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2 Abstract

|. Abstract

The digitalization of the educational domain has led to the availability of more data on students.
Instead of only focussing on student performance, researchers and teachers nowadays are able to
analyse student behaviour during educational tasks. Many studies explore this behaviour with the
concept of item response time. Research on student navigation behaviour is lacking. This research
extends the exploration of educational data and addresses specifically the analysis of navigational
test behaviour.

With the help of the ACET 2018 high-stakes test dataset and the literature study, this research
proposed measures for navigational test activities, including steps, jumps, skips, changes and hops.
Additionally, we made a distinction between the navigation activity before and after reaching the last
item. We used k-means clustering on a total of 21.565 students and their tests and identified three
consistent test-taking navigation strategies. It was found that the majority of students mostly follow
the linear order of the tests, the second group used more activities, and the last group was more
active after the last item. No differences in the mean of student ability were found using the clusters.

Our results suggested there is little relation between the navigational activities and student ability,
and difficult items were skipped and changed more often. Predetermined ‘easy’ items with a higher
number of non-linear activities could serve as an indicator for hard-to-understand questions. As we
discovered that most answer changes were advantageous, this research advocates for the use of
free navigation in tests, giving the students an extra chance to show their full potential.
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Chapter 1

Introduction

In recent years, a seismic shift has been happening within the secondary school
education domain (Paraskeva et al., 2008). Secondary schools are increasingly
integrating technology within their education to support the learning process.
Additionally, with the advent of the pandemic, schools are forced to take an even
faster digital leap in their everyday practices (livari et al., 2020). Classrooms are
relocated to digital learning environments, and pencil and paper tests are replaced
by laptops and digital tests. When in-classroom education is suspended for an
extended period, digital teaching is no longer an option but a necessity (Dhawan,
2020).

This transformation in education leads to the creation of a vast trove of data. In the
right hands, this data could prove a basis for better insight into student ability,
cognitive style, adaptive feedback for teachers, tailored learning and improved
tests. Institutions such as the International Association for the Evaluation of
Educational Achievement! (IEA) and the Organisation for Economic Co-operation
and Development? (OECD) make their assessment data publicly available to
accelerate the rate of new discoveries. For example, OECD'’s international 2000
PISA survey was part of a policy change in Germany and helped to reach an
above-average performance in reading, mathematics and science proficiency
(OECD, 2013).

On a lower level, rich assessment data is recorded by most current digital learning
environments. However, most of the data remain unused due to a lack of
accessibility (Marsh et al., 2006). Historically, the education domain has been
fixated on the assessment outcome (Stadler et al., 2019), but recent developments
have researchers examine process data stored in computer-generated event logs.
These logs are records of actions taken while working on a computerized
assessment (Bunderson et al., 1988). Many researchers explore the concept of
item response time (van der Linden et al., 2007; Vida et al., 2021; Yamamoto &
Everson, 1997), although the meaning is not entirely clear due to the multiple
possible causes for response time. A fast response could, for example, be either
an effect of a skilled or unmotivated student (von Davier, Mullis, & Martin, 2020).

However, process data is more than just item response time, and much more fine-
grained data are captured in digital education environments (Bezirhan, von Davier,
& Grabovsky, 2020). Several studies dive deeper into educational process data
and are measuring other attributes such as item strategy use (Greiff et al., 2016;

L https:/iwww.iea.nl/
2 https://www.oecd.org/



8 Introduction

Salles et al., 2020; Shu et al., 2015), item revisits (Bezirhan et al., 2020) and
navigational behaviour (Graf et al.,, 2010). Educational navigation behaviour is
concerned with the movement of students interacting with an educational system
and utilizes temporal sequence data. In many learning systems, analysis of
navigational behaviour could mean the sequence of the visited course pages.
Which pages are (most) visited or which pages are revisited? The navigation
behaviour of students in learning systems has been actively studied in recent years
(Pechenizkiy et al., 2009), but research specifically in digital test-taking systems is
lagging behind.

This research seeks to find patterns in student’s navigation behaviour in high-
stakes digital tests to address this vacuum. Therefore, the main objective of this
research project is to continue examining the use of educational process data and
explore, in particular navigational test-taking behaviour, using a dataset of high-
stakes tests.

This study could provide new knowledge for educational institutions as well as for
the field of psychometrics by:

o Discovering differences in navigation behaviour and finding navigation
strategies

e Discovering the relation to student ability

e Supporting the research for student cognitive style

e Ouitline difficult or poorly written/structured items

e Change what data is stored from digital assessment and how it is stored

1.1. Context

This research tries to understand student navigation behaviour in test-taking
environments in collaboration with Cito®, a Dutch agency that supports
governments, institutions and awarding bodies developing testing and monitoring
systems (Cito, 2021). Cito provided exam-related data produced by the computer-
based testing system, Facet*. Facet is a governmental platform responsible for
central digital examinations and tests in secondary education. Facet utilizes the
test and test items developed by Cito and sends test data back for test
improvement and learning analytics.

1.2. Research Approach

Due to the absence of specific navigation behaviour theory in the educational
domain, we will follow an inductive research approach, also known as a bottom-up
or data-driven approach. With the help of the cross-industry standard process for
data mining (CRISP-DM), this research tries to answer research questions by

3 https://www.cito.com/
4 https://www.duo.nl/zakelijk/voortgezet-onderwijs/examens-en-diplomas/facet/
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analysing observations in the dataset. The CRISP-DM methodology is a successful
and practical data mining standard, with six organized and clearly defined phases,
allowing easy understanding and revision of a project (Chapman et al., 2000). This
research uses an adaptation of the CRISP-DM, depicted in Figure 1 Adaptation of
Chapman's CRISP-DM and more detailed in Appendix A, as this research does
not share the business narrative with CRISP-DM, and there currently will not be a
deployment of any solution.

Data

Preparation Modeling | —| Evaluation

>

<+

Figure 1 Adaptation of Chapman's CRISP-DM Methodology

The initial phase is changed from Business Understanding to Domain
Understanding. Instead of solely looking for project goals, this phase is extended
with a literature study in the Educational Data Mining and Learning Analytics
domain to discover the state-of-the-art and search for educational (test-taking)
navigation behaviour. The following two phases revolve around the dataset. After
finding the attributes that contribute to navigation behaviour, we transform the log
data into a better analysable pattern format. Next, this research will devise
navigation measures and use a data mining technique that will identify different
navigation behaviour styles. Lastly, we evaluate the models' results of the state-of-
the-art techniques and evaluate our model by testing it on a new similar dataset.

1.2.1.Research Questions

In alignment with the problem statement and the obtained dataset, this research
defines the following main research question (RQ).

RQ  What can we learn from digital test-taking navigation behaviour?
This research will attempt to answer this main question through several sub-
questions (SQ) and their respective answers. Figure 2 depicts the total research

objective.

SQ1 What different test-taking navigational behaviour exist?

11 What different digital navigational behaviour exists outside the
educational domain?
1.2 What different digital educational navigational behaviour exist?

1.3 What different digital navigational behaviour exist in test-taking?

To better understand what we can expect from the data, we aim to
discover literature in navigational behaviour. We will start with broad



10

SQ2

SQ3

SQ4

SQ5

Introduction

research outside the educational domain and funnel down
subsequently to research in the educational domain and end with
specific test-taking navigation behaviour research.

What techniques can be used for inferring navigational behaviour

from digital tests?

2.1 What data can be used for interpreting navigation behaviour?

2.2 How can data mining techniques be used for analysing digital
navigation behaviour?

By virtue of the bottom-up approach, we attempt to get new insights
by analysing the data and compare this later with the current theory.
However, to understand what data we should use and how we can
infer navigational behaviour from the data, we examine the analysis
of closely related studies. Accordingly, the data will be prepared and
examined to our needs.

What type of navigational behaviour can we discover in the provided

data set?

3.1 Which measures can be used to analyse digital navigation
behaviour?

3.2 Which different navigation strategies can be identified based on
navigational behaviour?

With this question, we will analyse the navigation behaviour and try
to identify various student navigational characteristics. In addition,
we will try to discover the differences in navigation behaviour and
the possibility to group students with the same behaviour.

How does navigational test behaviour relate to student

performance?
4.1 How does navigational test behaviour relate to student ability?
4.2 How does navigational test behaviour relate to answering a

question correctly?

In this section, we attempt to identify the relationship between
navigational behaviour and the student’s level of ability.
Additionally, we analyse the existence of an optimal navigation
strategy. Finally, in sub-question 4.2, we will analyse how
navigational behaviour will impact the score on a single item.

How does navigational test behaviour relate to a test and its items?

To conclude, this research analyses the relation between
navigational test behaviour and items. We will answer questions like
‘Do item difficulty or item presentation order have any correlations
with navigation behaviour?’ to improve the test and its respected
items.
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Student Navigation Test-taking Data
Pattern (XML)
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Figure 2 Depiction of the Research Sub Questions.

1.2.2.Research Method

We used different research methods to answer the research questions. Table 1
shows the research methods used in this study to answer the research questions.
To better understand the domain and discover opportunities in other research, we
begin with a literature study to answer the first two sub-questions. Finally, we
answer sub-question 3, 4 and 5 by analysing and modelling the data.

Table 1

Research Methods related to Research Sub Questions grouped by CRISP-DM steps

Domain Understanding Modelling / Evaluation
Research Method SQ1 SQ2 SQ3 SQ4 SQ5
Literature Study v v
Data Analysis v v v

1.3. Thesis Outline

The rest of this paper is organized as follows. In Chapter 2, we identified the gap
in the state-of-the-art education data mining/ learning analytics domain. Then, in
chapter 3, we funnelled down to test-taking navigation behaviour in our literature
study. Chapter 4 describes the method and measures used in our research, and
in chapter 5, the results are discussed. Finally, in chapter 6 and 7, we draw a
conclusion and discuss limitations and potential future research.
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Chapter 2

Literature Study

Following the first step of the CRISP-DM, we got a better understanding of our
research domain by reviewing systematic literature reviews by other researchers.
Subsequently, we used our research questions to guide us in first understanding
navigation behaviour and secondly discovering the state-of-the-art educational
data mining.

2.1. Background

The interest in educational data and its analysis are growing at a fast pace. Where
in 2008, there was not a single publication tagged “learning analytics” or
‘educational big data’, years later, in 2017, the number of publications had
increased by more than 2.000 (Hwang et al., 2018). Several research communities
have grown due to the collective interest in digital educational data, of which the
two most prominent ones are Educational Data mining® (EDM) and Learning
Analytics & Knowledge® (LAK). The numbers of papers published by these
communities have similarly grown exponentially (Figure 3). The EDM community
is concerned with developing methods for exploring the unique types of data that
come from educational environments (Bakhshinategh et al., 2018). During the first
LAK conference, learning analytics was defined as “the measurement, collection,
analysis and reporting of data about learners and their contexts, for purposes of
understanding and optimising learning and the environments in which it occurs”
(LAK ’11: Proceedings of the 1st International Conference on Learning Analytics
and Knowledge, 2011). Both communities share the goal of enhancing educational
practice (Calvet Lifidn & Juan Pérez, 2015) but have slight differences and different
viewpoints (Romero & Ventura, 2020). That is why this research will use these
communities, their respective conferences, journals as the start of our literature
study for exploring educational navigation behaviour.

In addition, Hwang makes a case for exploring and employing learning analytics in
various application domains, particularly those seldom investigated ones (Hwang
et al., 2018). Therefore, this research explores educational navigation behaviour
in test-taking environments. At first glance, we see a small though gaining interest
in navigation behaviour and process mining, with navigation studies in E-book
environments (Ogata et al., 2017) and Learning Management System (Aldowah et
al., 2019). However, test-taking navigation behaviour looks to be untouched. This

5 https://educationaldatamining.org/
6 https://www.solaresearch.org/events/lak/
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could affirm that our research tries to explore new opportunities within the EDM
and LAK domain; however, it will have little guidance in doing so.

#Papers
6,000

—EDM
5,000
4,000
3,000

2,000

1,000
/

,/— Yoar

-

2000 2002 2004 2006 2008 2010 2012 2014 2016 2018

Figure 3 Number of papers about Educational Data Mining/Learning Analytics terms in Google
Scholar by year (Romero & Ventura, 2020)

2.2. Navigation Behaviour

To identify test taker's navigation behaviour, we intend to discover behavioural
indicators by incorporating domain knowledge and analysing patterns in the event
logs. Because behaviour within a test has not been the most researched field, this
research tries to learn from studies outside the educational test-taking scope. In
the following section, we will start by describing interesting general navigation
behaviour and measures. Next, we will narrow down our search, going layers
deeper into digital, educational and, finally, test-taking navigation behaviour.

“Behaviour is the way that a person, an animal, a substance or other behave in a
particular situation or under particular conditions” (Cambridge University, n.d.). If
this behaviour revolves around following routes or paths, navigational behaviour is
at play. Navigational behaviour exists in many different forms, and by entering the
term in Google Scholar, over 18.000 thousand different studies pop up. Thuring et
al. (1995) considered that navigation has two aspects: direction
(forward/backwards) and distance (step/jump). Most of the early navigational
studies primarily investigate the spatial/habitual movement behaviour of animals
and humans (Bingman et al., 1990; Carr, 1965; Streeter et al., 1985), but with the
rise of modern technology, a new domain has been added. The combination of the
significant presence of humans online, the endless possibilities in the digital world
and the recording of human-computer interactions have led to the interest in digital
navigation behaviour. To optimize user experience (F.-H. Wang & Shao, 2004) and
maximize return (Baumgarten et al., 2000), researchers and companies try to learn
as much as possible about how and why users navigate/browse through
(commercial) hypermedia systems, like web pages.
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2.2.1.Digital Navigation Behaviour

There is a vast amount of literature on web navigation and individual navigation
differences. For example, Kralisch et al. (2005) discovered that users’ cultural
backgrounds influence their website navigation patterns. However, the factors that
have the most impact on navigation behaviour are the (i) user's goal, (ii) user’s
expertise, (iii) user’s cognitive style, (iv) structure of the system and (v)
technological aspects (Herder & van Dijk, 2004). A user could navigate with a goal-
directed task, explore available information with more unstructured browsing or
perhaps have a combination of different goals during a single session. Differences
by expertise were discovered by Eveland & Dunwoody (1998), where
content/system novices tend to navigate linearly when it is made available. On the
other hand, experts tend to make use of a non-linear structure in hypermedia
systems. Graff (2005) focused on the difference in navigation pattern by looking at
cognitive style. With relatively simple measures like number and proportion of
(re)visited pages, he discovered differences in web browsing strategies between
individuals with verbalisers and imager cognitive styles — that is, the preference of
learning through text or image.

The most cited problem within digital navigation is disorientation (Thuring et al.,
1995). Disorientation happens when users do not know where they are, how they
came there and where they should go next. Following this problem, several
researchers have identified three general navigational profiles of internet users
(Barab et al., 1997; Lawless et al., 2002; Niederhauser et al., 2000). Knowledge
seekers, feature explorers and lastly, apathetic hypertext users, who neither care
about gathering information nor explore system’s features. Catledge & Pitkow
(1995) took another take on navigation pattern and classified users into different
browsing strategy groups by analysing the frequency and depth in their navigation
pattern. The relationship between frequency of visited pages and length of
navigation path resulted in the labelling of specific navigation patterns as random
“serendipitous browsing”, “General Purpose Browsing”, and lastly, the goal-
oriented “search browsing”.
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Research on web navigation often refers to the popular typology defined by (Canter
et al.,, 1985). The authors of one of the most studied studies in this domain
proposed a taxonomy that suggested five navigation strategies:

- Scanning covering a large area, however .tf\i;f/ N
without paying attention to detail /\,TJ,+_ I,L\\ A

J) |
- Browsing navigating until a user’s interest is vy (’*‘?’
caught P /;HM
- Searching seeking something o S
(pageffile/document) ~ with  vast H F

motivation e

- Exploring Understanding the extent and P I
nature of the field ' — o
.

- Wandering navigating in an unstructured way ,f"‘\jn ﬁ‘{
without a strategy A JF*"_'

aY

With the help of Alty's discussion of path algebras and connected graph (1984),
Canter et al. were one of the first to model and analyse the user’s behaviour based
on their actions during a digital session. Each state of the system became a “node”,
and “paths” were transitions to other states. Inspired by humankind’'s daily
movement (“journeys”), this research investigated patterns in user’s digital path
between nodes.

“Consider the navigation of the surroundings involved in a person's movements
during a day. Several locations will be visited. The person will typically start and
end at the same place (his home) but, during his travels, he will make smaller
excursions from and back to other places. Often these excursions will be nested
(a trip from home to the office, to the bar of the local pub at lunchtime, from the
bar to the toilet, then the telephone, then back to the bar, back to the office, to
a newsagent on the way home, and finally back to his home.”
(Canter et al., 1985)

A total of six indices were used to characterise the graph associated with the
navigation path. Unfortunately, most measures are defined abstractly and
measured in an unknown manner. We were unable to understand how they
realised the scores, and therefore this research is unable to apply Canter’s
measures in our work. However, it is still interesting to examine these measures
and how they contribute to the final identification of navigation strategies. The first
four indices revolve around the score of a pattern found in the user’s navigation
behaviour (Figure 4). A high score for a pattern indicates it is found frequently
within that user’s navigation. The first pattern is a route that does not visit the same
node twice, the path. Second, a ring is a route that returns to the starting node. A
special kind of ring is the loop that does not cross any nodes, besides the start
node, twice. Lastly, the spike is a route that does cross every node twice and
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retraces the original path on its return. The last two indices are ratios concerning
the numbers of nodes visited. The first one provides an indication of the range of
exploration undertaken and is measured by dividing the number of nodes visited
by the total number of nodes in the system. The other ratio is the number of
different nodes visited to the total number of paths, which measures the
redundancy of the strategy the user has utilized. With these six indices, Canter et
al. (1985) characterised the five navigation strategies mentioned before.

N

galEe

Path Ring
md BEERVAS
Loop Spike

Figure 4 Navigational patterns suggested for measurements by Canter et al. (1985)

Herder and Juvina (2004), too, understood that user navigation paths could be
modelled as graphs and aimed at finding patterns in user navigation that indicate
a user’s vulnerability to perceive disorientation. They were able to identify two
navigation styles: “flimsy” and “laborious” navigation (Figure 5Figure 5). Flimsy
navigation arose as a weak navigation style and was best characterized by
relatively short navigation paths and a low number of cycles. Users who utilize such
a style tend to have low scores on an active mood, working memory and locus of
control (Herder & Juvina, 2004). On the other hand, users with a laborious
navigation style understand the website's structure fast and rarely experience
disorientation.
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Figure 5 Flimsy (First left) and Laborious (Third left) navigation styles (Herder & Juvina, 2004)

We present their study since they utilized graph-theoretic and statistical methods
for analysing their data and made use of a selection of navigation measures that
are useful for describing patterns within a user’s full navigation path. The three
main measures are revisits, view time and complexity. Revisits are very common
in web navigation; view times are reported to be an important indicator, and
navigation complexity reflects the cyclical structure of the navigation graph and the
length of navigation sequences within the graph. The full description of measures
can be found in Table 2 on the next page.
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Table 2

Measures for User Navigation presented by Herder & Juvina (2004)
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Overall Measure
Measure

Description

Number of Pages and Revisits
Path length

Relative amount of
revisits

Page return rate

Back button usage

Relative amount of
home page visits

The total number of requested pages by the user in a
single session

The probability that any page visited has already
been viewed as suggested by Tauscher &
Greenberg (1997)

The average number of visits to all pages that have
been visited at least twice.

The percentage of back button clicks of all navigation
actions

The percentage of home page visits based on all
page visits

View Times
Average view time
Median view time

The average view time of a page
The median view time of a page

Navigation Complexity
Fan degree

Number of cycles

Path density

Compactness

Average connected
distance

The ratio of the number of links followed and the
number of unique pages visited as suggested by
(Rauterberg, 1999)

The difference between the number of links followed
and the number of pages visited as suggested by
Rauterberg (1999)

Compares the user’s navigation graph to its fullest
possible connected graph as suggested by
Rauterberg (1999).

Compares the average distance between any two
pages in the navigation graphs to a theoretical
minimum and maximum, as suggested by
Mceneaney (2001).

The average length of a path between any two
visited pages as suggested by (Broder et al., 2000)

2.2.2.Educational Navigation Behaviour

Although traditional paper books and tests are likely to stay with us for some years,
digital/hypermedia systems are assuming significant roles in the way we educate
students (McEneaney, 2001). Numerous hypermedia systems have recently been
developed specifically for the educational domain. The arrival of these Educational
Hypermedia Systems (EHS) advanced the ability of researchers/teachers to
observe and understand student behaviour. When previously a researcher had to
physically observe the learning process of a student, most EHS’s record every user
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activity and have the ability to export a variety of data. ldentifying and
understanding a student’s behaviour, style or preference could lead to better
design of systems and help to guide an individual with their (adaptive) learning
process.

Papanikolaou and Grigoriadou (2004) categorised the learner's observable
behaviour within EHS into three groups: performance, temporal and navigational
behaviour. Performance is historically the most analysed behaviour in the
education domain. Performance indicators, such as test scores and student ability,
have always been the leading indicators in this domain. Temporal behaviour is
obtained by measuring the time spent in different types of educational resources.
Lastly, navigational behaviour can be captured by identifying the number of hits on
educational resources and the sequence of visits.

In most EHS, the user, or in this domain, the learner, is given some control over
their navigational behaviour, therefore allowing a wide variety of navigational
possibilities and behaviour. (Bousbia et al., 2010), who researched educational
navigation behaviour in Learning Management Systems (LMS), found similar
navigational behaviour to the web navigation research of Canter et al. (1985).
However, to fit these navigational characteristics to the educational domain, they
proposed an adapted version of the navigation typology with four navigation types:

- Overviewing - covering a large portion of course pages
- little time spend on individual pages
- (close to Canter’s scanning)

- Flitting - covering a large portion of course pages
- little time spend on individual pages
- with a lack of focus
- (close to Canter’s wandering)

Studying - covering all or large portion of course pages
- more time spent on individual pages

Deepening - covering all or large portion of course pages
- relatively long time spent on total course and
course pages
- using the web to obtain more information about
course

Detecting these navigation types with the Canter's patterns (Figure 4) was
discovered to be complicated. The learner usually goes to-and-from pages
according to the learning task mixing different patterns (Bousbia et al., 2010). Their
research added indicators for path linearity and the detection of central nodes to
the pattern analysis and distinguished three educational browsing patterns (Figure
6). Path linearity is the ratio of the number of different pages divided by the number
of steps. If this indicator is close to 1 in the interval [0,1], the navigation path is
linear and identified as the pattern scholar, which is similar to Canter’s path. For
non-linear patterns, by analysing sub-sequences and identifying central nodes,
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they distinguished the star pattern with several loops. If a pattern does not fall into
any of these two groups, the pattern becomes the last pattern dispersion, indicating
a learner moves in an unorderly fashion.

Scholar

o"@@@f‘o °

Dispersion

Figure 6 Educational navigation patterns suggested for measurements (Bousbia et al., 2010)

However, comparing a learner’s (navigational) behaviour is far from trivial as it is
impacted by several factors. Gall & Hannafin (1994) indirectly identified these
factors for educational (navigation) behaviour when they developed one of the first
frameworks to support the study of educational hypertext systems. Inspired by the
information-seeking framework by Marchionini & Shneiderman (1988), Gall &
Hannafin adapted the framework for the educational context and analysed the
relationships among hypermedia learning system components. Similar to the
previously discussed research by Herder & van Dijk (2004), the authors describe
the relationships between the user’s goal, the user’s attributes and the structure of
the system in an educational context (Figure 7Error! Reference source not
found.). Although Gall & Hannafin (1994) did research learner’s navigation control,
their research had a more technological base. Their research focussed on the
design of the hypermedia learning systems (HLS) and the boundaries determined
by designers. They discovered four control structures allowed by most HLS at that
time. Searching, seeking information specifically. Browsing, looking through
information without a goal. Connecting, creating electronic links between
information. Lastly, collecting, assembling information outside of the system.

Instead of improving the design of HLS, this research is focused on the learner
itself. However, to fully understand this behaviour, we use their framework to get a
grasp on the other components and their impacts on navigational behaviour.

Hypermedia
Learning System

Learner Attributes |a——

Educational
Setting

Learning Task

Figure 7 Gall & Hannafin's framework for the study of Educational Hypertext System



20 Literature Study

Different types of digital educational environments exist, and each one facilitates
the use of different navigation patterns and produces different data. To
contextualize the navigation behaviour, it is helpful to get familiar with some of the
most prominent educational environments and understand the differences in these
systems. Current research on educational navigation behaviour has been done
mainly on LMS. The software can be utilized in several ways, but it mainly serves
as a central location for one or multiple courses. It is a total package of software
that provides course-delivery functions, including documentation, tracking, and
reporting of training programs, classroom and online events, e-learning programs,
and training content (Romero & Ventura, 2020). Modern examples of LMSs are
Blackboard, Moodle and Canvas. LMSs are able to record any student activities
on the platform, like reading, writing, commenting and taking tests.

Test-taking features also exist outside the context of an LMS in specialised
educational testing systems, like the Facet System, used in this research. The main
goal of such test systems is to measure the students' level of knowledge with
respect to one or more concepts by using a series of questions/items (Romero &
Ventura, 2020). Traditional test systems store students' answers, their final scores,
but newer systems store all sorts of inputs, like mouse clicks and text input with
timestamps.

The differences between these systems and their outputs can also be described
using Gall & Hannafin's (1994) distinction of top-level features in virtually all digital
systems: the knowledge base, the system’s interface and navigational facilities.
The knowledge base is not only the collection of information in a specific context
but also the structure and connections of the elements. In comparison to the LMS,
elements in test-taking systems are relatively homogenous. Questions may be
presented in different forms, but they remain a question element. Nevertheless,
students could navigate in LMS to diverse elements such as documents, video
tutorials, discussion posts and course pages. The connections between the
elements in the knowledge bases differ for these systems as well. The hierarchical
structure of elements in LMS provides the students with several ways to access
information, including diving deeper into a subject (Gall & Hannafin, 1994).
Questions in test-taking systems are often structured in a predetermined order,
and connections between these elements are primarily linear.

Since the connections between elements in these systems differ, they also ask for
different navigation tools. The navigation in test-taking mirrors the structure of its
elements and provide the user with a linear layout, where students can move to
the next or go back to previous questions. On top of that, most test-taking systems
allow the users to get an overview page of all questions and jump immediately to
the desired question. The LMS allows users to navigate more freely than test-
taking systems. Users have the possibility to navigate linearly in some parts of the
LMS (e.g. slides/documents), but the majority of e-learning environments make
use of an interconnected layout (Makany et al., 2007). Whilst scrolling through
pages and reading documents, the users have full navigational control by a
combination of linear layout and an always-available central index page.
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Figure 8 Interface of LMS (left) and test-taking system (right)

Differences in educational tasks must also be considered, as they provide context
for the goal for a particular student. Educational tasks represent tasks “directly
associated with the delivery of the educational component to students” (Mehdi
Khosrow-Pour, 2010). They guide the students and activate and control the
learning and assessment processes (Richter, 2012). Students may need to read
through different elements to understand a concept, find specific/important
information, collaborate with colleagues or take an assessment test. These tasks
go hand in hand with the digital educational environment as they could serve as
the function for how modern educational environments and their features are
structured. For example, in contrast to goal-free learning, procedural learning asks
for restriction of a student’s navigation control and a predefinition of concepts and
steps (Gall & Hannafin, 1994). Strategies for learning tasks are widely researched
and discovered to be different for learning tasks (Broekkamp & van Hout-Wolters,
2007). On the contrary, strategies for assessment tasks are lacking.

Besides the various educational systems and tasks, differences between students
play a role regarding their navigation behaviour as well. These differences in
attributes, like prior knowledge, cognitive attributes and learning styles, may affect
the way in which a student interacts with learning systems.

Prior knowledge has been recognised as an important attribute. Macgregor (1999)
discovered more purposeful navigation and better time allocation for students with
greater domain knowledge. Akgapinar & Altun (2010) also found differences
between students with low and high prior knowledge. With the help of McEneaney's
metrics (2001), compactness and stratum, their research detected that students
with higher prior knowledge had “better structured” navigation patterns.
Additionally, students with less domain knowledge did not benefit from menu
choices as much as experts (Juvina & Oostendorp, 2006).

Cognitive style is defined by Riding & Rayner (2013) as “the individual’s preferred
and habitual approach to organizing and representing information.” Many cognitive
learning style models exist in the literature, like the models by Witkin et al. (1977),
Felder & Silverman (1988) and Riding & Cheema (1991). Research has shown that
these cognitive styles correlate with performance in a Web-based environment
(Tsianos et al., 2008; K. H. Wang et al., 2006). Additionally, according to Antonietti
& Giorgetti (1998), one way to measure cognitive styles is through the navigation
behaviour analysis of users. This could indicate that we could say something
meaningful about student performance with the help of student’s navigational
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behaviour. Graf et al. (2010) mention that so far in most approaches, navigational
behaviour has been neglected in the detection of cognitive style but emphasizes
that it could make the automatic detection process of learning styles more
accurate. Another finding regarding the cognitive styles of Witkin et al. (1977) was
that field-independent students use an active and analytic learning approach. On
the other hand, field-dependent students tend to adopt a global approach and
prefer guidance from the system (Chen, 2010).

2.2.3. Test-taking Navigation Behaviour

Finally, with the knowledge obtained from web and educational navigation, this
research dives deeper into test-taking navigation behaviour. Test-taking navigation
behaviour occurs when both the system and educational task revolve around the
assessment of students’ proficiency. Research in this particular type of navigation
behaviour is lacking; nonetheless, there are some pioneers that investigated this
subject.

As we mentioned earlier, the apparent difference between web navigation and HLS
navigation is the structure of systems and elements. Where elements in websites
and HLSs are hierarchically connected, elements in most test-taking systems
either are linearly connected and not in a prearranged order. The lower
dimensionality of test-taking systems limits the navigation tools (as seen in Figure
8) and possibilities and therefore limits student’s control. Some test variants reduce
the student’s navigation options even further, only allowing the student to answer
and proceed to the next question. Strict order navigation is commonly used in tests
where immediate feedback is provided after each question (Vasilyeva et al., 2010)
or in Computerized Adaptive Testing (CAT). In CAT, the next question is based on
the student's answer to the previous question(s) and their current ability level
(Wainer et al., 2000). Vasilyeva et al. (2010) studied and compared these
navigational structures and discovered that students benefit from flexible order
navigation. Students who were able to return to/revise earlier questions during
tests distributed their time and efforts better. Additionally, their results suggest that
strict order navigation tests, like CAT, could compensate their navigation limit by
providing additional information for each question, like item difficulty or
recommended response time. A student taking this test will benefit from immediate
feedback adaptation without the negative impact caused by the fixed order
navigation.

To identify test-taking navigation behaviour and strategy, we must understand the
possible navigation activities in non-strict tests. The most common allowed actions
include starting/submitting the test and moving forwards or backwards to questions
through the next or back buttons. Moreover, on item level, it could be interesting to
observe student actions. However, even less research has been done into this
matter. Wu (2017) piloted a test eye-tracking application to observe cognitive
processes, like problem-solving, and Salles et al. (2020) researched answering
strategy in combination with tool usage.
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Returning to the between-question navigation behaviour, several studies
discovered that most students tend to first answer the questions in a linear order
and flexibly navigate mainly at the end (Lee & Haberman, 2016; Vasilyeva et al.,
2010). This flexible navigation generally occurs by students ‘jumping’ forwards or
backwards, moving out of sequence, skipping one or more questions. The
interpretation of the jJumping forward could either be scanning the questions, which
supports time management (although not at the end like mentioned or on the other
hand, it could indicate disengagement, disinterest or poor planning (Jeske et al.,
2014). Although Jeske et al. (2014) did not research the direct relationship between
jumping and disengagement, they did find a negative correlation between both
backward and forward jumping and test performance. Rindler (1980) discovered
that middle ability students skip items more than their more and lesser able peers.
She found that higher ability students benefit from skipping while lower ability
students are negatively impacted by this activity, especially on tests where items
get more difficult over time. Additionally, her research concludes that the relation
between skipping behaviour and test score is not affected by the student’s ability
to manage time. Rindler (1980) suggests that physiological attributes like energy,
motivation and frustration could play a role. Furthermore, other studies (Kim &
Goetz, 1993; McClain, 1983; Stenlund et al., 2017) confirms skipping as an
ineffective strategy for low achievers and suggest test anxiety as one of the main
explanations.

Additionally, students going back to questions and revising their answer is an
interesting test-taking (navigation) behaviour. Test-takers often get the advice “Go
with your gut.” or “Your first hunch/guess is usually the right one” (Lynch & Smith,
1972). However, in 1972, Lynch & Smith already said “research has been available
for over forty years indicating that reconsidering test items tend to raise scores.”.
Both Jarrett (1948) and Jacobs (1972) discovered that even the low scoring test-
takers improved their scores more by reconsidering items. Additionally, Jacobs'
research (1972) on 50 students analysed the impact of item difficulty and
discovered low and moderate difficult items benefit the most of answer changes
(Table 3). The results in these early studies were later confirmed by researchers
analysing navigational test data (Ferguson et al., 2002; Fischer et al., 2005;
Mcnulty et al., 2007); students who change answers are more likely to change them
from incorrect to correct. However, Jeon et al. (2017) discovered that item difficulty
was generally greater when wrong answers were revised to correct answers.

Table 3
Types of Answer Changes Made to Items of different difficulties (Jacobs, 1972)
(n=735 students) Item dif‘ficulty
Low Moderate High Total
Right to Wrong 5.6% 6.8% 7.8% 20.2%
Wrong to Right 18.2% 25.0% 12.7% 55.9%
Wrong to Wrong 2.7% 7.9% 13.3% 23.9%

Total 26.5% 39.7% 33.8% 100%
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Other test-taking strategies besides navigation are mentioned and categorised in
the studies of Hong et al. (2006), Bigak (2013) and (Stenlund et al., 2017). Overall,
the strategies are categorised into three categories, structural (time management
and navigation sequence), cognitive (in item strategy like eliminating answers) and
motivational (guessing).

Research on test behaviour thus far has been primarily done in the structural
category on item response time, which refers to the time used by a student to
answer a test question (van der Linden, 2009). This is not surprising as next to the
students’ responses, item response times are the most widely collected data within
computer-based tests. Unfortunately, item response time often has more than one
possible cause and might not be able to explain test-taking behaviour without
context (Bezirhan et al., 2020). However, the analysis of item response time has
been found helpful in some areas, for example, for optimizing test assembly in
nonadaptive tests, item selection in CAT (van der Linden, 2008), detecting
cheating (van der Linden & van Krimpen-Stoop, 2003) and detecting rapid-
guessing behaviour (Schnipke & Scrams, 1997; Wise et al., 2009).

Rapid-guessing behaviour is not solely based on short item response times as
competent students could have short item response times but correct answers
(Lee & Jia, 2014). In low-stakes tests, Wise & Kong (2005) discovered that rapid
guessing had a negative impact on motivation. The results of the studies of rapid-
guessing behaviour in high-stakes tests had a navigational angle. By examining
the response time distributions for fast responses, the research of Schnipke (1995)
and Schnipke & Scrams (1997) suggests that rapid-guessing behaviour is a
function of item position. Students in high-stakes tests typically start with trying to
find the solution to every item. However, as time expires toward the end of the test,
students might switch to rapid guessing. As item position was found to be an
important factor and tests tend to have different test versions, the items that are
affected will differ across students and are hard to analyse on item level (Schnipke
& Scrams, 1997).

In addition to the analysis of item response time in relation to item position,
researchers examined temporal test-taking behaviour for different student
characteristics, including performance and ethnicity (Lee & Haberman, 2016). This
study confirms that most students start slowly and increase their pace towards the
end and found that the overall test pace of higher-performing examinees was
relatively more stable. Their results also indicate that students from different
countries have different time-management strategies. European students tend to
read information items more carefully and allocate their time evenly between items.
On the other hand, Lee & Haberman (2016) mention that Asian students are more
coached for tests, have more variable response times, tend to skip/skim items
more and complete tests more often. Their research concludes with a
recommendation. “It may also be beneficial to exploit the test design to skip items
when needed and return later. Especially in the case of early items, this strategy
would prevent someone from expending too much time unwisely on particular
items when there is still ample time to spare.” (Lee & Haberman, 2016). This is in
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line with the recommendation of the previously mentioned research by (Vasilyeva
et al., 2010).

2.3. Navigation Data

Instead of exploring literature about test-taking navigation behaviour, this chapter
focuses on the practice of test-taking navigation analysis. This chapter builds on
the differences found between educational systems and examines how
educational data is presented. We intend to understand how we can infer
navigational information from raw data. Additionally, we try to find techniques in
recent EDM and LA literature that are suitable for our research.

2.3.1.Educational Data

The increase in digital educational environments has created large repositories of
data reflecting how students perform and behave. (Romero & Ventura, 2010).
Standardised learning and the ability to log student interactions and responses in
online courses provide a gold mine of raw educational data (Mostow & Beck, 2006).
The variety of data is immense as data differs between educational systems, can
be captured from multiple sources, in different formats and with different levels of
granularity (Romero & Ventura, 2010). Granularity is defined as the level of detail
and differs between the multiple levels of meaningful hierarchy. At the lowest level
of granularity, one can find detailed student interaction as mouse clicks and
keystrokes. The lower the level of granularity, the more data is captured. As seen
in Figure 9, Romero & Ventura (2010) use four levels of hierarchy as a simple
representation for the educational context. However, in theory, the events/action
level can be expanded and divided into three more levels. According to the User
Interface Design Environment (UIDE) (Sukaviriya & Foley, 1993) guidelines for
task representation, the actions can be viewed on the high-level application action
(e.g. open file), the mid-level interface action (e.g. clicking NEXT), and lastly the
low-level interface technique, a mouse click.

Additionally, as mentioned, the educational data can be formatted in several
different ways, which also depends on the digital educational environment used.
Among others, educational systems are able to calculate test scores, store
handed-in digital assignments or student information, and record student system
(interface) interactions. These system interactions are howadays often logged in
combination with time information. This temporal data allows for process data
analysis, where researchers or teachers able to know when and what a student did
in time exactly. If we chronically order this process data and combine it with the
structure of the system, we have navigational data, the sequence of actions taken
by the student.
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Less Data Coarse grain
Courses

Students

Activities/Sessions

Events/actions

More Data Fine grain

Figure 9 Relationship between the amount of data and the level of granularity (Romero & Ventura,
2020)

After we learned the differences in educational system structures and found more
levels of hierarchy with the help of UIDE guidelines, we adapted Romero &
Ventura’s framework (2010) to fit test-taking navigational data and help us in our
data exploration (Figure 10).

Less Data Courses
(Course info, Average)
Students
(Student info, test Score)
Activities/sessions
(Test info, log in, START, END)
Test interactions
(NEXT /PREV/MENU)
Item interactions
(answers/tool use)

Coarse grain

Computer
interactions

(mouse/key clicks)

More Data Fine grain

Figure 10 Adapted relationship between the amount of data and the level of granularity for
navigational test-taking
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2.3.2.Educational Data Mining Methods

The application of data mining techniques to the educational domain has become
an active research field because of this abundance of data. This is not surprising
as there are several applications and tasks that can be resolved with the help of
data mining. The most popular and oldest application in education is predicting
student performance. However, in recent years, data mining methods have been
applied to address more new and different problems. Romero & Ventura (2013)
analysed more than 300 studies and identified eleven different categories of EDM
applications. With the help of task categorization (overview in Appendix B),
researchers (Baker & Yacef, 2009; Bakhshinategh et al., 2018; Bousbia & Belamri,
2014; Castro Espinoza et al., 2007; Scheuer & Mclaren, 2012) identified the data
mining methods that can be used to meet the needs of these applications. This
categorization is particularly useful for new research, just like ours, as this gives an
overview of previous works for a particular task and presents data mining
possibilities.

Besides applications, a wide variety of (educational) data mining methods exists
and based on the research by Romero & Ventura (2010), the most commonly
applied data mining tasks are regression, clustering, classification and association
rule mining. Additionally, a complete overview of EDM applications and their most
used data mining methods can be found in this research. However, to not go
beyond the navigational scope of our research, we will discuss the EDM tasks and
methods with the most resemblance to our research’s objective.

The first set of applications, predicting students attributes, has the objective to
estimate the unknown value of a variable that describes the student
(Bakhshinategh et al., 2018). As was mentioned before, the majority of existing
EDM studies are focused on this task and try to predict the student’s performance,
knowledge, score and even engagement or collaboration. Regression and
classification were the most widely used methods for this task, but other
techniques, such as clustering, have been used as well. Regression analysis finds
the relationship between a dependent variable and one or more independent
variables (Draper & Smith, 1998). In classification, objects are grouped based on
quantitative information regarding one or more characteristics and based on a
training set of previously labelled items (Espejo et al., 2010). The decision tree
algorithm, which can be either a classification or regression model, is used in
several studies involving the predicting task. A decision tree algorithm was used in
(Bravo & Ortigosa, 2009) to detect any potential indicators of low performance in
e-learning courses.

The second application this research wants to highlight is the detection of
undesirable student behaviour. Undesirable is broadly defined and could indicate
behaviour such as low motivation, erroneous actions, cheating or dropping out.
Most researchers in this category utilize data mining methods like classification,
clustering and outlier detection. Clustering identifies groups of objects that are
similar (Romero & Ventura, 2013). Unlike classification, the groups do no use
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predefined labels and typically use some kind of distance measure to decide how
similar objects are. With outlier detection, researchers try to discover data points
that are significantly different from the rest of the data. Clustering and outlier
detection in the educational domain is often done with the k-means algorithm as it
is one of the simplest algorithms to utilize (Dutt et al., 2017) and useful for data
exploration without hypothesis (Baker, 2010). The decision tree algorithm was
used in the research of Muhlenbrock (2005) to detect anomalies in the learner’s
actions in web-based learning environments. Clustering with the help of the
Kohonen network to detect students cheating in online assessment was done by
Burlak et al. (2006). The studies of Nagaoka & Ueno (2004) and Vee (2006) used
outlier detection in combination with event logs to detect atypical student
behaviour.

Additionally, this research addresses the task of grouping students. Profiling
students can be done on various student attributes and can be used to build better
personalized and adaptive learning systems (Romero & Ventura, 2010). The data
mining often used for this task are classification and clustering, however similar to
the other categories, other techniques are applicable too. K-nearest neighbour
classification was used to identify student learning styles (Chang et al., 2009). The
research of Ayers et al. (2009) used and compared several clustering algorithms,
like k-means, to group student with similar skill profiles. Additionally, several
studies grouped students based on their interactions with the digital educational
environments and interaction pattern. Fok et al. (2005) used a hidden Markov-
model-based classification approach, Harley et al. (2013) used an Expectation-
Maximization clustering algorithm, and Kinnebrew et al. (2013) utilized a sequence
mining technique.

Lastly, we shortly review the visualization task. The goal of the visualization of data
is to highlight useful information and support decision making (Romero & Ventura,
2010). The data mining method process mining is especially useful for visualising
temporal and navigational data. The goal of process mining is to extract knowledge
from event logs recorded by an information system to visualise a particular process
(Cristébal Romero & Ventura, 2013). Through the use of process mining in the
educational domain, researchers are able to discover the browsing patterns of
students with visualization tools, like ProM” and Discoé®.

7 https://www.promtools.org/doku.php
8 https://fluxicon.com/disco/
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Chapter 3

Methods

This chapter will discuss the data understanding and preparation steps in the
CRISP-DM methodology by examining the data, its context and preparation needs.
We will describe the selected data and how we created our measures. Afterwards,
we will explain how we will answer the sub research questions subject to data
analysis.

3.1. Data understanding

The analyses for this research were based on the ‘Adaptieve Centrale Eindtoets’
(ACET) of 2018. ACET is the Dutch adaptive central final test for students in their
last year of primary school. Mandated by the government, The board of Tests and
Examinations (College voor Toetsen en Examens, or CvTE) developed this test in
collaboration with Stichting Cito. Most students in the final year of primary
education in the Netherlands participate in this test to get advice on the type of
secondary education to attend. They are tested in the field of reading, grammar &
spelling, writing, math and optionally world orientation.

During three or optional four (for world orientation) days, students take different
tests, where every test contains 1 to 4 of the subjects, and every subject has 23
items on average. These ACET tests are slightly different from adaptive tests as
they have multistage structures. In a multistage test, not items but groups of items
are interactively selected for each student. If the student performs well on a
particular subject in one stage, he or she will be presented with a more difficult
stage in the following test (Figure 11). In most adaptive tests, it is not possible to
return to previous questions, but multistage tests, like ACET 2018, allow for
students to navigate both forward and backwards to questions within a stage or
test.

A total of 22.295 students participated, and 68.204 tests were made, giving this
research a good amount of data to analyse.
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Test 1 Test 2 Test3 Difficulty
Version B Version E
_,_/ / v
Version A / Version C \ Version F
A +
Version D Version G

Figure 11 The Multistage Testing Structure in ACET 2018

3.2. Data Preparation

The raw data was presented in XML format, a flexible markup language that
provides a mechanism to create rules for the storage layout and logical structure
(Bray et al., 2000). Figure 12 portrays the structure of the ACET 2018 dataset and
Appendix C gives an overview of the description of the data attributes. We made
three corrections to the data set during data preparation. Negative and abnormal
high (more than 15 minutes) ‘ResponseTime’ per item were replaced by the
average response time for that particular item measured on all students. This
accounted for 0.7% of the total responses in the dataset. Secondly, 163 unfinished
tests, labelled with the test status ‘ABRUPTED’, were removed. Lastly, we deleted
632 tests with a total time longer than 4 hours (mean= 1.374h, std= 0.682h), leaving
us with 21.534 students and 67.409 tests.

TESTGROUP
PK |TestGroup_id |
TestGrouphName

SCORING_RULE
PK, FK|Item_id H

TestDate PK  |Response
brin ItemScore
+ ITEM
l TEST RESPONSE PK [Item_id
\ STUDENT \ PK |Test_id H PK, FK|Test id Subject
PK |Student_id FK |Testgroup_id PK RespanseIndex Infoltem
StudentSex FK |Student_id FK |Item_id ItemDifficulty
StudentDateofbirth TestStatus FK  |Response ItemType
SubjectAbilitylevel TestVersion_id ResponseTime ItemCardinality

Figure 12 The Structure of the ACET 2018 dataset

An attribute this research wants to highlight is the ‘Responselndex’, which shows
the order of actions of a student. This variable alone does not say much about the
navigation sequence since it is the cumulative sum of all steps. Moving from item
1 to item 2 back to item 1 would result in a ‘Responselndex’ of 1, 2, 3. Additional
item order information was missing in the original test design. Therefore, we had
to derive and construct the order of the items in the test, which is the cumulative
count of unigue items seen by the student.
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With this item presentation order, we were able to get the distance between items
and discover how the students moved through the test. With the help of this and
measure and the literature study, we distinguished seven activities in our data
(Table 4).

Table 4
Test-taking navigation activities distinguished in the data
Test-taking navigation activities Description
Forward Moving forward by clicking the next button or clicking the next
item
Forward Jump Moving forward, but not to the direct next item
Backwards Moving backwards by clicking the previous button or clicking
the previous item
Backwards Jump Moving backwards, but not to the previous direct item
Skip Moving forward or backward without giving a response to an
item
Change Moving forward or backwards and changing the previous
response to a different response
Item hop Moving forward or backwards within 5 seconds without
changing the answer
Info hop Moving forward or backward from an info item within 5
seconds

The first four activities are solely based on the distance between items, but the
other activities need the help of more than one attribute. Changing and skipping
requires the student’s response to an item. For skipping, we also needed to
distinguish the difference between question items and information items.
Information items give instruction for the next set of question items and do not
require a response. Hopping was added after we found such activities in our
preliminary data analysis in the Disco visualization tool. Hopping is based on both
navigational and temporal data. We assumed that a student is very unlikely to
answer an item within 5 seconds and might use a hop in order to navigate quickly
to different items. In hopping, we distinguish between question items and
information items too. More hopping on information items in a later stage of the test
could confirm the theory of hopping as a navigating strategy.

Lee & Haberman (2016) and Vasilyeva et al. (2010) discovered that students
navigate more flexibly towards the end of high-stake tests. We identified such
behaviour in the navigation paths of our students (see Appendix D) through our
preliminary data analysis in Disco. However, several students changed their
behaviour entirely after the last question, possibly finishing the test and checking
the answers on previous (found difficult) items. Some students did not act after the
last question. Therefore, we separated the navigation behaviour into two
categories: before-last-item and after-last-item behaviour. Navigation behaviour in
these two categories could be very different and probably has a different
motivation.

In order to compare the students’ navigation behaviour, we divided the frequency
of the activities by the number of unique items per test, as the number of items
differed per test. Finally, we got the navigation behaviour profile per student by
averaging the activity attributes over the number of tests taken.
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3.3. Method

For research question 3.2, we tried to identify common navigation strategies in
tests. We used the activities (Table 4) on the levels before-last-item and after-last-
item and on the combination of those to group the students. Next, we scaled the
frequency of the activities with a min-max normalization. Afterwards, we reduced
the dimensionality of the multivariate structure of our data with Principal
Component Analysis and found the optimal number of clusters. The number of
clusters were used in the k-means clustering algorithm and were finally plotted in
a grouped bar chart. A snippet of the code in python and an example graph
showing the optimal clusters can be found in Appendix E. Additionally, as we
discovered in the literature (Schnipke & Scrams, 1997) that rapid-guessing
behaviour was a function of item position, we were interested if navigation
behaviour was also influenced by item position. Therefore, for the last level, we
divided the activities not into the two groups before and after, but in four groups
early before, mid before, late before and finally after, based on the item position in
the test.

Research question 4.1 involved analysing the relation between navigational
behaviour and the student’s performance. For student’s performance, we took the
estimated overall ability of a student, as individual test scores are not sufficient due
to the adaptive multistage tests. Recall that better performers get more difficult
tests the next day. The estimated overall ability is calculated by combining the
plausible values of reading, writing and math. Plausible values are based on
student responses, as well as on other relevant information, like background
information (Von Davier et al., 2009). We did not take students who only took world
orientation in this calculation, as their plausible value would be zero. Afterwards,
we evaluated if the mean of the estimated student ability differed between the
clusters of navigation behaviour found in question 4.1. Additionally, we analysed if
and how the navigation activities relate to student ability.

In research question 4.2, we mimicked the research of Jacobs (1972) and analysed
if students changing their answer is for the better or worse. We also examined if
less difficult items were more correctly revised than more difficult items.

In the last research question, question 5, we continued to look for differences
between (non-info) items and navigation activities. Additionally, as we found that
rapid-guessing behaviour was a function of item position (Schnipke & Scrams,
1997), we too were interested if there was such a relationship between navigation
behaviour and item position. We analysed item position in terms of percentages
and divided the previous item order into 50 bins of 2%. This option was chosen as
most tests had less than 100 items. Lastly, we analysed the navigation activities
per item. We were curious if outlier items, e.g. items with more proportional more
skipping, also have a higher predetermined item difficulty. If outlier items do not
have higher item difficulty, it might be interesting to investigate that item. What
made students skip that item more?
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Chapter 4

Results

This chapter will evaluate the findings after performing the data analysis and
modelling. We will use the sub research questions as a guide on discussing the
results.

4.1. Overall

We analysed the navigation paths of 21.534 students. The mean path length was
1.43 times the length of the test, with an average response time of 43.46 seconds.
86% of the navigation actions were moving to the next item in a linear fashion. The
average distance of steps was 0.65, indicating that students moved backwards
with higher jumps. Table 5 gives an overview of the total descriptive statistics.

Table 5
Overview of the total descriptive statistics on student's navigation behaviour
Path length Distance Linearity Empty Response Total test
steps items time (in s) time (in h)
mean 1.43 0.65 0.86 0.00 43.46 1.36
std 0.39 0.21 0.10 0.02 11.70 0.47
min 1.00 -0.24 0.33 0.00 10.21 0.28
25% 1.14 0.50 0.81 0.00 35.25 1.04
50% 1.29 0.67 0.88 0.00 42.06 1.26
75% 1.56 0.83 0.93 0.00 50.10 1.56
max 5.07 0.99 0.99 0.28 130.00 3.96

The first behaviour that could indicate a navigation strategy was found whilst
examining path linearity. In nearly 3% of the tests, no other navigation actions
besides forwarding occurred, and in 0.3% of tests, every item was seen precisely
twice. We analysed whether the students that only visit an item once in linear order
do this because they are out of time, but this was not the case (Figure 13). Mean
test time was 1 hour, and only one test had more than the recommended 3 hour
test time.

Time in Hours
"
o

False Tue
Viewed [tems Only Once

Figure 13 Time spent on test grouped by students only viewing item once or more
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4.2. Group

For research question 3, we tried to discover which navigational behaviour exists
in our data and if there is a possibility to distinguish between different strategies.
With the help of the process data visualization tool Disco, we discovered that not
all students navigate after completing the last item, potentially indicating a
difference in navigational behaviour. With data analysis, we were able to confirm
that 23.74% of the students did not take a step after the last item. Additionally, we
analysed all the activities and distinguished between before and after last item
behaviour. One finding was that 99.71% of the students change at least one
response in the test and change on average 11.9% of the items per test.
Furthermore, we discovered that most students will mainly use the standard
forwards (80.65% of the times), skips (11.9%) and item hops (19.4%). An overview
of the statistics on the activities can be found in Figure 14.

No test-taking navigational differences were found in the literature study. In
combination with the multivariate character of the data, this makes it hard to
understand what we are looking for. This research tried finding navigational
differences with the help of the k-means clustering algorithm. On the three levels,
before-last-item, after-last-item, and total, we first identified the optimal number of
clusters and later ran the algorithm on the navigation activities (Table 4).

Mean
total forward 0.85 ey S e
before forward 0.80 I " " E——
after forward 0.05 {[ T}
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before forward jumps 0.05 T =& "
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after backs 0.01 {[u
total back jumps 0.06 {fTar—-—
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before skip 011 [T a+— i
after skip 0.00 4
total changed 011 }—FFa 4+———
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after item hops 0.08 1 un
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00 02 04 06 08 10
Figure 14 The distributions and averages of the navigation activity occurrences. (Green triangle =
mean)

For the before-last-item navigation behaviour, we identified the optimal number of
two clusters. The two distinguished clusters are shown by a grouped bar chart in
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Figure 15. 69.5% of the students fell into the purple cluster. Most students in this
group move mostly linearly until the end of the test. The smaller, orange group can
be identified by more activity on all other activities and skip or hop considerably
more items.
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Figure 15 Groups of students clustered using before-last-item navigation measures (purple = mostly
linear, orange = more activity)

Navigational behaviour after the last item was clustered into two groups as well
using the same k-means clustering algorithm. As one can see in Figure 16, the
yellow group, which is actually the vast majority of students (88.8%), has little
activity after the last item has been made. The other 11.2% of the students (pink)
do navigate after the last item and uses the quick hops and long jumps to probably
navigate to check items that were marked and found difficult.
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Figure 16 Groups of students clustered using after-last-item navigation measures (yellow = no
activity, pink = more activity)

Lastly, we combined the before and after activities and ran the algorithm once
again to identify groups of students on all the activities in a test. This time the
algorithm identified three clusters: the fairly linear group, the more movement
group and lastly, the group of the students that acts after the last item in the test.
69.4% of the students were selected for the green group, which mainly moved
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linearly. The second-largest group was the red one (17.2%), with more item
hopping, item changes and skipped items before reaching the last item. The blue
group, accounting for 11.4% of the total students, showed increasingly more action
after reaching the last item than the two other groups. The bar graph in Figure 17
represents the clusters found at this level.
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Figure 17 Groups of students clustered using all navigation measures (blue = mostly linear, red =
more activity before last item, green = more activity after last item)

The last level for clustering added to the previous found clusters and provided
additional information by looking at item position. The graph, shown in Appendix F
with before activities divided into the three groups early (1), mid (2) and late (3)
item positions, shows the same three clusters as the previous level. This analysis
gives us especially more detail about the red, more movement, group. Students in
this group move less linearly in the later sections than in the first early section.
Additionally, the red group skips more items in the first two sections and change
them in the mid and late section.

Furthermore, as our data had multiple tests per student, we analysed whether
students had consistent navigational behaviour on all tests, possibly indicating a
preferred test-taking style. We utilized the clusters found on all navigational
activities. Of all 21.534 students, a little more than half (54.1%) was consistently
clustered, and 38.2% of the students had only one test where they navigated
differently according to the clusters (Appendix G).
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4.3. Student

There was no strong relation between a student’s ability and any of the navigation
activities. The activities with the greatest, however, still likely to be unimportant,
positive correlation was before backs (rbefore backs=0.105). The most significant
negative correlation was -0.138 with the activity measure total distance (Table 6).

Table 6

Correlation between navigation measures and student ability

Navigation measure

Correlation

before backs

total steps

total backs

before steps

total info hops
after forward

after steps

before info hops
after info hops
after back jumps
after item hops
total item hops
total changed
after changed
after backs

before changed
total back jumps
after forward jumps
total skip

before skip

after skip

total forward jumps
before item hops
before back jumps
before forward jumps
total empty

total forward

after distance
before forward
before distance
total distance

0.105
0.099
0.096
0.089
0.075
0.068
0.066
0.058
0.052
0.049
0.045
0.038
0.034
0.032
0.029
0.022
0.017
0.016
0.013
0.013
0.011
0.008
0.003
0.001
0.001
-0.029
-0.031
-0.038
-0.071
-0.102
-0.138
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Additionally, we examined the ability level differences in the previously found
clusters (Figure 18). On the total navigation behaviour level, we discovered a
significant difference between the means of the groups. (One-way ANOVA test
(r=32.73, pvae=6.44e-15)), which is presumably the effect of the sufficiently large
sample size. P-value can inform whether an effect exists, but it will not reveal the
size of the effect (Sullivan & Feinn, 2012). For this reason, we used Cohen’s effect
size measure. According to Cohen (1988), the effect size is low if the value is
around 0.1, is medium if it varies around 0.3, and is large if more than 0.5. It was
found that the differences between our groups’ ability mean are negligible as the
calculated effect sizes are 0.04 (green-blue), 0.15 (green-red) and 0.11 (blue-red).

G000
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300 4

Count

200 4

100 4

count % mean std
Mostly linear (green) 14575 69.4 -0.0005 0.874
More active (blue) 3591 171 0.034 0.880
Active after (red) 2825 135 0.138 0.946

Figure 18 The statistics on student performance by clusters on all navigation measures

SSQ 4.2 was concerned with the impact of the navigational activities on the
correctness of a single item. Therefore, we calculated the mean scores of the items
on all students and looked for a correlation between these scores and the
navigational activities. The resulting correlations can be found in Table 7. Skipping
an item had a relatively small negative correlation with item score (fota skips=-0.232.
Hopping an item after the last item of a test was one of the few activities with a
positive, though insignificant, correlation to item score (raser hops=0.152). However,
hopping and especially hopping before the last item of a test (Ibefore hops=-0.303) had
a higher negative correlation. The activity with the highest negative correlation was
changing an answer of an item (fotal changea=-0.319).
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Table 7
Correlation between navigation measures and item score
Navigation measure Correlation
after hops 0.152
before distance 0.050
after forward 0.027
after back jumps 0.006
after steps -0.012
total forward -0.032
after forward jumps -0.038
total distance -0.039
before forward jumps -0.049
total forward jumps -0.055
after distance -0.064
before forward -0.065
before mean time -0.074
before backs -0.090
total back jumps -0.101
before empty -0.108
total steps -0.110
total empty -0.110
after empty -0.110
after backs -0.121
before steps -0.122
total backs -0.140
before back jumps -0.155
after changed -0.213
before skips -0.216
after skips -0.216
total skips -0.231
total hops -0.243
before changed -0.247
before hops -0.302
total changed -0.318

Next, we replicated the answer changes research and table of Stanley Jacobs
(1972) and discovered even more positive results than found previously. Of the
total answer changes, 59.43% was changed from an incorrect response to a
correct response (Table 8). Additionally, we found no discernible differences in
answer changes among the different clusters found on the total activity level
(Appendix H). The most significant difference with Stanley Jacobs’ research was
the much lower total percentage for incorrectly correcting an item, 3.7% instead of
20.1%.

Table 8

Types of Answer Changes Made to Items of different difficulties in our dataset

(n=21.534 tests, Item difficulty
628.446 changes)

Low Moderate High Total
Right to Wrong 1.0% 1.2% 1.5% 3.7%
Wrong to Right 21.2% 20.1% 18.1% | 59.4%
Wrong to Wrong 7.9% 11.9% 17.1% 36.9%

Total 30.1% 33.2% 36.7% 100%
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4.4, Items

The final research question continued the exploration of the relation between items
and navigational activities. As we can see in

Table 8 above, difficult items are changed relatively more often, and easy items
are more often changed for the better. Additionally, we analysed the relations
between the navigational activities and the predetermined item difficulty. As item
difficulty and item score relate reversely, the results were found to follow this as
well (Table 9).

Table 9 Table 10

Correlation between navigation measures Correlation between navigation measures and

and item difficulty item presentation position
Navigation measure  Correlation Navigation measure Correlation
after hops -0.036 after distance 0.979
before forward jumps -0.012 after forward jumps 0.675
before back jumps 0.008 before empty 0.647
after back jumps 0.012 total empty 0.643
total back jumps 0.012 after backs 0.586
total hops 0.030 after empty 0.579
before distance 0.042 total forward jumps 0.562
total forward jumps 0.052 after skips 0.526
before hops 0.061 after changed 0.444
before forward 0.068 before distance 0.355
after distance 0.069 before forward jumps 0.260
total distance 0.071 after steps 0.259
before steps 0.082 after hops 0.249
total forward 0.107 after forward 0.125
after forward 0.113 total forward -0.084
after forward jumps 0.131 total hops -0.085
before skips 0.131 before forward -0.126
total steps 0.144 total steps -0.153
total skips 0.147 total changed -0.176
after empty 0.150 total score -0.217
after steps 0.154 before steps -0.246
before changed 0.165 total skips -0.252
before backs 0.168 before skips -0.283
after backs 0.170 before hops -0.344
total empty 0.211 before changed -0.354
before empty 0.214 after back jumps -0.354
total backs 0.239 total backs -0.459
total changed 0.269 before backs -0.643
after changed 0.270 total back jumps -0.711
after skips 0.310 before back jumps -0.823

Most activity measures had a positive correlation with item difficulty. Additionally,
answer changes and item skipping after the last item had the highest correlation
with item difficulty (Fater changed=0.270, Tatter skip=0.310). In contrast to item score, this
analysis showed a more significant correlation with item backing (rotal backs=0.239),
and item hopping had almost no correlation anymore; from riotal hops =-0.243 1O riotal
hops =0.003.

The following analysis was concerned with the analysis of item presentation
position. Table 10 gives the user a complete overview of the correlation between
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item position and navigational activities. All types of backing activities, except
backing after the last item, had a high negative correlation with item position. This
is obvious as the student is never able to back to an item that has the maximum
value in item presentation order. Later items were less likely to be skipped, hopped
and changed, but were more likely to be left empty before the last item of the test.
However, late items were usually reviewed after the end of the last question with
more steps, including backing and jumping afterwards.

For our last analysis, we briefly studied the items with an outlier frequency of
navigational activities. We took skipping before the last item as an example. Iltems
were, on average, skipped in 12% of the tests. However, there were 25 out of the
600 non-info items with higher skipping percentages, portrayed as the dots above
the boxplots in Figure 19. 7 of the outlier items had predetermined item difficulty
lower than the average item difficulty (=-0.737).
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Figure 19 Boxplot of Navigation Activities per Items
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Chapter 5

Conclusion

The digital shift in the educational test-taking sector has led to the availability of
more data. Where previously this domain was focussed on performance and score,
with the help of more data, nowadays, researchers are analysing how and why
students are interacting with educational matter. This research extends the
exploration of this data and addresses the analysis of navigational test data.

SQ1 What different test-taking navigational behaviour exist in the literature?

In order to understand how and why students navigate through a digital educational
system, it is crucial to identify the student’s task, the student’s attributes, e.g.,
expertise and cognitive style and finally, the structure of the system and its
navigational tools. Differences in these factors exist and alter navigation behaviour.
Studies in web and EHS navigation behaviour (Bousbia et al., 2010; Canter et al.,
1985) are leading in the exploration of navigational strategies and proposed
typologies for ‘hypermedia’ navigation types. Mainly due to the lower
dimensionality of a test and the relatively more limited navigational tools, one
cannot simply compare test-taking navigation behaviour to other digital navigation
behaviour, not even within the educational domain. In addition, studies in test-
taking navigation behaviour are scarce, and there are no strategies to be
discovered. However, studies in test-taking behaviour do mention students will
mostly follow the linear order of the test (Lee & Haberman, 2016; Vasilyeva et al.,
2010) and advises analysing the out-of-sequence anomalies, like jumping,
skipping and changing a question.

SQ2 What techniques can be used for inferring navigational behaviour from
digital tests?

Educational data mining applications and techniques have been analysed and
categorized by researchers. The most commonly applied data mining tasks are
regression, clustering, classification and association rule mining. The most popular
and oldest application for educational data mining methods is predicting the
student’s performances. However, in recent years, data mining methods have
been applied to address more new and different problems. This research identified
three application tasks similar to our research objectives and within the test-taking
navigation scope. We analysed educational studies grouping student navigation
patterns and found that the k-means clustering is commonly used for this
application in the education domain. Process data and navigational patterns were
often analysed with process mining and data visualization. Therefore, we used
these techniques to preliminary analyse the data.
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After a preliminary data analysis, we devised a set of frequently found navigation
activities. Besides the linear steps (distance =+1/=-1), we added deviating activities
with out-of-linear jumps (>= +2/<= -2) forwards and backwards, item skips,
meaning unanswered questions and item changes, where the previous answer is
changed by the student. Lastly, we distinguished the last activity hopping,
navigating to another item within 5 seconds. Additionally, it turns out to be helpful
to distinguish navigation before the end of a test and after as one is able to capture
a more accurate representation of test-taking navigation behaviour.

SQ3 What type of navigational behaviour can we discover in our data?

Typically, students use more activities than the number of items in a test. As to be
expected, the most common navigation activity was forwarding, occurring 85.9%
of the times. However, the average total distance was 0.66, indicating that students
used more or larger backward jumps than backs when moving out of the linear
navigation order. There is a small group of students (2.9%) that only visit an item
once in linear order and submit the test after the last item. Most of them had time
left to check answer but chose not to. Future research should consider examining
these students and their reasons not to navigate differently.

With the k-means clustering, we identified three test-taking navigation strategies.
The largest group, good for 66.3% of the students, is the mostly linear group.
21.2% of the students navigate more than the previous, with more item hopping,
item changes and skipped items before reaching the last item. The final group
(12.6%) showed increasingly more activity after reaching the last item. In addition,
we discovered that students showed the same navigation behaviour (strategy) on
all the different tests. A little more than half of the students had the same navigation
strategy on all the test, and 38.2% of the students had only one test where they
navigated differently according to the clusters. Although the identified strategies
and consistency might not differ in performance, it could help us understand the
cognitive attributes and preferences of a student.

SQ4 How does navigational test behaviour relate to the performance of
students?

It appears there is little relation between the navigational activities and student
ability. Additionally, the different navigation strategies discovered by the clusters
had no differences in student ability as well. On item performance level, we
discovered that the number of answer changes (average of 11.9% of the items) is
negatively related to item score (riotal changed=-0.319). However, the correlation needs
further experiment with controlled variables to understand the causation effects. Is
the answer of the item wrong due to the number of changes, or are items with a
higher score less changed? The same is true for the navigational activity total
skipping (rwota skips=-0.231), possibly indicating that students skip items that they
found difficult.
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Besides the number of answer changes, this research zoomed in on the impact of
a single answer change on the item score. Changing from an incorrect response
to a correct response happened 59.43% of the total answer changes. Only 3.68%
of the total answer changes were disadvantageous, which indicates that
reconsidering an item could be worth it. This finding helps to advocate the use of
free navigation in tests. Students might not know the answer at that moment and
need an extra chance to show their full potential.

SQ5 How does navigational test behaviour relate to a test and its items?

Skipping and changes of answers occur most frequently with difficult items (raser
changed=0.270, Tater skip=0.310). Items with a higher number of non-linear activities
and low item difficulty or item score need further investigation. The non-linear
activities could serve as an indicator for difficult items and might be beneficial for
the teacher and students to recapitulate during feedback. Perhaps test makers
could use the navigation metrics to improve the item difficulty function or find hard
to understand questions.

In our last analysis on item position, we found that later items were less likely to be
skipped, hopped and changed, but were more likely to be left empty before the last
item of the test. However, late items were usually reviewed after the end of the last
guestion with more steps, including backing and jumping afterwards.
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Chapter 6

Discussion

6.1. Limitations

There are a number of limitations in our research that should be considered as
caveats. First, it should be considered that this navigational analysis was done on
primary school students. Age and school level should be taken into account when
comparing results with this research as it might impact the navigational behaviour
of students.

The first limitation of the research is in the structure of the ACET 2018 test. Within
one test, a student is often presented with multiple, often dissimilar subjects per
test. On average, a test had three blocks of 23 items with the same subject.
Although this research does not know how and if this impacts the results presented,
we hypothesize differences with “one subject” tests. We expect that students are
less likely to go back and review items dissimilar to the subject of the current item.
Additionally, we expect differences with “after last item” behaviour.

Secondly, we made some assumptions due to the not easily available
predetermined item positions per test version. Although this test had an adaptive
structure, the adaptiveness was between tests and not items. There were several
predetermined versions of blocks of items with different item orders. Unfortunately,
we were unable to retrieve the block versions or item orders timely, and therefore
we had to construct our own order. With the help of the literature, we found and
assumed that most students will start with the first item of the test. We created an
item order function that cumulatively counts when a new unique item is seen.
However, this is not representative as students could potentially forward jump from
the first item to the third. Our function will wrongfully label this item as the second
item in the test. This could give significant differences in results. Future research
with the ACET 2018 dataset should try to retrieve and use the predetermined item
order.
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6.2. Future Research

In addition to the limitations, there are several opportunities that can potentially
benefit future research. Future research should consider adding navigational
interactions, like menu clicks and marking items. A system may permit a student
to flag/mark the item to review an (unanswered) item that needs some more
attention at a later time. Researchers could analyse the correlation between
marking items and “after last item” behaviour and if marking is beneficial for the
test score. Besides analysing the between-item navigation behaviour, like this
research, researchers could dive deeper into in-item navigation behaviour.
Clicking, keyboard strokes and tool usage might reveal individual test item
strategies.

The choice of clustering algorithm could merit further investigation. This research
took the k-means clustering algorithm as it is often used in the educational domain.
However, it might be interesting to analyse and compare the findings of several
different algorithms.

The biggest opportunity is contextualizing the correlations and findings. Although
the limited research in navigational test-taking behaviour, future research should
try to seek domain experts that could interpret the navigational behaviours, the
differences and findings. By the ACET 2018 data set and our bottom-up data
analysis approach, we are only able to report the correlations between navigational
activities and other attributes. Future research could design experiments with
controlled variables to analyse possible causation effects. Researchers could
identify interesting results by knowing the student level of ability, cognitive style or
navigational preferences prior to the test.
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Appendix A Detailed version of this research adaptation of Chapman's CRISP-DM

Domain
Understanding

Data
Understanding

Data
Preparation

Modeling

Evaluation

« Literature review Educational Data
Mining / Learning Analytics

» Search for educational (test-taking)
navigation behaviour

« Discover state-of-the art techniques
for pattern discovery/analysis

 Data description of XML
structure in datadumps

 Data exploration, which data
relates to navigational behaviour

* Cleaning data
 Transforming XML/log data into
student navigation pattern

 Decide which measures from
Literature Review

« Potentially devise own measures

* Select data mining technique that
identifies different navigation
behaviour styles

 Evaluate the models' results
« Find relationship to performance
« Find relationship to items
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Appendix B Overview EDM application categories
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(Baker & . (C_astro (Scheuer & (Bousbia & (Romero & (Bakhshinate
Yacef, 2009) spinoza et Mclaren, Belamri, 2014) Ventura, ghetal.,
' al., 2007) 2012) ’ 2010) 2018)
Improving assessment of  Scientific Student User/Student Predicting
student student’s inquiry and modelling modelling student
models performance system performance
evaluation
Improving course Determining Domain Domain Detecting
domain adaptation and  student model structure modelling undesirable
models learning parameters analysis student
recommendati behaviours
ons based on
the student’s
learning
behaviour
Studying the evaluation of Informing Generating Recommendin  Profiling and
pedagogical learning domain recommendati g to students grouping
support material and models on students
provided by educational
the learning web-based
software courses
Scientific feedback to Creating Analyzing Scientific Social network
research into both teacher diagnostic learner’'s inquiry analysis
learning and and students model behaviour
learners in e-learning
courses
detection of Creating Communicatin ~ Providing Providing
atypical reports and gto feedback for reports
students’ alerts for stakeholders supporting
learning instructors, instructors
behaviours students and

other
stakeholders
Recommendin
g resources
and activities

Predicting
students’
performance
and learning
outcomes
Maintaining
and improving
courses

Creating alerts
for
stakeholders

Predicting
student
performance
Personalizing
to students

Grouping/Profil
ing students

Constructing
courseware

Planning and
scheduling

Parameter
estimation

Creating alerts
for
stakeholders

Planning and
scheduling

Creating
courseware

Developing
concept maps

Generating
recommendati
on

Adaptive
systems
Evaluation

Scientific
inquiry
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Appendix C Description of variables found in cleaned data

Appendices

Variable Description
Student
Student_id Identifier/number of student
StudentSex Gender of Student
StUdentDataOfbirt Student S date Of blrth
Test group

Test

Testgroup_id

TestgroupName

TestData

Brin

Test_id

TestStatus

TestVersion_id

Response

Item

Responselndex
Response

ResponseTime

Item_id
Subject
Infoltem
ItemDifficulty
IltemType

ItemCardinality

Scoring Rule

itemScore

Identifier of the test group. Will identify when and where a
test session took place

Name of the test group. Often the name of the school, but
did differ

Date of test

Identifier of school

Identifier of test

Status of the test. Whether or not the test was finished or
abrupted

Identifier of the test version

The order in which the student took the test. Not to be
confused with the item order presented by test.
Answer to the question

Amount of time in seconds to answer

Identifier of question

The subject of the question (math, language, world
orientation)

Boolean, if yes, this item contains instructions for the next
set of questions. Does not require/output a response

The predetermined difficulty level of the question

Type of question (Multiple Choice)

The number of answers required (One or More)

Score of an answer to a question
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Appendix D Visualization of student’s test-taking navigation behaviour
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Appendix E Snippet of our k-means algorithm code in Python

from sklearn.preprocessing import MinMaxScaler
import plotly.graph_objects as go

import numpy as np

import plotly.express as px

import nbformat

scaler = MinMaxScaler(feature_range = (0,1))
scaler fit(afname)
afname = scaler.fit_transform(afname)

inertia =[]
K =range(1,10)
for kin K:
kmeans = KMeans(
n_clusters=k, init="k-means++",
n_init=10,
tol=1e-04, random_state=42

kmeans.fit(afname)
inertia.append(kmeans.inertia_)

plt.plot(K, inertia, 'bx-")

plt.afnamelabel('k’)

plt.ylabel('Distortion’)

plt.title('The Elbow Method showing the optimal k')
plt.show()

The Elbow Method showing the optimal k
10000

2000

8000

7000

6000

Distortion

5000

4000

3000

2000

1 2 3 H 5 3

kmeans = KMeans(
n_clusters=3, init="k-means++", n_init=10,
tol=1e-04, random_state=42

kmeans.fit(afname)

Appendices

clusters=pd.DataFrame(afname,columns=afname_measures[['before_forward','before_backs','before_f

orward_jumps', '‘before_back_jumps', ‘before_item_hops', 'before_info_hops', 'before_changed',

'‘before_skip', 'after_forward','after_backs','after_forward_jumps', 'after_back_jumps', ‘after_item_hops',

‘after_info_hops', ‘after_changed’, 'after_skip]].columns)
clusters['label'l=kmeans.labels_
afname_measures['label’l=kmeans.labels_

bar=afname_measures[['before_forward','before_backs','before_forward jumps', 'before_back jumps’,

'‘before_item_hops', 'before_info_hops', 'before_changed', 'before_skip',
‘after_forward','after_backs','after_forward_jumps', ‘after_back_jumps', ‘after_item_hops',
‘after_info_hops', ‘after_changed', 'after_skip', 'label']].groupby("label").mean().reset_index()

bar["label"] = bar["label"].astype("category")
bar=pd.melt(bar,id_vars=["label"])

figd = px.bar(bar, x="variable', y='value', color='label', color_discrete_map={0: #636EFA', 2: #EF553B',

1:'#00CC96'}, barmode='group’)
figd.update_layout(showlegend=False)
figd.show()
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Appendix F Groups of students clustered using all navigation measures, divided into 4 sections

more activity before last item, green = more

= mostly linear, red =

based on item position (blue

activity after last item)
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3_before_linear
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2_before_changed
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Appendix G Count per groups of clustered tests per student ([0,0,0] = student showed behaviour 0
(primarily linear navigation) on all 3 tests)

Group count
[0, 0,0, 0] 1324
[0,0,0, 1] 371
[0,0,0, 2] 132
[0, 0, 0] 7926
[0,0,1,1] 230
[0,0,1, 2] 65

[0, 0, 1] 2801
0,0, 2, 2] 49

[0, 0, 2] 1178
[0, 0] 347

[0,1,1,1] 156
[0,1,1,2] 32
[0, 1, 1] 1798
[0, 1,2,0] 15
[0, 1,2, 1] 5
[0,1,2,2] 38
[0, 1, 2] 663
[0, 1] 127
0,2, 1,1] 7
0,2, 2, 2] 42

[0, 2, 2] 634
[0, 2] 72
[0] 363

[1,1,1,1] 69
[1,1,1,2] 23

[1,1,1] 1202
[1,1,22] 10
[1,1,2] 451
[1, 1] 124
[1,2 2,2 23
[1,2, 2] 363
1, 2] 57
[1] 121
[2,2,2,2] 39
2,2, 2] 544
2, 2] 74

2] 59




Navigating Exams: Identifying Test-Taking Navigation Behaviour

61

Appendix H Types of Answer Changes Made to Items of different difficulties in our dataset per

clusters

(n=245.113 changes) ltem difficulty

Cluster 0 Low Moderate High Total
Right to Wrong 0.7% 0.9% 1.1% 2.8%
Wrong to Right 22.0% 20.3% 17.5% | 59.7%
Wrong to Wrong 8.3% 12.2% 17.0% 37.5%
Total 31.0% 33.4% 35.6% 100%
(n=293.848 changes) Item difficulty

Cluster 1 Low Moderate High Total
Right to Wrong 1.1% 1.3% 1.5% 3.9%
Wrong to Right 21.1% 20.6% 17.7% | 59.4%
Wrong to Wrong 1.7% 11.9% 17.1% 36.7%
Total 29.9% 33.8% 36.30% 100%
(n=89.256 changes) Item difficulty

Cluster 2 Low Moderate High Total
Right to Wrong 1.5% 1.7% 2.1% 5.4%
Wrong to Right 20.2% 20.0% 19.8% 60.0%
Wrong to Wrong 7.0% 10.7% 16.9% 34.6%
Total 28.7% 32.5% 38.8% 100%



