its hourly activeness and
daily activeness are high, the daily traffic metric is low. This
shows that the users have high interaction when navigating
the website despite visiting the website infrequently daily.
Cluster 4 andCluster 2 havemedium and low attention scores,
respectively. Themost frequently visited page of both clusters
is the product page, which is the page that the users are
expected to visit. This shows that the website received less
attention from users who enter the website to search for
products.
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TABLE 15. Cluster characteristics of e-commerce website.

VI. DISCUSSION
The Cluster-N-Engage framework offers a robust alternative
to the conventional methods of measuring user engagement.
Conventionally, using questionnaires and interviews is amore
straightforward method to measure user engagement of a
website. However, this method is very subjective as it requires
users to provide their opinions towards the website [13].
In addition, users may have different interpretations of the
questions asked, or their feelings may affect the answers to
the questions, which can further affect the reliability of the
data collected. Another method to evaluate user engagement
is to use physiological measures, such as camera and eye
trackers. Although this approach solves the subjectivity issue,
it is more invasive, as it requires a physical device to be placed
near the users to record their movement.

In the Cluster-N-Engage framework, website engagement
is evaluated by extracting the user navigational behavior
from its weblog via web usage mining [40], [41]. Compared
to questionnaires and physiological data, web usage min-
ing can capture user behaviors automatically with no direct
interaction with the users. This is beneficial as users can
navigate the website naturally, with no awareness of being
observed.

The Cluster-N-Engage framework presents how the four
proposed user engagement metrics, which are hourly active-
ness, hourly traffic, daily activeness, and daily traffic, can
effectively describe the user navigational behavior of the
session clusters. Each metric illustrates the engagement level
of a session cluster on the website from different aspects. The
introduction of the proposedmetrics provides a clearer under-
standing of the user navigational behavior of each cluster.
For example, if a session cluster exhibits high engagement
across all four metrics, it suggests that the users within that
cluster are actively interacting with the website, navigating it
frequently on an hourly and daily basis. These metrics reflect
user attention towards a website. Lehmann et al. [8] proposed

a set of engagement metrics that reflect the popularity, user
activity, and user loyalty of a website. The findings of their
research conclude that the engagement level of the metrics
is highly influenced by the type of websites. For instance,
the popularity metric might indicate a low engagement value
for an interest-based website [8], [42] because of a relatively
small number of users. However, this should not be inter-
preted as a low engagement, as interest-based websites are
designed for a small group of users of a specific interest. In the
Cluster-N-Engage framework, the engagement level of each
metric is not affected by the website types. The application
of a quartile formula in each metric individually makes sure
that the categorization of engagement levels is unique to each
specific website. The flexibility of the proposed frameworks
allows it to be applied across various types of websites for
measuring user engagement.

Many existing frameworks attempted to use a single score
to measure the overall engagement of the website. This
engagement score is calculated by combining the results of
multiple user engagement metrics. The biggest difference
between the proposed framework and the existing frame-
work that is the combination of clustering and attention
score (which is the engagement score). The user navigational
behavior of the weblog is first clustered before being evalu-
ated using the four proposed user engagement metrics. Based
on the metrics, the attention score of each session cluster
within the website is computed. The attention score acts as a
single score that shows the user attention level of each session
cluster, leading to the identifying of navigational behavior
that contribute to a good engagement in a website. By exam-
ining the attention score of the session clusters, organizations
can investigate the factors that influence user attention on
the website. Different clusters of navigational behavior have
distinct levels of user attention. Therefore, organizations can
identify the navigational behavior that exhibit high user atten-
tion on the website, allowing them to understand the factors
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driving user attention. Capturing user attention on a website
is crucial for creating a good impression among the users,
leading to effective advertising. The advertising effective-
ness of the website highly depends on the objective that the
organizations have on the website. A high attention score
in session clusters that involves the target actions of the
website means the website is effective in achieving the web-
site aim. With the online roadshow, the main objective is
to attract users to play games to redeem vouchers. The
products-specific advertising elements are embedded into
the games to engage the users in the online roadshow web-
site [26]. Organizations would expect that the session clusters
involving games to have high attention score to conclude
the website as successful. Clusters that have a high number
of visits of game pages are Cluster 4 (medium attention),
Cluster 5 (high attention), and Cluster 7 (medium attention).
This means that the online roadshow website is effective
in achieving its objective as it received high and medium
attention from clusters that involve the target actions. The
e- commerce website aims to attract users to find products
and purchase them. The clusters that are related to these
target actions are Cluster 2 (medium attention) and Cluster 4
(low attention) because of the high number of page visits on
the product page. This shows that the e-commerce website
is least significant in achieving its objective as it received
less attention from these clusters. Therefore, developers can
leverage this knowledge to make some enhancements on the
e-commerce website.

While this study offers valuable insights into user engage-
ment on websites, it is important to acknowledge certain
limitations. First, the Cluster-N-Engage framework’s effec-
tiveness heavily relies on the completeness of the weblog
collected. Inaccuracies or gaps in weblogs, such as miss-
ing clicks and incomplete session record, could impact the
calculation of the attention score. The study examines two
website types, namely the online roadshow website and
the e-commerce website, to validate the applicability of the
framework. In the future, more engagement metrics can be
added to framework to capture other dimensions of user atten-
tion. Nonetheless, the Cluster-N-Engage framework offers
valuable insights into website engagement and opens the
opportunity for further research to address these constraints.
products.

VII. CONCLUSION
The Cluster-N-Engage framework presented in this paper
aims to take a deeper dive into user engagement on websites.
User navigational behavior is first extracted from the weblog
by performing web usage mining. Web session clustering
is then performed on the online roadshow and e-commerce
weblog to group session clusters according to their similarity.
After the clustering process, four user engagement metrics,
namely hourly activeness, hourly traffic, daily activeness, and
daily traffic are used to measure the engagement level of
each session cluster. To make decision-making easier among
organizations, a single score is aggregated from multiple user

engagement metrics to provide the overall engagement of
the website. According to the engagement levels of each
user engagement metric, the attention score is formulated to
show the amount of attention that the website received from
the users of each session cluster. Besides that, the attention
score can provide insights into the success of the website in
achieving its objective.

The future work in this study involves analyzing the tran-
sition of session clusters in users. Web sessions of a user
can belong to many session clusters. By analyzing the cluster
transitions in users, more user navigational patterns can be
extracted to understand the level of user attention varies
across different clusters.
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