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ABSTRACT

The success of corporates is highly influenced by the effectiveness and ap-
peal of each corporate’s website. This study was conducted on TEKmation,
a South African corporate, whose board of directors lacked insight regard-
ing the website’s usage. The study aimed to quantify the web-traffic flow,
detect the underlying browsing patterns, and validate the web-design effec-
tiveness. The website experienced 7,935 visits and 57,154 pageviews from 1
June 2021 to 30 June 2023 (data sourced by Google Analytics). Grubb’s test
has identified outliers in visit frequency, the pageviews per visit, and the visit
duration per visit. A small degree of missingness was observed on the mobile
device branding (1.24%) and operating system (0.03%) features which were
imputed using a Bayesian network model. To address a data-shift detected,
an artificial neural network (ANN) was proposed to flag future data-shifts
with important predictors being the period of year and volume of sessions.
Prior to clustering, feature selection methods assessed the feature variability
and feature association. Results indicated that low-incidence webpages and
features with natural relationships should be omitted. The K-means, DBScan
and hierarchical unsupervised machine learning methods were employed to
identify the visit personas, labelled get-in-touch (12%), accidentals (11%), drop-
offs (30%), engrossed (38%) and seekers (9%). It was evident that the premature
drop-offs needed further exploration. The Cox proportional hazards survival
model and the random survival forest (RSF) model have identified that the
web browser, visit frequency, device category, distance, certain webpages,
volume of hits, and organic searches proved to be drop-offs hazards. A tiered
Markov chain model was developed to compute the transition probabilities
of dropping-off. The contact (63%) and clients (50%) states recorded a high
likelihood to drop-off early within the visit. In conclusion, using statistical
methods, the study informed the board on of its audience, the flaws of the

website and proposed recommendations to address concerns.

Keywords: Bayesian networks; Google Analytics; machine learning methods;

Markov chains; survival models; web analytics, web personas.
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CHAPTER 1

INTRODUCTION

1.1 Introduction

This chapter outlines the background of the study, related literature is re-
viewed, the problem statement, aim and objectives of the study are pre-
sented. Furthermore, this chapter details the significance, contribution of
this study and concludes with the outlines of the subsequent chapters.

1.2 Background

The internet has transformed into a global marketplace (Hu and Haddud,
2020; Luo, 2021). Customers are able to purchase or browse goods and ser-
vices that are globally available by using the world wide web, which can
be accessed through devices such as mobile phones, tablets or computer de-
vices (Mbete and Tanamal, 2020; Rita et al., 2019; Wang and Law, 2019). As
a result, businesses are compelled to design and maintain website’s that are
attractive, efficient, user-friendly and competitive (Bleier et al., 2018; Noor-
behbahani et al., 2019). In the context of online shopping, the corporate’s
website can be approximated to a store’s branding and image (Miao et al.,
2022; Tien, 2017). Although online shopping is the norm in first-world coun-
tries, developing countries are adopting this form of e-commerce rapidly
(Haji, 2021; Khan et al., 2019; Mustafa et al., 2022; Tunio et al., 2023). On-
line shopping has proven to be mutually beneficial to shoppers and stores
(Al-Lami, 2021; Xuhua et al., 2019). The latter stores benefit from reduced op-
erating costs, reduced reach limitations, faster response to market demands,
et cetera, whereas consumers benefit, among other things, from the conve-

nience, no crowds and access to product reviews.

A website can be closely monitored by using web tracking tools/plug-ins

such as Google Analytics. The tracking tools record the volume of users who
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enter the website, their activity on the website, their online duration, the
devices used to access the website, their geo-location, the number of times
the person has entered previously, et cetera (Kantanantha and Awichanirost,
2022; Kumar and Ogunmola, 2019; Onder and Berbekova, 2021). Although
these web data may be highly complex due to the variances in browsing be-
haviour, the data may also be highly insightful. Data scientists would seek
to understand browsing patterns and ultimately seek to optimise spending
and customer engagement (Mahmutovic, 2020; Sood, 2022). The study has
employed traditional and modern statistical methods to make sense of the
web tracking data of a corporate that has begun its digitalisation journey.

This study was conducted on a South African engineering and training cor-
porate (TEKmation). TEKmation is classified as a small, micro, and medium
enterprise (SMME) with several campuses across South Africa and footprints
in Mozambique and Angola. The objectives of TEKmation are the following;:
Firstly to offer engineering consulting services to other entities or assist in
the manufacturing or modification of products that require specialised engi-
neering skills and tools. Secondly, to offer engineering training that can en-
able students to attain nationally recognised qualifications such as trade-test
qualifications, apprenticeships, learnerships, and more. The trades offered
by TEKmation include mechanical engineering, air-conditioning, refrigera-
tion, electrical engineering, welding, instrument engineering and a series of

other associated courses, for example basic-first-aid and health-and-safety.

The board of directors at TEKmation invested in a corporate website. The in-
tention behind the website was to facilitate marketing of the corporate in the
hope of growing awareness and, ultimately, revenue. At the time of the study,
the website of TEKmation was an informative one, containing detailed infor-
mation about the entity itself and its offerings (without a log-in, online sale
or online study functionality). However, the board of directors was not in-
formed of the traffic on the website, nor if it was used in the intended manner.
Although the members of the board believed that the website visits could po-
tentially be complex to make sense of at face value (due to endless possible
page paths a visitor could follow), they were concerned about the volume of
people entering the website, visitors” activity on the website and whether the

drop-off rates were acceptable.
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1.3 Web analytics literature review

Web analytics is often referred to as the study of a website’s visitors, with
a primary interest in comparing visit behaviour to the intended purpose of
the website; in other words, a website is designed with a specific purpose,
and website owners have to ensure that it is being used in the intended
manner. Web analytics involves, by definition, tracking, reviewing and re-
porting on visits to understand web activity, including the use of a website
and its features, for example, webpages, images and videos (Belair-Gagnon
and Holton, 2018). By construct, a typical website is built off a domain
(www.tekmation.co.za) that represents the main website; thereafter, several
webpages are attached to the website (e.g., about-us or contact-us) and are of-
ten placed after the *\” domain (e.g., www.tekmation.co.za\about-us) (Huang
et al., 2022; Schmitt et al., 2021). Although on a given domain, a visitor can
navigate through the webpages that belong to that domain by clicking on
available links.

The literature that is further discussed within Section 1.3 highlights related
work on website analytics. Porsche et al. (2022) conducted a study to un-
derstand reading behaviour within online books. The main purpose of the
study was to assess the performance of the Google Analytics tracking tool
as a format suitable for advanced tracking of reading behaviour within web
books, to prescribe measurements for reading the behaviour of web books,
and to present the results of a pilot study. Using the analytics conducted, the
study suggested deployment procedures of web books and presented possi-
ble methods of web book performance evaluation. Furthermore, the study
concluded that the Google Analytics tool was a valuable tool for tracking
traffic to individual books and quantifying the traffic to the entire web book
collections on the observed data, by using unique custom and advanced met-

rics that were proposed.

Domazet and Simovic (2020) conducted a study to measure the performance
of an online informal educational institution by means of web analytics. The
goal of the study sought to determine the best-performing acquisition chan-
nel for non-formal educational institutions and the aggregate visitor profile

of this kind of educational programmes by means of visitor acquisition and
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behaviour data. The key metrics employed to assess the performance of the
various acquisition channels were the conversion rate, average session du-
ration, and bounce rate. However, visitor demographics (e.g., gender and
age data) were supplemented on the side of the visitor’s specific data. The
findings of the study concluded favourable and suggested that the findings
emerging from this study could apply to other non-formal educational insti-
tutions too.

Jonathan et al. (2019) employed web analytics to understand church mem-
bers” activities on the Church-Cast application that hosted online sermons.
The researchers believed that the study would ultimately increase user knowl-
edge and interaction. Church-Cast was developed to make sermons of the
Gospel ministries more available to their church members by means of digi-
tal channels of the internet and mobile devices. It was believed that time con-
straints and religious restrictions of low-capacity church members in certain
parts of the world had resulted in church members being unable to attend
their locations of worship physically to listen to or watch their ministers. The
application, being web-based, tracked visitors” usage and thereby informed

the administrator of visitors” activities on the application.

Semeradova and Weinlich (2020) examined the web traffic of user-friendly
websites and proposed an analytical procedure based on data sourced from
Google Analytics, using the online interface that is made available by Google.
The researchers claim that web-user experience testing may often be very
time-consuming, costly, and biased since the number of web-testers is fre-
quently quite small. Within the study conducted by the researchers, a pro-
posed analytical framework based on the web tracking data, sourced from
Google Analytics, was presented. The framework proposed leveraging off
the features and capabilities provided by the Google Analytics web-interface
and introducing the concept of virtual pageviews as a user attention indica-
tor. The study conducted A/B testing during which each test group repre-
sented an e-shop design. The performance of each e-shop design was anal-
ysed to determine the leading design.

Kalyankar and Anute (2022) sought to assess the value that web analytics
yielded to e-commerce. The primary objective of the study was to identify

how web analytics was employed within the e-commerce sector, as well as to
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determine the way in which e-commerce enhanced a corporate’s financials
by means of web analytics. The study focused on target strategies and at-
tempted to advocate web analytics in sales and marketing. The findings of
the study highlighted the importance of first having strong financial goals set
to make meaningful sense of web tracking data.

Cirlugea et al. (2020) performed web analytics to assess the impact and op-
timisation of Facebook advertisements on a small Romanian company that
specialised in the manufacturing of clothing in an artisanal and artistic man-
ner. The primary objective of the study was to gauge the performances of
Facebook adverts in terms of customer reach, engagements and reactions to
the adverts; to quantify the effectiveness of Facebook adverts towards the
sale of the products; and to establish a possible target audience for the brand.
The outcomes of the study were expected to illustrate a Facebook advert

guide for young niche businesses to grow.

Rosqa and Ati (2022) conducted a study on an Indonesian corporate by us-
ing web analytics in conjunction with qualitative data obtained from the cor-
porate to assess the vital statistics of the corporate’s website (e.g., bounce
rate and pageviews). The main objective of the study was to quantify the
statistical results of the Elzatta website analysis by using a web tracking
tool. The study employed a combination of a qualitative approach through
observation data collected at the corporate’s premises and secondary web
analytics data sourced from the corporate’s website. The findings of the
study indicated that the corporate’s visitors totalled 187,163 visitors within
the six-month analysis period. Furthermore, the volume of website visitors
increased monthly, with the most frequent visitor profile being females be-
tween the ages of 18 and 34 years from the Indonesian towns of Jakarta,
Surabaya and Bandung. Most website visitors accessed the website through
mobile devices that either entered the website through browsing for the web-
site or following a social media link from Facebook and Instagram. Further-

more, the study recorded a high bounce rate of 51.48%.

Pirvu and Anghel (2019) proposed a double recurrent neural network machine-
learning solution that reads visitors” behaviour in their previous visits and
predicts their behaviour in their current visits. The researchers claim that e-

commerce web applications are embedded within their own day-to-day lives
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as well as the local economy. However, most applications are believed to
lack the adaptation to users’ needs and, subsequently, result in sub-optimal
conversion rates and unsatisfied customers. The study presents a machine
learning tool that learns the interests” of visitors from previous sessions and
predicts useful metrics for the current session. Thereby, these predicted met-
rics can inform applications to allow customisation and allow better recom-
mendations. This will also allow presenting better offers of specific products,
targeted notifications or the placing of targeted adverts. Pirvu and Anghel
believe that the proposed model will be accurate and allow applications to
better customise the website offers to a client’s needs and better predict a
target base. The findings of the study indicated that the model can yield a

probability score for each of the defined target classes.

Mariyapillai and Pratheepan (2021) conducted a web analytics study on an
online library web portal of the Uva Wellassa University (UWU); their pri-
mary interest was to understand the spatial distribution of library visitors.
The study tracked a few webpages, including the home page, online public
access catalogue, and an institutional repository. The website analytics indi-
cated that the studied website had been visited by roughly 366,756 local and
global visitors during the period of the study. On their studied website, most
visitors entered the University’s website from the United States of America
(15.82%), followed by visitors from the Netherlands (4.78%).

Stelian and Stoicu-Tivadar (2020) employed web analytics to study and quan-
tify the level of interaction in a virtual reality (VR) medical application that
was designed for educational purposes. The medical application allowed
users to observe and handle human bones in a virtual environment. The web
analytics indicated that the foot bones attained an interaction rate of 80%,
whereas other skeletal structures attained an interaction rate of 100% on the

observed data.

Table 1.1 provides a summary of the related work presented within this study:.



1.3. Web analytics literature review

Table 1.1: Literature review summary.

Stoicu-Tivadar
(2020)

reality application.

tical methods.

Authors Context of study Methods Key find-
ings/recommendations
Porsche et al. | Web analytics on online | Exploratory/no statis- | Google analytics proved valu-
(2022) books. tical methods. able in monitoring traffic to
specific books and collections
of books.
Domazet and | Web analytics on an online | Exploratory/no statis- | The study was able to deter-
Simovic (2020) | informal education institu- | tical methods. mine the best-performing ac-
tion. quisition channels.
Jonathan et al. | Web analytics on an online | Exploratory/no statis- | The study indicated that the
(2019) Church platform. tical methods. church platform was useful for
those unable to physically at-
tend places of worship.
Semeradova Web analytics study across | Exploratory/no statis- | Using Google’s Analytical
and Weinlich | several user-friendly web- | tical methods. available reporting facilities,
(2020) sites using Google’s Ana- it was possible to conduct
lytical dashboard. A/B testing to optimise web
design.
Kalyankar and | Web  analytics of e- | Exploratory/no statis- | The study highlighted the
Anute (2022) commerce. tical methods. importance of web analytics
within e-commerce.
Cirlugea et al. | Web analytics to assess the | Exploratory/no statis- | The study illustrated a Face-
(2020) impact of Facebook ad- | tical methods book guide for small busi-
verts. nesses.
Rosqa and Ati | Web analytics on an In- | Exploratory/no statis- | The exploratory analysis de-
(2022) donesian e-commerce | tical methods. mographically profiled the
website client base.
Pirvu and | Web  analytics recom- | Artificial neural net- | The ANN model proved to be
Anghel (2019) | mender system. works to make recom- | highly accurate in recommen-
mendations based on | dations to target groups.
learnings from the vis-
itors” previous brows-
ing patterns.
Mariyapillai Web analytics on an online | Exploratory  spatial | The study profiled the geo-
and library. analysis. demographics of the audience.
Pratheepan
(2021)
Stelian and | Web analytics on a virtual | Exploratory/no statis- | The findings of the study de-

tailed the usage of the virtual

reality components.

Given the recent literature presented in Table 1.1, none of the discussed litera-

ture has indicated analysis that guided the researcher on how the underlying

intentions of a website were determined. Furthermore, several of the related

literature employed descriptive statistics to aggregate the complex web visit
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data. However, descriptive aggregation is less insightful relative to the meth-
ods detailed within this study.

Although it is evident that web analytics has attracted much research in re-
cent years, there are still gaps in the literature that this study aims to fill.
The research presented within this thesis differs from the literature in several

ways:

¢ Firstly, the construct of the studied website is different. This study is
conducted on a South African informative engineering website (i.e.,
a non-transactional website) in which the online behaviour will differ
from most other websites, as the underlying intention behind a visit is
dependent on the nature of the website under study.

* Secondly, at the time of writing, none of the reviewed literature applied
statistical methods to explore, addressed concerns within the data, or
extracted meaning from the complex web analytics data.

¢ Thirdly, this research addresses concerns that are specific to these data,
for example investigation of the data-shift, as well as further investiga-
tion of the clusters and intents that emerged from the studied data. The
high volume of drop-off intents was also studied by means of survival
models to identify the key hazards and Markov chain models in order
to study the transition probabilities of drop-offs, thus, filling a crucial

gap in literature.

1.4 Statement of the problem

The directors of the TEKmation board have invested in their corporate web-
site and, in return, sought to understand the following: firstly, what visi-
tors were doing on their website; and secondly, whether there was any evi-
dence of concerns that require immediate changes to the website. Although
these seem to be practical questions, the answers thereof were certainly not
straightforward. The nature of online browsing data is highly complex and
the data are often large in volume (Awan et al., 2021; Fu et al., 2019). Visi-
tors entering a website have differing intentions, follow unique page paths,

spend varying amounts of time on it, may re-visit it days later, and so forth.



1.5. Aim and objectives

The study aims to understand visit behaviour by analysing the complex web
browsing data and examining potential concerns to ultimately promote the

growth of TEKmation within a competitive environment.

1.5 Aim and objectives

The main aim of the study is to employ statistical and machine learning
methods on the complex web-visit data to yield a clear understanding of the
underlying visit behaviour and identify any evidence of potential concerns

on the studied website. This was achieved by

i quantifying the web-traffic volumes and assessing the data quality on

missing data and outliers through exploratory analysis;

ii investigating the factors behind a data-shift using artificial neural net-

works;

iii feature selection prior to unsupervised machine learning across the var-
ious online web data types by using redundancy and relevance quanti-

tative methods;

iv personifying and identifying the intents behind website visits by using

clustering techniques;

v identifying the factors influencing the time to website drop-offs hazards
by using random survival forest models and Cox proportional hazards
models;

vi predicting the transition probabilities of a website visitor from the ini-

tial webpage to the next page, by using tiered Markov chain models.

1.6 Significance of the study

This study has been conducted on real-life data and the findings of the study
aim to address the research objective of the organisation. The findings and
recommendations of the study are to be embedded within the business strat-
egy to grow its market share. Furthermore, given the rise in e-commerce

(particularly in developing markets), this study can also be used as a guide
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for corporates to understand their digital channels by using the statistical
methods employed. A common problem faced by many website owners is
elevated levels of website drop-offs (Garg and Dhari, 2019; Wang et al., 2021);
the latter refer to the event when a person exits a website prematurely (Pou-
los et al., 2020). This study details methods to understand and address pre-
mature drop-offs. Due to the complex nature of website data, many similar
applications, such as traffic theory, can also leverage off the analytical meth-
ods employed within this study. At the time of writing, limited research
could be found documenting a detailed advanced analytical framework for
website data.

1.7 Contributions

The major contribution of this thesis is the application of statistical and ma-
chine learning techniques in modelling online behaviour. The contributions

are as follows:

1. The evaluation of statistical methods of feature selection prior to unsu-

pervised machine learning models on web analytics data.

2. The assessment of the ability of artificial neural network models to de-

tect shifts in browsing data patterns.

3. Studying the underlying intents behind web visits by using three fun-
damentally different unsupervised machine learning techniques.

4. The comparison of a Cox proportional hazard and a random survival
forest model in their ability to detect the hazards that drive time to web-
site drop-offs.

5. The exploration of tiered Markov chain models to predict the most
likely subsequent webpage per visitor, given that the visitor was on

a certain page.

The contributions have added value to TEKmation and have been published
in five academic papers by statistical journals that are indexed by Scopus.
At the time of writing, four papers have been published and one has been

accepted for publication.
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1.8 Thesis outline

The subsequent chapters are discussed as follows: Chapter 2 of this thesis
introduces the information that the Google Analytics tracking tool records

and presents the exploratory analysis on the observed data.

Chapter 3 employs artificial neural networks to understand the impact of
the data-shift caused by the COVID-19 pandemic and has been published by
the Applied Mathematics and Information Sciences Journal; the article is titled
“Modelling the South African COVID-19 induced web traffic data shift using
artificial neural networks”.

Chapter 4 details feature selection methods for unsupervised machine learn-
ing on the website data types and has been published by the Statistics, Op-
timization & Information Computing Journal, it is titled “Selecting key features
of online behaviour on South African informative websites prior to unsuper-

vised machine learning”.

Chapter 5 discusses the underlying intents that were identified behind the
website visits on the observed data which discovered a concern with web-
site drop-offs which has been accepted for publication by the Annals of Data
Science Journal entitled “Identifying the intents behind website visits by em-

ploying unsupervised machine learning models”.

Chapter 6 probes the high degree of website drop-offs by using survival mod-
els. This has been published by the Journal of Applied Sciences and is titled
“Identifying the key hazards behind website drop-offs by solving a survival

problem”.

Chapter 7 employs tiered Markov chains to predict the next webpage viewed;
it has been published by the Journal of Statistics Applications & Probability and
is titled “A tiered approach to Markov models when future events are not

independent of the past: an application in web analytics”.

Finally, Chapter 8 concludes the study and discusses the limitations and fu-
ture work.

11



CHAPTER 2

THE DATA AND
EXPLORATORY ANALYSIS

2.1 Introduction

The data under study was collected through the Google Analytics tracking
tool. To enable Google Analytics tracking, a Google Analytics account had
to be created initially and a tag obtained. Thereafter, the tag needed to be
embedded within the website’s hypertext markup language (HTML) code so
that the tracking tool could monitor visits and store the data linked to the
corresponding Google Analytics account (Alhlou et al., 2016; Weber, 2015).
When this has been done, a data pipeline was constructed (as depicted in
Figure 2.1). A data pipeline represents the process that ingests raw data from
various data sources and thereafter stores the data within the intended en-

vironment, for example a data lake or data warehouse (Helu et al., 2020;
Mitchell et al., 2022).

Google
.' Analytics

I !
@ ~7SQL Server

Figure 2.1: An illustration of the study’s web analytics data pipeline.

As illustrated in Figure 2.1, visitors entered the studied website by means

12
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of a mobile, desktop, laptop, or tablet device. The Google Analytics track-
ing tool monitored the visitors” activities, stored them within a cloud server
and linked the data to the associated Google Analytics account created. The
researcher then accessed the tracking data through Google’s application pro-
gramming interface (API) by using the R data science programming tool.

By design, it was an informative website that served to inform visitors of the
entity’s purpose, offerings, history, contact information and clients. How-
ever, the studied website did not have a log-in feature, nor could visitors
transact on the website at the time of study. Figure 2.2 depicts the website’s
home page at the time of study (prior to further planned modifications).

Home AboutUs Courses v Accreditations Partners Contact Us

Leaders In

Engineering

View Courses

Figure 2.2: TEKmation home page (source: Author’s own contribution).

The studied website contained 15 webpages in total, which could further be
grouped into six high-level categories (as illustrated in Figure 2.2), namely
home, about-us, courses, accreditations, partners and contact-us.

2.2 Data description

The data sourced from Google Analytics were recorded at a detailed level.
Each visit was assigned a unique key and information about the visit was
stored across several relational tables in a Microsoft SQL database as de-
signed by the researcher (Meier and Kaufmann, 2019; Schule et al., 2021).

13
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Table 2.1 discusses the variables that were available from the web tracking

tool on the studied website.

Table 2.1: Web analytics original variables.

‘ Web variable ‘ Data type ‘ Description
Bounces Binary Flag to indicate if a visitor has merely entered the website and thereafter
immediately dropped-off.
Browser Categorical | Indicates the web-browser used to visit the website (e.g., Chrome, Edge or
Firefox)
ClientID String Represents Google Analytic’s encrypted identifier (should a visitor return at

a later point, Google Analytics would present the same identifier across all
this person’s visits). Therefore, although anonymous, the ClientID enables

the study of repeat visits and the corresponding behaviour.

Country Categorical | Indicates the country of the visitor’s location when entering the studied web-
site.

DateHourMinute Datetime Represents the time-stamp from the point of entry to the point of exit for each
visit.

DaysSinceLastSession | Numeric The number of days a user is returning to the website.

DeviceCategory Categorical | Indicating if a tablet, mobile or desktop/laptop device was used.

Hits Numeric the count of any action taken on a webpage that results in data being sent to

Google Analytics tracker (e.g., page-clicks).

Longitude/Latitude Float Indicates the geographic coordinates of the visitor when browsing the stud-
ied website.

MobileDeviceBranding | Categorical | Indicates the device brand (e.g., Samsung or iPhone).

OrganicSearches Binary Flag to indicate if a visitor entered the website by organically searching for
keywords as opposed to clicking a link from a social media site or typing in

the domain.

OperatingSystem Categorical | Indicates the operating system of the device used to access the website (e.g.,
Android or iOS).

PagePath String Represents the webpage that the ClientID visited at a given point in time
(e.g., home or contact-us).

Pageviews Numeric Represents the number of instances a page was loaded (or reloaded).

Region Categorical | Indicates the geographical region that the visitor was in when entering the
studied website.

Session Numeric Represents a visit and is made up of a collection of actions.

SessionDuration Numeric Represents the total duration of the visit (seconds).

Source String Represents the origin of traffic. Either a visitor has clicked on a social media

link to enter the studied website or searched through a search engine to find

the website (e.g., Facebook or Twitter).

UserType Categorical | Indicates if the user is a new user or returning user.

Table 2.1 details the fields as recorded by the Google Analytics tracking tool
on the observed website (Vecchione et al., 2016). The first column in the ta-
ble lists the fields obtained; the data type column indicates the format of the
corresponding fields, and the description column provides an explanation
of the corresponding data field. These variables represent the raw data from
the tracking tool. However, in order to achieve the study’s objectives, some of

these fields had to be further processed to extract more meaning from them;

14



2.2. Data description

for example, a distance was created by computing the Euclidean distance be-
tween the visitors’ coordinates and the TEKmation's offices (Patel and Upad-
hyay, 2020; Wu et al., 2021). A detailed list of the processed/inferred vari-
ables that were created for the purposes of analytics and modelling can be

seen in Table 2.2.
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Table 2.2: Web analytics processed variables.

Measure Data type | Description

AC Binary Flagged as 1 if the first page viewed was the “‘Accreditations’ page.

Accreditations Numeric | Count of visits the user made to this page within each session.

AP Binary Flagged as 1 if the first page viewed was the “Apprenticeships’ page.

Apprenticeship Numeric | Count of visits the user made to this page within each session.

AU Binary Flagged as 1 if the first page viewed was the ‘About-us’ page.

Bounce rate Percentage | The proportion of total visits that leave the website seconds after entering.

CE Binary Flagged as 1 if the first page viewed was the ‘Customised-Engineering’ page.

CL Binary Flagged as 1 if the first page viewed was the ‘Clients” page.

Contact-us Numeric | Count of visits the user made to this page within each session.

Courses Numeric | Count of visits the user made to this page within each session.

CR Binary Flagged as 1 if the first page viewed was the ‘Courses’ page.

CU Binary Flagged as 1 if the first page viewed was the ‘Contact-Us’ page.

Customised-engineering-trading | Numeric | Count of visits the user made to this page within each session.

DataShift Binary A flag to indicate the COVID-19 lock-down levels four and five when the
data-shift was experienced.

Desktop Binary Flags if the website was visited using a desktop or laptop device (as opposed
to a tablet or mobile device).

DesktopRate Percentage | The rate of visits from a desktop device.

Distance Numeric | The Euclidean distance between the user’s coordinates and the company’s
coordinates (owner of the website).

EA Binary Flagged as 1 if the first page viewed was the ‘Engineering-Academic’ page.

Engineering-academic-studies Numeric Count of visits the user made to this page within each session.

Engineering-Trade Numeric Count of visits the user made to this page within each session.

ET Binary Flagged as 1 if the first page viewed was the ‘Engineering-Trade’ page.

H Binary Flagged as 1 if the first page viewed was the ‘Home’ page.

Home Numeric | Count of visits the user made to this page within each session.

Huawei Binary Flags if the website was visited using a Huawei mobile device.

International Binary Flags if the user is South African or not.

L Binary Flagged as 1 if the first page viewed was the ‘Learnership” page.

LocalRate Percentage | The incidence of visits located within South Africa.

MobileRate Percentage | The rate of visits from a mobile device.

NewUserRate Percentage | On a given day, the incidence of new users whom there is no evidence of
having visited the website before.

PublicHoliday Binary A flag to indicate if the visit occurred on a South African public holiday.

Samsung Binary Flags if the website was visited using a Samsung mobile device.

SC Binary Flagged as 1 if the first page viewed was the ‘Short-Course’ page.

sessionCount Numeric An indicator of the nth time the user has accessed the website.

Short-courses-skilled-programmes | Numeric | Count of visits the user made to this page within each session.

Survived Binary Flags the visits that have survived. By definition, observations were consid-
ered to have survived if they viewed three or more webpages within the visit
to the studied website.

T Binary Flagged as 1 if the first page viewed was the ‘“Trade-test’ page.

Trade-test-arpl Numeric | Count of visits the user made to this page within each session.

8] Binary Flagged as 1 if the first page viewed was the “University-of-technology’ page.

University-of-technology-uot Numeric | Count of visits the user made to this page within each session.

Users per day Numeric | The number of unique viewers that visit the website per day.

Weekday Binary A flag to indicate if the visit occurred on weekdays.

YearEnd Binary A flag to indicate if the visit occurred during the year-end period.
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2.3 Descriptive statistics

This section presents the exploratory analysis to give a high-level overview
of the study’s web analytics data. The observed website data were stored in a
Microsoft SQL database (Jameel et al., 2022; Shijitha et al., 2022) and a Power-
Bi report was constructed to aggregate and visualise these data (Becker and
Gould, 2019; Trieu et al., 2022). In the report that was developed, there were
four main sections (as detailed further within this section), namely sessions,
activity, devices and geography. Although web tracking was enabled since
the start of 2019, the exploratory analysis below represents two years of web
visits, from June 2021 to June 2023.

Figure 2.3 depicts the session-related visuals on the studied website and dis-
cusses the key session metrics.

Distribution of Number of hits per page Bounce rate
5997 2
Unique Visitors 2 [l 2%
2 1l 33e%

7935 ey B 1160%
sessions o Sessions 0.00% 100.00%
57154
pageviews

Distribution of Total page views per session
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&
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TotalPageViews

Distribution of session duration (seconds)
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OrganicSearches

SessionDuration {seconds)

Figure 2.3: Web session metrics.

As depicted in Figure 2.3, the studied website received 5,997 unique visi-
tors (as determined by the unique ClientID) who visited the website over the
analysis period. The total number of visits on the observed data amounted to
7,935 sessions. This implies that the average unique visitor visited the web-
site 1.32 times. The total number of pages viewed amounted to 57,154. The
number of pageviews and hits (57,594) were almost equal, as by design, the
studied website required mouse-clicks to navigate from one page to another.
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The observed data recorded 917 bounced sessions. This represents visits dur-
ing which a person would enter the website and exit immediately. Although
the exact reason behind the bounce was unknown, it was likely due to a
person entering by mistake (e.g., the visitor was looking for another com-
pany with a similar name). Therefore, the bounce rate on the observed data
equated to 11.6%, which was computed by assessing the proportion of to-
tal sessions that had bounced (i.e., 917 bounces out of 7,935 visits). A high
bounce rate could be indicative of serious website flaws. Jansen et al. (2022)
conducted a study on 86 websites and observed that the average bounce rate
across the studied websites equated to 56.2% with the lowest being 20.4% and
the highest 88.9%. However, in the observed study, a bounce rate of 11.6%
was acknowledged as satisfactory.

By assessing the distribution of hits per page (excluding bounced visits), it
can be concluded that most people action at least two hits per page. Further-
more, roughly 33% of visits only view one webpage before exiting (inclusive

of bounced visits and visits with a negligible amount of time spent online).

It was also observed that roughly 44% of the visits were less than 30 sec-
onds in duration (excluding bounced visits). Although a satisfactory bounce
rate was observed, it was concerning to realise that roughly one in three vis-
its have only viewed one webpage prior to exiting the website (inclusive of

bounced visits and visits with a negligible amount of time spent online).

Figure 2.4 discusses the repeat behaviour of visitors on the studied website.
The tracking tool assigned a unique ClientID to a visitor and should this
visitor return at any point in the future, the same ClientID would be used to

enable studying the repeat behaviour of visitors.
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Figure 2.4: Web activity metrics.

As illustrated in Figure 2.4, the studied website was mostly visited by new
visitors. Within the pie chart of the figure, new-visitor represents the volume
of visits belonging to visitors who have accessed the website for the first time,
whereas returning-visitor represents the volume of visits that belong to visi-
tors who have accessed the studied website at least once before. Roughly, one
in every four visits was from returning visitors who had accessed the website
previously. Conversely, three in every four visits were from new visitors who
had accessed the website for the first time.

Of the returning visitors who had accessed the website previously, the aver-
age return time on the studied website was 9.5 days between the previous
visit and the current one. However, when assessing the detailed distribu-
tion in the number of days since the previous visits of the returning visitors,
the observed study indicated that roughly 57% of returning visits occurred
at a later point on the same day. From the right-skewed distribution (Atil-
gan et al., 2019) in the number of days since the previous visit, it could be
indicative of the likelihood that returning diminished as time progressed.

The web tracking tool that was enabled on the studied website was able to
record detailed information on the device-specific metrics (Figure 2.5). The
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tracking tool was able to determine the type of device used (i.e., mobile de-
vice, desktop/laptop device or tablet device), the web browser used (e.g.,
Chrome or Safari), the operating system of the device (e.g., Windows or An-
droid), and the device brand (e.g., Samsung or Huawei). Such level of in-
formation can be highly informative in cases where the website may contain
compatibility flaws across specific devices. For example, if a particular web-
site does not load correctly onto a specific web browser due to a compatibility
error, the data will indicate no visits from such a browser or an outstanding
drop-off rate (Bentameur and Belmihoub, 2022; McGuirk, 2023).
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Figure 2.5: Web device-specific metrics.

As depicted in the pie chart in Figure 2.5, roughly 60.5% of visits to the stud-
ied website were through mobile devices. The portion of visits from desktop
computers or laptops accounted for 38.7%, whereas tablet devices were used
to access the website for just under 1% of the total visits. Google Chrome
was observed as the most frequent web browser (73.6%) used by visitors
to enter the studied website, followed by Safari (7.5%) and Samsung Inter-
net (7.1%). Although the operating system is dependent on the type of de-
vice used (Crutcher et al., 2021), the studied website observed android sys-
tems being the most used operating system (53.5%), followed by Windows
(34.3%), i0S (7.8%), and Macintosh (2.3%). Furthermore, Samsung has fea-
tured as the most popular mobile device (26.9% of all visits) used to access
the studied website, followed by Huawei (13.6%) and Apple (7.8%).
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The tracking tool enabled on the studied website was able to determine the
geographic latitude and longitude coordinates from the visitor’s IP (inter-
net protocol) address. The latter represents a unique numerical identifier,
assigned by the internet service provider, for every device or network con-
nected to the internet (Waggoner et al., 2019).

Therefore, as illustrated in Figure 2.6, the spatial distribution of visits could
be assessed at a country and regional level to understand the geographic
location of visitors on the studied website. Some devices (due to anti-virus
or personalised web browser settings) may prevent the tracking tool from
determining the detailed geographical location of the visitor, though.

Country

Region

54.30%

Users

Gauten

KwaZulu-.

Location
Country
® South Africa E
@ United States
@ India
China

® Netherlands

@ France

@ Finland

6.54K (82.48%)

Regien

Figure 2.6: Web geographic metrics.

According to the studied website, (as illustrated in Figure 2.6), most visits
were from South Africa (the country the studied corporate belongs to). How-
ever, a material portion (17.5%) of visits belonged to foreign countries, with
the United States accounting for 6.5% of total visits and India accounting
for 1.8%. At a regional level, the most frequent region was KwaZulu-Natal
(54.3%), the province where TEKmation’s head office was based and where
it held its largest footprint. Subsequently, the trailing regions within South
Africa were Gauteng (21.8%) and the Western Cape (4.7%). It can also be seen
that the portion of visits from unknown regions was minimal (as indicated
by the not-set label) and represented 3.5% of the total visits. However, the
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country information could still be determined for the region with not-set vis-
its. The spatial distribution in Figure 2.6 depicts the cities from which there

were visits and provides a visual of the concentration areas of interest.

2.4 Outlier analysis and missing data

This section discusses the assessments conducted to identify extreme value
data points and quantify the levels of missingness on the studied data. Fur-
thermore, the section discusses the actions followed in response to the outlier

and missing data assessments conducted on the data.

2.4.1 Outlier analysis

Outlier analysis can be described as the process of identifying and probing
the data points that significantly differ from the general trend of the data
(Ali Mohammadi and Chen, 2021; Buschjager et al., 2022). Outliers often rep-
resent extreme values found within quantitative data types that can distort
statistical measures such as the mean values (Shrifan et al., 2021). However,
two schools of thought prevail; although researcher agrees that outliers are
harmful to aggregated metrics, many believe that outliers represent true and
real-world occurrences and should therefore not be ignored (Andre, 2021;
Uzun Ozsahin et al., 2022).

On the observed web tracking data, the presence of outliers was investigated
on the total numbers of website visits per ClientID, the total number of pages
viewed per visit and the total visit duration per visit. Grubb’s test for outliers
indicated a p-value of 0.00, which implied the existence of outliers (at a 5%
level of significance) on the total number of website visits per ClientID (Uba
et al., 2021).

Figure 2.7 depicts a scatter plot of the total number of visits per ClientID.
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Figure 2.7: Total visits per client distribution.

The x-axis in Figure 2.7 represents the individual visitors. whereas the y-axis
represents the corresponding number of total visits to the observed website
(Santos et al., 2021). It was apparent that an extreme value existed. The track-
ing tool recorded that a specific ClientID had visited the website 272 times.
Given that the analysis period spanned over two years, further investiga-
tions indicated that this visitor had visited the website daily and could pos-
sibly represent a communal desktop or a staff member. Upon studying the
behaviour of this outlier during each of the individual visits, the browsing

pattern did not raise any alarms.

However, since this extreme value suppressed the remaining data points, it
was removed in Figure 2.8 to allow the researcher to study the remaining
distribution of visits per ClientID.
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Figure 2.8: Total visits per client distribution - post outlier removal.

Figure 2.8 represents the scatter plot of the number of visits to the website per
ClientID after the removal of the extreme value that was identified in Figure
2.7. The x-axis of Figure 2.8 represents the individual visitors and the y-axis
the corresponding count of visits. It was then observed that the total number
of visits per person ranged between one and eleven times. It inference was
also drawn that the lower the visit frequency, the higher the concentration of

data points.

Figure 2.9 thus represented the histogram that quantified the volume of unique
visitors per frequency. This indicated the volume of ClientID’s that visited
the website once, twice, three times and more within the analysis period of

the studied website.
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Figure 2.9: Total visits per client distribution - histogram post outlier re-
moval.

The histogram depicted in Figure 2.9 indicates that the vast majority of unique
ClientIDs visited the studied website once within the analysis period. The
x-axis represented the count of total website visits, whereas the y-axis repre-
sented the count of unique ClientIDs (Nino Rondon et al., 2022; Wang et al.,
2022). Thereafter, the volume of unique ClientIDs that visited the studied
website on a more frequent basis diminished steeply. The histogram pre-
sented in this figure reflects the distribution after the removal of the identi-
fied outlier to allow for a better understanding of the remaining data points.

Subsequently, the distribution of the time each visitor spent on the studied
website per visit was assessed to identify the existence of extreme values (as
depicted in Figure 2.10). Grubb’s test for outliers indicated a p-value of 0.01,
which implied the existence of outliers (at a 5% level of significance) on the

visit duration per visit (Uba et al., 2021).
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Figure 2.10: Visit duration distribution.

Figure 2.10 represents the total visit duration per visit in seconds, where the
x-axis of the scatter plot denotes the individual visiting records, and the y-
axis represents the subsequent time spent on the studied website during that
visit. It was observed that although most of the visits were less than 600
seconds (10 minutes), there were diminishing volumes of observations that
reached up to 5,460 seconds (91 minutes). Although the visits with a duration
of over 4,000 seconds differed materially from the rest of the observations,
the implications were still within reason, as the researcher believed it was
understandable that a visitor could spend up to 90 minutes on the studied
website if they wanted to read all the provided content properly.

The third measurement involved the collection of data on the number of
pages viewed per visit; these data were then assessed for extreme values.
The web tracking tool that was enabled on the studied website tracked the
non-unique count of pages viewed per visit. For instance, if, within a single

visit, the visitor would view the home page, navigate to the courses page and
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2.4. Outlier analysis and missing data

then return to the home page, the home page would count as two pages, since
it was viewed twice. Grubb’s test for outliers indicated a p-value of 0.00,
which implied the existence of outliers (at a 5% level of significance) on the
count of webpages viewed per visit (Uba et al., 2021). Figure 2.11 depicts the
scatter plot of the total pageviews on the studied website.
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Figure 2.11: Visit pageview distribution.

The x-axis of Figure 2.11 represents the individual visits, and the y-axis in-
dicates the corresponding count of non-unique pages viewed on the studied
website. According to the distribution observed, most of the visitors viewed
less than 10 pages, although there were some observations that reached 40
non-unique pageviews. However, the board of directors believed that it was
reasonable for visits to reach up to 40 pageviews, as the website contained 15
unique pages.

Given the three quantitative aspects screened for outliers (visits per Clien-

tID, duration per visit and pageviews per visit), all outlying data points were
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2.4. Outlier analysis and missing data

found to be understandable and explainable on the studied website. How-
ever, should any of these measures be used in aggregation (e.g., K-means
model), a winsorisation clean would be necessary (as discussed in Section
5.2.6).

2.4.2 Missing data

The engineering and training corporate, TEKmation, employed a web track-
ing tool to study the traffic flow and behaviour of users on the corporate web-
site. However, in doing so, the web tracking tool yielded a small portion of
incomplete information due to technical incompatibilities or resistance from
certain applications that restricts sharing of certain information (e.g., geo-

graphic or device-related information).

Types of missingness

Missing data are believed to contribute to a loss of information and therefore
result in a reduced statistical power (Enders, 2023; Gomer and Yuan, 2022).
Furthermore, missing data have been found to potentially introduce selection
bias and therefore invalidate data in extreme cases (Hong and Lu, 2023; Zhou
et al., 2023).

The occurrence of missing values can be classified as either one of three types:

¢ Missing completely at random (MCAR) occurs when the missingness
is entirely independent of all other features (Kularia et al., 2023).

* Missing at random (MAR) occurs when the missingness depends on
the observed features. For example, respondents may not answer a cer-
tain question, since because they are uncomfortable with sharing their
residential address information (Takai and Hayashi, 2023).

* Missing not at random (MNAR) refers to situations where the miss-
ingness of a feature depends on hidden causes (unobserved variables)
(Pereira et al., 2023).
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2.4. Outlier analysis and missing data

Within the study, the missingness was best described as missing completely
at random, since the missingness had nothing to do with the person being
studied and occurred mostly due to technology-related constraints. Further-
more, since the data had been tracked and compiled systematically, a low
level of missingness was to be expected. Accordingly, the missingness could
be attributed to technical incompatibilities or resistance from certain applica-

tions that hindered tracking of certain information.

Observed levels of missingness

Of all features recorded by the web tracking tool on the studied website,
the mobile device brand and operating system features specifically contained
missing information on the observed data. The degree of missingness on the
mobile device brand was 1.24% and the operating system was 0.03%. Upon
inspecting the individual visits that contained such missing data points, it
could be seen that all other information was recorded. Therefore, instead
of deleting these data points, the researcher attempted to impute the miss-
ing information (Chattopadhyay et al., 2023; Chowdhry, 2023). Although the
percentage of incompleteness was minimal, this section discusses the use of

Bayesian network models to complete the missing information.

Imputation using a Bayesian network model

Bayesian networks, also commonly known as probabilistic networks, Bayes
nets or belief networks, belong to the family of probabilistic graphical mod-
els (Bibartiu et al., 2023; Vomlel et al., 2023). The term ‘Bayesian networks’
arose in 1985 and were further explored in the late 1980s by Judea Pearl and
Richard E. Neapolitan. Pearl (1988) made use of the term ‘Bayesian net-
works”: “A probabilistic network (also referred to as a belief network, Bayesian
network or, somewhat imprecisely, causal network) consists of a graphical structure,
encoding a domain’s variables and the qualitative relationships between them, and a

quantitative part, encoding probabilities over the variables” (Ben-Gal, 2008).
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2.4. Outlier analysis and missing data

Bayesian network definition

A Bayesian network is a graphical representation of a probability distribution

over a set of variables in the universe
Q = Xl; )(27 7Xn

It is composed of two facets (Cintron, 2022; Yao, 2023):

1. a directed network structure (S) in the form of a directed acyclic graph
(DAG), and

2. a set of the local probability distributions (P) for each node (variable),
conditioned on all possible combinations of the parental nodes.

Network structure

The network structure is constrained to be acyclic. This simply means that
the structure does not loop or lead back to itself. Upon this graph, cycles
may be undirected. An undirected cycle would have edges pointing in differ-
ent directions. Such occurrences would represent possible influence between

certain variables in the cycle.

Let Pa; denote the parents of the corresponding variables at the nodes X;
and S;. Then, the joint probability distribution function (pdf) for X is:

n

P(x) = Hp(l’z'|27@z’)- (2.1)

1=1
For any set of random variables belonging to €2, the probability of any mem-
ber of this joint pdf can be calculated from the conditional probabilities using
the chain rule:
N

P(X;=X1, ., Xy = 2) = [ [ P(Xe = 20| X1 = Tursr, o0 Xy = 2). (2.2)

w=1

As a result, the joint pdf can be written as:

P(X; = X1, Xn = an) = [ [ P(X0 = 20| X; = 1), (2.3)
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2.4. Outlier analysis and missing data

for each X; which is a parent of X,,..
These probabilities may originate from two sources: It can be obtained from
either prior knowledge or from the data itself.

Conditional probability tables

The conditional probability tables (CPTs) represent the quantitative compo-
nent of the Bayesian network nodes. The CPTs define the conditional proba-
bility distribution of each node within the Bayesian network.

The derivation of CPTs can reach intensive levels due to the potential size
of conditional probability distributions. Suppose a variable 7; € T, with a
number of states r; within 7; and the number of states 7; of each parent 7); €

Pa(T;) computed as:

size(CPT); = ;. H r;. (2.4)

r(1})

Suppose r; is equal for all 7; with n parent nodes, then the expression (Equa-
tion 2.4) reduces to:
size(CPT); = ry.r;". (2.5)

The intensity arises since the size of the CPTs are exponentially related to the
number of parents, n (as expressed in Equations 2.4 and 2.5). Hence, Bayesian

models may be computer-intensive when models have numerous nodes.

Inference

Inferring with Bayesian networks involve utilising the CPTs to compute the
probability of one or more nodes T given some prior knowledge or evidence,

e. This is expressed as p(T'|e). Using Bayes’ rule, p(T'|e) may be evaluated as

follows: Pelt).P()
Equation 2.6 is further expanded using the sum rule and product rule:
P(elt).P(t) >, (P(elti).P(7)).P(t) 27)
Ple) X 22, Pelt)-P(t).-P(i) '
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The denominator of Equation 2.7 serves as a normalisation constant that en-
sures the probabilities of 7" values sum to 1. Hence, a normalisation term is
accounted for:

a(P(elt).P(t)) = a(Y_ (Ple|ti).P(i)).P(1)). (2.8)

Although the computational math may be intricate, modern computers en-
able efficient and automated inference (e.g., the bn-learn R package).

This study employed Bayesian network models to impute the missing in-
formation identified within the observed web tracking data. The initial as-
sumption was that the features with missing information were dependent on
all other available features. Figure 2.12 depicts the assumed dependencies of

the given study.
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Figure 2.12: Directed Bayesian network model for imputation.

Within the observed data, the mobile device branding and operating system
features recorded missing information. A Bayesian network structure was
assumed in which the mobile device branding and operating system were
dependent on all other categorical features available within the observed
data. The dependency assumption would allow the model to construct the
conditional probabilities that estimate the likely values of the mobile device
branding and operating system, based on the subsequent values of all other

known categorical features.

To assess the accuracy of this assumption, a subset of complete data was
used to fit the assumed structure and estimate the conditional probabilities
(the training dataset), whereas a subset of data was used to evaluate the ac-
curacy of the fitted model by comparing the actual values to the predicted
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values that resulted from the conditional probabilities (test data). On com-
pleted records, a random 95% of the data were used to train the Bayesian
network model (Collart and Guisan, 2023; Singh et al., 2021), whereas a ran-
dom 5% of completed records were taken to test the accuracy of the assumed
dependencies and the conditional probabilities (Picardi, 2022). Due to the
vast number of categories, the modelling allowed for a larger training base

during the model build.

To gauge the accuracy of the Bayesian network’s ability to impute the miss-
ing values, the predicted values were compared to the actual values on the
validation dataset. Table 2.3 presents the confusion matrix on the operating
system feature (Markoulidakis et al., 2021; Xu et al., 2019).

Table 2.3: Predicted vs actual operating system on the test dataset.

OperatingSystem | Android | iOS | Macintosh | Windows
Android 360 0 0 0
Chrome OS 0 0 0 0

i0S 1 29 |0 0

Linux 0 0 0 4
Macintosh 0 0 11 5

Tizen 0 0 0 0
Windows 0 0 0 349
Windows Phone | 0 0 0 0

In Table 2.3, the rows represent the actual data, whereas the columns rep-
resent the predicted values on the test data. A classification accuracy of
98% was attained on the test data (Mohammed et al., 2019; Moreno-Barea
et al.,, 2020). Upon further investigation, the conditional probabilities de-
tected strong associations between the operating system and the browser
type (e.g., Chrome and Safari) or the type of device. For example, the iOS
operating systems used were mainly the Safari web browser and mainly
on Apple devices. Upon inspecting the low-incidence data points (operat-
ing systems with less than 30 visits), the confusion matrix illustrated that
the Bayesian network models had performed poorly relative to the high-

incidence data points.
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Table 2.4 presents the confusion matrix of the mobile device brand feature to
assess the accuracy of the predicted values from the Bayesian network model
compared to the actual values on the test data.

Table 2.4: Predicted vs actual mobile device brand on the test dataset.

MobileDeviceBranding ‘ Apple ‘ desktop ‘ Hisense ‘ Huawei ‘ Mobicel ‘ Nokia ‘ Samsung ‘ Sony ‘

Acer 0 0 0 0 0 0 1 0
Apple 29 0 0 0 0 0 0 0
Blackview 0 0 0 0 1 0 0 0
desktop 0 369 0 0 0 0 0 0
Hisense 0 0 2 9 0 0 0 0
Huawei 0 0 0 102 0 0 25 0
LG 0 0 0 4 0 0 1 0
Mobicel 0 0 0 1 0 0 0
Nokia 0 0 0 0 3 5 0
Samsung 0 0 0 62 0 0 142 1
Vivo 0 0 0 1 0 1 0 0
Vodafone 0 0 0 0 0 0 1 0

In Table 2.4, the rows represent the actual data, and the columns the pre-
dicted data. The classification accuracy on the mobile device brand feature
was 85% on the test dataset. Here, the Bayesian network model had also de-
tected an association between the device brand, the operating system and the
browser. As illustrated in this table, the imputation results of low-incidence
brands (mobile device brands with less than 30 visits) were relatively poor in

comparison with the high-incidence brands.

To address the missing data detected on the studied website, a Bayesian net-
work model was employed to impute the missing web tracking data (Santos
et al., 2022; Vazifehdan et al., 2019; Ye et al., 2019). With web traffic tracking
data, the volume of missingness was minimal and likely driven by technical
incompatibilities or restrictive applications that prevented the tracking tools
from fetching certain information. The Bayesian network model had a high
overall classification accuracy on the test data when imputing missing mobile
device branding and operating system features. The accurate classification of
the mobile device branding and operating system features was attributed to
strong associations between these features and the corresponding browser

type and device category features. However, across both the mobile device
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branding and operating system, the imputation results were often incorrect

on low-incidence data points relative to the high-incidence data points.

2.5 Concluding remarks

Chapter 2 has discussed the features supplied by the Google Analytics web
tracking tool on the studied website. A description of the features and data
types were discussed. The exploratory analysis was also conducted to quan-
tify the traffic on the studied website during the analysis period. This anal-
ysis indicated that the website was visited by 5,997 unique visitors, with
7,935 total visits and 57,154 pageviews. The studied website also indicated
a relatively low bounce rate (11.6%) and of the 7,935 visits, 3,706 visits were
found organically (46.7%). It was also established that most visits belonged
to new visitors and a fair mix of mobile and computer devices were used
to access the studied website. Although the website attained a wide geo-
graphic spread of visitors, the majority belonged to the major South African
provinces. Although the observed bounce rate of the study was satisfactory,
a major concern emerged about the material portion of visitors that merely
viewed less than three pages on the studied website and thereafter dropped-
off.

The data quality assessments included outlier analysis, using Grubb’s test,
on the number of visits per unique client, the visit duration per visit, and the
number of pages viewed per visit. Although some observations were mate-
rially higher than the majority, all extreme values were rational according to
the business owner’s understanding of the studied website. Furthermore, a
small degree of missing values was observed on the studied data within the
mobile device branding and operating system features. With regard to the
observed data, a Bayesian network model displayed satisfactory results on
its ability to impute the missing data points.

Outside the analysis period of the study (June 2021 to June 2023), a material
data-shift was observed prior to 2021 and is further discussed in Chapter 3.
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CHAPTER 3

INVESTIGATING A WEBSITE
TRAFFIC DATA-SHIFT USING
ARTIFICIAL NEURAL
NETWORKS

3.1 Introduction

Although the exploratory analysis presented in Chapter 2 spanned June 2021
to June 2023, the web tracking data was enabled from October 2019. How-
ever, going into the year 2020, a material data-shift was observed on the stud-
ied website. The exploratory and subsequent analysis was conducted on the
data periods after the recovery of data patterns. Chapter 3 investigates the
data-shift and proposes an artificial neural network model that could be used
to continuously monitor the data patterns and alert if a shift in data patterns
are detected.

To contain the spread of the coronavirus contagion of the year 2019 (COVID-
19), the South African government attempted to balance economic and in-
dividual activity. Upon imposing harsh individual restrictions, the result
would imply higher levels of unemployment and, conversely, too loose indi-
vidual restrictions would result in a higher spread of the contagion than the
healthcare systems could support (Kabisa et al., 2021; Kalogiannidis, 2020).
The South African government managed the balance through a risk-adjusted
strategy by introducing lock-down levels ranging from lock-down level one
to lock-down level five. Lock-down level five allowed minimal economic
activity and stronger isolation rules whilst lock-down level one permitted
most industries to trade with the weakest individual isolation rules (Arora
et al., 2020; Olivier et al., 2020). During the peak COVID-19 periods, global
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economic health has been severely impacted across many sectors of indus-
try (Baycan and Tuysuz, 2022; Mudahemuka et al., 2023; Selvanathan et al.,
2021).

This chapter sought to investigate the shift in online user-behaviour during
the peaks of the COVID-19 pandemic. The objective of the study was to iden-
tify the key factors of change observed on an informative website of an en-
gineering training and engineering service provider (Bhrammanachote and
Sawangdee, 2021; Galhotra and Dewan, 2020; Kumar et al., 2022). Further-
more, the chapter proposed an artificial neural network model that can be
employed to detect the presence of future data-shifts based on the learnings
of the COVID-19 induced data-shift. In the event of another data-shift occur-
ring in the future, without being detected, the data-driven business decisions
could be misleading. Thereby, it is suggested, that the proposed model be run
in parallel with other data-driven tools such as reports and machine learning
models that guide business decisions to detect a data-shift as soon as it occurs
(Xiong et al., 2020).

Online behaviour change has been of interest to many researchers. Rodda
etal. (2018) studied online behaviour change to understand problematic gam-
bling. The researchers concluded that using change strategies to influence
online problematic gambling behaviour was very complex and required fur-

ther research with a broader population base (Rodda et al., 2018).

Perski et al. (2016) studied user engagement with digital behaviour change
interventions. The researchers proposed a conceptual framework where the
digital behaviour change intervention was influenced by the intervention it-
self. The researchers claimed that the context and mechanisms used may
moderate the influence on the user’s response to the digital behaviour change

intervention (Perski et al., 2016).

Richiello et al. (2021) conducted a study to understand the challenges in-
fluencing webchat counselling. The researchers identified several possible
methods to address the challenges and initiate a behaviour change. The
study made use of an online behaviour change wheel and embedded sur-
veys to address challenges (e.g., to prompt online counselling). However, it
was found that low survey take-up rates may imply an impractical approach
(Richiello et al., 2021).
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The literature discussed further shares research on shifts in data patterns
(data-shifts) across several other applications apart from online web data.
Furthermore, some researchers highlight the danger that data-shifts impose

on existing machine learning and analytical frameworks.

Kiley and Vaisey (2020) studied population-wide cultural change. The first
aspect studied stated that people are actively updating their beliefs and be-
haviours as they process new information. The second aspect argued that fol-
lowing early socialisation experiences, the dispositions are stable. The data
used were sourced from the General Social Survey. The study revealed that
whilst short-term changes were noticed, persistent change occurred primar-

ily amongst young people (Kiley and Vaisey, 2020).

Stacke et al. (2020) have claimed that neural network machine learning mod-
els are very accurate within a stable data environment. However, in the pres-
ence of a data-shift, unseen data poses a challenge to the generalisation of
neural networks. The study focused on data-shifts within image processing
employed within histopathology. The study proposed the use of convolu-
tional neural networks to identify data-shifts thereby suggesting potential
in-accuracies (Stacke et al., 2020).

Taori et al. (2020) assessed the impact of natural distribution shifts in im-
age data compared to current synthetic distribution variations on predictive
model robustness. The findings of the study concluded that distribution
shifts that arise from real-world data remain an open research problem. This
implied that such data-shifts do impact machine learning accuracy (Taori
et al., 2020).

In an application of machine learning, to identify new biomarkers, Dockes
et al. (2021) have highlighted the impact of data-shifts. The study conducted
defined the breaking point and manner in which machine learning extracted

biomarkers fail in the presence of data-shifts (Dockes et al., 2021).

Adams-Cohen (2020) used Twitter data and machine learning methods to
study the shift in sentiment when the Supreme Court legalised same-sex mar-
riages. The data-shift indicated that the Supreme Court’s decisions polarise

public opinion in the short term (Adams-Cohen, 2020).
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Guo et al. (2020) proposed a method of enhancing neural network model ac-
curacy in the presence of a data-shift. The study developed a continuous
kernel cut segmentation algorithm by factoring in normalised cuts and con-
tinuous regularisation over the data. The outcome of the study proved that
the method reduced segmentation variability and achieved excellent classifi-

cation accuracy (Guo et al., 2020).

Xiong et al. (2020) emphasised on the hyper-parameter settings of machine
learning models. In particular, the study proposed a protocol for assessing
the hyper-parameter sensitivity to data-shifts. However, the results of the
study indicated that no clear winner could be determined (Xiong et al., 2020).

This chapter assesses the key features of the COVID-19 induced data-shift
and further proposes an artificial neural network (ANN) model that can be
employed to detect the occurrence of a future data-shift based on learnings
from the COVID-19 induced data-shift. At the time of the writing, no such
literature existed in this context. Although online behaviour during the pan-
demic would be specific to the nature of the website itself, the approaches
employed within this study can nonetheless be adopted on other websites
to understand the significance of behavioural changes during the COVID-19

pandemic.

3.2 Research methodology

This study employed artificial neural network models to understand the data-
shift in online web behaviour experienced during the COVID-19 outbreak.
The models were used to understand the key factors of change detected
within the data. Furthermore, a predictive model has been proposed to detect
the occurrence of a data-shift should one occur in the future. Although other
predictive models could have been likewise employed (e.g., ensemble meth-
ods), the artificial neural network has proven adequately accurate within this

application.

3.2.1 Artificial neural networks

An artificial neural network (ANN) is a statistical machine learning algo-

rithm that imitates the process of the human brain. An ANN consists of
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artificial neurons that exist in several layers. These neurons are linked to
each other through a network of connections (or nodes) (Hopfield, 1988).
The ANN structure processes the data from inputs to an output using bi-
ases allocated to the neurons, weights associated with the connectors and an
activation function. Figure 3.1 illustrates a three-layer artificial neural net-
work. As illustrated in Figure 3.1, the input layer neurons are connected to
the hidden layer neurons via weights. These weights dictate the influence
that each input layer neuron imposes onto the hidden layer (Hopfield, 1988).

| ;%Q\

Input layer Hidden layer Output layer

Input 1

Qutput 1
—

Figure 3.1: Artificial neural network architecture.

An ANN is optimised through the number of hidden layers and nodes that
the modeller must determine on a given set of data. The ANN is able to
determine the nodes that are more important than others by assigning more
influential weights to the more important nodes (Hopfield, 1988). Although
artificial neural networks are commonly employed in supervised problems
and known to be high-performance models, ANN may also be implemented
in unsupervised applications (Belhaj et al., 2021). There are several compu-
tational algorithms available to construct an ANN (e.g., multi-layer feedfor-
ward, feedforward or feedback networks). However, multi-layer feedfor-
ward models are considered the most frequently used architecture (Belhaj
et al., 2021).
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Following a general machine learning approach, modelling ANN consists of
the collection of inputs and outputs (independent and dependent features),
the selection of the model design (feed-forward or feed-backward), training
the model and lastly, testing and validating the model. Depending on the
outcome of the model, the process may be re-run by optimising the hyper-
parameters (number of hidden nodes and hidden layers) for optimal model
accuracy (Hopfield, 1988). Within the learning process of the model, the algo-
rithm initially has a large prediction error when comparing the actual results
to the predicted results. However, the system then minimises the error by ad-
justing the nodal weights through an iterative process. This iterative process
of optimising the nodal weights is completed through back-propagation be-
tween the output nodes and hidden layers of the network. During the train-
ing process of the artificial neural network, a validation step is applied to
optimise the performance of the model by governing the number of epochs
per training cycle. The epochs represent the iteration process used by the
model to minimise prediction errors of the model (Hopfield, 1988).

The final step of the modelling entails testing the model’s performance on
unseen data. By comparing the model’s prediction to the actual (or desired)
results accuracy metrics are quantified (Hopfield, 1988).

ANN definition

By definition, an artificial neural network (ANN) represents a generalisation
of mathematical models of the biological nervous systems (Abraham, 2005).
A typical artificial neuron (a) and the modelling of a multi-layered (b) neural
network is illustrated in Figure 3.2.
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Figure 3.2: Architecture of an artificial neuron and a multilayered neural net-
work.

With reference to Figure 3.2, the signal flow from inputs z;,...,x,, is considered
to be unidirectional, which are indicated by arrows, as is a neuron’s output
signal flow (O). The neuron output signal O is given by the following rela-
tionship (Abraham, 2005) as per Equation 3.1:

0 = flnet) = f (31 ywyes). (3.1)

where w; represents the weight vector, and the function f(net) represents
an activation (transfer) function. The variable net is defined as the scalar

product of the weight and input vectors as per Equation 3.2:

net = wle = wixy + ... + WnTn, (3.2)

where T represents the transpose of a matrix and, in the simplest case, the

output value O is computed as per Equation 3.3:

1 if wh' >0

. o (3.3)
0 if otherwise

O = f(net) = {

where ¢ represents the threshold level, with this type of node being termed a

linear threshold unit.

Feed-forward artificial neural networks

By construct, a feed-forward artificial neural network represents an ANN

with a forward feeding topology (Figure 3.3) and maintains the condition
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that information must flow from input to output solely in one direction with-
out back-loops (Krenker et al., 2011). The feed-forwarding construct holds no
limitations on the number of layers, the type of transfer function employed
within individual neurons or the number of connections between the indi-
vidual artificial neurons. In the simplest form, a feed-forward artificial neu-
ral network contains a single perceptron that is known to learn solely linear
separable problems.

S :

] : e

> Xa . & -%'

E = 3

a ] o

- |

X4
Input { Hidden | Output . Single neuron
Layer Layer Layer
X, n, m,y - signals w, q, r - weights F - transfer functions b - biases

Figure 3.3: Feed-forward artificial neural network.

Where z,n,m and y represent signals; w, g, r represent weights; F' represents

transfer functions and b represents biases so that:

ny = Fi(w2y + by),
Ng = Fg(’wgl’g -+ bg), (3 4)
nsg = FQ(’UJQJJQ + bz),
ny = Fg(wgl'g + b3)
my = Fy(gimi + gana + by), (3.5)

my = F5(gsns + qang + bs).
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y = Fg(rimy + ramy + bg). (3.6)

1 (Fylqn Fi[wizy + bi] + e Fo|wama + bo]] + by) + ...

y = Fg
woo 1o (Fs[qa Fo[wary + bo] + qaF3[wsws + bs]] + bs) + be

(3.7)
As illustrated in Figure 3.3, and as quantified by Equations 3.4, 3.5, 3.6 and
3.7 the simple illustrated feed-forward artificial neural network implies po-
tentially long mathematical expressions. Therefore, in practice, specialised
software is employed to build, explain and optimise simple and complex ar-
tificial neural network structures (Krenker et al., 2011).

Recurrent artificial neural networks

A recurrent artificial neural network, by construct, follows a recurrent topol-
ogy as illustrated in Figure 3.4 (Krenker et al., 2011). A recurrent ANN, in
principle, is similar to a feed-forward neural network however holds no lim-
itations on back-loops within the flow process. With a recurrent ANN, in-
formation is no longer uni-direction but it is also transmitted backwards.
Therefore, an internal state of the network is created which allows for a dy-
namic temporal behaviour. Figure 3.4 hypothetically illustrates a fully re-
current ANN and illustrates the complexity of the artificial neurons’ inter-
connections. Within this illustration, every neuron is directly connected to
every other neuron in all directions. There are several other recurrent artifi-
cial neural network constructs such as Hopfield, Elman, Jordan, bi-directional
and other networks that are merely variations of recurrent artificial neural
networks (Krenker et al., 2011).
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Input vector
Output

Input Hidden Qutput
Layer Layer Layer

Figure 3.4: Fully recurrent artificial neural network.

3.2.2 South African lock-down levels

The online metrics supplied by the Google Analytics platform were observed
across the South African lock-down levels that influenced the observed data-
shift. The South African authorities regulated population and industrial be-
haviour through the implementation of lock-down levels at appropriate stages
of the pandemic. The lock-down levels, as detailed in Table 3.1, sought to
govern the trade-off between economic activity and the spread of the conta-

gion.
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Table 3.1: SA COVID-19 lock-down levels.

SA lock-down level | Description

Level 0 (L) No economic or personal restriction (the period prior to
the COVID-19 outbreak).
Level 1 (L) Most normal activity can resume, with precautions and

health guidelines followed at all times. The population

prepared for an increase in alert levels if necessary.

Level 2 (L) Physical distancing and restrictions on leisure and social
activities to prevent a resurgence of the virus.

Level 3 (Ls) High degree of precaution and restrictions on personal ac-
tivities.

Level 4 (Ly) Extreme precautions to limit community transmission
and outbreaks, while allowing some activity to resume.

Level 5 (Ls) Drastic measures to contain the spread of the virus and
save lives.

The South African COVID-19 lock-down level five represented the most strict
economic and socio-economic restrictions on the country. Level five was acti-
vated during the early stages of the outbreak whilst emergency hospital facil-
ities were in development and when the spread of the virus was outrageous.
And accordingly, between the waves, when the number of active COVID-19
cases was minimal, lock-down level one was activated at the lowest. It was
found that during the harsh levels (four and five) of lock-down, a distinct
data-shift was observed in the studied data. Of the observed features, sev-
eral measures were directly sourced from the Google Analytics tracking tool,
and other features were implicitly created (for instance, the YearEnd feature,
which flags behaviour during the December holiday period to differentiate
between seasonality and a data-shift). The data-shift feature flags the periods
of lock-down level four and five when the data-shift was experienced on the
observed data (Tables 2.1 and 2.2).

3.3 Empirical results

This section discusses the exploratory analysis of the studied online web be-
haviour to illustrate the data-shift. Furthermore, the outputs of an ANN

model and subsequent feature importance are presented.
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3.3.1 Online behaviour

This section discusses key aggregate online metrics between the various lock-
down levels to assess the shifts in online behaviour. The analysis focuses
on, firstly, traffic to the website and thereafter, the behaviour whilst on the
website. Table 3.2 presents the average number of users visiting the website
per day, the average session duration and the average number of pageviews
per session (by definition, a session refers to a user’s visit to a particular

website).

Table 3.2: Aggregate key online metrics at the various lock-down levels.

Avg. wusers per | Avg. session | Avg. pageviews
day duration (s) per session

0. Level 0 | 5.39 387.80 3.32

1. Level1 | 4.64 342.95 3.26

2. Level2 | 497 331.76 3.52

3. Level3 |5.18 287.61* 3.21

4. Level4 | 3.57* 298.23* 3.02

5. Level 5 | 2.83* 358.61* 3.10

From Table 3.2 for instance, on the observed website, an average of 5.4 users
visited the website per day prior to lock-down and spent on average, 388
seconds during a typical session. During the harshest lock-down level five,
an average of 2.8 users visited the website per day and spent, on average, 359

seconds on the website.

Using the Mann-Whitney U two-tailed test for significance (*), lock-down
levels 4 and 5 record a significant difference in user-visits per day relative to
level 0 (at a 5% level of significance). The test for significance further informs
that the session duration during levels three, four and five are significantly
different relative to the pre-COVID period. Although the session duration
shows a statistically significant difference, the extent of the change seems
minimal. It is evident that during the harsh levels of lock-down (levels four
and five), the studied website experienced a drastic drop in traffic flow into

the website. However, whilst on the website, user-behaviour remained fairly
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stable across the lock-down (as quantified by the pageviews and session du-

ration).

3.3.2 ANN feature selection

The features initially considered to be explanatory of a data-shift were further
assessed for correlation with each other to identify redundancy and relevance

in terms of distribution to identify features with little variance.

Figure 3.5 illustrates the correlation matrix of the feature set. According to
Figure 3.5, the darker and larger blue bubbles represent a stronger positive
correlation. And conversely, a darker and larger red bubble represents a

stronger negative correlation.
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Figure 3.5: Correlation matrix between features considered for the ANN.
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The correlation matrix indicated that the hits and pageviews features have
shared a strong positive correlation and hence one had to be omitted. Simi-
larly, the users and sessions shared a strong positive relationship as naturally,
the user volume would influence the session volumes and due to the strength
of the correlation, one ought to be omitted. Although the sessionduration-to-
pageviews and sessionduration-to-hits features share a somewhat high positive
correlation, it is possible that this may not always be the case. For instance,
there may be users with a high volume of pageviews, yet a low session du-
ration in cases where the users rushed through the website. Hence, to avoid
possible loss of information, no omission would be implemented in this re-
gard. A strong negative correlation was detected between the mobilerate and
desktoprate. This was primarily driven by mobile and desktop devices be-
ing used frequently to access the website (tablet devices recorded a far lower
incidence). Hence, to avoid possible loss of information from the tablet user-
behaviour, both the mobilerate and the desktoprate were included within the
model. Correlated features are known to hold redundant information and
are known to potentially influence model performance negatively (Kavzoglu
and Mather, 2002).

To identify features with no variance, Figure 3.6 depicts the box-and-whisker
plots. Features with no variance ought to be omitted from the artificial neural

model as such features would be irrelevant explanatory features (Kavzoglu
and Mather, 2002).
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Figure 3.6: Box plots of scaled features considered for the ANN.

Most features considered to be included within the ANN model do show
variation. The publicholiday, yearend and weekday features were binary flags
and thus naturally did not hold much distribution. However, the tabletrate
feature which quantifies the proportion of web visits that were from a tablet
device on a given day shows minimal variation due to the low-incidence of

table devices and thus was removed from the model.

Therefore, from the correlation and distribution assessments completed, the
hits, users and tabletrate features were omitted from the ANN model.
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3.3.3 Artificial neural net

This section discusses the artificial neural network constructed to detect a
data-shift in the observed data. The proposed model could further be de-
ployed to act as a sensor should a data-shift occur on web traffic data in the
future. Although the model has been trained on the COVID-19 induced data-
shift, it could potentially alarm when data volumes and expected behaviour
change drastically which would inherently affect business profitability. The
features identified for model building in Section 3.3.2 have been normalised

prior to modelling (Van Gassen et al., 2020).

The observed data was randomly split into two subsets, a training dataset
(80%) and a test dataset (20%). The training dataset was used to build the
artificial neural network and the test dataset was used to validate the model

accuracy.

The architecture of the network where eleven input layers (implicit and ex-
plicit features sourced from Google Analytics tracking). By design, there was
one hidden layer with six nodes and the output layer. The output layer was
the dependent variable that flagged the days that a data-shift occurred (Fig-
ure 3.7).

To assess the complexity and interpretability of the ANN, a model of eleven
input layers, one hidden layer with six nodes and a single output layer was
developed. Therefore, the total number of weights were (11%6)+ (6% 1) = 72.
The number of biases were 6 + 1 = 7. Thus, the total number of internal
parameters equated to 72 + 7 = 79. According to literature, the general prin-
ciple suggested that the sample size ought to be roughly more than ten times
the number of internal parameters to successfully train an ANN (Belhaj et al.,
2021). This implied, a minimum sample size of 790 data points was required
for a model of this complexity. Within this study, a base size of over 2000 data
points were used to train the data-shift ANN.
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Figure 3.7: Constructed artificial neural network.

The dependent variable (datashift) naturally contained a class imbalance as
the majority of the data points represented usual behaviour (datashift = 0).
This was addressed through random under-sampling to maintain a propor-
tion of 1:2 data-shift events to regular events prior to training the ANN mod-
els (Johnson and Khoshgoftaar, 2019). The purpose of the under-sampling
was to avoid a majority bias that would affect the prediction results. The
model fitted is illustrated in Equation 3.8:

DataShift ~sessions 4+ bouncerate + sessionduration+
pageviews + publicholiday + yearend + localrate+ (3.8)

newuserrate + desktoprate + mobilerate + weekday.
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During the validation step, the model generated from the training dataset
was validated against unseen data (the test dataset). In doing so, the model

has yielded a 91.07% classification accuracy.

3.3.4 Feature importance

With the artificial neural network yielding satisfactory results, the feature

importance’s are discussed within this section and presented in Figure 3.8.
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Figure 3.8: Feature importance in identifying an online web data-shift.
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Figure 3.8 illustrates the feature importance scores that emerged whilst build-
ing the model. Each feature is assigned a percentage contribution so that the
sum of all features included within the model sums to one hundred percent.
Thus, the higher a feature’s importance percentage, the more important the
feature has proven to be. According to Figure 3.8, the most important fea-
tures (represented by the tallest bars) are the volume of sessions, the year-
end indicator, and the volume of pageviews. The volume of sessions and
pageviews that talk to the traffic flow levels on a particular day. The yearend
feature is merely a flag to indicate if a data point was during the December
holiday period. The important features, thereby indicate that the model was
able to accurately quantify the likelihood of a data-shift occurring by assess-
ing the volume-based features (sessions and pageviews) keeping in mind the
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time of year. The studied website was prone to seasonal patterns, and traf-
fic would, understandably, dip during the December period. Thereby, the
yearend feature was used to inform the model on when data volumes are ex-
pected to drop and not be considered a data-shift.

Whilst ANNs may be prone to overfitting, this study minimized the occur-
rence of overfitting due to an adequate base size given the complexity of
network structure employed within the study. A network structure of eleven
input layers, one hidden layer with six nodes and a single output layer re-
quires a minimum of 790 datapoints (since the number of internal parame-
ters were calculated to be 79) whilst the model was adequately trained on
over 2000 data points. Additionally to avoid overfitting, the class imbalance
inherent within the dependent variable was adjusted and finally the model
was evaluated on a test sample to assess the classification accuracy to further

detect for overfitting.

3.4 Summary

In this study, an artificial neural network model was used to model the COVID-

19 induced data-shift in online web traffic on a South African informative
website. The artificial neural network model has yielded a high detection ac-
curacy in the event of a data-shift occurring even when deciphering between
weekends and seasonal holidays (that would naturally result in a change in
data patterns). The high detection accuracy yielded by the artificial neural
network model suggested that the model can be employed as a sensor to flag
the occurrence of a future data-shift. Although the model has been trained on
a COVID-19 induced data-shift, the model may be used to detect data-shifts

that are driven by other causes having similar symptoms.

According to the observed data, the website experienced a drastic drop in
volume-based readings but fairly stable behaviour for those who have en-
tered the website. Going into the harsh lock-down levels (when the data-shift
occurred), the observed number of visits and users has dropped significantly.
However, for the portion of users that did access the website during the pe-
riod of the data-shift, the observed user-behaviour proved to be stable rela-
tive to the period prior to the data-shift (for instance, stable session duration

and pageview volumes).

55



3.4. Summary

The artificial neural network highlighted that the volume-based measures
(e.g., sessions and pageviews) were important indicators of a data-shift oc-
curring whilst bearing in mind the time of year. The time of year was an
important indicator since volumes would naturally drop during seasonal pe-
riods. Due to the extent of the data-shift detected on the studied website,
the evidence suggested that the key research objectives of this study be ad-
dressed on data after the data-shift normalised. Nonetheless, the key takeout
of the data-shift was the proposed artificial neural network model that could
be employed to detect the occurrence of future data-shifts.

The data dependency of the ANN model was satisfied by a sufficiently large
base size of over 2000 datapoints given the network structure of eleven input
layers, one hidden layer with six nodes and a single output layer. Within the
context of the study, the dependent variable labelled if the datapoint was a
data-shift or not.

With the data-shift understood within Chapter 3 and a model available to de-
tect future data-shifts, Chapter 4 identifies the features to be selected for un-
supervised machine learning to determine the prevalent browsing patterns
within the web traffic data.
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CHAPTER 4

UNSUPERVISED MACHINE
LEARNING FEATURE
SELECTION ON WEBSITE
DATA

41 Introduction

Website traffic often comprises numerous users from several different de-
vices performing a wide variety of tasks and of varying engagement levels.
Thus, attempting to summarise web traffic activity is considered a highly
complex task. A simple but important, yet very difficult question to answer
is: what are people doing on my website? For instance, some users spend
a few seconds on the website whilst others perhaps hours; some users visit
the website once whilst others several times; users have several different en-
try points onto the website and follow unique page paths (Thushara and
Vamanan, 2016). Therefore, due to this complexity, unsupervised machine
learning techniques (clustering algorithms) would assist in further aggregat-
ing the data based on browsing patterns inherent within the data. Prior to
unsupervised machine learning, the process of feature selection is described

as an important yet challenging problem (Wang and Zhu, 2008).

The success of supervised and unsupervised machine learning models de-
pends highly on the features used for data modelling. It has been proven,
that the set of features chosen could either improve or reduce the perfor-
mance of statistical models (Dy and Bordley, 2004). Feature selection would
also determine the computational costs and run-time associated with train-
ing models. Furthermore, feature importance scores are often used to inter-

pret models and thus including the appropriate features is necessary (Dy and
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Bordley, 2004). The initial set of features considered to be included within
the model depends on the available features, the model’s intuition, and re-
search on similar models and applications. The features considered could
be sourced directly from the data or indirectly (inferred) obtained using the
available information (Ferreira and Figueiredo, 2012). Several researchers
have described methods of feature selection for unsupervised machine learn-
ing techniques, however, this study focuses specifically on methods of fea-
ture selection prior to the unsupervised modelling on web traffic data from a
South African informative website. The literature discussed provides a few
examples of previous research on unsupervised machine learning feature se-
lection (UFS).

In an application on microarray data, Wang and Zhu (2008) proposed an un-
supervised feature selection technique that separates data points into clus-
ters, and based on cluster contribution, features were selected. The frame-
work of the study conducted focused on penalised model-based clustering.
The researchers have found that the proposed methods have efficiently re-

moved the non-informative features.

Fraiman et al. (2008) proposed UFS procedures targeted at identifying noisy
non-informative features and multicollinearity between features that are ap-
propriate to the forward-backward clustering algorithm employed. The meth-
ods were based on a two-variable-selection process and conditional means.
The researchers found that the proposed methods did not work well for high-

dimensional data.

Fop and Murphy (2017) classified UFS for model-based clustering into broad
groups: Bayesian, penalisation and model selection approaches which have
been applied to mortality data. The researchers concluded that feature in-
dependence is crucial and the aim is to discard both redundant and unin-
formative features during the feature selection process prior to unsupervised

modelling.

Maugis et al. (2009) proposed an UFS process that classifies each feature as
a relevant clustering feature, an irrelevant clustering feature dependent on a
part of a relevant feature or an irrelevant clustering feature independent of all

relevant features. The selection technique of identifiability and consistency
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proved to be established. The researchers assessed random waveform data

to illustrate the proposed feature selection process.

Chormunge and Jena (2018) proposed the use of correlation assessment to aid
in UFS of high dimension data. The study discussed first feature elimination
through K-means clustering and thereafter identification of non-redundant
features through correlation measures from each cluster. The researchers
state the experiment results, using microarray data, yielded accuracy and

efficacy using the proposed method.

Guerif (2008) proposed UFS through a combination of multiple rankings. The
experiment data showed that the approach yielded effective and stable re-

sults.

The discussed literature details the methods and applications of feature se-
lection conducted by a few previous researchers. However, none provide an
in-depth exploration of the feature selection process on such potentially big,
robust and detailed web traffic data (at the time of writing).

This chapter aims to provide a generalised methodology that could be used
by any corporation hosting a similar website to determine the key features
that construct online user-behaviour groups. Chapter 4 further discusses the
methodology in Section 4.2 and the empirical results in Section 4.3.

4.2 Methodology

This section discusses the background theory on methods that can be utilised
to select the key features for unsupervised machine learning models for the

attainment of accurate online user-behaviour groups.

4.2.1 Feature relevance

During the feature selection process, the variability of the features within the
consideration set needs to be assessed. Features with no variability ought
to be removed and those with little variability need to be further analysed.
For instance, suppose a feature (say, age) has only a single value (age = 32)
across all observations within the dataset (in an extreme case). This would
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imply that the feature age is non-discriminant enough to be included within
the model. Features with low variability can be included if the observations
that differ could potentially provide insight into the unsupervised learning
model. However, data scientists may choose to omit features with relatively
low variance levels (although risking a potential loss of information to the
model) in the attempt to optimise runtime in certain applications of machine

learning.

Variance

The variance provides a measurement of how far spread observations are
from the mean. For a random variable X, Equation 4.1 formulates the vari-

ance, where y; is the expectation (E) of X;:

Although the variance metric is relative to the unit of measure of a partic-
ular feature, the higher the variance metric, the more spread observations
are within the feature. Features with variance = 0 indicate that the feature
observations are all identical. The coefficient of variation (C'oV') of a random
variable X is computed as the square root of the variance (standard deviation

denoted by o) divided by the mean (y:x) of a feature (Equation 4.2)

CoV(X) = 7%, 4.2)
HXx

When the coefficient of variation is less than 1, the feature is said to have
very low variability between the observations with the feature (Brown, 1998).
However, this rule of thumb (coefficient of variance less than 1) has shown
to be unreliable for very small mean values. This is driven by the calculation
of the metric, with the denominator being the mean value, thus the closer
the mean value is to 0, the larger the coefficient of variance metric will be.
In this study, integer-valued features with mean values less than 0.2 and a
coefficient of variance greater than 2.5 can also be used to identify features

that had little variance about an approximate zero mean.

Mean absolute difference
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The mean absolute difference is a measure of statistical dispersion within a
numeric feature. The mean absolute difference of a variable X, is computed
as per Equation 4.3:

MAD(X) = - 37X, — X 4.3

where j represents each observation within X;. The mean absolute differ-
ence provides an indication of the spread of the observations from the mean.
The larger the mean absolute difference, the greater the variability within
a feature. A mean absolute difference of zero implies that all observations
within the feature are identical. Although there was no supporting literature
to define a cut-off point to identify features with very low variability, this
study identified features that have a mean absolute difference within 5% of

the mean to be a low variability feature.

Dispersion ratio

The dispersion ratio of a variable X; represents the ratio between the arith-
metic and the geometric mean of the variable as per Equation 4.4:

Dispersion Ratio(X;) = G/j\i/[ , (4.4)

where y1; = X; = 1 >y Xiyand GM; = ([T, Xl-j)% = elw Xizinai],

T n

The closer a dispersion ratio is to 1, the lower the dispersion between the ob-
servations within a feature. In theory, the arithmetic mean would be larger
than the geometric mean. However, the geometric mean is impacted by zero
or missing values. Hence, the geometric mean (in cases of zero values) is
often computed by excluding the 0 or missing data points which would, in
turn, alter the expected relationship between the arithmetic and geometric
means (de la Cruz and Kreft, 2018). At the time of writing, there is no litera-
ture to advise on a dispersion ratio value that could be used as a benchmark
to identify low variability features. Thus, this study isolated features with
a dispersion ratio between 0.8 and 1.2 as potential low variability features
where zero data points were omitted from the geometric mean computation.
However, depending on the scale of the variables and the distribution of the
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data, an appropriate low variability interval would need to be determined in

other applications.

Coefficient of unalikeability

The coefficient of unalikeability (u) computes how frequently observations
differ from each other within variable X;. It is often used as a pseudo mea-
sure of variance for categorical features of n observations by comparing one
observation z; with another observation within the same variable z; for i, j €
nand i # j (Equation 4.5)

Zi;ﬁj (@i, )

u(Xy) = =5, (4.5)
where
1, Z; 7£ T
oz, ;) = )
0, z; #

The coefficient of unalikeability computes a measure between 0 and 1 where
the measures closer to 1 indicate the data within X; are more unalike (Kader
and Perry, 2007). There is no supporting literature to advise on the point
at which the coefficient of unalikeability indicates very low variability. As a
result, this study employed a rule of thumb that features with a coefficient of
unalikeability less than 0.2 should be considered as possible low variability

features.

4.2.2 Association between features

Within the feature selection process, it is important to inspect the associa-
tion between features. Although measures with high or significant asso-
ciation should be included, this process will highlight potential informa-
tion redundancy and features with potential natural relationships (Ferreira
and Figueiredo, 2012). Thus if features share a high association, further ex-
ploratory analytics is required to decipher if the association indicates redun-
dancy or insight. If features are highly associated indicating redundancy
then one of the two features should be omitted from the unsupervised ma-

chine learning models. Similar to variability, data scientists are often required
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to produce models that are lightweight in terms of run-time. Thus, during
the feature selection process, associated variables may also be omitted (how-
ever potential loss of valuable insight needs to be inspected first). It is also
important to note, an association may or may not be driven by a causal rela-

tionship.

Correlation matrix

A correlation matrix can be used to establish the association between nu-
meric features with each other. The correlation p(x ;) between two random
variables X and Y, where X has a mean values ;i x and standard deviation
ox. Suppose Y has a mean value iy and standard deviation oy is computed
as per Equation 4.6:

El(X — pux)(Y — py)]

PXY) = pay ~ (4.6)

The correlation matrix provides a metric ranging from -1 to +1. Features that
share a correlation close to -1 imply that these features share a strong oppo-
site relationship (when one is high, the other is low and vice-versa). Similarly,
any two features sharing a correlation close to +1, share a strong positive re-
lationship (when one is high, the other is also high). Features sharing a cor-
relation close to 0 imply that these features have no relationship with each
other. Features with an absolute correlation of between 0.68 and 1 are con-
sidered to share a strong or high correlation. Although features that share
an absolute correlation of between 0.9 and 1 are considered to be very highly
correlated (Taylor, 1990).

Chi-squared test for independence

The chi-squared test for independence (x?) can be used to assess the asso-
ciation between categorical features with each other. Although not all de-
pendent variables are a concern, this method will highlight possible redun-
dancy. Suppose a random sample, having n observations, which are classi-
fied into k groups (that are mutually exclusive), having observed numbers
z; (i = 1,2,...,k). Taking p; as the probability that an observation falls into
the ith class and taking the expectation defined as m;=np;, the x* statistic is
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calculated as per Equation 4.7

k
=3y (47)

Itis important to note, that if significant dependencies do occur, features need
not be removed. Rather, the significant dependencies will highlight areas for
further investigation. For instance, if features are naturally dependent, then
one of the two features ought to be removed. For example, the features coun-
try and region (similarly, international and country) will naturally have a de-
pendency and thus one ought to be removed. The null hypothesis that tests
if features are independent follows a significance test where the null hypoth-

esis is rejected if the p-value is less than or equal to the level of significance
(Alpha) (Holt et al., 1980).

Box-and-whisker plot

A box and whisker plot can be used to visualise the association between nu-
meric and categorical features with each other. This visual representation can
inform on the possible level of redundancy as well as the variability between
the two assessed features. A box and whisker plot, is a visual representa-
tion that depicts the minimum value, maximum value, 25th percentile, 50th
percentile and 75th percentile of the numeric features spread across the lev-
els within the categorical feature (Thirumalai et al., 2017). For a categorical
feature X with k levels and numeric feature Y, a box-and-whisker plot will
indicate a strong association if, within the k levels of X, the observations
contain the same value of Y (max-min = 0) and the Y value differs for the k
levels or groupings of the k levels of X. The box-and-whisker plots within
the k categories have non-overlapping interquartile ranges.

4.3 Empirical results

This section discusses acceptable approaches to gauge the variability within
features and the correlation between features across various data types.
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4.3.1 Measure of variability

The variability of numeric features was quantified using the variance, mean
absolute difference and dispersion ratio statistics as reported in Table 4.1. The
non-numeric features were assessed using the coefficient of unalikeability as
shown in Table 4.2.

Table 4.1: Mean and measures of variability within numeric features.

‘ | Mean and measures of variability

s |2
a Lo (= =]
g £ 2 g 5 5 &
Numeric features = > ) p= = p= A
Accreditations 0.1419 0.1698 2.904 0.2496 0.1348 | 0.149 0.1262
Apprenticeship 0.1521 0.1856 2.8314 | 0.2647 | 0.1445 | 0.1597 0.1368
Bounces 0.3966 0.2429 1.2428 | 048 0.3768 | 0.4164 0.3954
Contact-us 0.1949 0.2665 2.6492 | 0.3291 0.1851 | 0.2046 0.1672
Courses 1.0812 2.2372 1.3834 | 1.0988 1.0271 | 1.1353 0.6165
Customised-engineering-trading | 0.0966 0.1369 3.8316 | 0.1785 0.0918 | 0.1014 0.0814
daysSinceLast Session 1.7043 64.2067 47017 | 2.9873 1.6191 | 1.7895 0.2996
Distance 11.3806 | 1253.9402 3.1115 | 17.0262 | 10.8116 | 11.9496 | 22.1475
Engineering-academic-studies 0.0051 0.0154 24.1764 | 0.0102 0.0049 | 0.0054 0.0032
Engineering-Trade 0.0154 0.0442 13.6725 | 0.0305 0.0146 | 0.0162 0.0115
Hits 3.8376 18.338 1.1159 | 2.9534 3.6457 | 4.0295 1.5478
Home 1.1325 0.7857 0.7827 | 0.5831 1.0759 | 1.1891 0.8934
OrganicSearches 0.4726 0.2512 1.0604 | 0.4993 0.449 0.4963 04721
Pageviews 3.8342 18.3455 1.1171 | 2.9538 3.6425 | 4.0259 1.549
sessionCount 2.1487 13.5279 1.7117 | 1.6609 2.0413 | 2.2562 1.4899
SessionDuration 235.5274 | 249615.2537 | 2.1213 | 288.9087 | 223.751 | 247.3037 | 1.4289
Short-courses-skilled-programmes | 0.0103 0.0204 13.9343 | 0.0204 0.0097 | 0.0108 0.0088
Trade-test-arpl 0.2068 0.3969 3.0458 | 0.3596 0.1965 | 0.2172 0.1477
University-of-technology-uot 0.1838 0.3571 3.2521 | 0.3245 0.1746 | 0.1929 0.1324

The values in bold font highlight the features that were detected to be low
variability features according to the respective metrics as discussed in Section
4.2.
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Table 4.2: Measures of variability within categorical features.

Categorical features Coefficient of unalikeability
International 0.1420
Country 0.1473
UserType 0.4167
Region 0.5018
Browser 0.5045

From Table 4.1 the coefficient of variance indicated that the home feature con-
tained low variance. Furthermore, for features with near zero mean values,

the coefficient of variance highlighted that the following features held very

low variability: accreditations, apprenticeships, contact-us, customised-engineering-

trading, engineering-academic-studies, engineering-trade,

short-courses-skilled-programmes and university-of-technology-uot. Similarly, the
courses feature had a mean absolute difference within a 5% interval from the
mean and the dispersion ratio identified the home feature to be a low variance
feature. With regards to the categorical features, the coefficient of unalike-
ability (Table 4.2) indicated that the international and country features show
little variability between observations. Exploratory analysis explained that
most website visits are primarily from South Africa and a minimal portion of
all visits are from elsewhere thus the low variability within the international

and country features.

4.3.2 Measure of association

To assess the measures of association between features, the employed meth-
ods were a correlation matrix, a chi-squared test for independence and box-
and-whisker plots.

Numeric to numeric features

The correlation matrix illustrated in Figure 4.1 expressed the association be-
tween the numeric features with each other.
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Figure 4.1: Correlation matrix of numeric features prior to unsupervised ma-
chine learning.

It is observed that a strong positive correlation exists between visits to certain
webpages (engineering-trade, engineering-academic-studies

and short-courses-skilled-programmes). Although this suggests a strong posi-
tive, it is not advised for such features to be removed due to the correlation
as this relationship may be insightful.

A somewhat strong negative correlation appears between the bounces feature
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and several other numeric features. Naturally, the higher the bounce rate, the
less the interaction with the website. Since the event of a user bouncing is an
important behaviour to monitor, the bounce feature was included within the

unsupervised machine learning model.

However, the hits and pageviews features show to be very highly associated
and to avoid redundancy, one of these two features should be omitted from
unsupervised machine learning models. This was driven by the case study
website, by design not encompassing much engagement per page with users.
Thus, maintaining a pageview-to-hit ratio of 1:1.

Numeric to unordered categorical features

To inspect the association between the numeric features and the categorical
teatures, box-and-whisker plots were constructed. Figure 4.2 depicts a few
of the box-and-whisker plots between the categorical features and numeric
features within the study. Table 4.3 labels the categorical features that have

shown to have a strong association with the numeric features.
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Figure 4.2: a) user type x home, b) country x distance, c) user type x
dayssincelastsession, d) user type x organic searches.
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Table 4.3: Box-and-whisker plot levels of associations.

” Categorical features

Numeric features Browser | Country | Devicecategory | Usertype
Accreditations Low Low Low Low
Apprenticeship Low Low Low Low
Bounces Low Low Low Low
Contact-us Low Low Low Low
Courses Low Low Low Low
Customised-engineering-trading | Low Low Low Low
daysSinceLastSession Low Low Low High
Distance Low High Low Low
Engineering-academic-studies Low Low Low Low
Engineering-Trade Low Low Low Low
Hits Low Low Low Low
Home Low Low Low High
OrganicSearches Low Low Low High
Pageviews Low Low Low Low
sessionCount Low Low Low High
SessionDuration Low Low Low Low
Short-courses-skilled-programmes | Low Low Low Low
Trade-test-arpl Low Low Low Low
University-of-technology-uot Low Low Low Low

The box-and-whisker plots illustrated in Figure 4.2 highlight potential mea-
sures of high association. The high association found between the features
usertype-to-dayssincelastsession, usertype-to-sessioncount; and country-to-distance
can be attributed to the natural relationships between these features. For fea-
tures with natural relationships, one of the two features ought to be omitted
due to redundancy of information. The numeric features are often chosen
over categorical ones to avoid possible loss of information. Thus, usertype
should not be included within the same model as dayssincelastsession and ses-
sioncount.

Although the country and distance features have shown to have a naturally
strong relationship, both these features may be included within the unsu-
pervised model due to potentially insightful variation that occurs within a
country. For instance, South Africa has a wider distribution of distances that

users access the website from. Furthermore, a high association has been de-
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tected between the features usertype-to-home; and usertype-to-organicsearches.
This was driven by the tendency of new visitors viewing the home-page of the
website more often than returning visitors. Returning visitors sought specific
information on the website upon return. Returning visitors have shown to
rarely search organically although this could be due to the device browser’s

capability to conveniently route to sites previously visited.

Categorical to categorical features

Chi-squared tests for independence have been used to establish the associ-
ation between categorical features with each other. Table 4.4 presents the
p-value measures of the chi-squared test for independence between the cate-

gorical variables.

Table 4.4: chi-squared test for independence: p-values.

‘ Chi-squared test for independence ‘ Browser ‘ Country ‘ Devicecategory ‘ International ‘ Region ‘ Usertype ‘

Browser <0.0001* | <0.0001* <0.0001* <0.0001* | 0.0036*
Country <0.0001* 0.0109* illogical illogical | 0.1921
Devicecategory <0.0001* | 0.0109* <0.0001* 0.0094* | 0.0708
International <0.0001* | illogical | <0.0001* illogical | 0.0001*
Region <0.0001* | illogical | 0.0094* illogical 0.4594
Usertype 0.0036* | 0.1921 0.0708 0.0001* 0.4594

Several variables show significant dependency on each other (o = 0.05). Tak-
ing for instance the browser and country features, the dependency here is due
to certain web browsers being more widely used within certain countries and
since this is insightful, these measures should not be omitted from the unsu-
pervised machine learning model due to this significant dependency. In cases
where runtime is a concern, perhaps such omission of such features could be
considered. The feature usertype (new or returning visitor) was shown to
be the least dependent variable which only showed relation with the inter-
national feature. The browser and usertype features share a dependency due
to returning visitors being primarily from South Africa, and South Africans
most often use Google Chrome as the device browser of choice. However, of
the features with significant dependencies identified, such relationships have
shown to be insightful and thus none will be omitted due to these relation-
ships.
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Thereby, of the 25 features considered, for reasons of low variability and high
association (e.g., natural relationships), 13 features are considered for omis-
sion from unsupervised machine learning models (a 52% degree of reduction
in this study). Of which, there was one binary feature (international), two cat-
egorical (region, usertype) and ten numeric features (accreditations, apprentice-
ship, contact-us, courses, customised-engineering-trading, engineering-academic-
studies, engineering-trade, hits, short-courses-skilled-programmes,
university-of-technology-uot).

4.4 Discussion

In Chapter 4, methods for feature selection prior to unsupervised machine
learning models on web traffic data have been explored. The evaluated meth-
ods focused on two important concepts: the variability of the features and the
association between the features. The features considered within the study
were of various data types and an appropriate method had to be applied ac-
cordingly. Using the metrics variance, mean absolute difference and disper-

sion ratio indicated that the features accreditations, apprenticeships, contact-us,

courses, customised-engineering-trading, engineering-academic-studies, engineering-

trade, short-courses-skilled-programmes and university-of-technology-uot should
be omitted from an unsupervised machine learning model on account of low

variability.

Although the home feature was also detected to contain low variability, the
feature had insightful relationships with other features when the feature did
vary. As discovered by the box-and-whisker plots and chi-squared tests, the
features user type, international and region ought to be excluded due to nat-
ural relationships which would result in redundancy. Furthermore, the hits
feature shared a strong positive correlation with pageviews and thus to elim-
inate redundancy the hits feature should be omitted. Although the features
engineering-academic-studies, engineering-trade and
short-courses-skilled-programmes have a fairly strong positive correlation de-
spite having low variability. This suggests that although these pages were
rarely viewed, these pages were often viewed together.

The outcome of this chapter is of tremendous value to data scientists and
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corporates building online behaviour models. Such models are on the rise as
the digital market continues to expand globally. However, much of the study
would further contribute to unsupervised machine learning feature selection

across several different applications.

Using the features identified for selection within Chapter 4, Chapter 5 con-
structs the unsupervised machine learning models to identify the prevalent
intentions that emerge from the web traffic data studied.
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CHAPTER 5

IDENTIFYING THE
UNDERLYING INTENTIONS
OF WEB VISITORS

5.1 Introduction

Data science techniques are often employed to make sense of the big and
complex data (Shi, 2022). With a high volume of visitors each entering the
website with different intentions and following unique page paths, the data
at face value proved highly complex. To better understand the website us-
age in a manner that was reasonably ingestible, the study employed three
unsupervised machine learning models to profile the web traffic data and

determine the underlying intentions.

The underlying intentions were determined through the use of the K-means,
hierarchical and DBScan unsupervised machine learning models. Although
these models are considered traditional or classical, these models are nonethe-
less very popular (Cao et al., 2023). Apart from their popularity, these models
were selected since each belongs to a different family of clustering methods:
K-means belongs to the centroid-based or partition family, hierarchical clus-
tering belongs to the connectivity-based family and the DBScan method be-
longs to the density-based family of clustering. In the attempt to determine
the underlying intentions behind the web visits, the outputs of these tradi-

tional models were evaluated and compared with each other.

Given the nature of web analytics, the audience and subsequent behaviour
are highly influenced by many factors (e.g., geo-location, core business, aes-
thetics, user experience and business seasonality (Uli and Laksmidewi, 2023)),

thereby further adding to the novelty of this study. Although much research
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has been conducted on web analytics and web-visitor profiling, as detailed in
Section 1.3, none of the recent literature provided any details of a visit intent

clustering model.

5.2 Model description and methods

This study employed three popular unsupervised machine learning algo-
rithms that belong to different families of clustering methods. The K-means
method belongs to the centroid-based or partition family of clustering, hier-
archical clustering belongs to the connectivity-based family of clustering and
the DBScan method belongs to the density-based family of clustering. Table
5.1 lists the notations denoted within Section 5.2.

Table 5.1: Notations used within the section.

Notation | Description

k a real-valued integer to represent the number of clusters.
x represents a single data point of feature X.
€ a predefined hyper-parameter that sets the distance between a

point and its neighbours.

n minimum number of points within the cluster.

5.2.1 K-means

The K-means algorithm follows an iterative process that partitions the dataset
into £k (pre-defined) unique subgroups (clusters) where each data point re-
sides in one cluster alone. The algorithm strives to ensure that the data points
within each cluster are as similar as possible (homogenous) whilst the clus-
ters are as different as possible from each other cluster. The iterative process
minimises the sum of square distance between each data point and the clus-
ter centroid. The cluster centroid represents the arithmetic mean of all data
points within that cluster. The lower the variation within cluster data points,
the more homogenous the cluster would be (Sinaga and Yang, 2020).

The pseudo-code of the K-means algorithm follows the process below:

1. User specifies the number of clusters (k).
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2. The algorithm determines the centroids by randomly selecting the &

data points for the centroids without replacement.

3. Iterate until the is no further change to the centroids (the assignment of

data points to clusters remains the same).

4. Calculate the sum of squared distance between the data points and all

centroids to determine cluster membership.

5. Compute the cluster centroids by taking the average of all data points
within each cluster.

With a set of observations (X;, X, ..., X,,) where each observation repre-
sents a d-dimension real vector, the K-means clustering algorithm strives to
partition the n observed data points into K sets (where K < n). The sets,
S = 54,5, ..., Sp where the within-cluster sum of squares (i.e., variance) is
minimised (Likas et al., 2003) as per Equation 5.1.

k k
argmin xr — u; ||?= argmin S;|VarsS;, 5.1
opin 323 |l = s = argnin 315 6

=1 CEESZ'

where 11; represents the centroid of all data points in \S; as per Equation 5.2:

1
Hi = m Z T, (52)

TES;

and |5;| represents the size of S;. Therefore Equation 5.1 represents the min-
imisation of the pairwise squared deviations of points within each % cluster

in Equation 5.3.
k
argmmz ! Z |z —vy|? (5.3)
Si|
s i=1 | g yes;
where
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1
1Sl ) Ml = ps |IP= 5 Yo le—ylP. (5.4)

.Z’esi :c,yGS,L-

Given that the total variance is constant, the algorithm served to maximise

the sum of squared deviations between the data points in different clusters.

5.2.2 Hierarchical clustering

The hierarchical clustering method initiates by treating each observation as

an individual cluster. Thereafter, the following two steps are iterated:

1. identify the two most similar clusters

2. thereafter, merge these two most similar clusters within this iteration.

The process continues to loop until all data points are merged into one clus-
ter. The dendrogram provides a visual of the hierarchical clustering process

as illustrated in Figure 5.1.
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Figure 5.1: Sample dendrogram.

On a dendrogram, the clades represent the stacked branches. From the bottom-
up, the clades that join together first would indicate the strongest similarity
(Li et al., 2022).

Suppose d(x,y) represents the distance between two data points = and y.
There are three variations of agglomerative hierarchical clustering algorithms:
single-linkage, complete-linkage and average-linkage clustering (Nielsen and
Nielsen, 2016).

1. Single-linkage clustering represents the distance D (X, Y') between any
two clusters X and Y is computed as the minimum distance between

data points within each cluster. As per Equation 5.5

D(X,Y)= min d(z;y). (5.5)

zeX,y inY
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2. Complete-linkage clustering represents the distance D(X,Y') between
any two clusters X and Y is computed as the maximum distance be-
tween data points within each cluster. As per Equation 5.6

D(X,Y)= max d(z;y). (5.6)

zeX,y inY

3. Average-linkage clustering represents the distance D(X,Y’) between
any two clusters X and Y is computed as the average distance between
data points within each cluster. As per Equation 5.7

D(X,Y) max d(x;y). (5.7)

T XY [zeXy iny

Thereby, the hierarchical algorithm would merge the most similar clusters to
create the hierarchy based on the type of distance metric employed within
the algorithm (Li et al., 2022; Nielsen and Nielsen, 2016).

5.2.3 Density-based spatial clustering of applications with

noise

The density-based spatial clustering of applications with noise (dbcsan) al-
gorithm initiates by randomly selecting a single data point (x) and assigning
it to cluster one. Then the algorithm assesses how many data points reside
within the e distance from z. If the count of such data points within e distance
is greater than or equal to the specified minimum number of points within
the cluster (n), the algorithm would then consider this data point as a core
point and will assign these e-neighbours to the same cluster one. Thereafter,
the algorithm examines each other member within cluster one and identifies
their respective e-neighbours. If any cluster-one members have n or more e-
neighbours, these data points will be added to cluster one. The process will
continue growing cluster one until there are no more data points to add in

(within e distance and greater than or equal to the minimum number of data
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points). The DBScan algorithm would then randomly pick another point
from the dataset not belonging to any cluster and repeat the process. Data
points that did not get assigned to any cluster will be labelled as outliers
(Hanafi and Saadatfar, 2022).

Upon completion, each data point can be classified as one of the three:

¢ Core point: data point with at least the minimum number of neigh-

bours within epsilon () distance.

* Border point: data point with at least one core point within epsilon
(¢) distance and less than the number of minimum neighbours within

epsilon (¢) distance from itself.

* Noise point: data point with no core points within epsilon (¢) distance
and thus could not be placed into a cluster.

DBScan definition and pseudo code

Definition 1. Let N.p denote the e-neighbourhood of a point p be defined by
Nep ={q € D|dist(p,q) < €}, where D represents a set of points and dist(p, q)

represents a distance function between two data points p and q.
Definition 2. A data point p represents a core point if | N.(p)| > minPts.

Definition 3. A data point p is considered to be directly density-reachable
from a point ¢ with respect to e and minPts if p € N.(¢) and ¢ is considered a
core point.

Definition 4. A data point p is considered a border point if p is found to be
directly density-reachable from a core point ¢ and |N.(p)| < minPts.

Definition 5. A data point p is considered to be density-reachable from a
data point ¢ with respect to e and min Pts if there exists a chain of data points
D1, - Pn, With p; = ¢ and p,, = p so that p;;; is found to be directly density-

reachable from p,.
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Definition 6. A data point p is considered to be density-connected to a data
point ¢ with respect to € and minPts if there exists a point o where both, p
and ¢ are density-reachable from o.

Definition 7. Let D represent a set of data points. A cluster C' with respect
to € and minPts is considered to be a non-empty subset of D satisfying the
following conditions:

* YV p,q: where p € C and gq is considered density-reachable from p with
respect to e and minPts, then ¢ € C.

* Vp,q € C,pis considered to be density-connected to ¢ with respect to e
and minPts.

Definition 8. A data point p is considered to be a noise if p is neither a
core point nor a border point. In other words, a noise data point will not
be grouped into any clusters.

Algorithm 1 details the DBScan clustering technique according to the defini-
tions detailed above.

Algorithm 1 DBSCAN(D, ¢, minPts)

1: {D is a set of unclassified points}

2: {< is the maximum distance}

3: {minPts is the minimum points to form a cluster}
4: Initialize cluster id C' =0

5: for each unclassified point p € D do

6 N:(p) = RangeQuery(p, <)

7:  if |[N:(p)| = minPts then

8: Set p’s cluster id to C

9 EzpandCluster(p, N-(p), C, e, minPts)
10: C+—C+1

11:  else

12: Label p as noise

Within Algorithm 1, the expand cluster step (at step nine) is further detailed
in Algorithm 2. Algorithm 2 details the function RangeQuery(p, €) represents
all data points ¢ € D and dist(p,q) < €
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Algorithm 2 ExpandCluster(p, NeighborPts, C, e, minPts)

1: for each point ¢ € NeighborPts do

2 if g is unclassified then

3 N:(gq) = RangeQuery(q, <)

4 if |N.(p)| = minPts then

5 Neighbor Pts = NeighborPts U N:(q)
6 if g does not belong to any cluster then

7 Set ¢’s cluster id to C

At step one, the DBScan Algorithm 2 initiates with an arbitrary point p and
retrieves all points in its e-neighbourhood. If the count of data points in the e-
neighbourhood is sufficient (as defined by the specified minPts parameter), a
new cluster is started. This cluster is then expanded by adding in all its qual-
ifying neighbours until it attains all data points which are density-reachable
from p. However, if the count of data points in the e-neighbourhood is insuf-
ficient, p will be marked as noise. At a later stage in the iteration, this data
point might later be found in a sufficiently sized e-environment of some other
data point and hence fall into that cluster.

5.2.4 Cubic clustering criterion

Across clustering methods, determining the number of clusters remains an
important aspect of unsupervised machine learning. The cubic clustering
criterion (CCC) is a commonly used metric to give a sense of the acceptable
number of clusters and potentially, the optimal number of clusters on a given
dataset. The cubic clustering criteria quantify the deviation of the clusters
from the expected distribution if all data points followed a uniform distribu-
tion. According to the cubic clustering criteria, larger positive values imply a
better solution, as it indicates a larger variance from a uniform (no clusters)
distribution. The cubic clustering criteria values greater than two indicate
good clusters. Cubic clustering criteria values between zero and two indi-
cate potential clusters but should be taken with caution. Furthermore, large
negative values may indicate outliers. With the acceptable number of clus-
ters in mind, the chosen number of clusters is often determined based on the
profiling of the clusters in the context of the data in real-world applications
(Joshi et al., 2022).
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5.2.5 Silhouette coefficient

The silhouette coefficient is a commonly computed metric employed to as-
sess the accuracy of clustering solutions. The silhouette coefficient ranges
between -1 to +1 and implies the following (Bagirov et al., 2023):

¢ Clusters with silhouette coefficients closer to +1 imply very tight obser-

vations within the cluster (homogenous)

* Clusters with silhouette coefficients closer to 0 imply possible overlap-
ping clusters

* Clusters with silhouette coefficients closer to -1 imply observations are

not very similar.

5.2.6 Unsupervised modelling data preparation

Given the features selected for unsupervised machine learning methods in
Chapter 4, the numeric features with a small degree of extreme value out-
liers were identified (Section 2.4.1) and approximated through a winsorisa-
tion clean to remove the influence of extreme values (Sullivan et al., 2021).
Since most features have originated from the tracking tool, being system-
generated metrics, there were minimal missing data points on the observed
dataset (Section 2.4.2). Categorical features with numeric associates have
been eliminated to reduce redundancy. For instance, the feature user type
which labelled if a visitor was new or repeat could be determined from the
days since the last session feature as detailed in Chapter 4. Similarly, the
region and country information could be determined through the distance

feature.

With the categorical features selected in Chapter 4, indicator variables were
created using the one-hot encoding technique (Pargent et al., 2022). This
transformation was necessary as the unsupervised machine learning mod-
els employed within this study required numeric inputs. For example, the
mobile device brand feature was replaced with individual features for each
of its brands so that a feature Samsung was created that contained a value of
one if the brand of the device was Samsung and zero if any other brand was

used.
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Finally, the feature set was normalised to ensure a consistent scale prior to

the unsupervised machine learning models (Van Gassen et al., 2020).

5.3 Empirical results

This section discusses the intents or clusters that were identified within the
data by the three unsupervised machine learning methods employed.

5.3.1 Number of clusters

To gauge the acceptable number of segments (intents) that prevail within
the studied data, the cubic clustering criterion (CCC) metric was computed.
Figure 5.2 illustrates the CCC metrics between a two-cluster solution and a

ten-cluster solution.

Online Web Data
140
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Cubic Clustering Criterion
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Figure 5.2: The cubic clustering criterion values.

According to the CCC measures, segmenting the data into between two to
ten clusters will yield acceptable clustering solutions. However, the CCC
metric also implied that the more clusters created, the better the clustering
solution would be. During the study, across the several clustering methods,

between three to eight clustering solutions were developed. It was found that
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5.3. Empirical results

the five cluster solutions resulted in the most appropriate segments/intents
in the context of this study across the three unsupervised machine learning
methods applied. Using the clustering solutions that ranged between three
to eight, each clustering solution was profiled by studying the cluster homo-
geneity across the input features (e.g., session duration or distance) and the
corresponding cluster size to determine the optimal number of clusters. In
doing so, the five-cluster solution proved to be the most insightful across the

three clustering methods.

5.3.2 K-means

This section discusses the clusters that emerged from the K-means model.
The K-means model was employed to segment the online web visit data to
identify the underlying intents expressed across the visits. A range of cluster-
ing solutions was developed from a three-cluster solution to an eight-cluster
solution. Upon profiling the data, the five-cluster solution yielded results
that best explained the online web intents. Table 5.2 and Table 5.3 profile the

K-means five-cluster solution against various online metrics.

Table 5.2: K-means cluster profiling across web metrics.
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Table 5.3: K-means cluster profiling across webpage visits.
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Table 5.4: K-means cluster summary.

K-means clus- | Silhouette co- | Outstanding attributes

ters efficient

1 0.31 Over-index on the contact-us page, low

bounce rate, moderate visit duration.

2 0.40 Very low session duration, very low
pageviews, high bounce rate, furthest
distance from the corporate location.

3 -0.05 Fairly high session duration, fairly
high pageviews, low bounce rate.

4 0.13 Over-index on the courses page and
short-courses page, moderate session

duration, low bounce rate.

5 0.01 Very high session duration, very high
pageviews, very close geo-proximity
to the corporate coordinates, low
bounce rate and high organic search

rate.

Table 5.2 presents key online metrics across the five clusters and Table 5.3 in-
dicates the average number of times that cluster members visited each web-
page. This thereby allowed the clusters to be further understood in terms
of the similarity of visits within each cluster and the differences between the
clusters themselves. According to the K-means model, cluster one resem-
bled the group of visits that intended primarily to contact the corporation.
During cluster one visits, the bounce rate was low, the visits were relatively
in close geographic proximity to the corporate and all visitors had primary
interest in the contact-us page. Cluster two contained visits that expressed
very little interest in the website. Cluster two indicated visits that would
either bounce or shortly drop-off the website. Furthermore, in cluster two,
visitors” geo-location was on average the furthest away from the corporate’s
coordinates. Although cluster two proved to be the largest cluster identified
by the K-means model, it represented a group of visits that were of very low
engagement. According to the model, cluster three represented a group of
visits that were fairly engrossed with a moderate engagement with the web-
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site. Cluster four represented a group of visits that were seeking specific
information and dropped-off thereafter. It was evident that cluster four had
a particular interest in the courses and short-courses webpages of the website.
This page detailed the courses that the corporation had to offer. Cluster five
represented a group of visits that were very engrossed and had a high en-
gagement with the website. Within cluster five, the session duration, volume
of pageviews and the rate of organic searching (which indicated that visits
were not routed to the website through a link) were relatively the highest.
Table 5.4 presents the average cluster silhouette scores, with clusters one and
two indicating strong homogeneity. Clusters three and five grouped visits
that were very engaged on the website and thus contained a wide variety
of activities expressed resulting in poorer silhouette scores. Cluster four ex-
pressed a moderate silhouette score. Given the understanding behind the
lower silhouette scores on clusters three and five, the K-means model yielded

satisfactory results given the real-world data.

5.3.3 Hierarchical clustering

The second unsupervised machine learning model employed a hierarchical
clustering method. The subsequent dendrogram of the hierarchical model is

presented in Figure 5.3.
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Figure 5.3: Online web visit dendrogram.

Upon profiling the clustering solutions, the five-cluster solution proved to be
most appropriate in the context of this study. Table 5.5 and Table 5.6 illustrate
the cluster profiling of the hierarchical clustering model.
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Table 5.5: Hierarchical cluster profiling across web metrics.
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Table 5.6: Hierarchical cluster profiling across webpage visits.
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Table 5.7: Hierarchical cluster summary.

Hierarchical Silhouette co- | Outstanding attributes
clusters efficient
1 -0.21 High  session duration, high

pageviews, low bounce rate.

2 0.15 Over-index on the short-courses page
and courses page, moderate session
duration, low bounce rate, highest or-

ganic search rate.

3 0.60 Very low session duration, very low
pageviews, high bounce rate, furthest

distance from the corporate location.

4 0.38 Moderate session duration, brief
pageviews, moderate bounce rate,
close proximity to corporate coordi-

nates.

5 0.39 Over-index on the contact-us page, low
bounce rate, moderate session dura-

tion.

According to the hierarchical clustering model, cluster one represented visits
that were highly engaged with the website, with a high average session dura-
tion, multiple pageviews, relatively close geographic proximity to the corpo-
rate’s coordinates and a low bounce rate. Cluster two identified the individ-
uals who were seeking specific information and thereafter left the website.
Cluster two visits mainly viewed the short-courses and course pages. Clus-
ter three, represented visits that resembled accidentally or with very little
interest landing onto the website. Such visits were from the furthest geo-
proximity away from the corporation’s offices (many of which were from
countries outside of South Africa). Cluster three also recorded the highest
bounce rate. Cluster four represented visits that showed evidence of dis-
engagement due to dropping-off after spending a brief amount of time on
the website. Cluster five represented the group of visits that were primarily
interested in the contact information from the website and thereafter left the

website. This can be inferred from the short visit duration but all visits index-
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ing high on the contact-us webpage. The cluster silhouette coefficients of the
hierarchical clustering model are recorded in Table 5.7. Clusters three, four
and five attained strong silhouette scores implying good cluster homogene-
ity. Cluster two attained a moderate silhouette score. Cluster one recorded
a low silhouette score due to the nature of the visits grouped. Within clus-
ter one, visits that were very engaged with the website and expressed their
high engagement in various ways (following unique paths and visiting pages
in differing manners) and thus mathematically resulted in poor silhouette
scores. Overall, the silhouette scores implied that the hierarchical clustering

model yielded satisfactory results.

5.3.4 DBScan

The third unsupervised machine learning method applied was the DBScan
model to identify the visit intents on the studied website. The five-cluster
solution (inclusive of the noise-cluster) proved to be the most appropriate in
the context of this study when employing the DBScan method. Table 5.8 and
Table 5.9 further illustrate the cluster profiles per segment.

Table 5.8: DBScan cluster profiling across web metrics.
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Table 5.9: DBScan cluster profiling across webpage visits.
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Table 5.10: DBScan cluster summary.

DBScan clus- | Silhouette co- | Outstanding attributes
ters efficient

0 -0.11 High visit duration, high pageviews,

low bounce rate.

1 0.45 Very low session duration, very low
pageviews, high bounce rate, furthest
average distance from the corporate

location.

2 0.45 Over-index on the contact-us page, low
bounce rate, moderate session dura-

tion.

3 0.21 Over-index on the short-course page,
high index on the courses page, moder-

ate session duration, low bounce rate.

4 -0.34 Over-index on the apprenticeship

page, moderate session duration, low

bounce rate, high organic search rate.

Upon profiling the clusters of the DBScan model, cluster one represented vis-
its that imply accidental landing on the webpage with very low engagement
with the website. Cluster one maintained the highest bounce rate, minimal
duration and the furthest geo-proximity with on average two pages viewed
per visit. Cluster two represented visits that expressed main interest in the
contact-us page alone. Cluster three comprised of visits that expressed pri-
mary interest in the courses and short-courses page whilst cluster four por-
trayed primary interest in the apprenticeships webpage. Across clusters two,
three and four, visits were interested in specific webpages. It was also ob-
served that cluster zero, which the model termed as the noisy data points,
represented visits that were relatively the most engrossed, and spent the most
amount of time on the webpage with a high volume of webpages visited.
According to the cluster silhouette coefficients as tabulated in Table 5.10, the
DBScan clustering model resulted in satisfactory results. Clusters one, two
and three recorded high silhouette coefficients. Cluster one represented the
high-engagement group of visits that naturally expressed a high variance in
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behaviour patterns (visits spending a longer duration on the website, fol-
lowing unique page paths, and visiting different webpages). Cluster four
recorded a poor silhouette score which could be attributed to the cluster size.

5.4 Final thoughts

This study sought to understand the intents behind the website visits of a
South African informative website. In doing so, the study employed three
unsupervised machine learning models, each belonging to a different cluster-
ing family, namely, the K-means, hierarchical and DBScan clustering meth-
ods. Across the three different clustering techniques, it was evident that five
distinct visit intents were observed within the data. An intent described as
engrossed was evident in the results. The engrossed segment represented the
group of visits that were highly engaged with the website, spent a long du-
ration on the website, visited multiple pages and were often within close
proximity to the corporate’s coordinates (Google Analytics tracking supplies
the coordinates of the device whilst on the website). An intent described as
seekers was discovered. The seekers represented a group of visits that went
online, visited specific webpages, retrieved what was needed and thereafter
exited the website (particularly on the courses and short-course pages). An in-
tent described as accidental was discovered. The accidentals were visits that
recorded a high bounce rate, just stepped into the website then hopped-off.
It was noticed that the accidentals contained most of the foreign web visitors.
An intent that can be described as the drop-offs was discovered. The drop-offs
would enter the website, explore a few pages, and then afterwards drop-off
with low to medium engagement on the website. And lastly, an intent that
can be described as get-in-touch was discovered. The get-in-touch represented
visits that had a primary interest in the contact-us webpage and thereafter
immediately exited the website. Table 5.11 shares the intents that were dis-

covered by three unsupervised machine learning models.
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Table 5.11: Web visit cluster comparison.

Method Cluster | Size Silhouette coeff. | Persona
1 15.04% | 0.31 Get-in-touch
2 49.63% | 0.40 Accidentals/Drop-offs
K-means 3 16.23% | -0.05 Engrossed: Moderate engagement
4 11.84% | 0.13 Seekers
5 7.26% | 0.01 Engrossed: High engagement
1 38.19% | -0.21 Engrossed
2 8.39% | 0.15 Seekers
Hierarchical | 3 10.96% | 0.60 Accidentals
4 30.35% | 0.38 Drop-offs
5 12.10% | 0.39 Get-in-touch
0 47.97% | -0.11 Noise (resembles Engrossed)
1 37.14% | 0.45 Accidentals/Drop-offs
DBScan 2 9.01% | 0.45 Get-in-touch
3 411% | 0.21 Seekers: Short-courses
4 1.77% | -0.34 Seekers: Apprenticeships

The K-means method has identified all intents but merged the accidentals and
drop-offs into one cluster. Furthermore, the K-means model further split the
engrossed segment into moderate engaging visits and high engaging visits.
The DBScan method was also able to identify the common intents but split
the seekers into two small volume intents whilst merging the accidentals and
drop-offs. Furthermore, the engrossed visits were all labelled as noise data
points by the DBScan method. Upon comparison of the subsequent clus-
ters generated by each of the three employed unsupervised machine learning
methods, the hierarchical clustering displayed superior results. The hierar-
chical cluster had successfully isolated the five intents portrayed within the
data, the cluster sizes were satisfactory, and the clusters maintained superior
homogeneity as quantified by the silhouette coefficients relative to the K-
means and DBScan models. Across the three unsupervised machine learning
models employed, all models have performed exceptionally well in finding
meaningful clusters within the data. However, in the context of this study,
the hierarchical model yielded the results that best suited the research needs
of this study on the observed data.

Across the unsupervised machine learning models, the volume of drop-off

visits observed was concerning. Therefore, Chapter 6 employed survival
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models to further identify the key hazards behind the volume of drop-offs.
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CHAPTER 6

SURVIVAL MODELS TO
IDENTIFY THE KEY HAZARDS
OF WEBSITE DROP-OFFS

6.1 Introduction

On the studied website, roughly one in five visitors would enter the website
and thereafter leave after viewing no more than three webpages of the web-
site (after the exclusion of bounced visits). Like most corporates, TEKmation
strives to further optimise the website to better meet customers’ needs to ul-
timately increase market share (Awichanirost and Phumchusri, 2020).

However, high drop-off rates are not uncommon and have been studied pre-
viously. Walsh et al. (2020) investigated the occurrence of high drop-offs on a
museum website. It was observed that high volumes of viewers would look
at only one or two pages within 10 seconds of the visit, and thereafter, they
would drop-off. The study probed a better understanding of the type of users
who visited the website to explain the high drop-off rate. It was found that
the majority of the drop-offs were linked to the understudied general public
and non-professional users (Walsh et al., 2020).

Rojas et al. (2022) conducted a study to measure traffic and drop-offs in
Colombian banking establishments. The researchers found that the websites
of Colombian banking establishments were well positioned and presented
low bounce and drop-off rates (Rojas et al., 2022).

Dou et al. (2018) claimed that users subconsciously assign a rapid and last-
ing impression on the attractiveness of the webpage within 50 milliseconds.

Afterwards, the user’s interest in and engagement with the website is highly
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influenced by this subconscious assessment. To address and minimise web-
site drop-offs, the study proposed a deep neural network model to compute
and quantify the webpage aesthetics, which has proven to be an effective
aesthetics evaluation tool during the web design process (Dou et al., 2018).

Within this chapter, the observed drop-offs were explored by solving a sur-
vival problem. The Cox proportional hazard and random survival forest
models were employed. A key objective of the study sought to identify the
hazards that have influenced the observed drop-off rate. The owners of the
website invested resources in the development and maintenance of the web-
site and thus found the high drop-off rate concerning. Once the drop-off
hazards were identified, the owners of the website intended to address these
hazards to ultimately increase online engagement. This study contributes
to a unique method of understanding drop-offs. At the time of writing, no
present literature existed on website drop-off hazards that were explored
through a survival problem that could be found with the comparison be-
tween the Cox proportional hazard model and the random survival forest
model. The study of website drop-offs is fairly new and of growing concern
as the world becomes more digitally enabled (Awichanirost and Phumchusri,
2020). This chapter documents a detailed illustration of identifying website
drop-off hazards that could be replicated by other corporates experiencing

high volumes of website drop-offs.

Within this chapter, Section 6.2 details the methodologies employed within
this study and discusses the underlying theoretical framework. Section 6.3
discusses the survival rates of the data and discusses the data censoring prior
to the survival model construction. Section 6.4 discusses the survival models,

and the results are discussed in Section 6.5.

6.2 Materials and methods

To investigate the concerning volume of web drop-offs, this study employed
two popular survival analysis techniques. The Cox proportional hazard model
and the random survival forest model were employed to determine the key
hazards that drove web drop-offs on the studied website. The Cox propor-

tional hazard model follows a regression algorithm, whilst the random sur-
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vival forest model falls within the family of modern ensemble machine learn-
ing algorithms.

6.2.1 Drop-off literature

The event of people or objects dropping-off from given environments has
been of great interest across several fields of study. This section discusses
previous research on drop-offs from an educational program, sports partici-
pation, and musical participation. Gubbels et al. (2019) conducted a study to
gain further insight into the risk factors associated with school absenteeism
and permanent school drop-offs. The study synthesised 75 studies with 635
potential risk factors for school drop-offs. According to the study, factors
such as a history of grade retention, low IQ, learning difficulties, and low
academic achievements have been shown to hold high significance (Gubbels
et al., 2019).

Eime et al. (2019) conducted a study to probe the factors behind people
dropping-off from sports participation. The study utilised amalgamated data
where participants were registered in one of eleven sporting associations.
Participants were categorised based on demographics, and a comparison was
conducted between registration volumes and participation volumes to better
understand drop-offs. The study found that individuals playing multiple
sports peaked between ages 5-14 and thereafter diminished as specialisation
increased. However, the drop-off in community sports participation was a
concern during adolescence, and policy recommendations have been made
to address the concern (Eime et al., 2019).

Pitts and Robinson (2016) investigated the individuals dropping-off from
classical musical participation. Through the use of interviews of current
and past members to explore the themes of social acceptance, musical sat-
isfaction, and personal confidence to establish how individual determination
competed against the circumstances that would hinder musical activity. The
study found that the role of music education was fundamental to lifelong
participation. Furthermore, the study discussed the benefits of exposing all
children to the experience and the understanding of making music (Pitts and
Robinson, 2016).
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6.2.2 Methodology flowchart

To illustrate the methodology followed within the study, Figure 6.1 provides
a high-level flowchart of the data collection, processing, and modelling.

b c d
Google —» —> 77 SQL Server
- .l Analytics
e Ee ) - Li
Mool I v
Pul Y - T
hll™ . J® = e. Data is cleaned and rolled up to a
visit level.
g. Survival models are run to f. Data is censored & corresponding
identify the hazards. e explanatory fields are collated.

Figure 6.1: Web analytics data flow chart.

At a high-level, eight brief steps can be used to describe the methodology

flow of the survival models:

i Visitors enter the studied website from their mobile devices, tablets, or

computers.

ii The Google Analytics tracking tool tracks each user’s activity and records
important information (e.g., the geolocation of the device, the type of

device or the detailed activity on the website).

iii Through an API, R (data science programming tool) was utilised to
query the data from Google Analytics and shape the data into data

frames.

iv The tracking data was then written out to a local SQL environment for

further processing.

v Within SQL, the data was cleaned and rolled up to a visit level to sum-

marise the entire engagement on the studied website per visit.

102



6.2. Materials and methods

vi The data was censored to label the visits that were considered as sur-

vived.

vii Finally, the data then was fed into the model build and validation stages.

6.2.3 Kaplan-Meier curve

The Kaplan—-Meier estimator represents a statistic (non-parametric) that is
employed to estimate the survival function of survival (lifetime) data. The
Kaplan-Meier estimator of the survival function (S5;), which represents the
probability of survival (or life) being longer than time, ¢, is computed in

Equation 6.1:

S=TLo-5 6.1)

) n;
it <t

where t; represents a point in time where at least one event has occurred, d;
counts the number of events that occurred at this point in time (¢;), and n;
denotes the total number of individuals that have survived up to time point
(t;) where i € t (D’Arrigo et al., 2021).

6.2.4 Cox proportional hazard regression

The fundamental theory of the Cox proportion hazard model holds that if
the proportional hazards assumption is true, then without consideration of
the full hazard model, it may be possible to estimate the effect parameters
(a;) as per Equation 6.2. The Cox proportional hazard model holds a haz-
ard function of the form where X; = (X1, ..., Xj;,) as realised values of the
explanatory variables for the subjecti {i € 1,...,p},

A(t | X;) = Ao(t)e™ XottopXptao, (6.2)

which yields the hazard function at time point, ¢, for the subject, i, with the
set of explanatory variables, X;, and intercept term, oy (Kvamme et al., 2019).
McLernon et al. (2022) attempted to assess the performance and usefulness of

predictive survival outcomes through the use of a Cox proportional hazard
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model. Ultimately, the recommendations of the study proposed a set of per-
formance measures that can be used to validate predictions from the survival
analysis model (McLernon et al., 2022).

Thiruvengadam et al. (2021) employed a Cox proportional hazards model to
identify the factors that influence the duration of hospitalisation in COVID-
19 patients. The Cox proportional hazard model’s covariates that caused
longer hospitalisation were abnormalities in oxygen saturation, neutrophil-
lymphocyte, levels of D-dimer, lactate dehydrogenase, and ferritin. Further-
more, the findings of the study also indicated that patients with more than
two chronic diseases had a significantly longer hospital stay (Thiruvengadam
et al., 2021).

Matsuo et al. (2018) designed a survival problem to predict the survival out-
come of cervical cancer patients. The study assessed the performance of
the Cox proportional hazard model in comparison to deep learning models.
The study found that on the observed data, the deep learning model outper-
formed the Cox proportional hazard model. On the studied features, it was
apparent that the deep learning models outperformed the Cox proportional
hazard model on the non-linear hazards (Matsuo et al., 2018).

Proportional property

Suppose there exists a single covariate, z, and a corresponding single coeffi-

cient ;. Thus, consider the effect of incrementing = by 1, as per Equation 6.3
(Cox, 1997):

At |z 4 1) = \o(t)er @D
— o(t)ermten
= (Ao(t)e™") e
= No(t | z)e™.

(6.3)

Therefore, as per Equation 6.3, increasing the covariate = by 1, scales the orig-
inal hazard by e*!, and by making e*' the subject of the formula in Equation
6.3 we obtain Equation 6.4:
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At | z+1)

ORI (6.4)

From Equation 6.4, the right-hand-side is independent of time ¢. Since the
incremental relationship of z is of the form 5 = constant, this is termed a

proportional relationship.

Cox proportional hazard intercept

Unlike traditional regression models, the Cox proportional hazard regression
model lacks an intercept term since the baseline hazard ()\¢(¢)) accounts for
the constant. Taking an intercept («p) (Cox, 1997):

At | z) = Ao(t)errXiat—FapXiptao
= Ag(t)eXr e
= (e X\g(t))er™
=\ (t)eXi,

(6.5)

where e )\((t) in Equation 6.5 represents the revised baseline hazard \j(t).

Likelihood of unique times

The likelihood (L;) of an event to have been observed for a data point i at
time 7; can be expressed as per Equation 6.6 (Cox, 1997):

MTi|X;)
Zj:szTi )‘(Ti’Xj)7
_ Mo(T3)0:

N Zj:TjZTi Ao (Ti)ejj
0;

Z G >T; 9]’

Lz(Oé) =

(6.6)

Y

where §; = ¢*7* and the sum over the set of data points j where the event
has not occurred prior to time 7; with 0 < L,a < 1. Therefore, Equation 6.6
represents the partial likelihood whereby the effects of the covariates could
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be estimated with no need to necessarily model the variations of the hazard

over time.

6.2.5 Random survival forest

The random survival forest model is a machine learning method that is em-
ployed to solve survival (time-to-event) problems (Wongvibulsin et al., 2019).

The algorithm follows the steps below:

1. The training dataset is boot-strapped into n subsets.

2. For each of the n sub-samples, a survival tree is composed where each
node is randomly selected with m < p where m represents the candidate
number of variables considered and p is the total number of predictors.
Of the m variables selected, the model would determine the optimal
splitting of the variables and split points.

3. The model loops to continue recursive partitioning conditioned on no
less than dy > 0 unique deaths.

4. Finally, compute the hazard function for the terminal nodes of the trees
and determine the ensemble cumulative hazard function through a pro-

cess of aggregation across the trees.

Jin et al. (2020) explored the use of random forests in survival analysis to
understand employee attrition. The study proposed a hybrid model based on
survival analysis and machine learning which combined survival analysis for
censored data processing and training on attrition data patterns. The results
of the study proved that the survival analysis model can materially improve
the attrition prediction accuracy (Jin et al., 2020).

Soltaninejad et al. (2018) employed random forests to predict patient sur-
vival through the segmentation of brain tumours in multi-modal MRI im-
ages. Within the study, the classification accuracy, pairwise mean square er-
ror, and Spearman rank metrics were all acceptable (Soltaninejad et al., 2018).

Wongvibulsin et al. (2019) conducted a study to assess the prediction of clin-
ical risk for survival using random forest models. The findings of the model
highlighted the importance of features, such as the number of preceding
heart failure hospitalisations (Wongvibulsin et al., 2019).
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The Cox proportional hazard regression model, similar to linear regression
and logistic regression, is linear in nature. Specifically, linear methods as-
sume that a single line, curve, plane, or surface suffices to separate sur-
vival groups (alive, dead) or to estimate a quantitative response (survival
time). However, alternative partitions may yield more accurate classification

or quantitative estimates. A potential set of alternative methods are tree-

structured survival models, including random survival forests (Ishwaran et al.,

2008).

Bagging in random forests

The random survival forests training process follows the general routine of
bootstrap aggregation (also known as bagging) to tree learning. Assume a
training set X = x4, ...,2, with responses Y = y, ..., y,, bagging repeatedly
(say B times) would extract a random sample with replacement of the train-
ing set and thereafter fits the trees onto these samples as per the steps below
(Tinguely et al., 2019):

1. extract a sample (X3, Y}) of n (with replacement) from X, Y for training.

2. Thereafter, train a classification tree f, on the sample (X}, Y;).

Upon completion of the training process, predictions are made on the unseen
samples 7 aggregating the predictions from all the individual regression trees

onz:

1 &
f= E;fm). (67)

The process of bootstrapping yields higher model performance due to the
minimisation of model variance, without increasing the bias. Therefore, al-
though the predictions of a single tree are highly sensitive to any noise within
the training subset, the average across many trees is far less influenced by
noise. Training several trees on a single training dataset, would yield highly
correlated trees, thus the need for bootstrapping to de-correlate the trees (but

each tree training on a different set of data).
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The uncertainty of the prediction can be estimated through the standard de-
viation of the predictions across all the individual regression trees on 7 (the
test dataset):

S (@) ~ [
a:\/ Sl 638)

where the count of samples/trees, B, represents an unbound parameter. The
optimal number of trees B could be determined through the cross-validation
process, or by inspection of the out-of-bag error. The out-of-bag error repre-
sents the mean prediction error on each training sample z; by selecting solely
the trees that did not have z; fall within the corresponding bootstrap sample.

Furthermore, random forests also include another type of bagging scheme
on the features to split. Random forests employ a modified tree learning
algorithm that chooses, at each candidate split in the learning process of the
tree, a random subset of the features. This process is often termed feature
bagging. The process of feature bagging ensures sufficient feature variation
across the several trees. For instance, it may be possible that, if a few features
are very strong predictors for the dependent variable, these features will be
selected across most of the B trees, causing them to become correlated. As
a rule of thumb, for a classification problem with p features, ,/p features are
used in each split. In regression random forest problems, the recommended
rule of thumb is %’ with a minimum node size of 5 as the default. However,
in practice, the real-life best values for hyper-parameter tuning should be

determined on a case-to-case basis for every problem (Hastie et al., 2009).

Variable importance

Random forest models are often employed to determine the features” impor-
tance in regression and classification applications. Two common techniques
to determine the feature importance are the permutation importance and

mean decrease in impurity feature importance.

The permutation importance is computed by firstly fitting a random forest to
the dataset D,, = {(X;,Y;)}!, where the dataset has i € (1,n) observations.

The out-of-bag error is recorded and averaged over the random forest during
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the fitting process. Thereafter, the feature importance of the j — th feature af-
ter training is estimated through the values of permuted out-of-bag samples
and the out-of-bag error is again computed on the perturbed dataset. There-
fore, the importance score of the j — th feature is computed by averaging the
difference in out-of-bag error before and after the permutation over all trees.

Finally, the scores are then normalised.

The mean decrease in impurity feature importance considers features that
decrease the impurity most during the splits, as important (Ortiz-Posadas,
2020).

nr

. 1 NAG
average importance(z) = . Z Z pr, (7)Air,(7)(6.9)

=1 node J€T;|split variable(j)=x

where z represents the feature, ny represents the number of trees within the
forest, T} represents the tree i, pr,(j) = % represents the fraction of samples
that reach the node j. The parameter Air, (j) represents the change in impu-
rity of the tree ¢ at the node j.

6.2.6 Formal methods

During the deployment of predictive models, formal methods are often im-
plemented to govern the predictive outcomes to minimise the impact of un-
expected actions that could be the result of predictive errors (Krichen et al.,
2022; Raman et al., 2023). Urban and Mine (2021) stressed the importance of
software systems to behave correctly and reliably in safety-critical applica-
tions. For example, in avionics, the aircraft software has very stringent veri-
fication protocols that are mandatory as governed by international standards
(Urban and Mine, 2021).

Within this study, the predictive survival model for website drop-offs had
relatively low-risk consequences in the event of a model malfunction. How-
ever, to assess the accuracy of the Cox proportional hazard and the random
survival forest models, the study randomly split the website visit data into
a training subset (80%) and a testing subset (20%). The models were trained

on the training set and thereafter validated on the test subset.
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6.3 Exploratory analysis

This section discusses the exploratory analysis prior to the construction of
the survival models. The data exclusions, definition of censoring, and Ka-

plan-Meier curves are discussed.

6.3.1 Webpage views

The studied data removed bounce visits from the survival analysis to bet-
ter understand the drop-offs. By definition, a bounce visit would represent
events of a person entering the website and thereafter, instantly dropping-
off. This is often a symptom of a person mistakenly entering a website or
very quickly determining upon landing on a website that it was not what
the visitor was browsing for. In the survival problem, bounce visits would
materially increase the model noise (Poulos et al., 2020). The owners of the
studied website (a South African corporation), by design, intended that vis-
itors should view a minimum of three pages per visit (after the exclusion of
bounce visits). Figure 6.2 depicts the censored pageview distribution.

25% "

| Web visits that viewed a total of 3 or more webpages
20% |

were considered to have ‘Survived’, Else ‘Not Survived’

15%

10%

0%

() o omm mm omm mm m wm mm mm

4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 26 27 29 33 40

Pageviews per visit
Figure 6.2: Survival analysis pageview distribution.
Each person entering the studied website, at a given instance, can view sev-

eral webpages (e.g., home, contact-us or about-us). However, according to the
observed data, roughly 22% of the visitors would enter the website and only
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view two webpages within that website and thereafter drop-off. This im-
plies that more than one in five visits did not survive to have viewed more
than two webpages per visit. This study sought to identify the hazards that
contribute to the material portion of visits that failed to survive through the
use of a Cox proportional hazard model and a random survival forest model.
Thereby, the definition of survival follows:

¢ visits that viewed in total three or more webpages, we considered sur-

vived.

¢ visits that viewed in total less than three webpages were considered a
failure to survive.

6.3.2 Kaplan-Meier curve

A Kaplan-Meier curve was constructed to visually assess the survival rate as

time progressed on the studied website (as depicted in Figure 6.3).

suny

time

Figure 6.3: Survival analysis Kaplan-Meier curve.
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On the studied website, the Kaplan-Meier survival curve followed a concave
distribution which suggested that survival rates steeply decline within the
tirst 250 seconds of a website visit. Additionally, after 250 seconds, a more
gradual survival rate has been noted. This implies that the premature drop-
offs leave the website shortly after entering, and those who view a greater

number of pages have been more engaged with the website.

6.4 Survival models

Section 6.4 details the Cox proportional hazard model and random survival
forest models. The features fed into the models are discussed, the features
that the models have identified as hazards are discussed, and the models’

classification accuracies are further shared.

6.4.1 Cox proportional hazard regression

A Cox proportional hazard model was employed to determine the significant
hazards that contribute to survival on the studied website. The model sought
to solve the problem as expressed in Equation 6.10 where survived referred

to the event of a web visit viewing three or more webpages within the visit:

surv(sesstime, survived) ~browser + dayssincelastsession+

devicecategory + distance + hits+

operatingsystem + organicsearches+  (6.10)

AC+ AU +AP+CE+CL+CR+CU+
FA+ET+H+L+SC+T+U.

Prior to computing the Cox proportional hazard model, the categorical fea-
tures (operatingsystem, devicecategory, and browser) were transformed into in-
dicator variables. The H feature indicates if a visitor the home page of the
website first. Similarly, the features AC, AU, AP, CE, CL, CR, CU, EA, ET, L,
SC, T and U indicate the corresponding first webpage viewed within each
visit as detailed in Table 2.2.

The Cox proportional hazard model was trained on 80% of the data and
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tested on 20% of the data for validation. The Cox model recorded a classifica-
tion accuracy of 58%. Figure 6.4 depicts the features and the corresponding
hazard level of significance as determined by the Cox proportional model.
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Figure 6.4: Web analytics survival Cox proportional hazards.

According to the Cox proportional hazard model, the features hits, ET, or-
ganicsearches, browser, and devicecategory were significant hazards to survival
on the studied website. Further descriptive analysis showed that visits that
were very engaged with the website (number of hits per page) had a high
likelihood of survival. By definition, a hit represents the number of clicks a
visitor makes when on a webpage. The feature ET represented visits where
the first webpage viewed was the engineering-trade webpage. According to
the data, visits with the first page being the engineering-trade have shown a
high likelihood to drop-off early. This is suggestive that either such visits
get all the information they need from the webpage or are dissatisfied and
warranted to drop-off.

The data also informed that visits that originated from an organic search had
a high likelihood of survival on the website, and conversely, those visits that
were not organically originated showed a high likelihood to drop-off prior
to viewing three or more webpages on the studied website. The Cox propor-
tional model detected that visits from browsers such as Samsung Internet,
Safari and other uncommon browsers had higher likelihoods of dropping-

off prior to three page views. This could be due to either a population trait of

o

0%
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the users of such browsers (or devices associated with such web-browsers)
or the visual presentation of the corporate website being non-functional on
these browsers.

6.4.2 Random survival forest

The web traffic data has been modelled through a random survival forest
model to identify the hazardous features that have contributed to visits not
surviving three or more webpages on the studied website. The random for-
est’s relative importance scores are depicted in Figure 6.5. The random sur-
vival forest model was trained on 80% of the data and tested on 20% of the
data for validation. The random forest model recorded a classification accu-
racy of 63%.
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Figure 6.5: Web analytics random survival forest hazards.

According to the random survival forest model, hits, dayssincethelastsession,
ET, browser, distance and organicsearches were among the most important fea-
tures in determining if a visit would survive or not on the studied website.
Empirical analysis has shown that the less engaging a visit was per web-
page (measured by the volume of hits), the lower the chance of survival. The
random forest model also detected that visits that were either very frequent
or previously visited between 80-100 days ago have been shown to have a
low survival rate. The survival model has also detected that the visitor’s
Euclidean distance between the device used to browse the website and the

corporate’s coordinates is an important hazard. The further the distance, the
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lower the survival rate as expressed in the empirical data. This typically
represented foreign visits. The ET feature has been identified as a hazard
since visits with the engineering-trade page viewed first, have been shown to
have a low survival rate on the studied data. The browser feature has been
identified with high importance since visits with browsers, such as Samsung
Internet, Safari and other uncommon browsers have been shown to have a
low survival rate within the data. This could be an indication that either the
owners of such devices have an unknown tendency to drop-off, or perhaps
the visual display of the website on these browsers could contribute to a low
survival. The organicsearch feature has also been identified as an important
hazard, and according to the empirical data, it was evident that visits which

have originated from an organic search have a high survival rate.

6.5 Final remarks

The shareholders of the studied website were concerned with the high rate of
premature drop-offs. According to shareholder expectations, visitors should
view three or more webpages per visit. A low volume of pageviews on
the website implies that the marketing cost invested in the website is not
being justified according to the intended purpose. This study employed a
traditional survival model (through the use of the Cox proportional haz-
ard model) and a machine learning model (random survival forest model)
to identify the underlying hazards that drove the high rate of drop-offs ob-
served. The Cox proportional hazard model was able to indicate features
that were statistically significant in contributing to survival rates, whilst the
random survival forest model was able to identify the features that are most
important in predicting the survival rates. Although the models employed
are fundamentally different, the features identified as hazardous were under-
standable and evident in the empirical data. Table 6.1 compares the features
that were identified as hazardous under each model.
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Table 6.1: Features identified as survival hazards.

Feature

Cox proportional hazard model

Random survival forest model

AC

AP

AU

Browser

CE

CL

CR

Cu

daysSinceLastSession

deviceCategory

Dist

EA

ET

H

Hits

L

OperatingSystem

OrganicSearches

SC

T

U

Table 6.1 marks the features that were identified as possible hazards by the

Cox proportional hazard model and the random survival forest model. Al-

though both models are very different in theory, it was observed that a mate-

rial overlap existed between the features identified as hazards. The features

browser, ET, hits and organic searches were identified as hazardous by both

the Cox proportional hazard model and the random survival forest model.

The random survival forest model has been shown to better identify the haz-

ardous features that were non-linear, such as distance and dayssincethelastses-

sion. Furthermore, the Cox proportional hazard model identified the feature

devicecategory whilst the random survival forest model did not.

The study illustrated how the hazards of a website could be successfully

identified through a survival problem. The browser type (e.g., Google Chrome,

Explorer or Firefox) was identified as a hazard and indicated that there could

potentially be compatibility flaws with certain browsers that result in visi-
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tors prematurely dropping-off. The developers of the website would need to
re-test the website loading on the browsers of concern. The engineering-trade
webpage was detected as hazardous and thereby, indicated that visitors en-
tering the website through this webpage were perhaps discouraged by this
webpage. Further tests would need to be conducted to isolate the underlying
reason (through random A /B testing). Visitors could have either dropped-off
due to the wording, due to the navigation to other webpages from this web-
page, or due to the imagery, et cetera. The visitor’s days since the last session
were detected as a non-linear hazard. Exploratory analysis has shown that
visitors who were new (first-time visitors) or visited a very long while ago
have been shown to have had a higher survival rate. This implies that peo-
ple who recently visited the website previously either entered again mistak-
enly or came on looking for specific information and thereafter dropped-off.
The device category information was identified as a hazard as visitors using
a desktop PC had a higher tendency to drop-off relative to tablet or mobile
device users. Further research needs to be conducted to understand this be-
haviour. Further exploratory analysis has indicated that visitors from foreign
countries enter the studied website and shortly dropped-off. The studied cor-
poration at the time of analysis had only traded in and around South Africa
and thereby, suggested that visits from outside of South Africa were most
likely by mistake and thus explained the low survival rate as detected by a
visitor’s distance. The volume of hits has been identified as a hazard to sur-
vival as the degree of clicks and scrolls that a visitor has performed during
the visit was a strong indicator of survival. Thus, intuitively, the lower the
volume of hits, the lower the engagement, and provides an early indication of
uninterest. Further testing should be performed to assess the impact of web-
site prompts that can be thrown at a visitor with low engagement to try to
increase the interest and engagement with the website to ultimately prevent
premature drop-offs. Visitors who have not organically entered the website
have proven to be hazardous. Organic searches represent visits whereby the
visitor used keywords to describe what he was looking for, the search engine
yielded its recommendations and thereafter the visitor chose the corporate
website. Although this hazard may correlate with first-time visitors, further
testing can be conducted to throw prompts to visitors who did not enter the

website through an organic search to increase engagement and prolong the
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web journey on the studied website. Ultimately, although both the Cox pro-
portional hazard model and random survival forest models have performed
well in identifying the key hazards, the random survival forest model has
outperformed the Cox model due to its ability to better comprehend non-
linear features and ultimately attained a superior classification accuracy rel-
ative to the Cox model. Although dropping-off has been a widely studied
phenomenon across several applications, this study uniquely attempts to
identify the underlying hazards by solving a survival problem. Given that
the above methods have proved useful, and thus, web owners across sev-
eral domains who experience high drop-off rates can likewise identify the
underlying hazards by solving a survival problem.

Unlike Walsh et al. (2020) who studied the type of visitor that dropped-off,
the use of a survival model can be generalised to any website and the out-
come specifically indicates the hazards that need to be addressed. Dou et al.
(2018) employed machine learning models to improve the visual appeal of
the website to minimise drop-offs; however, visual appeal may not be the
only factor that would result in premature drop-offs. For instance, the sur-
vival models have identified behavioural elements that may not be influ-
enced by visual appeal alone (e.g., organically searched visitors or visitor
dependency on the days since the last session).

Further to identifying the key hazards that drive premature drop-offs,

a Markov chain model would highlight behavioural tendencies to dropping-
off based on a visitor’s present state within the visit journey. Chapter 7 em-
ploys tiered Markov chain models to quantify the likelihood of dropping-off
based on the present state within a journey.
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CHAPTER 7

PREDICT WEBPAGE
TRANSITIONING USING
MARKOYV CHAINS

7.1 Introduction

In an attempt to model the most likely points of a web visitor prematurely
dropping-off, Chapter 7 seeks to determine the probability of a visitor mov-
ing from one page to another. A website is made up of webpages where a vis-
itor entering the website would navigate across several webpages by clicking
on web objects. For example, a person would first enter the home page and
thereafter click an object to transition to the contact-us webpage and there-
after exit the website. The underlying transition probability matrix would
allow for practical implementation onto the live website. Thereby, whilst a
visitor is on the website, the system could easily predict the most likely next
state, and push pop-ups to walk a visitor through a desired page path.

Markov chains are based on the fundamental assumption that the future state
is only dependent on the present state and not previous states (memoryless-
ness). However, the memoryless assumption does not hold true on the stud-
ied website. This is intuitively so, as a visitor may not re-visit a webpage that
has already been viewed. Therefore, to improve the accuracy of the Markov
transition probabilities in the context of the studied website, a tiered Markov

chain model was proposed.

The paragraphs below discuss recent applications of web behaviour predic-
tion and Markov chain models. Koehn et al. (2020) have conducted a study to
predict online shopping behaviour from clickstream information using deep

learning methods. Their study found that a recurrent neural network and
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conventional classifier models have captured the patterns inherent within
the clickstream data. However, the study showed that ensemble methods
consistently outperformed the alternate models tested (Koehn et al., 2020).

Nagaraj et al. (2023) employed machine learning models to predict e-commerce

customer churn. The reported average monthly churn on the studied data
was 2.2% and thus churn was not an easy event to predict (Nagaraj et al.,
2023).

Rahman et al. (2019) employed a neuro-fuzzy approach to predict online be-
haviour using people’s browsing interests and observing suspicious activi-
ties (e.g., security and privacy) derived from their internet trail. The pro-
posed model was found to be promising in terms of the classification and
prediction accuracy (Rahman et al., 2019).

Jia et al. (2020) employed Markov chain models to forecast coal consumption
in the Gansu province. The final model was used to forecast coal consump-
tion between 2020 and 2035 (Jia et al., 2020).

Vermeer and Trilling (2020) employed Markov chains using clickstream data
of 175 news websites to better understand visitors. The outcome of their
study proposed sales design strategies and guided on a more effective web-

site structure (Vermeer and Trilling, 2020).

Okwuashi and Ndehedehe (2020) employed an integration between machine
learning models and Markov chains to model the change in urban land us-
age. The final outcome resulted in a high accuracy level and proved to be
a robust method for modelling urban change (Okwuashi and Ndehedehe,
2020).

Given the recent literature reviewed herein, none of the applications attempted

to address cases where the memoryless property of the Markov model may
not realistically apply. At the time of writing, no similar literature has been
found that proposed a tiered Markov model in the manner as done within
this study. The predictive model is required to be simplistic to allow easy
implementation within the underlying code behind the website to ultimately
lure visitors onto the more important webpages according to the TEKmation

board. Although Markov models were considered to be simple enough (due
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to the transition probability matrix), the memoryless assumption of Markov
models was not ideal. The study aimed to evaluate a tiered approach to em-

ploying Markov models to minimise reliance on the memoryless assumption.

Section 7.2 of this Chapter discusses the theoretical framework of Markov
chains, Section 7.4 discusses the Markov states data processing, Section 7.4
explains the derivation of the tiers and presents the tiered Markov models.
Section 7.5 discusses the results of the models.

7.2 Markov methodology

This study investigated the use of tiered Markov chain models to minimise
the assumption of memoryless transitioning. This section introduces the un-
derlying mathematical theory behind discrete Markov chains and introduces

related concepts such as absorbing states and time-homogeneity.

7.2.1 Discrete Markov chains

By definition, a discrete Markov chain represents a sequence of random vari-
ables (X;, X, X3, ...) that follow a Markov property (memoryless property),
where the probability of moving to the next state (n 4 1) depends only on the

present state (n) and not on previous states:

PXpp1=z|Xi=21,Xo=29,.... X,y =2,,) = P(Xss1 =2 | X;, = 2,)(7.1)
where P(X) = z1, Xy = 29, ..., X, = x,,) > 0.
Thus, the possible values for X; form a finite state space (') of the chain

(Cortes et al., 2020; Odhiambo et al., 2020).

7.2.2 Transition matrix

Assume a state space (I' = 1, ..., d) which represents all possible states that
a variable could reside in. The transition probability matrix would repre-
sent the probability of moving from one state (m) to the next (n) in one step.
Therefore, P(n | m) = T™" could be described as (Wilinski, 2019):
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T .. T

(7.2)
T® . T

The transition probability distribution can be defined as, for any event n €

(0,1,2,...) and corresponding time values of n: t,t,1s,... and respective

states io, ?;1, ’ig, ig, ceet

P(th+1 = Z?’L-I—l | XtO = ZO, th == 7:17 ceey th == Z?’l) = pi?t’in+1 (tn+1 - tn)7(7.3)

where p;; represent the solution of the forward equation (P’ (t) = P(t)Q) with
initial condition P(0) is the identity matrix where () represents the transition
matrix within the state space 7.

7.2.3 Absorbing state

An absorbing state refers to a state that can be reached from any other state.
Once in an absorbing state, the random variable cannot leave that state (Li
and Ji, 2020).

In the context of this study, where a state refers to the webpage being viewed,
at any given state a visitor could choose to subsequently leave the website
(drop-off). However, once a person has dropped-off, the visitor cannot tran-
sition to any other state afterwards. After dropping-off, should the visitor

re-enter the website at a later point, it would be treated as another visit.

7.2.4 Variations of Markov chains

Time-homogenous Markov chains

Time-homogenous Markov chains follow the assumption that transition prob-
abilities do not depend on time ‘t’. Therefore, a Markov chain is said to be
time-homogenous if (Mahmoudi and Rigi, 2023):

P(Xip1=a| Xy =b)=P(Xi=a|Xo=0). (7.4)
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Stationary Markov chains

A stationary Markov chain represents a process where (Wilinski, 2019) :

P(XO = xU,Xl = T, ,Xk = $k> =

(7.5)
P(Xn = T, XnJrl =T, --~7Xn+k = xk)‘v’n, k.

A mandatory and sufficient criterion for time-homogeneous Markov chains
to be deemed stationary requires the distribution of X, to be a stationary
distribution of the Markov chain. Furthermore, the Baye’s rule could prove

that every stationary Markov chain is time-homogeneous.

Markov chains with memory (joint Markov chains)

By definition, a Markov chain of order m (or a Markov chain with memory),

satisfies the following process (where m is finite):

P(Xn = Tp | Xpo1 = Tn—1, Xn2=1Tp 2., X1=931) (7 6)

P(Xn = Tn | Xn—l - In—laXn—Z = Tp-2,.., Xn,m:xnfm%

for n > m. Accordingly, as per Equation 7.6, the future states within a Markov
chain with memory depends on the past m states. Therefore, it is possible
to build a Markov chain (Y;,) from (X,,) which holds the traditional Markov
property by defining the state space as the m — tuples of X values: Y, =
(X, X1, ooy Xnoms1) (Wilinski, 2019).

7.3 Markov states

The tracking tool supplied data on the volume of visits to the website and
the corresponding engagement whilst on the website. In the context of this
study, the tracking tool recorded the webpages that a visitor had browsed on
the studied website. Figure 7.1 below depicts a typical visit decision tree.
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Navigate
to page

Entry
onto
website

BN Drop-Off

Figure 7.1: Online visit page decision tree.

The entry-onto-website block of Figure 7.1, represents the phase a person would
enter the website on a given webpage. A person can enter the website on any
given webpage (e.g., some may enter and land on the home page first, while
others may land on the contact-us page first). Therefore, the order of pages
viewed would vary across the visitors. Although most links would route to
the home page first, web browsers (e.g., Google) typically yield a few options
to the person prior to entering the website allowing visitors to land on spe-
cific pages of the website (e.g., directly to the about-us page). Furthermore,
if a person has visited the website before, their last viewed page may be the
entry point onto the studied website. The visitor would then decide to ei-
ther drop-off, resulting in the visit ending, or view another page by clicking
on relevant links. Subsequently, the navigate-to-page box in Figure 7.1 would
loop until the person decides to exit.

The studied website was composed of several underlying webpages. To al-
low for a practical Markov chain application, the detailed pages were rolled
up into the corresponding root pages. For example, all of the detailed courses
pages that elaborated on educational courses offered by the corporation have
been rolled up to the state: courses. The root pages can be viewed in Figure

7.2 for context.
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Home AboutUs Courses v Accl NS Partners  Contact Us

Leaders In

Engineering

Figure 7.2: Studied website extract (source: Author’s own contribution).

This way, within a visit, a person would reside in one of the six states and
would subsequently either transition to one of the six states or leave the web-
site (drop-off). The seven states modelled within this study are about, accred,
clients, contact, courses, home and drop-off states.

7.4 Markov results

This section, firstly, tests the assumption of memoryless webpage transition-
ing through the use of chi-squared tests for independence. Thereafter, this
section presents the distribution of webpages viewed to determine the num-
ber of tiers that were necessary. Finally, this section presents the transition
matrices and Markov chains of website visits that transition from one state to
the next through the use of tiered Markov models. The chi-squared test for
independence and Markov chains were developed using the R data-science
programming tool (package: markovchain (Spedicato et al., 2015)).

7.4.1 Webpage state historic dependence

Markov chain models are often termed memoryless models. This implies
that the future state is dependent on the present state only and not the pre-
vious state. In the context of this study, the memoryless assumption would
imply that the movement from one webpage to the next is dependent on the
current webpage being viewed only and not dependent on the previous web-
pages view. However, this assumption does not hold true in the context of a
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website as:

i. visitors are less likely to visit a webpage that they have viewed before

relative to an unseen page, and

ii. the transition probability of the first webpage viewed would differ from
the n'" — the first page may hold a higher drop-off rate as visitors may
realise upon entry that the website was not what they were browsing

for.

The chi-squared test for independence (with p-value < 0.0001) indicated that
on the studied website, on a given webpage (w) the transition to the next
webpage (w;) is dependent on the previous webpage (w_,). Since the p-value
was less than the significance level of 0.05, we reject the null hypothesis and
conclude that the next state was dependent on the previous state. Therefore,
the memoryless transition probabilities of a Markov model would potentially
dilute the probabilities.

7.4.2 Distribution of webpages viewed

On the studied website, roughly one in five visitors would drop-off on or
before viewing the second webpage. Figure 7.3 depicts the distribution of

the total count of webpages viewed on the studied website.
25%

20%

10%

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 26 27 29 33 40
Pageviews per visit

Figure 7.3: Distribution of the number of pages viewed per visit.
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Using the distribution of pageviews, the evidence suggested that at mini-
mum, a two-tier Markov chain model was necessary. The first tier would
hold the transition probabilities of people whilst on their first and second
webpage. The second tier would hold the transition probabilities of the peo-
ple who were on their third or more webpage. Although adding more tiers
may enhance the prediction accuracy of the next state, the researcher strove
to keep the process as simple as possible to allow for practical application.

7.4.3 Tiered Markov models

Whilst a viewer is on a given webpage, to predict the subsequent webpage
viewed, Markov chain models were developed. However, empirical results
have shown that the process of web browsing is not a memoryless process.
The next state (next webpage viewed) was shown to be dependent on the pre-
vious state (previous webpage viewed) whilst on the current state (webpage
currently being viewed). Therefore, a tiered approach was proposed where
the first tier represents the transition probabilities of the next state given that
the visitor has recently entered the website (viewed less than three pages at
that point). And thereafter, the second tier represents the transition probabil-
ities when the current state was the third or more webpage. Table 7.1 below

quantifies the transitional probabilities of the tier one Markov model.

Table 7.1: Tier one transition probabilities.

Tier 1 About | Accred | Clients | Contact | Courses | Home | DropOff
About | 3% 8% 5% 20% 23% 10% 32%
Accred | 2% 3% 13% 7% 46% 4% 25%
Clients | 6% 4% 1% 13% 17% 10% 50%
Contact | 2% 0% 1% 5% 18% 11% 63%
Courses | 1% 2% 1% 2% 60% 6% 28%
Home 7% 4% 1% 7% 40% 8% 34%
DropOff | 0% 0% 0% 0% 0% 0% 100%

The rows in Table 7.1 represent the current state (current webpage viewed)
given that the current visit has just started (the current state is the first or
second webpage of the visit) and the columns represent the probability of
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transitioning to the next state (viewing the next webpage). According to the
tier one transition probabilities, a visitor has a 20% probability of navigating
to the contact state from the about state after the first two pages are viewed.

Figure 7.4 depicts the tier one Markov chains as represented by the transition
probabilities.
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Figure 7.4: Tier one Markov chains.

The tier one Markov chains presented in Figure 7.4, depict the seven current
states and quantifies the transition probability of moving to the next state. It
can also be seen that the drop-off state is an absorbing state meaning that once
the current state is at drop-off there will be no subsequent state. The drop-off
state represents the probability of which a visitor would leave the website
and thus would not be possible to transition to any other webpage. If the

visitor re-enters the website, the event will be recorded as a separate visit.
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Table 7.2 below presents the tier two transition probabilities on the studied

website. These probabilities represent the likelihood that a visitor would

transition to another state given the current page is the third or more web-

page being viewed by the visitor.

Table 7.2: Tier two transition probabilities.

Tier two | About | Accred | Clients | Contact | Courses | Home | DropOff
About 3% 16% 7% 13% 36% 9% 16%
Accred | 1% 2% 18% 10% 53% 5% 12%
Clients | 4% 3% 1% 23% 40% 11% 18%
Contact | 3% 1% 2% 4% 37% 13% 40%
Courses | 2% 2% 1% 2% 61% 11% 21%
Home 11% 8% 3% 6% 48% 8% 17%
DropOfft | 0% 0% 0% 0% 0% 0% 100%

The rows of Table 7.2 represent the current state, and the columns represent

the next state. According to the tier two transition probabilities, as per Table

7.2, there is a 13% chance of transitioning to the contact state from the about

state. Figure 7.5 depicts the tier two Markov chains.
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Figure 7.5: Tier two Markov chains.

Home™ 0.08

Similar to the tier one Markov chain model, Figure 7.5 depicts the seven cur-
rent states and quantifies the transition probability of moving to the next

state.

7.4.4 Joint (hidden) Markov model

Since the transitioning from one page to the next does not follow a "‘mem-
oryless’ process, a joint hidden Markov model of order two was developed
to assess the prediction capability of transitioning from one state to the next.
Table 7.3 presents the joint Markov chain transition probabilities when pre-

dicting the next state whilst on the current state given the previous state.
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Table 7.3: Joint Markov chain model of order two.

Joint Markov model | About | Accred | Clients | Contact | Courses | Home | DropOff
About | Accred 0% 13% 6% 19% 19% 13% 31%
About | Clients 8% 16% 16% 4% 24% 16% 16%
About | Contact 2% 21% 7% 16% 23% 14% 16%
About | Courses 3% 17% 7% 11% 42% 10% 11%
About | Home 3% 11% 6% 18% 30% 10% 21%
About | New 5% 3% 3% 15% 13% 3% 58%
Accred | About 2% 4% 19% 13% 40% 10% 11%
Accred | Clients 5% 0% 0% 15% 55% 0% 25%
Accred | Contact 6% 6% 6% 19% 31% 19% 13%
Accred | Courses 1% 2% 18% 10% 55% 4% 11%
Accred | Home 2% 1% 17% 5% 55% 4% 16%
Accred | New 2% 4% 7% 7% 37% 4% 40%
Clients | About 3% 0% 0% 43% 28% 10% 16%
Clients | Accred 3% 3% 3% 27% 37% 10% 17%
Clients | Contact 9% 9% 0% 17% 22% 9% 35%
Clients | Courses 2% 3% 1% 12% 52% 11% 19%
Clients | Home 10% 3% 0% 21% 30% 14% 21%
Clients | New 0% 5% 2% 0% 7% 7% 80%
Contact | About 6% 1% 3% 5% 24% 13% | 48%
Contact | Accred 6% 3% 2% 3% 49% 8% 28%
Contact | Clients 3% 2% 2% 4% 35% 15% 38%
Contact | Courses 2% 1% 2% 4% 43% 11% 36%
Contact | Home 2% 1% 1% 4% 25% 17% 51%
Contact | New 1% 0% 1% 6% 13% 5% 74%
Courses | About 3% 4% 2% 6% 54% 10% 20%
Courses | Accred 2% 2% 4% 3% 61% 10% 18%
Courses | Clients 3% 3% 2% 4% 51% 14% 23%
Courses | Contact 2% 2% 1% 3% 50% 11% 31%
Courses | Home 1% 2% 1% 2% 69% 9% 17%
Courses | New 1% 1% 0% 1% 41% 3% 53%
Home | About 22% 8% 4% 6% 27% 8% 26%
Home | Accred 17% 25% 4% 6% 35% 4% 8%
Home | Clients 10% 12% 7% 7% 48% 1% 13%
Home | Contact 13% 6% 3% 13% 28% 5% 32%
Home | Courses 10% 8% 3% 5% 56% 4% 14%
Home | New 6% 3% 1% 7% 40% 7% 35%

However, the joint hidden Markov chain model of order two yielded infe-

rior results relative to the tiered models when predicting the transition to the
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drop-off state. This was driven by the joint Markov chain’s inability to de-
termine the point of the visit journey when on the current state (unlike the
tiered models proposed). For instance, the joint state of Home | About would
represent visits where the About was the first state of the journey and when
the About state could have been the tenth. This is due to a non-fixed order

transition process of the web state transitions.

7.5 Concluding thoughts

The study sought to propose a tiered approach to a non-memoryless appli-
cation of Markov models. With web analytics, Markov chain models and the
underlying transition probabilities can be easily implemented within web-
based applications to guide a visitor’s journey on a given website and po-
tentially minimise drop-offs. However, a major hurdle is the accuracy of
the transition probabilities since web behaviour has proven to have memory.
In other words, predicting the next page a visitor would select was indeed
dependent on the previous pages that the visitor has already seen within a

particular visit.

The general concerns of Markov chain models were addressed as tabulated
in Table 7.4.
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Table 7.4: General Markov chain model concerns.

Markov chain concern | Studies actions to mitigate the concern

Memorylessness  as- | It was established that the likelihood of transitioning from
sumption one webpage to the next was indeed dependent on the pre-
vious pages viewed and thus violating the memoryless as-
sumption (Vermeer and Trilling, 2020). The memoryless as-
sumption has been addressed through tiered Markov models
which proved accurate. Given that most visits contained less
than three webpage views (as per Figure 7.3), the tiers were
defined by the first two pages viewed as tier one and the third
or successive pages viewed under tier two. Upon comparing
the drop-off probabilities across the transition matrices, the
tiered models have shown to minimize the effect of the mem-
orylessness assumption (Table 7.5).

Fixed order transition | A visit to the website could be initiated on a range of web-
pages (Kantanantha and Awichanirost, 2022, Kumar and
Ogunmola, 2019; Onder and Berbekova, 2021). For instance,
a visitor may begin his journey on the website by starting
on the home page whilst another may begin on the contact-
us page. And accordingly, the second, third and successive
pages viewed would be different across visitors and therefore
violating a fixed order transitioning process (as illustrated in
Figure 7.1). To minimize the effect of a non-fixed order pro-
cess, the tiered models separated early stages of a visit from
later stages where the difference between the tiers were the
orders. The performance of the tiers are presented within Ta-
ble 7.1 and Table 7.2.

Sparse data and state | The studied website contains around twenty unique web-

explosion pages. Therefore, to ensure sufficient data and a controlled
state set within the transition matrices (Kantanantha and
Awichanirost, 2022; Kumar and Ogunmola, 2019; Onder and
Berbekova, 2021), each webpage was mapped to its root web-
page. In doing so, this resulted in six states (exclusive of a
drop-off state). The definition of the six states is discussed
within Section and illustrated in Figure 7.2. Therefore, sparse
data and state explosion was managed by rolling up the web

page visits into six states.

Upon studying the tier one and tier two transition probabilities, it was ev-
ident that the probability distributions were more discriminant. Tier one
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highlighted that when visitors were on the clients or contact-us states early
within their journey, they held a high likelihood of dropping-off. Table 7.5
quantifies the average probability of moving to the respective states between
the tiered and non-tiered models.

Table 7.5: Average transition probability of the Markov models.

Avg. Prob | About | Accred | Clients | Contact | Courses | Home | DropOff

Non-Tiered | 3% 4% 5% 10% 41% 9% 28%
Tierl 30/0 30/0 40/0 90/0 340/0 80/0 390/0
Tier2 4% 5% 5% 10% 46% 9% 21%

The non-tiered model represents the Markov model that fully assumes that
the future state is independent of previous states. Although the data has
proven that the dependence does exist, the average transition probabilities
of the non-tiered model were included for validation purposes. It is evident
in Table 7.5, that the tiered models have resulted in greater differentiation
relative to the non-tiered model. This implied that by introducing tiers, the
assumption of previous state independence was reduced. Furthermore, ac-
cording to the average probabilities, as per Table 7.5, the Tier one model
would more accurately predict drop-offs. Furthermore, from the transition
probabilities, it is evident that the tier two model would more accurately

predict movement across the states relative to the tier one model.

Although the transition probabilities presented within the study were spe-
cific to the studied website, the methodology could likewise be applied to
other websites to predict the subsequent most likely action of a web visitor.

On the studied website, the Markov transition probabilities could be coded
into the website infrastructure to first, predict visitor drop-offs and push
prompts to prolong the visit to the website. Secondly, the board of direc-
tors claim that certain webpages are more important than others and could
therefore attempt to redesign less-important webpages to lure visitors onto
the more important webpages. These changes would first be tested through
an A/B test and thereafter rolled out.
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CHAPTER 8

DISCUSSION AND
CONCLUSION

8.1 Introduction

Web analytics is of high importance within the competitive global market-
place, as this is necessary to optimise aesthetics and user experience on a
given website (Mbete and Tanamal, 2020; Rita et al., 2019; Wang and Law,
2019). Like TEKmation, many companies invest in an official website to rep-
resent the company digitally but they lack insight into the website’s usage,
the intents behind the visits, and the existence of any concerns about the
website (Bleier et al., 2018; Noorbehbahani et al., 2019). Thereby, this study
aimed to employ statistical and machine learning methods on the complex
website data to yield a clear understanding of the underlying visit behaviour
and identify any evidence of potential concerns.

The exploratory analysis conducted in this study, recorded a web traffic of
7,935 visits, with 5,997 unique visitors during the analysis period; these key
metrics were in-line with the traffic observed in the study conducted by
Jansen et al. (2022). After the data-shift, it was observed that the studied
website experienced satisfactory traffic flow, with a relatively low bounce
rate. However, a significant portion of visits was identified as premature
drop-offs and thus warranted further investigation. The extreme values ob-
served on the visit duration, the number of pages viewed per visit, and the
number of times the website was visited were found to be within reason,
though (although identified as outliers by Grubb’s test). The small volume

of missing values was imputed by using Bayesian network models.

A shift in data patterns was experienced during the harsh levels of the COVID-
19 lock-down and the study proposed an artificial neural network model to

135



8.1. Introduction

detect the likely presence of a future shift in browsing patterns. This artifi-
cial neural network model indicated that volume-based measures (e.g., visits
and pageviews) were important predictors of a data-shift occurring, being
cognisant of the time of year (due to seasonal periods). Although the data-
shift period was omitted from the study, the learnings from the data-shift

were extracted in the form of the artificial neural network model.

Using the web-tracking variables available, a feature selection process was
conducted prior to the running of unsupervised machine learning models.
The feature selection process focused on the variability of features and the
association between features across various data types to identify features
that contained poor variability and redundant information. Features such as
the volume of pageviews and hits were identified as sharing a high corre-
lation with each other, features such as the days since the last session and
the user type were identified as features with natural relationships, and fea-
tures such as visits to the engineering-trade webpage were identified as low

variability features.

The study employed three unsupervised machine learning techniques to clus-
ter visits based on web behaviour to identify the prevalent themes that were
observed on the studied data. Across the clustering models, the clusters that
emerged clearly identified significant groupings of intents behind the web-
site visits. Each of the unsupervised machine models belongs to a differ-
ent family of clustering techniques, namely K-means, DBScan and hierarchi-
cal clustering. However, across all three models, similar intents emerged,
labelled: get-in-touch, accidentals/drop-offs, seekers and engrossed, which has
proven very insightful and quantified the general behaviour on the website.
It was clear that between 40% to 50% of the visits were accidentals/drop-offs,
and 25% to 40% were found to be engrossed. The unsupervised machine learn-
ing models indicated that a material portion of the visits were drop-offs, as
the visitors left the website prematurely (prior to viewing more than three
webpages). To further model the volume of drop-offs, the study employed

survival models and Markov chains.

The Cox proportional hazard model and random survival forest model iden-
tified the hazards that contributed to the premature drop-offs on the stud-
ied website; both models performed well in identifying these key hazards.
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However, the random survival forest model out-performed the traditional
Cox proportional hazard model in identifying the non-linear hazards. The
analysis indicated that certain webpages, as well as the geo-location, level
of website engagement, type of device and manner of entry, were significant

indicators of the premature drop-offs.

Furthermore, the study employed tiered Markov chain models to predict the
most likely subsequent action of visitors given their current webpage and
point within the visit journey. In doing so, the most likely points of drop-
off were determined. The tiered transition probabilities proved to be more
discriminant and indicated that visitors who have landed on the clients and
contact-us states early within the visit journey expressed a high possibility of
dropping-off.

8.2 Future directions

The statistical and machine learning analysis conducted within this study
has shared a detailed insight into the visitors of the website. The recommen-

dations for TEKmation are as follows:

¢ Although the directors believed that the volumes were satisfactory, from
the exploratory analysis and aggregated traffic flows on the website,
further marketing campaigns should be considered to enhance traffic
flow on the corporate website. Naturally, a higher volume of traffic
on the website would result in higher awareness and greater potential

business growth.

¢ The analysis indicated that a high proportion of visits ended prema-
turely. To minimise premature drop-offs, it is recommended that TEK-
mation conducts further A/B design tests by using web pop-ups to ap-
pear when the visitor portrays the hazardous behaviour as identified

by the random survival forest model.

¢ The engineering-trade webpage needs to be re-designed as both sur-
vival models have indicated that the webpage was harmful to the busi-

ness.
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e It is suggested that TEKmation conducts further A/B design tests by
using web pop-ups on the tier-one visits of the clients and the contact-us
states, which indicated high drop-off transition probabilities.

¢ The study has been able to cluster the prevailing intentions behind web-
site visits. It is recommended that TEKmation begins a journey to in-
crease the proportion of engrossed visits without decreasing the total

volume of visits.

With the recommendations presented, it is important that the volume of total
visits remain the same or grow simultaneously. For instance, in the attempt
to reduce premature drop-offs, close monitoring will need to be conducted
to ensure that all other visits are unharmed. The statistically recommended
method of introducing such changes is to use an A/B test in which a ran-
dom 50% of the visits are passed through to the current website structure
(the control population) and the remaining 50% to the revised website (test
population). This will enable side-by-side comparisons to assess whether the
intended revisions are working as required without causing any additional
harm. It is also recommended that one change be made at a time to eliminate
interaction effects between several simultaneous changes. Once the revisions
have proven to be successful, they can be rolled out to all the website visitors
(Howard and Ramdas, 2022; Koning et al., 2022).

In additional, future statistical recommendations include

¢ The study employed Markov chain models to predict website drop-offs.
Perhaps other ensemble methods such as random forest models could
be attempted. Markov models were employed due to the simplicity of
embedding the transition probabilities into the web design. However,
the Markov models may not have yielded the best accuracy although
employed due to the practicality.

* The performance of the models employed were satisfactory on the stud-
ied website. However, further application of such methods on a variety

of websites is recommended.
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8.3 Limitations of the study

Although the statistical and machine learning methods applied may be use-
ful to several other corporates attempting to analyse web traffic data, the

limitations of the study and future research are discussed below.

On the studied website, a key assumption was that the IP address (a unique
identifier assigned to every device by the internet service provider) repre-
sented a ClientID which was assumed to be a single person. However, a
single person could have visited the studied website across different de-
vices (each with a different IP address) and in doing so, the visits would
be recorded under different ClientIDs. Although this assumption can be ac-
commodated, since the visit behaviour of a person may differ across devices,
the difference in behaviour between devices of a single person could not be
explored in this study. Given this limitation, it is recommended that such
analysis be conducted in a study with a login facility, thereby allowing to

analyse user-behaviour across devices.

There are concerns about the privacy of tracking tools that closely moni-
tor a visitor’s activity on a given website (Winklbauer and Horner, 2022).
Although web tracking agents (e.g., Google Analytics) ensure visitors are
warned that their behaviour will be tracked on a particular website (visitors
are requested to accept the use of cookies), many people are uncomfortable

with the idea. Thereby, the future of web analytics may be uncertain.

A Bayesian network model was employed to accurately impute the low de-
gree of missing data observed within the study on the mobile device brand-
ing and operating system features. However, the accuracy of the Bayesian
network imputation leveraged off the completeness of the visit across all
other features; in other words, the Bayesian model was able to predict the
mobile device branding accurately, given that the browser type and the type
of device were known. Further research could explore the imputation of data
points with several such features simultaneously missing on the same record
that was not present in the observed data. Finally, it should be noted that
the Bayesian models have performed well on the high-incidence but not the

low-incidence data points.
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8.3. Limitations of the study

In conclusion, this study and the corresponding findings were limited to one
particular website, future work assessing the online behaviours across sev-
eral websites spanning different industries is recommended. Although the
techniques applied within this study could be employed elsewhere, such fu-
ture work would be of great value in understanding general browsing habits.
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