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Abstract

It has been noticed that in usability tests there is always one or more participants who
take a long time to complete the task compared with other participants. Such
participants appear as outliers in the collected time-on-task data. While such outliers
can skew any statistical analysis, at the same time they may represent genuine
problems with the interaction.

This research started with an exploratory study that investigated outlying performance
in usability testing practices, to find out how outliers are interpreted and treated by
practitioners. The practitioners interviewed in this study seem aware of the regular
occurrence of outliers. They tend to link outlying performance cases to individual
differences instead of linking them to usability problems. However, there appears to
be no systematic approach to addressing them.

This research focuses on investigating outlying performance in menu search. Previous
work suggests that the perceived menu semantics plays a role in outlying menu search
performance. In this context, menu semantics refers both to the names of the menu
items and to the names of the menu titles. Additionally, it refers to the semantic
organization of the menu items. The series of studies conducted in this research used
different methodologies to check whether the perceived menu semantics plays a role
in outlying menu search performance. The results suggest that perceived menu

semantics may play a role in outlying menu search performance.

Moreover, this research checked whether outlying menu search performance is due to
specific individuals. The results suggest that outlying menu search performance can

be due to individual differences.

The practical implication of this research is that outliers are a fact that should not be
ignored. They should be considered and the reasons behind them should be identified.
Consequently, based on the identified reasons, there is a possibility of improving the

design for outliers.
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“6% of task attempts are extremely slow and

constitute outliers in measured user performance.

These sad incidents are caused by bad luck that
designers can — and should — eradicate.”

(Nielsen, 2006).
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Chapter 1 Introduction

Usability tests are considered essential in the field of Human-Computer Interaction
(HCI). Testing the usability of the systems is crucial. There have been many cases
which show how the usability of a system has a huge impact on society as a whole
including saving lives in a health context and preventing financial loss in a business
context (Albert & Tullis, 2013).

Generally speaking, usability testing involves testing computer interfaces by using
representative users to attempt representative tasks within a representative
environment (Lewis, 2006). The goal of testing is to assess the usability of the system
being developed by analysing how the intended users use the system to accomplish the
tasks that the system was designed for (Preece et al., 2015). The usability evaluators
use different metrics to measure usability, including performance metrics (Albert &
Tullis, 2013). Performance metrics such as time-on-task are considered powerful tools
when it comes to evaluating system effectiveness and efficiency. The time-on-task (the
time needed to complete a task) is a commonly used performance metric in usability
studies (Albert & Tullis, 2013; Hornbaek & Law, 2007). The time-on-task data are
usually analysed by looking “...at the average amount of time spent on any individual
task or set of tasks by averaging all the times for each user by task” (Albert & Tullis,
2013).

To compare the time-on-task data in different interface conditions, many usability
studies use parametric statistical tests that assume that data is normally distributed such
as t-tests and ANOVA (Cairns, 2007; Schiller & Cairns, 2008). It is common for
researchers to use parametric tests even if the underlying assumptions such as normal
distribution are not met. This is because they lack an understanding of these
assumptions and do not use statistical tools that check them. In addition, they often
believe that parametric tests are robust in terms of possible violations of the underlying

assumptions (Mackenzie, 2013).

Cairns (2019) stated that assuming normality should not be a normal practice. In
addition, he suggested that parametric tests should be abandoned as is not known when

data are normal.

14



1.11s Performance Data Normal?

Normal data are typically linked to the classic bell curve distribution that has most data
in the centre with decreasing amounts evenly distributed to the left and the right of the
centre. In fact, real data cannot fit the bell curve as many collected data are not
normally distributed. For example, time-on-task data is not normally distributed. The
distribution of time-on-task data is typically positively skewed in usability studies
(Albert & Tullis, 2013; Sauro & Lewis, 2010; Schiller & Cairns, 2008). The
distribution of time-on-task data is expected to be skewed in this way because such
data cannot be less than zero, but there are no upper limits. The positive skewness
means that mean time will tend to be higher than median time and can, to some extent,
be high enough to be not representative of typical user performance. This has direct
effects when using parametric statistical tests which depend on the means of the

samples.

However, because of the Central Limit Theorem, normal distributions dominate
statistical methods that are used in HCI. This theorem states that regardless of the
original population distribution, the sampling distribution of the means is almost
normal if the sample is large enough. Even better, the mean of the sampling
distribution of the means is equal to the population mean (Cairns, 2019). Therefore,
parametric tests can be used without worrying about the normality of the population
distribution as these tests just depend on the means. Based on the Central Limit
Theorem, the means of time-on-task data can be normally distributed if the sample size
is large enough. However, relying on the Central Limit Theorem can lead to some
problems. The first problem is how large is a large enough sample. The theorem
promises that the sampling distribution is normal in the end but does not tell where
that will occur in terms of practical real data (Cairns, 2019; Wilcox, 2010). The second
problem is that having large enough samples to provide a normal sampling distribution
does not mean that the parametric tests behave as expected. For example, the t-test
depends on an estimate of the standard deviation of the sampling distribution that is
based on the standard deviation of the sample itself. If the sample is not normally
distributed, the estimation of the standard deviation can be inaccurate, and therefore,

the t-test can produce faulty results (Cairns, 2019).

Schiller and Cairns (2008) discussed the fact that the distribution of performance data

(e.g., time-on-task) is not normal, but is positively skewed. Their discussion was based

15



on an observation that in usability tests, there is always one or more participants who
take a long time to complete the task compared with the other participants. Those
participants appear as outliers in the collected time-on-task data. While such outliers
can skew any statistical analysis, at the same time they may represent genuine
problems with the interaction. In this research, an outlier is equivalent to the outlying

performance of an individual.

1.2 Outlying Performance in Usability Tests

The term ‘outlier’ is commonly used in statistics. Howell (2016) defined an outlier as
"an extreme point that stands out from the rest of the distribution”. As statistics are
commonly used in analysing the collected data in usability testing, the term ‘outliers’
is also used in this field. Albert et al. (2010) defined outliers in usability testing as
“extreme points in data and are the result of atypical behaviour”. Barnum (2011)
explained outliers in usability testing as follows “an outlier is a single instance of a
finding, something you have observed in one user only”. The most common type of
outlier in usability studies is time-on-task data when a participant takes a very long
time to complete the task (Albert et al., 2010; Schiller and Cairns, 2008).

Qutliers in HCI can be due to data entry errors, misbehaving participants, flawed
design of the study and natural variability (Cairns, 2019). However, if outliers are not
due to an external effect, be it errors, participant behaviour or study design, then

outliers are valid data that should be analysed along with all other data (Cairns, 2019).

There are several methods for detecting outliers. The standard deviation (SD) method
is one of the most frequently used methods for detecting outliers (Seo, 2006; Wilcox,
2010). The SD is a simple method that defines outliers as values that are more than
two standard deviations from the mean. However, this method is sensitive to extreme
values. The mean and the standard deviation can be inflated by the outliers and that
can mask the presence of the outliers (Wilcox, 2010). Therefore, a more effective
method for detecting outliers is required. The boxplot is a frequently used and
commonly recommended method that is not sensitive to extreme values (Cairns, 2019;
Wilcox, 2010). The boxplot uses quartiles to represent the distribution of the data. The
lower quartile represents the value below which a quarter of the data exists, while the
upper quartile represents the value that a quarter of the data is above. The difference

between the upper and lower quartiles is the interquartile range (IQR) which shows
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the distribution of half of the data. The IQR for a normal distribution is approximately
equivalent to % standard deviations, therefore, is a good measure of spread. However,

as it relies on quartiles, it is not modified by one or two outliers (Cairns, 2019). The
common threshold used to identify outliers are values that are 1.51QR over the upper
quartile or under the lower quartile (Emerson and Strenio, 1983, as cited in Cairns,
2019). Both the SD and the boxplot are used in usability studies for detecting outliers.
Cairns (2019) recommended using a boxplot as a method for detecting outliers as it
offers a robust method to identify outliers in data representing a single variable (Cairns,
2019).

Outliers should be considered for two reasons. Firstly, outliers are considered a serious
problem for statistical analysis (McClelland, 2000). The regular occurrences of
outliers in the data lead to the distribution does not fit with a normal distribution.
Consequently, the parametric statistical tests such as t-tests that are commonly used in
usability studies, are directly influenced because they assume the data is normally
distributed. Thus, the results of these tests are potentially not valid (Cairns, 2019).
Nonparametric statistical tests can be used when the data is not normally distributed
(Lazar et al., 2017). These nonparametric tests are robust to outliers because they
depend on ranking the data, while parametric tests rely on the means of the samples,
which can be modified due to the outliers (Cairns, 2019). Nonparametric statistics
might help in solving some problems of analysis, but they cannot solve the fact that

outliers might represent a genuine problem in the interaction.

Secondly, outliers can provide useful information about the collected data. Outliers
might indicate usability problems. For example, Law and Hvannberg (2004) and
Nielsen and Landauer (1993) noticed that in usability testing, a significant number of
usability problems were identified by just one user. In addition, outliers might indicate
individual differences, as was found by Egan (1988), who suggested that individual
differences in HCI can lead to significant variance in user performance. These
individual differences should be considered as they can be related to some HCI
problems (Dillon & Watson, 1996).

Unfortunately, outliers seemed to be overlooked in usability studies, and the focus of
any analysis is typically more on average users who are more representative of the

population as a whole. There is a tendency to disregard outlying performance in
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usability tests as it tends to be observed in just one participant (Barnum, 2011).
Ignoring outliers and not taking them seriously can lead to both statistical problems

and the possibility of overlooking usability problems.

Apparently, outliers are a potentially important feature of usability tests and not just a
statistical nuisance. Their regular occurrence and their potentially negative
consequences in usability studies necessitate thinking about them rationally. However,
a lack of research investigating such a situation makes it hard to know the extent or
impact of such a problem on usability test results. Therefore, there is a need to explore
the causes of outlying performance and based on the identified causes, there is a chance
to improve the design for outliers.

1.3 Outlying Performance in Menu Search

Schiller and Cairns (2008) identified outliers in menu search and, based on modelling
work, attributed this to the perceived menu semantics. They proposed a cognitive
model that simulated a user searching a menu hierarchy. Their proposed model used
the information scent of the relevance of a menu item to the given task to decide on
actions to perform. For example, in a perfectly designed menu, the user considers only
the target item to be relevant and therefore scented with a value of 5, while all other
items are irrelevant and therefore scented with a value of 1. Their cognitive model
rejects all the 1-scented items and selects the 5-scented item. Schiller and Cairns
suggested that people may vary in terms of perceiving the menu semantics, and these
variations lead to different menu search behaviours. By reflecting the variations in
perceiving the menu semantics in their proposed menu search model, the model was

able to predict outliers as a result of these variations.

Menu semantics is a key factor in menu search performance. It refers to the names of
the items. Also, it refers to the names of the menu titles. Additionally, it refers to the
semantic organization of menu items (Baily et al., 2016). The way in which menu
items are grouped and the titles used to name the groups critically influence the menu
search performance (Lee & Raymond, 1993). It is commonly assumed that a menu is
efficient when its items are organised in such a way to match the users’ perception of
menu semantics (Schmettow & Sommer, 2016). Therefore, menu designers used a
number of methods such as card sorting to elicit users’ perception of menu semantics.

Users might be different when it comes to perceiving menu semantics and this might
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justify outlying performance in menu search as suggested by Schiller and Cairns
(2008).

If outlying performance is due to the perceived menu semantics, outlying performance
might be fixed in this case. Fixing outlying performance through improvements in the
menu design does not necessarily improve the average user performance. However,
the performance of outliers could be improved significantly by improving the menu
design. Therefore, there is an opportunity to help outliers and improve the quality of

their interaction.

The aforementioned work of Schiller and Cairns (2008) motivated this research to
investigate outlying performance in the interaction with menus. Menus are a common
interaction method used in current systems by various types of users. They are used in
many applications and systems to allow the user to navigate and select the target item
in a structured way (Bailly et al., 2016). They exist in desktop applications, on
websites, smartphones and tablets. In addition, they are used in home control systems
and medical devices. Regardless of their uses, menus should offer the user a quick and
easy way to find and select a target item (Brumby & Zhaung, 2015). Therefore, it is
important to investigate the possible causes of outlying performance in menu search.

This research aims to investigate outlying menu search performance. In this context,
outlying menu search performance refers to one or more participants who take a long
time to complete an individual menu search task compared with other participants. As
a result, such participants appear as outliers in the boxplot of the distribution of the

collected menu search time data.

1.4 Research Questions

To motivate investigating outlying performance in general, it is important to check
whether usability practitioners take outliers seriously and whether they have ways of
dealing with them. Moreover, it is important to know how practitioners interpret
outliers in usability tests as this might help in framing the findings of the studies that
investigate outlying performance empirically in this research. Therefore, this research

helps to answer the following research question:

(RQ1) How are outliers interpreted and treated in usability testing practice?
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As outlined before, this research focused on investigating outlying menu search
performance. Schiller and Cairns (2008) attributed outlying menu search performance
to the perceived menu semantics based on modelling work. However, modelling alone
Is not an alternative for gathering and analysing data on real users engaged in searching
menus, which provides empirical evidence that backs any claim. Therefore, there is a
need to address this limitation by conducting empirical studies that check whether the
perceived menu semantics plays a role in outlying performance in menu search.

Therefore, this research addresses the following research question:

(RQ2) Does the perceived menu semantics play a role in outlying performance in

menu search?

Additionally, outlying menu search performance might be due to individual
differences in cognitive and psychomotor abilities, and traits. Individual differences in
cognitive and psychomotor abilities (e.g., reaction speed and hand dexterity) might
cause variability in performance with regard to using computers (Kuurstra, 2015). In
addition, individual differences in traits (e.g., the Big Five personality dimensions:
extraversion, neuroticism, openness to experience, conscientiousness, and
agreeableness) can produce variability in performance with regard to using computers
(Kuurstra, 2015). If outlying performance is due to a permanent feature in a participant,
the same participant will show outlying performance on regular basis. Therefore, there
is a need to check whether outliers occur on a regular basis. Therefore, this research
helps to answer the following research question:

(RQ3) Does outlying performance in menu search occur due to specific

individuals?

1.5 Research Approach, Scope, and Methods

This research aimed to investigate outlying performance in menu search. It was mainly
based on a series of empirical studies to address the research problem. These studies
have employed different methodologies to collect and analyse the data. The
methodologies employed included qualitative and quantitative methods. Semi-
structured interviews and retrospective think-aloud (RTA) protocol methods were used
to collect qualitative data. The thematic analysis method was used to analyse the
collected qualitative data. Controlled experiments, surveys, modelling and card sorting
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methods were used to collect the quantitative data. Statistical analysis methods were

used to analyse the collected quantitative data.

This research started with an exploratory study (Study 1- Chapter 3) to answer the first
research question that asks how outliers are interpreted and treated in usability testing
practice. This study involved interviewing practitioners to collect data related to how
they interpret and treat outlying user performance cases in usability testing.

As this research focuses on investigating outlying performance in menu search, Study
2 to Study 7 investigated outlying performance in menu search using different
methods. The menu layout used in these studies was a linear one where items are
organised vertically. This layout was used because the majority of menus are displayed
linearly (Bailly et al., 2016). The menu search task in these studies involved asking
participants to find and select a specific target from the menu as quickly and accurately
as possible. A boxplot was used in these studies to visualize the distribution of the

collected menu search time data and to identify outliers.

To answer the second research question that asks about the role of the perceived menu
semantics in outlying performance in menu search. Study 2 (Chapter 4) was conducted
to investigate whether poor semantic organization of menu items plays a role in
outlying performance. A between-group design was used in this study; two conditions
of menu semantic organisation were identified for testing in this study: a semantically
organised menu and a randomly organised menu. The participants were randomly
assigned to two groups and asked to select a specific target item from the displayed

menu.

To further check the role of the perceived menu semantics in outlying performance, a
menu search model was adopted to help in understanding the role of the perceived
menu semantics. This model is based on machine learning (ML) and needs to be
trained on menu samples to learn menu search strategies. Constructing menu samples
needs the collection of semantic similarity ratings from human participants. Therefore,
Studies 3 and 4 (Chapter 5) were conducted to collect the semantic similarity ratings
of menu items. Study 3 used the pairwise similarity ratings method to collect the
semantic similarity ratings. Study 4 used a card sorting method to collect the semantic
similarity ratings. Two methods were used to collect the semantic similarity ratings to

see whether they introduced different features on the data. In Study 3, the participants
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were given a survey that consisted of a list of pairs of menu items. They were then
asked to rate each pair according to what they thought about how close in meaning the
two menu items in the pair were. In Study 4, the participants were asked to sort the
menu items into groups of similar items. After that, Study 5 (Chapter 6) was conducted
to train and test the adopted menu search model using menu samples constructed from

the collected semantic similarity ratings.

Following this, Study 6 (Chapter 7) was conducted to investigate whether participants
who have a different perception of menu semantics performed poorly in the menu
search task. In addition, this study tried to answer the third research question by
investigating whether outlying performance is due to specific individuals. The
participants were asked to perform two tasks: a card sorting task and a menu search
task. In the card sorting task, the participants’ menu semantics perception was elicited.
In the menu search task, the participants were given several menu search trials, and
their menu search performance in each trial was measured. Outliers were found in each

menu search trial. However, the reasons behind their poor performance were not clear.

It was difficult to determine the reasons for outlying performance cases in Study 6.
Therefore, a think-aloud protocol (TA) was suggested to help determine the reasons.
Study 7 (Chapter 9) was conducted to investigate outlying performance in menu search
using a retrospective think-aloud protocol (RTA). The participants were asked to
perform menu search tasks. They were then shown a screen recording of their
performance in these tasks and were asked to verbalise their thoughts while

undertaking these tasks.

1.6 Research Contributions

The focus of this research, as explained earlier, was on investigating outlying
performance in menu search. The series of empirical studies reported in this thesis
contributes to our general understanding of outlying performance and why it might

happen in menu search.

The key findings of this research are:

e The interviewed usability practitioners seem aware of the regular occurrence

of outliers in usability testing. They tend to link outlying performance cases to
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individual differences instead of linking them to usability problems. However,

there appears to be no systematic approach to addressing them.

e There is always one or more participants (outliers) who take a long time to

complete the menu search task compared with other participants.

e The results suggest that the perceived menu semantics may play a role in

outlying menu search performance.

e The results suggest that outlying menu search performance can be due to
individual differences.

1.7 Ethical Statement

All the studies conducted in this research followed the principles of ethical research
involving humans. All the studies reported in this thesis adhered to the ethical
principles of ‘Do No Harm’, ‘Confidentiality’, and ‘Informed Consent’. All the
conducted studies were approved by the Physical Sciences Ethics Committee (PSEC)
of the University of York and followed the ethics procedures of the Department of

Computer Science.
Do No Harm

No one participant in any of the studies conducted in this research was exposed to any
harmful environments. Participants were free to withdraw from the study at any time.
They were told that they would not be affected negatively by withdrawing, and they
would not be asked about the reasons behind their withdrawal.

Additionally, this work is about exploring the causes of outlying menu search
performance. This might help in improving the menu design for all users. Therefore,
the research findings are not intrinsically likely to have a harmful impact if they are

applied in the real world.
Confidentiality

The anonymity and confidentiality of the collected data in all studies were maintained.
The anonymity of participants was always maintained when reporting the results, and
each participant was given an ID to be used when quoting participants’ words. The
collected data were kept in password-protected systems that prevent unauthorised

access to these data.
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Informed Consent

The participants in all studies were given a brief information about the study that they
had been invited to take part in. In Studies 1,2,3,4, and 7, which were conducted face-
to-face, an information sheet was given to the participants to inform them about the
aims and procedures, and their rights, before the study began. In addition, an informed
consent form was given to the participants to obtain their consent to participate in the
study before the study started. After completing the study, the participants were
debriefed. Study 6 was conducted online. The participants in this study were given
brief information about the study and their rights before the study started, and were

allowed to contact the researcher by email if they had any inquiries.
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Chapter 2 Literature Review

2.1 Introduction

This thesis is motivated by the observation that there are always one or more outlying
user performance cases in usability tests. Therefore, this literature review begins by
providing an overview of usability testing and measuring user performance in usability
testing. It presents performance metrics and focuses particularly on a time-on-task
metric. Then, the review moves to outlying user performance in usability testing.
Therefore, it defines outliers and explains how outliers are detected in statistics. It also
discusses how outliers are interpreted and treated in usability studies. Additionally, it

reviews the relevant works that investigated outlying user performance.

This thesis focuses on outlying performance in menu search. Therefore, the review
defines menus and presents menu properties. Menu semantics is an influential factor
in menu search performance, the perceived menu semantics was suggested by previous
work as a factor in outlying performance in menu search. Therefore, the review
presented some studies on the effect of menu semantics on user performance in menu

search.

Additionally, the review delivers an overview of the existing menu search models and
provides several details about the adopted model in this thesis to model outlying menu
search performance. Furthermore, it explains the methods used to collect the semantic

similarity ratings of menu items that are needed to run the adopted menu search model.

Finally, the literature review concludes by discussing individual differences and user
performance in usability studies as a possible cause for outlying performance in

usability testing.

2.2 Usability Testing

The International Standard Organization (ISO 9241-11) defines usability as "the extent
to which a product can be used by specified users to achieve specified goals with
effectiveness, efficiency, and satisfaction in a specified context of use.” (ISO, 2018).
According to Albert and Tullis (2013), there is a difference between usability and user
experience, "Usability is usually considered the ability of the user to use the thing to

carry out a task successfully, whereas user experience takes a broader view, looking
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at the individual's entire interaction with the thing, as well as the thoughts, feelings,

and perceptions that result from that interaction™.

Usability testing is frequently regarded as the gold standard of usability evaluation
methods (UEMs) (Hornbak, 2010). Usability testing involves testing computer
interfaces by bringing in typical users and asking them to attempt typical tasks within
typical environments (Lewis, 2006). It plays a vital role in improving the quality of an
interface by identifying the weaknesses in an interface design that cause problems for
users. Additionally, it can be used as a user research method to understand how users

interact with interfaces (Lazar et al., 2017).

Usability testing can be divided into two types based on the goal of usability of the
study and when it is done: formative testing and summative testing. Formative testing
Is conducted during the development of the product and aims at identifying and fixing
problems. It usually consists of small repetitive studies. Summative testing is
conducted after finishing the product and aims at creating a baseline of metrics or
confirming that the requirements are met by the product. It typically needs a large

number to provide statistically validated results (Barnum, 2011).

Usability testing can be conducted anywhere. It can be conducted in a fixed lab, an
office, a user’s house, via the phone, or via the web. None of these locations is better
than the others. The decision should be based on the type of usability testing project
(Lazar et al., 2017).

During usability testing, usability evaluators use usability metrics to measure usability.
These metrics should be observable by some means to assess the user's interaction with
a system and reveal "...some aspect of effectiveness (being able to complete a task),
efficiency  (the  amount of effort required to  complete the
task), or satisfaction (the degree to which the user was happy with his or her
experience while performing the task)" (Albert & Tullis, 2013). Additionally, usability
metrics need to be quantifiable, so they can be converted to a number and counted
somehow. All metrics need the issue being evaluated to be stated numerically. For
example, a usability metric can show that 90% of the users completed the tasks in less
than 1 minute (Albert & Tullis, 2013).

Usability metrics can be divided into several categories including performance

metrics, issues-based metrics, self-reported metrics, behavioural and psychological
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metrics, and combined and comparative metrics (Albert & Tullis, 2013). As the name
suggests, performance metrics are the most suitable for investigating outlying user

performance, and therefore, they are covered in more detail in the next section.

2.3 Measuring User Performance

Albert and Tullis (2013) stated that during the usability testing, the user's performance
Is considered an important indicator of general usability. Therefore, performance
metrics are considered robust tools to evaluate the effectiveness and efficiency of
different systems. For example, by identifying users who are making many errors, it is
hypothesised that there is potential for improvement. Moreover, by finding the users
that spend a long time completing a task compared with what was estimated, it is

realised that efficiency can be improved significantly.

Despite the advantages of performance metrics, some issues should be considered
when collecting performance metrics. First, the sample size should be sufficient; 10
participants or more are required to obtain meaningful results with reasonable
confidence levels. Also, performance metrics cannot be used alone to discover
usability problems. The collected performance data can help in pointing to tasks or
elements of an interface that were problematic. However, they cannot help in
identifying the sources of the problems. Therefore, performance data is commonly
supplemented with other data such as observational or self-reported data to gain a
better understanding of the reasons behind the problem and suggest solutions to fix
them (Albert & Tullis, 2013).

There are five basic types of performance metrics (Albert & Tullis, 2013):

e Task success measures the percentage of users who completed a task

successfully.
e Time-on-task measures the time that the user needed to complete a task.
e Errors measure the number of mistakes that the user made during a task.
e Efficiency measures the effort that the user spent to complete a task.
e Learnability measures improvement in user performance over time.

Time-on-task (sometimes called task completion time or task time) is a commonly

used performance metric in usability studies (Albert & Tullis, 2013; Hornbaek & Law,
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2007; Sauro & Lewis, 2009). This is because it is a good approach to evaluate the
efficiency of a system (Albert & Tullis, 2013). Also, it is a good way to discover
usability problems as a long time on task might indicate problems in the interaction
(Sauro, 2011).

Previous analysis of usability studies found that faster task completion time was
correlated with fewer errors and greater satisfaction (Sauro & Lewis, 2009). In most
cases, a faster task completion time indicates a better experience. However, there are
some exceptions to this assumption. For example, games where users want to spend
more time to enjoy as well as e-learning systems where users gain more if they spend
more time (Albert & Tullis, 2013).

Time-on-task is the time passed between starting a task and finishing a task. It is
expressed in minutes or seconds. It can be measured in several manual or automated
ways. In the manual methods, the moderator simply records the start and end times;
also, he can use a stopwatch or any time-keeping tool to measure the time. However,
there are many automated tools that allow recording the time more accurately and less
obtrusively (Albert & Tullis, 2013).

One of the issues that should be considered during measuring time-on-task is whether
to inform the participants about the time measurement. Participants likely feel nervous
if they know that their time is being recorded, and this affects their performance. On
the other hand, if they are not told, they might take their time exploring the interface.
A good balance is to ask the participants to complete the task as quickly and accurately

as possible without mentioning that time is recorded (Albert & Tullis, 2013).

There are many ways to present and analyse the collected time-on-task data. The most
common way is to look at the average amount of time spent on any individual task or
set of tasks by averaging all the times for each user by task (Albert & Tullis, 2013).
This is a simple and intuitive way to analyse time-on-task data. The distribution of
time-on-task data is typically positively skewed in usability studies. Therefore, the
median is reported by practitioners who are aware of this skewness (Sauro & Lewis,
2010).

Schiller and Cairns (2008) discussed the fact that the distribution of user performance
data (e.g., time-on-task) is not normal but positively skewed. Their discussion was

based on an observation that in usability tests, there is always one or more participants
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who take a long time to complete the task compared with other participants. Those
participants appear as outliers in the collected time-on-task data. Outliers can skew
any statistical analysis but, at the same time, may represent genuine problems with the
interaction. Because of this, outlying user performance is potentially an important

feature of usability tests, not just a statistical nuisance.

2.4 Outlying Performance in Usability Tests
To investigate outlying performance, there is a need to know the definition of outliers
and how they are interpreted and treated in usability studies. Additionally, the relevant

works, that investigated outlying performance in usability studies, need to be reviewed.

2.4.1 Definition of Outliers

Aguinis et al. (2013) collected 14 definitions of outliers that were used in the
methodological sources. These definitions are different, in some definitions, outliers
are extreme values that are remarkably distant from the central tendency, while in
others, in addition to being distant from the central tendency, outliers must either
disturb the results or produce some useful or unforeseen insights. Additionally, in
some definitions, outliers are not depending on any type of data analysis, while in
others, outliers are values that disturb the results of a particular type of data analysis
(Leys et al., 2019).

Leys et al. (2019) suggested that two of these 14 definitions seemed very appropriate
for practical reasons. The first one is appealing for its simplicity: “ Data values that
are unusually large or small compared to the other values of the same construct”.
However, this definition can be just used with a single construct, multivariate outliers,
that are caused by an unexpected pattern across multiple variables, should be also
considered. Therefore, another comprehensive definition can be relied on: “Data

points with large residual values”.

The term ‘outliers’ is used in the usability testing field. Albert et al. (2010) defined
outliers in usability testing as “extreme points in data and are the result of atypical
behaviour”. Barnum (2011) explained an outlier in usability testing as follows “An
outlier is a single instance of a finding, something you have observed in one user

only”.
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2.4.2 Outliers Detection Methods

Howell’s definition of an outlier stated that an outlier is an extreme point that is far
away from the rest of the data. However, where is the rest of the data? And what is far
away? Therefore, there is a need to work out where the rest of the data is to define
where outliers are not. A measure of central tendency and a measure of spread such as
the usual mean and the standard deviation can help. Therefore, in statistics, typically,
the default method for defining outliers is in terms of the normal distribution. The
mean represents the average performance, and the standard deviation represents the
amount of variation (Cairns, 2019).

The Standard Deviation (SD) method uses the mean and the standard deviation to
define outliers. It is one of the most frequently used methods to detect outliers (Seo,
2006; Wilcox, 2010). It is a simple method that defines outliers as values that are more
than two standard deviations from the mean. However, this method is sensitive to
extreme values. The mean and the standard deviation can be inflated by the outliers

and that can mask the presence of the outliers (Wilcox, 2010).

Another method that uses the mean and the standard deviation to detect outliers is the
z-score. By transforming the data to z-scores, which measure the number of standard
deviations below or above the mean, a data point is, it can be checked if a data point
is far away from others. To declare that the data point is outlying, a threshold is set,
and this is decided based on what would be thought rare as for the normal distribution.
For example, Tabachnik and Fidell (2001, as cited in Cairns, 2019) recommend a
threshold of z > 3.29, matching a p-value p < 0.001. The Z-score method is widely
used to define outliers in psychology (Bakker and Wicherts, 2014). However, Cairns
(2019) argued against the use of z-scores as a statistical method to define outliers and
stated it is flawed. This is because both mean and standard deviation are calculated
using outlying data points, and an outlier causes moving the mean headed for itself
and increases the standard deviation. These effects lead to reducing the z-score and

consequently reducing the seeming severity of an outlier.

A better and recommended method that is not sensitive to extreme values is a boxplot
(Cairns, 2019; Wilcox, 2010). The boxplot uses quartiles to represent the distribution
of the data, see Figure 2.1. The lower quartile represents the value that a quarter of the

data is under this value and the upper quartile represents the value that a quarter of the
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data is above this value. The difference between the upper and lower quartiles is the
interquartile range (IQR) which shows the distribution of half of the data. The IQR for

a normal distribution is approximately equivalent to % standard deviations, therefore,

it is a good measure of spread, but as it relies on quartiles, it is not modified by one or
two outliers (Cairns, 2019). The common threshold to identify outliers are values that
are 1.51QR over the upper quartile or under the lower quartile (Emerson and Strenio,
1983, as cited in Cairns, 2019). This matches the 2.7 z-score in a normal distribution

(Cairns, 2019). The outliers are shown in a boxplot as separate circles, see Figure 2.1.

Interquartile Range
(IQR)
Outliers Outliers
! y |l
"Minimum" "Maximum"
(Q1 - 1.5*IQR) o1 Median o3 (Q3 + 1.5%IQR)
(25th Percentile) (75th Percentile)
—a —3 —2 -1 0 1 2 3 4

Figure 2.1: Identifying outliers by using the boxplot (Source: Galarnyk, 2018).

Another method to robustly detect outliers is called Median Absolute Deviation
(MAD) (Cairns, 2019). It is calculated by subtracting the median from each
observation and then taking the absolute values. MAD is the median of these calculated
values (Wilcox, 2010). Outliers are defined as points that are a certain number of
MADs from the median. This threshold is usually set at 3 (Cairns, 2019).

According to Cairns (2019), the MAD is similar to the IQR in that 50% of the data is
within 1 MAD of the median, but the MAD is symmetrical about the median by
definition, whereas the box on a boxplot can be asymmetric. When the underlying
distribution is known to be asymmetric around the median, the MAD produces a lower
threshold than the IQR, allowing more data to be defined as outlying. Therefore, Cairns
(2019) prefers the IQR way to define outliers, because it shows that distributions can

be asymmetric and so outliers can be also asymmetrically distributed.

All the aforementioned methods for detecting outliers are suitable when the data

distribution is symmetrical, and bell-shaped such as with the normal distribution (Seo,
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2006). The boxplot and the MAD may be appropriate for skewed data (Seo, 2006),

although, for very large datasets, other methods may be more appropriate.

In the HCI context, the SD method is used in usability studies as a standard way to
detect outliers (Albert et al., 2010; Albert & Tullis, 2013). Also, the boxplot method
is used to detect outliers in the collected data in usability studies such as Glasser
(2019), Mtonga et al. (2018), and Robertson and Kortum (2020).

The boxplot is a well-established method to represent data, including outlying data
points (Cairns, 2019). It is used in usability studies to represent the collected time-on-
task data such as Mayer et al. (2012), Iftikhar et al. (2021), and Ehrler et al. (2018).
Therefore, all studies in this research that collected the time-on-task data, used the
boxplot to visualize the distribution of the collected time-on-task data and to identify

outliers.

2.4.3 Interpreting and Treating Outliers in Usability Studies

Outliers seemed to be overlooked in the usability studies, and the focus of any analysis
Is typically more on average users who represent the population. There is a tendency
to disregard outlying performance in usability tests as it is just observed in one

participant (Barnum, 2011).

However, recent work by Cairns (2019) discussed the actual causes of outliers in HCI
and hence what should be done to deal with them. He recommended that when having
outliers, several basic causes of outliers should be checked to determine the reasons
behind those outliers. The basic causes of outliers in HCI include erroneous data,

misbehaving participants, flawed design of the study and natural variability.

Erroneous data is one of the basic causes of outliers in HCI. Outliers might be caused
by errors during data entry, in this case, there is a need to check everything to make

sure that there are no other errors in data entry (Cairns, 2019).

Misbehaving participants is also considered a basic cause of outlying performance in
usability tests. Outliers might suggest that participants did not behave appropriately in
the study, therefore, there is a need to identify and remove all similar misbehaving

participants (Cairns, 2019).
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Additionally, the faulty study design is one of the basic causes of outliers in HCI.
Outliers might indicate a flaw in the study design including recruiting a participant
who does not fit with the rest of the participants, in this case, all similar not fitting
participants should be identified and excluded from the study (Cairns, 2019).

When outliers are found due to the abovementioned external effects, all data should be
checked against this influence. However, if none of the abovementioned external
effects is found, then outliers are valid data that should be analysed along with all other
data (Cairns, 2019).

Folstad et al. (2012) discussed treating usability problems found for only one
participant. These are called single-user problems. They stated that deciding on single-
user problems is challenging due to the difficulty to assess their relevance and validity.
Moreover, the literature does not help in how to tackle this issue and how to decide to
accept or reject these problems as usability problems. They discussed the conflicting
opinions on how to handle single-user problems in usability testing. For example,
Dumas and Redish (1993) suggested reporting single-user problems as outliers.
Kjeldskov et al. (2004) argued for considering single problems as noise instead of
usability problems. In contrast, Woolrych and Cockton (2001) considered the analysis
of a "stress test", a usability test designed to specifically address problems identified
through heuristic evaluation. They found that, depending on which 5 participants
might have taken part, single-user problems could still indicate severe usability
problems. Folstad et al. (2012) stated that no study discussed single-user problems in
detail to advise the practitioners on relevant aspects such as consideration of the size
of the sample, the estimation of problem re-occurrence and the likely test-specific
factors. Therefore, they investigated treating single-user problems in practical usability
testing. They conducted an online survey. They asked the usability practitioners to
respond to the question: “If an incident was observed with only one of the users
participating in your latest usability test, how did you decide whether this was a
usability problem or not?”. Eighty-nine (89) usability practitioners working in 17
countries responded to the survey. It was found that usability practitioners varied in
treating these single-user problems. And based on usability practitioners' responses,
Folstad et al. (2012) proposed five recommendations on how to treat a single user
problem. First, setting a procedure to deal with single-user problems. Second,

considering the sample size as a single user problem in a small sample size should be
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given more attention. Third, using knowledge resources including heuristics,
guidelines, and results from previous tests to evaluate a single user problem. Fourth,
asking for advice from experts and other group members. Fifth, it is not necessary that
a single user problem indicates usability problems; it might be justified as an artefact
of test settings. This multi-faceted response supports Woolrych and Cockton's view

that a single method of usability testing is not sufficient.

Outliers might be considered a specific type of single-user problem: one user who
takes a particularly long time, for instance. However, single-user problems represent
distinctions between the problems encountered by individuals, whereas outliers are
people who perform differently on the same tasks and measures as everyone else.
Thus, it may be due to them encountering specific distinct problems that other users
did not encounter or may be due to other causes. As such, they may need similarly

careful, distinct consideration when interpreting the outcomes of a usability test.

2.4.4 Investigations of Outlying User Performance
There has been very little empirical research investigating outlying user performance

in usability studies; only three relevant studies were found and reviewed.

The first study was conducted by Schiller and Cairns (2008). They discussed why user
performance, specifically time-on-task, is not accurately represented by a normal
distribution. This is because informal analysis of many usability studies showed that
there is always one participant or more who performed extremely poorly compared to
others. This participant appears as an outlier in the collected data. The regular
occurrences of outliers in the data lead to the distribution does not fit with a normal
distribution. To find a better statistical distribution of user performance data, they took
a modelling approach. They implemented a cognitive model called TreeWalker. This
model is based on the cognitive model of Cox and Young (2004) that models user
behaviour during menu exploration to select an item from this menu. TreeWalker
model extended Cox and Young's model and simulated a user searching a more
complicated menu hierarchy. In the first part of their study, they recruited many
participants online to collect relevance ratings of menu items to the task based on a
scale of 5 (very relevant) to 1 (not at all relevant). Also, they asked the participants to
complete menu navigation tasks using menus from a real-world website, and their task

completion time was recorded. After that, in the second part of the study, the model
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was parameterised with relevance rating data collected from the participants. Then, the
model was run, and the results were compared with the recorded task completion time.
The distribution of performance data and the percentage of outliers generated by the
model fit well with the data obtained from the participants in the first part of this study.
Two methods were used to identify the outliers. The first method used a standard
estimate of mean and standard deviation. The second method used a robust method
based on medians and deviations from the median. Schiller and Cairns' study and their
proposed model showed that outlying performance was occurring more frequently
compared with a normal distribution expectation. Outliers that are generated by the
theory should not be removed; they should be examined carefully as they might
indicate an important insight. Schiller and Cairns found that their model predicted

outlying performance as a result of the perceived menu semantics.

The second study was conducted by Auskerin (2012) to build and extend the evidence
of persistent outliers that was highlighted by Schiller and Cairns (2008). A following
sensible step was decided to carry out an actual usability test to collect cases of
outlying user performance. Therefore, a prototype of an e-commerce website was
designed and built, and an experiment consisting of several menu navigation tasks was
conducted. Performance metrics including task completion time, page views and
efficiency were used to measure user performance and identify outliers accordingly.
Many cases of outlying user performance were observed and confirmed Schiller and
Cairns' observations. However, the underlying causes of the outlying performance
could not be discovered, and based on the initial analysis, age and computer experience
were suggested as possible causes of outlying performance.

The third work was done by Yin! (2018). She investigated whether individuals who
rated the semantic similarity of menu items differently performed poorly in menu
search tasks. She also investigated whether an outlying performance was due to
specific people. She conducted two experiments in her investigation. In both
experiments, two tasks were to be carried out by the participants: the similarity rating
task and the menu navigation task. Both experiments used the pairwise similarity

ratings method to collect the semantic similarity ratings of menu items. The difference

1 Yin built her work on this research. She built her work based on Study 2 (Chapter 4) and Study 3
(Chapter 5) in this research that showed a clue for a possible reason for outlying performance in menu
search. This reason was individuals who rated the semantic similarity of menu items differently.
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between these experiments was in the menu navigation task. In the first experiment,
the participants were asked to do a single search task in a single level menu, while in
the second experiment, the participants were asked to perform multiple menu search
tasks in a two-level menu. multiple menu search tasks were designed to check whether
outliers occur on a regular basis. She found neither similarity ratings nor the person
responsible for the outlying performance. The occurred outliers in the menu search
task were not different from others in the semantic similarity ratings of menu items.
Additionally, the occurred outliers were not due to specific people as they did not show

outlying performance on a regular basis.

The aforementioned studies provided preliminary results that motivated this research
to go further and investigate the outlying performance in menu search. For example,
Schiller and Cairns' work identified outliers in the menu search and attributed this to
the perceived menu semantics as a result of some modelling work. However,
modelling alone is not an alternative for gathering and analysing data on real users
searching menus, which provides empirical evidence that backs any claim. Therefore,
there is a need to address that limitation by conducting empirical studies that check
whether the perceived menu semantics plays a role in outlying menu search

performance.

As this research is about outlying user performance in menu search, the focus in the

next section is on user performance in the interaction with menus.

2.5 User Performance in Menu Search Tasks

Menus exist in many applications and systems to allow the user to navigate and select
the target item in a structured way. They exist in desktop applications, on websites,
smartphones and tablets. Also, they are used in home control systems and medical
devices. Regardless of their uses, menus should offer the users a quicker and easier
way to find and select the target item (Brumby & Zhaung, 2015). Many design aspects
affect user performance during interacting with menus. Therefore, it is important to
understand these aspects and their effect on user performance in menu search tasks.
2.5.1 Definition of Menus

According to Baily et al. (2016), while the terms "menu”, "menu system", and "menu
technique™ are commonly used, there is no agreement on the definition of these terms

in the literature. There have been many suggested definitions. For example, 1ISO (1998)

36



defines a menu as "a set of selectable options”. Norman (1991) defines menu
techniques as "Menu selection is a mechanism for users to indicate their choices. The
characteristics of menu selection are that a) the interaction is, in part, guided by the
computer; b) the user does not have to recall commands from memory, and c) user
response input is generally straightforward™. Helander et al. (1997) define menus as
""a set of options, displayed on the screen, where the selection and execution of one (or
more) of the options result in a change in the state of the interface”. Baily et al. (2016)
stated that these definitions are general to some extent, and it is challenging to define
a menu precisely. Therefore, they proposed four key characteristics and considered

them for defining menus:

e Menus enable users to select commands from a set of items (ISO, 1991; Foley,
1999).

e Menus present items in a structured visualisation. Items are generally
organised in hierarchical groups or categories. These groups or categories
might be demarcated by separators. Items might be arranged alphabetically,
numerically, semantically or based on their frequency of use. Items are
positioned based on a geometrical structure (linear, circular, etc.) that allows
users to find target items (Dachselt, 2007; Jackoby& Ellis, 1992).

e Menus are transient (Jackobsen et al., 2007). Transient visualisations allow
the information to be temporarily presented and easily terminated. Menus do
not need persistent screen space as they show up when needed and closed

directly after selecting an item.

e Menus are quasimodal (Raskin, 2000). Quasimodes are modes "that are kept
in place only through some constant action on the part of the user” (Raskin
2000). Once a menu is activated by the user, the system gets into a specific

mode till completing the selection task.

Additionally, Baily et al. (2016) presented a taxonomy of menu properties based on
three dimensions: item, menu and menu system. The dimensions are arranged

hierarchically: items belong to menus that belong to a menu system, see Table 2.1.

The same property can mean a different thing for each dimension. For example, the

geometry property of an item is related to its size and position, while for a menu, it is
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related to its layout as well as the layout of items inside it. For semantics property, it
is also related to different things for each dimension. The semantics of an item is about
its name, while the semantics of a menu is related to the wording within a menu and
the menu's title. For a menu system, semantics property is about the semantic
organisation of menu items with the corresponding menu hierarchies (Baily et al.,
2016).

Dimension Subdimension

Item Geometry

Visual representation

Semantics

Menu Geometry

Temporality

Semantics

Menu System Semantics

Menu depth

Menu breadth

Table 2.1: The Taxonomy organises menu properties based on three dimensions
(Source: Baily et al., 2016).

Menu semantics is a key factor in menu search performance. As mentioned before,
menu semantics refers to the names of the items, so the name of a menu item should
be relevant. Also, menu semantics refers to the names of the menu titles, so the title
should reflect the items in the corresponding submenu. Additionally, menu semantics
refers to the semantic organization of menu items, so the menu items should be

organized into meaningful hierarchies (Baily et al., 2016).
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Brumby and Zhaung (2015) provided examples of semantically organized menus.
These examples are the Settings menu in the Apple iPad and the File menu in Microsoft
Word, see Figure 2.2. These menus put functionally related items in one group, for
instance, Airplane Mode, WiFi, and Bluetooth are related to managing radios, while

the next set of items is related to managing notifications.

Settings m Edit View Insert Forn
New Blank Document 3EN

Airplane Mode U New from Template... 1{+3P
Wi-Fi /ebox-E870 Open... 320
Open URL... {30

Bluetooth On o g
Close W

{+38S

Save As...
@ Control Genter Save as Web Page...

Do Not Disturb Share >

Web Page Preview

E‘;} General

Wallpapers & Brightness

Restrict Permissions >

Reduce File Size...

Sounds
Page Setup...
) Passcode Print... %P

Figure 2.2: Examples of semantically organized menus, (a) the Settings menu in the
Apple iPad, (b) The File menu in the Microsoft Word (Source: Brumby and Zhaung,
2015).

The effect of menu semantics has been studied in several studies. Therefore, in the
next section, the experimental studies that focus on menu semantics were reviewed to

further understand the relation between menu semantics and user performance.

2.5.2 The Effect of Menu Semantics on Menu Search Performance

The effect of the semantic organisation of menu items on user performance during
searching menus was explored by an early work by Card (1982). He conducted a study
to understand how users search the computer command menu. The study aimed to

answer several questions; one of them was about the best organisation that led to faster
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menu search. Therefore, three menu organisations were tested: alphabetic, functional,
and random. The menu used in this study consisted of 18 items that were arranged
vertically; there were horizontal lines dividing items into groups with no more than
four items in each group. In the initial search, users were faster in searching
alphabetically organised menu followed by functional and random menu. After
obtaining enough practice in using the menu, the difference between all organisations
is negligible. And all organisations become the same as a user needs just a single
saccade to find an item.

Likewise, Bailly et al. (2014) conducted an experiment to study the effect of several
factors, including menu length and menu organisation, on user performance during
searching linear menus. Concerning menu organisation, three organisations were
tested (alphabetical, semantic and unordered). In the semantically organised menu, the
items were distributed in semantic groups. Each semantic group had four items. The
validity of the semantic groupings was verified by conducting a semantic relevance
study in which participants were asked to rate the semantic relatedness of 120 pairs of
items. There was a horizontal separator line that separated each semantic group from
others. It was found that participants searched the menu and selected the targets faster

in the alphabetical and semantic organisation than in the unordered organisation.

Also, some studies investigated the interaction between the semantic organisation of
menu items and other design factors. For example, Halverson and Hornof (2008)
studied the effects of semantic grouping and visual cues of semantic relation on visual
search. They conducted an experiment. Participants were presented with six structured
layout schemes; three variables were controlled in the layouts: the semantic
organisation of items in the groups, the existence of group labels and the colouring of
the background. Their results indicated that people take advantage of the semantic
contents of the words in the interface to help them to find the target during their visual
search. Therefore, people search the semantically cohesive groups faster as they can
assess the semantic relevance of all words in the group by one fixation, while there is
a need to fixate more in a non-semantic group. Regarding the group labels, it was found
that there was no difference in selection time between the two conditions of the

presence of group labels or not.
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Additionally, Brumby and Zhaung (2015) investigated whether the visual grouping
cues play a role in speeding up finding items in menus and whether these important
grouping cues can delay finding items in menus when applied inappropriately. They
conducted an experiment that involved searching for a known item in menus. These
menus were different in three things; the use of visual grouping cues (line boxes to
group items), the semantic organisation of items in the menu and the size of the
semantic group (number of items in each group). Their results indicate that the value
of the visual grouping cues depends completely on whether the groups are semantically
organised or not. Using visual grouping cues when the groups were semantically
organised differentiated these groups and led to finding items faster in the menu. In
contrast, using the visual grouping cues when the groups were not semantically
organised resulted in slowing down searching times. They have concluded that menu
items should be visually organised in semantic groups to assist users in finding items
in the menu quicker, and conversely, visually grouping non-semantically related items

can hinder menu search.

The effect of the semantic relevance of menu items to the search goal was investigated
by some studies. For example, Brumby and Howes (2003) conducted an empirical
investigation to show that there is interdependency in menu item assessment as
proposed by Young (1998). This means the item selection decision is not just
dependent on the relevance of this item to the search goal. However, the relevance of
other distractor items to the search goal has a strong influence. In their experiment,
first, the quality of the items was rated to assess their semantic relevance to the search
goal. Then, these ratings were used to manipulate the quality of the distractor items in
menus that were presented to the participants. In each menu, there was one good
quality goal item. The menus were different in the quality of the distractor items. There
were two conditions: low quality or mediocre quality. In the low-quality menu, all the
distractor items were rated as bad distractors (very low in semantic relevance
assessment), while in the mediocre quality menu, the average rating of distractor items
was moderate. It was found that the number of fixated items was more in the mediocre
quality menu compared with the low-quality menu. This indicated that during a menu
search, the decision to select the target item is not only dependent on the relevancy of
this item to the search goal. However, the other assessed distractor items had a strong

influence on the decision between continuing the assessment or selecting the item.
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Their results empirically advocate the idea of interdependency in menu item

assessment.

Definitely, menu semantics is an influential factor in menu search performance. The
way in which menu items are grouped and the titles used to name the groups critically
influence the menu search performance (Lee & Raymond, 1993). It is commonly
assumed that a menu is efficient when its items are organised matching the users’
perception of menu semantics (Schmettow & Sommer, 2016). Therefore, menu
designers used some methods such as card sorting to elicit users’ perception of menu
semantics. Users might be different in perceiving the menu semantics and this might
justify the outlying performance in a menu search as suggested by Schiller and Cairns
(2008).

In the next section, menu search models that were developed to explain and predict the

user performance in menu search are reviewed.

2.6 Modelling User Performance in Menu Search

Predictive menu search models are an efficient method to capture scientific
knowledge. They synthesise phenomena that are found in different studies. They can
inform designers' decisions and help them determine the best design for a menu
without the need for extensive user testing (Baily et al., 2014; Baily et al., 2016;
Cockburn et al., 2007). The aim of reviewing the existing menu search models is to
assess their suitability to predict outlying performance in menu search tasks. Modelling
outlying user performance can help in explaining the outlying performance in the menu

search and then isolating the outlying performance cases.

The existing models of menu performance can be classified into two categories:
mathematical models and cognitive simulation models. Mathematical models are
equations that predict the user performance (search time) based on some menu
specifications such as menu length, target location and practice. Cognitive simulation
models explain user performance by referring to cognitive processes such as attention,

perception, and memory (Baily et al., 2014).

Several mathematical models of menu performance were proposed, such as Total
Search Time (TST) by Lee and MacGregor (1985) and Search Decision Pointing
(SDP) proposed by Cockburn et al. (2007). The mathematical models are less
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complicated and easier to apply, but they showed fewer details regarding the menu
search process (Baily et al., 2014). The mathematical models are primarily concerned
with modelling broad classes of users and not modelling individuals or outliers who

need to consider variations due to individual differences.

Several cognitive simulation models were proposed to explain the user performance
in menu search tasks by referring to the cognitive process of visual search such as
EPIC models by Halverson (2008) and Hornof and Kieras (1997; 1999), ACT-R/PM
by Byrne (2001) and a rational computational model of menu search by Cox and
Young (2004). ACT-R and EPIC models need to hand-code the production rules that
control behaviour. A production is "an if-statement. It describes an action that takes
place when the if 'part’ (the antecedent clause) is satisfied." (Brasoveanu & Dotlacil,

2020). Therefore, the possible behaviours are arbitrarily restricted (Chen, 2015).

A more recent menu search model was proposed by Chen et al. (2015) and was based
on Machine Learning (ML). This model differs from the previous ACT-R and EPIC
menu search models because it does not assume anything about the possible strategies
that can be adopted by the users. Therefore, there is no need to hand-code the
production rules that predict behaviour. Instead of hand-coding the production rules,
their model uses reinforcement learning (RL) to solve the menu search problem. The
prediction of this model was tested against previous empirical results that studied the
effect of menu organisation and menu length. The model was able to predict the effect

of these factors on menu search performance.

The model by Chen et al. sounds promising to help in understanding the role of menu
semantics in outlying menu search performance as it can predict the effect of menu
semantics on menu search performance. Therefore, to fully understand this model. The

underlying theories of this model and how it works are covered in the next section.

2.6.1 Chen et al. Menu Search Model

This menu search model has adopted the adaptive interaction framework by assuming
that menu search is logically adapted to the environment of the interaction, the
cognitive and perceptual capabilities of the user and the goal of the user to balance

between speed and accuracy (Chen et al., 2015).

Adaptive interaction is a theoretical framework that was defined and promoted by

Payne and Howes (2013). This framework was designed to explain how human
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behaviour is naturally adapted. Therefore, by using this framework, researchers and
practitioners are now able to justify many interactive behaviours between people and

computers (Payne & Howes, 2013).

According to this framework, human interaction behaviour can be explained via four
important components: Environment, Utility, Mechanism, and Strategy (see Figure
2.3). Environment means the ecological structure that is experienced by the user.
Utility means the goals of the user (what a user wants to achieve). Mechanism means
the capabilities of the user, such as the capacity of information processing. Strategy
means a sequence of activities that lead to useful behaviour. The strategy component
is determined by the environment, utility and mechanism components. Therefore, this
framework considers that strategies are developed as a result of logical adaptation to

the environment, utility and mechanism components (Payne & Howes, 2013).

This framework was inspired by previous approaches from different disciplines,
including Optimal Foraging Theory, Cognitive Game Theory and Cognitively
Bounded Rational Analysis (Payne & Howes, 2013).

utility

strategy

ecolo )
8y mechanism

Figure 2.3: The adaptive Interaction Framework (source: Payne and Howes, 2013)

Based on this adaptive interaction framework, Chen et al. (2015) assumed that menu

search behaviour emerges as a result of rational adaptation to:

e The environment of the menu interaction, which means in this context menu

length (number of items), semantic and shape relevance of menu items.

44



e The Mechanism, which means in this context the cognitive and perceptual

capabilities that allow the user to estimate the semantic and shape relevance of

the fixated item and other items.

e The Utility, which means in this context the goal of the user is to maximise

balancing between the speed and accuracy during searching a menu.

As this model is based on Machine Learning (ML), Chen et al. (2015) used a

reinforcement learning algorithm to implement their model. Reinforcement learning is

explained by Sutton and Barto (1998) as "learning what to do---how to map situations

to actions---so as to maximise a numerical reward signal. The learner is not told which

actions to take, as in most forms of machine learning, but instead must discover which

actions yield the most reward by trying them". The reinforcement learning algorithm

used in this model was a Q-learning standard implementation, see Figure 2.4. The Q-

learning was used to solve the menu search problem. Therefore, the menu search

behaviour develops by discovering the optimal control policy (control knowledge) that

determines when the eye movement and item selection should take place (Chen et al.,

2015).

e Initialize Q(s, a) arbitrarily, e.g., set zero for each (s, a) pair.

e Repeat (for each trial):

Initialise so, or randomly choose one of the states

Repeat (for each step of the trial):

Choose a from s using policy derived from Q-table (e.g., -
greedy)

Take action a, observe r, s”

Q(s,a) « Q(s,a) +a[r+ y xmax: Q(s’,a’) — Q(s,a)]

s« s’

e until s is a terminal state

Figure 2.4: Pseudocode for a Q-learning algorithm (source: Chen, 2015).

To explain their model, they presented an imaginary scenario about a user who has a

goal to select the 'Show Next Tab' option that exists in the Safari Windows menu, see
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Figure 2.5. First, the user fixates the first top item 'Minimise’, then encodes the fixated
item, then rejects this item because it is not relevant to the goal, then decides to move
their eyes to the next group of items that starts with 'Show Previous Tab', then notices
that the currently fixated item 'Show Previous Tab' is similar to the target and notices
that the next item in the periphery vision is exactly same the shape and length of the
target, then decides to move the eyes to the next item 'Show Next Tab', then makes
sure that the fixated item is the target and selects it. As modelling aims to predict this
behaviour based on theoretical assumptions, this model does not aim to model how
people learn particular menus and the position of particular items. Instead of this, this
model aims at modelling menu search tasks generally. Therefore, this model is
required to learn from experience the optimal way to search for new target items in

new menus that have never been seen before (Chen et al., 2015).
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Figure 2.5: An overview of Chen et al. menu search model (source: Chen et al.,
2015).
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According to Chen et al. (2015), two approaches are used in this model to achieve the
aforementioned goal. These approaches are state estimation and optimal control.
Therefore, there are two important components in this model; state estimator and
optimal controller, see Figure 2.5. The state estimator is responsible for encoding the
perception of semantics and shape relevance of the fixated item. This function is
constrained by the cognitive and visual capabilities of a human. The optimal controller
is responsible for choosing the action (fixate another item, select item, or stop

searching (exit menu)).

As illustrated in Figure 2.5, this model works as follows: first, the model fixates the
external representation of the presented menu. Then, the state estimator estimates the
semantic and shape relevance of the fixated item and encodes this estimation and
updates the state vector with this estimation. The state vector has three elements, one
for the semantic relevance, one for the shape relevance and one for the location of the
current fixation. In the beginning, the state vector items are null, and after every
fixation, the state vector is updated by the estimation of the semantic and shape
relevance as well as the location of the fixation. After encoding the estimation of the
currently fixated item in the state vector, one action (select item, fixate another item
or exit) is chosen by the optimal controller based on two things; the state estimation
and the Q-table (state-action values). The state-action values (control knowledge) were
acquired (learned) by using the reinforcement learning algorithm (Q-learning) (Chen
etal., 2015).

The aforementioned description is a brief description of the theory. Many details about
how the state estimator and optimal controller work were presented in Chen et al.
(2015).
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Chen et al. (2015) summarised the assumptions of their model in Table 2.2.

Assumption | Description

Utility Utility = 10000 * correct -10000 * error - time where correct
and error are Boolean variables, and time is in the unit of

millisecond

Ecology Menus have a distribution of length and group size.
Menu items have a distribution of semantic relevance and

length/shape.

Mechanism People can estimate the semantic relevance of the foveated
menu item. They can also estimate the shape/length of items

in the periphery, although acuity decreases with eccentricity.

Strategy A strategy (or policy) for menu search is optimised to Utility,
Ecology and Mechanism assuming a state space that consists

of the relevance vectors and the fixation.

Table 2.2: Assumptions summary for the adaptive menu search model (Source: Chen
etal., 2015).

Chen et al. (2015) tested the model’s prediction on commonly used application menus
(Apple OS). The task was searching for specific target items in a vertically arranged
menu. The menu organization was altered. Menu items can be unorganised,
alphabetically organised or semantically organised. They determined the ecological
distributions of a menu search environment using Apple OS applications menus. They
determined the ecological distribution of menu length, item length and semantic group
size. Also, they determined the ecological distribution of semantic relevance of menu
items. After that, they trained the model until performance plateaued (taking 20 million
trials). On every trial, the model was trained on a menu created by sampling randomly
from the defined ecological distributions of shape and semantic relevance. The
obtained optimal policy through this training was then used to predict the menu search
performance. To accomplish this, they tested the model using 10000 newly generated
menu samples and recorded their performance. They found that the model was able to
predict the effect of menu organization on search duration and gaze distribution.
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To sum up, this model seems suitable to study outlying menu search performance as it
can predict the effect of menu semantics on menu search performance. Therefore, it
might help in understanding the role of the perceived menu semantics in outlying menu

search performance.

As this menu search model is based on ML, it requires to be trained in a menu search
environment. To prepare a menu search environment, it is required to collect the
semantic similarity ratings of menu items. These ratings are used to construct training
menu samples that are used to train the model. Therefore, In the next section, the

methods used to collect the semantic similarity ratings of menu items are presented.
2.6.2 Collecting Semantic Similarity Ratings of Menu Items

To identify the semantic relationship between menu items, two methods can be used:
pairwise similarity ratings and card sorting. These two methods are described and

compared in the following sections.

e Pairwise Similarity Ratings

This method is thought to be the gold standard method for generating a similarity
dataset (Lantz et al., 2019). It involves asking participants to rate the similarity of each
possible two items combination. It was used in many studies that investigated the
semantic similarity in psychology and linguistics, such as Miller and Charles (1991),
Resnik (1999), and Charles (2000). Also, it was used in some previous studies in HCI
to collect the user assessment of the semantic similarity of different menu items. For
example, Bailly et al. (2014) assessed the validity of menu semantic groupings by
asking 7 participants to rate the semantic relevance (0 to 100) of 120 pairs of menu
items. The order of pairs was scrambled, and the participants had no idea whether these
pairs came from a semantically organized menu or not. Additionally, Chen etal. (2015)
ran a study to collect the semantic relevance ratings. They presented 64 pairs of menu
items and asked 31 participants to rate the likeliness that two menu items were found

together on a menu.

e Card Sorting

Card sorting was developed by psychologists as a method to understand how
individuals organize and categorise their knowledge (Wood & Wood, 2008). Card

49



sorting has been applied in various fields such as designing a user interface, knowledge
elicitation, requirement engineering, market research and web design (Schmettow &
Sommer, 2016). It is a common method in HCI research and practice. It involves
requesting participants to sort a set of items into groups of items that are similar in
some way. Card sorting has been used as a technique for organising the information
system contents in a way that reflects the user's expectations. It has been used since
the early 1980s (Albert & Tullis, 2013). For example, Tullis (1985) used the card

sorting technique to organise functions in menus of a mainframe operating system.

In the process of designing menu structures, it is commonly assumed that a menu is
efficient when its items are organised matching the user's mental model of this menu’s
domain. Therefore, usability designers frequently use card sorting to elicit such mental
models (Schmettow & Sommer, 2016). Basically, card sorting assesses the extent of
the perceived semantic similarity within a group of items. So, the researchers then
group semantically associated items together to construct a structure for these items
(Schmettow & Sommer, 2016).

According to Spencer (2009), there are different methods of card sorting; open or
closed, team or individual, manual or with software. In closed card sorting, the
participants are given predetermined labels and asked to sort the cards according to
these labels. In open card sorting, the participants are responsible for sorting the cards
into groups and assigning a label for each group. Open card sorting is more common
than closed card sorting. This is because open Card sorting yields more information
about the groups created by the participants along with the cards under each group,
while closed card sorting helps in identifying where the cards would be placed. The
participants in card sorting can be participated in a team or individually. In team card
sorting, the participants discuss with each other what the groups should be created and
where the cards should be placed. In individual card sorting, each participant sorts the
cards separately. Individual card sorting is easier to manage and allows for collecting
more diverse responses Card sorting can be done manually or with software. In manual
card sorting, physical cards are put on a table, and participants are asked to group
similar cards next to each other and then gradually group them in piles. In software-
based card sorting, the cards are displayed on the screen and participants are asked to

drag these cards around into categories. The software-based card sorting is a one-step
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process as no need to process and analyse the results using another tool. Moreover,

using online card sorting allows running the Card sorting remotely.

Many studies in the literature assumed that matching the user's mental model is a
requirement for good usability. For example, Faiks and Hyland (2000) used card
sorting to organise the content of the online digital library of Cornell University. They
found that card sorting was an effective and useful method for gaining user insight into
organisational groupings before designing the system. There were also studies that
validated card sorting by showing the improvement in usability when the system
structures match the card sorting data. For example, Nakhimovsky et al. (2006)
reorganised the frequently asked questions list by using expert card sorting. They
found that the reorganised list lowered the task completion time by one third, and

errors and give-up rates were decreased by half.

e Card sorting vs pairwise similarity ratings

According to Lantz et al. (2019), card sorting is much faster and requires less cognitive
effort compared with pairwise similarity ratings. However, card sorting produces
binary data. So, important data might be lost, such as the degree of similarity or
dissimilarity between stimuli. This is especially true in individual card sorting.
However, in aggregate card sorting, many participants complete the card sort and that
should produce a dataset of similar quality to that produced by the pairwise similarity

ratings method.

On the other hand, the pairwise similarity ratings method is yielding more data than
card sorting as it requires making a comparison using a specified scale (e.g., 0 to 10),
while card sorting offers binary data. However, the pairwise similarity ratings method

is time-consuming and requires a high level of concentration (Lantz et al., 2019).

There have been previous studies in different domains that compared card sorting with
pairwise similarity ratings. Van der Kloot and VVan Herk (1991) examined card sorting
and pairwise rating of personality data and found high correlations between these two
methods. Dwyer (2003) assessed the pairwise similarity ratings and card sorting of
alcohol expectancy and found a moderate correlation between these two methods.
Lantz et al. (2019) found a moderate correlation between the pairwise similarity ratings
and card sorting of mental disorders. However, all these studies were in a very specific

area and may not apply to HCI. Therefore, it is interesting to collect the semantic
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similarity of menu items using both methods and check whether they introduce
different features on the data. This is important when populating a model based on this
data.

¢ Analysing card sorting and pairwise similarity rating data

Both card sorting and pairwise similarity rating produce a similarity matrix that
represents similarity degrees between any two items. The similarity matrix can be then
analysed using clustering techniques such as hierarchical clustering and
multidimensional scaling (MDS). Hierarchical clustering and multidimensional
scaling are statistical techniques that are used to simplify the complex data and
organise it in a visual representation to help in the investigation of "the underlying
relational structures” of how the stimuli were perceived by participants (Lantz et al.,
2019).

According to Albert and Tullis (2013), hierarchical clustering analysis and
multidimensional scaling (MDS) are two useful statistical methods to analyse the
similarity matrix generated by card sorting. The hierarchical cluster analysis builds a
tree diagram that shows the cards grouped by most participants in the study in close
branches. The multidimensional scaling (MDS) creates a map that shows the distance
between all pairs of cards.

2.7 User Performance and Individual Differences in HCI

Individual differences might play a role in outlying user performance in usability
testing as it was found by early work on individual differences in HCI that user
performance can be varied significantly due to individual differences. For example,
Egan (1988) reviewed several studies that collect the task completion time metric on
different tasks such as text editing, information search and programming. He found
that for a small sample size (10 to 30 participants) in the same text editing task, the
difference between the highest completion time and the lowest completion time was
5:1. This variance in performance is not because of differences in the given task but
because of differences between individuals. He presented five categories of individual
differences in HCI, including technical abilities, age, experience, domain-specific

knowledge and personality.
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Dillon and Watson (1996) stated that differential psychology could be related to some
HCI problems. Also, they argued that the user analysis in HCI could use differential
psychology to understand user interaction behaviour. In their review, they discussed
the main types of differential psychology along with the previous experimental efforts.
The discussed types of differential psychology were cognitive psychology, personality

and cognitive style, psychomotor differences and skills acquisition.

In the following sections, some previous works that investigated the effect of
individual differences in user performance in usability tests are presented based on the

factor studied.

o Age

Sonderegger et al. (2016) stated that when it comes to age-related issues, a variety of
functional impairments have been cited, including bad eyesight, loss of hearing, a
decline in manual skills and deteriorating in memory performance (e.g., Kroemer,
Kroemer & Kroemer-Elbert, 2001; Matthews et al., 2000). So, when interactive
technology is used, these multiple age-related changes at the cognitive, perceptual, and
motor levels are very relevant. In addition to different declines in functional abilities,
users' attitudes about technology are influenced by their age. When compared to
younger users, older adults exhibit fewer positive attitudes toward new technologies
(Chua et al., 1999; Dyck & Smither, 1994). Thus, Sonderegger et al. (2016) studied
the effects of age in usability testing. They found that younger participants obtained
better performance scores in task completion time compared with older participants.
Therefore, they concluded that it is important to consider this factor in usability
research and practice as differences in age affect speed and accuracy. This might
suggest that age is a very likely factor in outlying performance in usability testing.
However, controlling for age did not remove outlying user performance, as found by
Auskerin (2012).

e Personality

According to Burnett and Ditsikas (2006), a usability testing session is fundamentally
a social interaction between the participant and the moderator(s), as well as, to some
extent, the participant, and the computer system. As a result, it is quite likely that the
personality of the participant will have a significant impact on the whole experience.
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Therefore, they investigated the role of the participant’s personality in usability testing.
They conducted a usability testing study and recruited 10 participants, five with high
extraversion and five with high introversion, based on a Myers-Briggs test. Myers-
Briggs test is a common and widely used test that measures introversion and
extraversion, but it has little academic credibility (Stein & Swan, 2019). The
participants carried out several tasks on a commercial website and were asked to think
aloud while doing the tasks. It was found that extraverts found 40% more usability
problems compared with introverts. Also, they took a long time to complete the

session.

Similarly, Alnashri et al. (2016) found that test participants' personality dimensions
are influential factors in usability testing results. They found that extroverts took more

time in doing the task and made more mistakes compared with introverts.

Recently, Schmidt et al. (2019) investigated the impact of the participant’s personality
on quantitative and qualitative metrics in usability testing. They conducted a usability
study with a website, including several tasks. They collected different quantitative and
qualitative data. They measured the participant's personality using the big five model,
also called the OCEAN model (openness, conscientiousness, extraversion,
agreeableness, neuroticism). They found that the personality correlated with some of
the inspected usability metrics. There was a significant, moderate and positive

correlation between time and extraversion.

All the aforementioned studies suggested that the participant's personality influences
the participant's performance in usability testing. More specifically, the extraversion
dimension was found an influential factor in the time-on-task metric. Extroverts are
slower in completing a task than introverts. This might be because extroverts tend to
be optimistic, motivated, and less anxious about problems when doing tasks, while
introverts tend to be more anxious if they face a problem and therefore, they move on
to the next task (Alnashri et al., 2016).

Based on the abovementioned studies, it might be that participants' personality
dimensions play a role in outlying user performance in usability testing. For example,
it might be that the conscientiousness dimension has a role in outlying user
performance as conscientious persons are more dutiful and accurate and that might

affect their time-on-task.
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2.8 Conclusion

Outlying performance is potentially a feature in usability testing and not just a
statistical nuisance. There is a lack of studies that investigated outliers in usability
tests. Therefore, there is a need to investigate this problem and find out the reasons
behind it.

This thesis is about outlying performance in menu search. Menu semantics is a key
factor in menu search performance. Previous work suggested that the perceived menu
semantics plays a role in outlying menu search performance. The menu search models
can help in understanding the role of the perceived menu semantics in outlying menu
search performance. Using such models needs collecting semantic similarity ratings of
menu items from human participants. There are ways to collect the semantic similarity

ratings, such as pairwise similarity ratings and card sorting.

Additionally, outlying performance could be caused by specific individuals.
Therefore, there is a need to consider individual differences that might be relevant to

outlying performance in HCI.
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Chapter 3

Study 1: Investigating Outlying Performance in
Usability Testing Practice

3.1 Introduction

To motivate investigating outlying performance in general, it is important to check
whether usability practitioners take outliers seriously and whether they have ways of
dealing with them. Moreover, it is important to know how practitioners interpret
outliers in usability tests as this might help in framing the findings of the subsequent

studies in this research.

In fact, no previous works investigated how usability practitioners interpret and treat
outliers in usability tests. Folstad et al. (2012) investigated how practitioners treated
single-user problems in usability tests. Outliers can be considered a special case of
single-user problems. However, in their work, they just investigated treating these
single-user problems, but they did not investigate the possible causes of these single-

user problems.

Therefore, this exploratory study aimed to investigate how outliers are interpreted and

treated in usability testing practice.

3.2 Method
3.2.1 Design

This study aimed to gain knowledge on how practitioners interpret and treat the
outlying performance cases in usability tests. Interviewing was considered the most
appropriate method for determining how practitioners interpret and treat outliers when
they occur. This was because there is no existing account of how outliers are dealt with
though it is likely that they nonetheless have to be addressed. Interviews allow for
probing this specific issue but also following up on particular topics depending on

what the interviewees said.

Interviews, of course, rely on self-report and may therefore not capture the actual

behaviours and attitudes of practitioners. Observations would overcome this by
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allowing the researcher to see what practitioners actually do, but without being able to
guarantee when outliers might be observed, this was considered to require an

impractical intrusion into the participants’ work.

Interviews are defined as a “conversation with a purpose” (Kahn & Cannel, 1975, as
cited in Lazar et al., 2017). There are four interview types: structured, unstructured,
semi-structured and focus group interviews (Fontana & Frey, 2005). The semi-
structured interview allows more flexibility than a structured interview. This is because
the structured interview follows rigid scripts while asking questions, and no ways to
add more questions that did not already exist in the specified interview script. While
in the semi-structured interview, there is flexibility in adding more questions, asking
for clarifications, and discussing any issues that concern the interviewee. Therefore,
there is a great chance to find interesting information that might lead to more focus
and deep understanding. However, more skills are required to control the semi-
structured interview. Moreover, analysing the collected data can be more challenging
due to the less structure (Lazar et al., 2017). The unstructured interview is similar to a
conversation about a specific topic. It allows going into more depth. Questions asked
in this type of interview are open, meaning no prior expectations about the answers’
format and content. Although unstructured interviews produce rich data that gives a
deep understanding of the topic, they are not consistent among participants as each

interview has its own format (Preece et al., 2015).

In this study, a semi-structured interview was the most appropriate type of interview
to collect the data from the participants as it allows digging deeper when there is a
possibility to gain more understanding. Moreover, it enables objective comparison of

participants’ answers.

After collecting the data from the participants via the interviews, thematic analysis was
used to analyse the collected data. Thematic analysis is a widely adopted qualitative
analysis method. It provides an accessible and theoretically flexible method to analyse
qualitative data. It is used to identify, analyse and present themes that reside within the
collected data (Braun & Clarke, 2006). These identified themes are important and
interesting to address the research problem (Maguire & Delahunt, 2017). The thematic
analysis was the most appropriate method in this study that aimed to investigate how
practitioners interpret and treat outliers in usability tests. This was because this method
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tries to find patterns of experiences of practices and attitudes to those practices, as
stated by Cairns and Cox (2008). The thematic analysis was also the most appropriate
method compared with other qualitative analysis methods such as grounded theory and
content analysis. This was because this study had a specific focus, namely the
interpretation and treatment of outliers in usability tests. The grounded theory allows
for the emergence of the underlying theory from the collected data (Lazer et al., 2017),
it would allow for the emergence of causal accounts around a phenomenon of interest,
but it was felt that the focus was sufficiently well defined and therefore, did not require
such an open approach to analysing the data. The content analysis involves examining
the interview data for usage patterns, and this includes the frequency of specific terms,
cooccurrences and other indicators of the significance of different concepts and the
association between them (Lazer et al., 2017), but in this study, there was no need to

count specific terms and find the relationship between them.

The thematic analysis consists of six phases as developed by Braun and Clarke (2006).
These phases are as follows:

1- Getting familiar with the data.
2- Generating initial codes.

3- Searching for themes.

4- Reviewing themes.

5- Defining and naming themes.
6- Producing the report.

The aforementioned six phases are not linear, and it is possible to move back and forth
when there is a need. So, thematic analysis is an iterative process that needs to iterate
generating the codes and themes several times until it is ensured that all the identified

themes are covered all relevant data (Braun & Clarke, 2006).
3.2.2 Participants

To recruit participants for this study, | searched for organisations in Saudi Arabia that
practice usability tests, such as software companies and innovation and design
consultancy companies. | conducted my searches via Google, Twitter and LinkedIn.

Several organisations were found. After contacting these organisations and asking
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them to provide me with the contacts of their practitioners, a list of candidate
participants was created. The candidate participants’ qualifications, certificates and
experiences were checked by visiting their LinkedIn pages. This was to ensure
recruiting participants who have strong profiles, which were indicated by their
experiences, qualifications, or certificates. Thirteen participants were recruited, seven
males and six females, their ages ranged from 24 to 40 with a mean age of 28.3 years
(SD =4.5), and their working experience as UX practitioners ranged from 1 year to 14
years with an average working experience of 4.3 years (SD = 3.4), see Appendix A.2.
To vary the collected data, a maximum of two participants were interviewed from the
same organisation. The corporate UX maturity of the participants’ organisations
ranged from stage 3 to stage 7 based on Nielsen’s usability maturity model, see
Appendix A.2

In Nielsen’s usability maturity model, the development of the UX processes in the
organisations usually follows the same phases starting from hostility toward usability
until extensive focus on user research (Nielsen, 2006), see Appendix A.3. This model
was chosen to assess the corporate’s maturity because it is lightweight and provides
detailed English documentation (Salah et al., 2014). So, the participants were asked to
read the documentation of this model and then assess the maturity of their organisation
by matching their organisation with one of the maturity stages 1-8.

3.2.3 Materials
The interview questions followed the commonly used sequence mentioned by
McCartan and Robson (2016); introduction, warm-up, main body of interview, cool-

off and closure, see Table 3.1.
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Interview Questions

Introduction

Introduce myself.

Explain why | am doing the interview.

Reassure the interviewee regarding the ethical issues.

Ask for permission to record the interview.

A warm-up
e Would you like to tell me a little about yourself?

e How many years have you been working in this field of “usability testing”?

The main body of the interview
e Do you carry out the usability testing?
e Could you tell me how you do the usability testing?
e Do you use measurement during usability testing?
e What do you measure?
e After collecting the data, what do you look for in the collected data?
o If you find data that is different substantially compared with the rest of the data
“outlier”, what are you going to do with this data?
e What are you going to do about this user?
e What do you think is the reason behind the occurrence of outliers in usability

testing?

A cool-off
e Do you enjoy working in this field?

e How do you develop your skills in this field?

A closure
e Thank the interviewee for his/her participation.
e Switch off the recorder.

e Indicate that the interview has ended.

Table 3.1: The interview Guide.
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As the questions in the main body of the interview are considered the essence of this
study, they were developed carefully and ordered logically to get a better insight. They
were simple and unbiased. The questions did not lead participants as they did not
indicate that outliers frequently occurred in usability testing. Also, they did not imply
that having outliers in usability testing is problematic. They just focused on asking
about different data and unusual behaviour and how to deal with outliers. The “outlier”
term was explained as a test participant who took a long time to complete the task

compared with other test participants.

| started with broader questions, and then | moved to more specific questions that
focused on the goals of this study. The broader questions helped to understand the
business process of the participants’ companies and how they conduct the usability
testing in their companies, and what sort of measurements they use. This helped in
understanding and analysing the answers to the later specific questions that focused on
the goals of this study.

3.2.4 Procedure

Some interviews were face-to-face, and some were via telephone. Telephone
interviews were conducted only when a face-to-face interview was difficult to arrange

because participants were geographically distant.

At the beginning of each interview, participants were welcomed and made to feel at
ease as it is important to establish a good rapport with participants in the first few
minutes of an interview (Kvale, 2007). Then, they were introduced to this study by
briefly explaining the aim of the study. Next, the information sheet and consent form
were given to the participants to read and sign, see Appendix A.1. This was to make
sure that the participants understood the purpose of this study and to reassure the
participants regarding ethical issues such as anonymity. After reading the information
sheet and signing the consent form, the participants were asked for permission to
record the interview. Then, the audio recorder was switched on, and the interview

started.

Some ad-hoc questions were asked based on the previous answers. After asking all
questions and making sure that all aspects had been covered, the participants were

thanked for their participation in this study, and then, the recorder was switched off.
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After finishing each interview, | tried to take a few minutes to write notes related to
the session as suggested by Kvale (2007). | transcribed the interview by writing the
questions and the full answers. | tried to transcribe each interview within 24 hours.
This allowed me to write my comments that might need to follow up with the
participant to ask more questions. Some interviews were in the Arabic language.

Therefore, the answers were translated into the English language.
3.2.5 Data Analysis

As mentioned before, the thematic analysis was adopted in this study to analyse the
collected data. To identify the themes in this study, three approaches were used. First,
the inductive ‘bottom-up’ way was used to find the themes within the data. In this way,
the identified themes are very related to the data themselves (Braun & Clarke, 2006).
The second approach was semantic coding. The semantic approach focuses on the
semantic or explicit meaning of the data to generate the codes that formed the themes
and does not look for any interpretation beyond the collected data (Braun & Clarke,
2006). The third approach was using the essentialist/realist analysis. The
essentialist/realist analysis means focusing on and presenting the participants’

experiences, meanings and reality (Braun & Clarke, 2006).

Braun and Clarke’s six phases guide of the thematic analysis were followed. First, to
get familiar with the collected data, the audio recording of each interview was heard
two times, one to transcribe the interview and another one to review the transcription.
Although the transcription process might be time-consuming, it can be a great way to
start familiarisation with data (Riessman, 1993, as cited in Braun & Clarke, 2006).
After that, the transcriptions were read and re-read several times to be fully familiar
with all issues in the collected data.

After getting familiar with the collected data, the code generation process was started.
In this phase, each segment of data relevant to the research question was coded. Open
coding was used, which means that codes are developed and changed through the
coding process. Each piece of data was given a labelled code that was added to the
transcriptions document as a comment beside the highlighted interesting data.
Examples of the generated codes were usability testing methods, usability metrics and

outliers’ treatment strategies.
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Then, all the generated codes were grouped and collated to search for potential themes.
The similarities and differences among the generated code were identified. This helps
in making sure that the generated codes and their corresponding data extracts could
form themes and sub-themes. Four themes were identified. Examples of these themes
were the flexibility of usability testing practice and the treatment of outlying

performance cases in usability testing.

These four identified themes were reviewed to make sure that for all themes, there
were enough data to support them and that there is consistency in the data that belonged
to the same theme. Moreover, the identified themes were reviewed to make sure that
they reflect all interesting issues in the entire collected data.

Once satisfied with the identified themes, each theme was defined and named for the
analysis. Producing the report phase was done concurrently with the defining and
naming themes phase because defining and naming themes phase necessitates writing
about each theme along with the corresponding data extracts (see section 3.4). The
four themes were reported in a narrative way that ultimately presented the findings that
achieved the aim of this study. In the next section, these identified themes, along with

the corresponding data extracts, are presented in detail.

3.3 Results and Discussion

Four main themes were identified during the data analysis. These themes were named

as follows:

1- The flexibility of the usability testing practices.

2- The awareness of outlying user performance in usability tests.

3- The qualitative interpretation of the outliers in usability tests.

4- The treatment of the outlying user performance cases in usability tests.
These four themes are described in detail in the following sections.

3.3.1 The flexibility of the usability testing practices

It was found that different practitioners adopted different methods of usability testing

and used different usability metrics. Moreover, the same practitioner did not
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necessarily just use one method and one metric but would vary them according to the

context of the project.

Some practitioners adopted moderated usability testing and described how it is carried
out. In the moderated usability testing, the moderators are present with the test
participants, introducing the session, explaining the testing scenario, answering their
questions, listening to their feedback, and taking notes. As a practitioner said:

If I am talking as a moderator, then | start by introducing the tasks,
what I would like my users to do. Usually, I use the thinking aloud
technique. So, I ask the user to illustrate anything that he is trying
to do. (..) If the users are stuck on something, I will give them some
time. | observed their facial expressions and the way they deal
with the system, and | gave them some time. Only once | see them
that they are hopeless, they are just stuck there. | tell them, okay, a
hint would be here. (P1).

The moderated usability testing can be conducted outside the organisation:

“There are many ways to do the usability testing, but our approach

in usability testing is moderated and done outside the company”
(P10).

Some practitioners said that they adopted unmoderated remote usability testing, which
does not need a moderator because it is done remotely using some sort of online

usability testing tools:

“We do not have a usability lab, but I use online tools such as
Crazy Egg and Usabilla.” (P4).

The practitioners pointed out that usability testing can vary in complexity, and

therefore, the lab needed to conduct it:

“The testing can be simple (no need for UX lab) or can be complex
(needs special software and hardware such as eye-tracking and

research systems)” (P6).

The practitioners indicated that usability measurements could be driven by constraints

coming from very different sources:
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“The used measurements depend on our goals of the usability
testing.” (P4);

“The usability measurements are based on the goals of the project
which depend on the objectives of the business and the hopes of the
user.” (P7);

“We focus on the concern of the business owners, for example, if

they want their product to be fast, easy to use.” (PS).

Additionally, they mentioned that the adopted usability measurements are affected by

the organisation's resources:

“We use quantitative and qualitative measurements, but we heavily
depend on the qualitative measurements because the quantitative
measurements need a large number of the participants, which is

sometimes hard to achieve.” P(12).

The practitioners mentioned various usability measurements. They measure task time,
task success and satisfaction. They record the screen, mouse click, and keystroke of

the keyboard. As stated in the following data extracts:

“We do use the measurement during the usability testing. We have
to test the satisfaction rate. We use the time and the success rate of
the task. Also, we measure the mouse click, screen recording,
keystroke of the keyboard, the mouse travel, the scrolling time, or

the number of scrolls. All of these taken into consideration” P(2);

“We use quantitative measurements such as success criteria and

time on task.” P(5),

“Recording the screen, mouse clicks, taking notes about the user
interaction. Eye-tracking is not always accurate. The best thing is

to see the user and let them talk during the usability testing” P(7);

“We measure the time spent to achieve the goal and if he did the
task successfully. Also, it is necessary to measure the satisfaction

level by using a survey.” P(10).
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This variety in usability testing methods and measurements indicates that usability
testing practice is flexible. This flexibility in usability testing practice is considered
one of the great features of usability evaluation as no compulsion on a specific type of
evaluation method (Albert & Tullis, 2013). This flexibility is needed to fulfil the
requirements of the business sponsor (who funds the usability study) and to reflect the

resources of the organisation (who conduct the usability study).

3.3.2 The awareness of outlying performance in usability tests

It was found that some practitioners explicitly mentioned that they always have outliers
in usability testing when they were asked in the interview about dealing with data that
are different substantially compared with the rest of the data (outliers). They said:

“I carried out the usability testing nine times, and every time |

found outliers, especially in time on task” P(2),
“We faced outlying performance many times” P(7);
“Yes, this always happens” P(10);

“Definitely, we always have outliers” P(12).

The awareness of the negative impact of an outlier on the whole data was not
mentioned by most of the practitioners. This might be because I did not ask about this
issue directly. However, just one practitioner pointed out this issue and said:

“We will do a geometric mean which is a calculation that reduces
the effect of the outliers because one outlier might ruin the whole
data” P(5).

The awareness of the practitioners regarding the regular occurrence of outliers in
usability testing confirms the observation made by Schiller and Cairns (2008) when
they stated that there is always one user in usability tests who is substantially slower

than others.

3.3.3 The qualitative interpretation of the outliers in usability tests

The practitioners provided several interpretations of outliers in usability testing. The

majority of the practitioners were strongly convinced that people are different in
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everything. Therefore, they interpreted the outlying performance cases as a result of
individual differences in age, personality, experience, technical background, etc. As

the practitioners interpreted:

“I believe the participant’s experience is one of the reasons behind

the occurrence of the outliers.” P(2);
“People think and behave in different ways.” P(3);

“Some people get nervous when you ask them to do the task, and
that affects their performance. Also, their technical backgrounds,
ages and personal circumstances can affect their performance”

P(4);

“People are different in their mental models, ages, technical levels,
experiences with this kind of application and personality (open
person or not) will affect.” P(5);

“People are different in everything (culture, education and

experience)” P(7),;

“Maybe the willingness of the user to participate in the usability

testing, maybe the user has personal circumstances” P(8);

“Maybe the personality of the user and maybe the user has

personal circumstances such as illness” P(10),;

“Maybe the mental model, the previous experience and the

educational level.” P(11).

This interpretation of outlying performance is plausible. It is in line with what was
stated by Egan (1988) that individual differences lead to considerable variance in
performance among participants in HCI studies. And he concluded that the reasons for
such variations seem to be related to variables including technical abilities, age,
experience, domain-specific knowledge and personality. Age was found as an
influential factor in useability research as it affects the speed and accuracy of the

participants (Sonderegger et al., 2016). Also, test participants’ personality dimensions
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are influential factors in usability testing results (Alnashri et al., 2016; Burnett &
Ditsikas, 2006; Schmidt et al., 2019).

Another interpretation of outlying user performance in usability tests was an artefact
of the testing situation. The practitioners pointed out that moderators and their
instructions during the usability testing session might affect the participants’

performance as the practitioners stated:

“Sometimes even if we tried to keep all the factors the same across
the session it’s not always possible, sometimes you said a word

and this word confused everything in the session” P(1);

“Maybe the moderator did not do well during the session” P(10).

When usability tests were conducted online, outlying performance may happen

because participants leave their laptops and take a break as a practitioner said:

“Maybe the user leaves his laptop and does something else” P(4).
This interpretation is in line with an interpretation mentioned by Albert et al. (2010)
that extremely long task times in online usability tests usually indicate that participants

have taken a coffee break or even have gone home for the evening.

The practitioners also attributed outlying user performance to poor understanding of

the instructions or not following the instructions given in the usability testing session:

“It might be that the participant did not follow the testing
instruction and tried to discuss the problems during the session. ”
P(9);

“Maybe he has a poor understanding of the instructions.” P(10).

Recruiting nonrepresentative test participants was one of the provided interpretations
of outlying user performance in usability tests. Some practitioners stated that there is
a possibility that the test participant was mistakenly recruited. Therefore, the outlying
participant was not a representative of the target audience and most probably that
his/her interaction with the system was different. As stated by the practitioners in the

following data extracts:
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“Maybe the user itself, when I recruited this user was not from the

target of the usability testing” P(1);
“The user is not from the target” P(35).

These interpretations of outlying performance cases as an artefact of the testing
situation are possible. However, the outlying performance cases that are interpreted as
a result of these aspects should not be considered as stated by Nielsen (2000), “there
is always a risk of being misled by the spurious behaviour of a single person who may

perform certain actions by accident or in an unrepresentative manner”.

A few practitioners indicated that outlying performance is not always caused by the
user itself. It might be caused by usability problems in the tested system. As stated in

the following data extracts:

“Some time the interface has a problem, and it does not provide

informative feedback” P(35);

“Not always the problems come from the user, maybe something is

missing in the prototype” P(10).

To sum up, the above-mentioned interpretations indicate that the interviewed
practitioners in this study tended to link the poor performance to the test participants

instead of linking that to problems in the interaction with the tested system.

3.3.4 The treatment of the outlying performance cases in usability testing

It was found that the majority of the practitioners claimed that they consider the
outlying performance cases, and they do not exclude the outliers unless there are
reasonable justifications. They investigate the outlying performance cases, and based
on their investigation, they decide on accepting or removing the outliers. As outlined

by the practitioners in the following data extracts:

“I will dig deeper and investigate the session (...) it IS our

responsibility to accommodate all users.” P(1);

“We will not ignore the data, and we need to look at his profile
(old age, background, experience). Most of the time, | have

answers to why this user struggles. Every data is important (...)
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our exclusion has to have a strong reason behind it to validate it”
P(5);

“We do not eliminate the outliers at all. We have to take them into

consideration.” P(8);

“Exclude the extreme cases if there is a strong justification”

P(10);

“We do not ignore the outliers. We have to look for why this
happens” P(12).

Although they claimed that they always consider outliers and investigate them
carefully, it might be that practitioners claimed that because they want to show that
they are good practitioners. This can be considered a social desirability bias that occurs

when participants respond inaccurately only to be better accepted by others.

Some practitioners think that outlying performance should be considered if it happens

in important tasks:

“If this outlying performance occurred in an important task, we

should consider it.” P(3);

“I have to check if outlying performance happened frequently and
whether it was in critical tasks and then decide to consider this

case or ignore it” P(4).

The practitioners suggested some post-hoc strategies to treat outlying performance
cases. These strategies are specified after the outlying user performance cases were

found.

The practitioners frequently suggested reviewing the notes and the session recording:

“I go back first to my notes, then to the recording of the session

itself, then to the user itself” P(1);

“I have to check my notes, his talk. (..). If this happens again with
another user, that means there is a problem in the interface that
needs to be fixed” P(7);
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“We have to look for why this happens. Usually, we have a videO
recording for the whole session, so it is clear if the user had a
problem during the interaction. Also, we back to eye-tracking data
so you notice what they were saying, what they were doing and
where they were looking. These three things can indicate what the
problem is.” P(12).

This highlights the importance of collecting different types of data during the usability
testing session. These different types of data can supplement each other and help in

understanding why outlying user performance happened.

Some practitioners suggested discussing with the outliers to understand the problem.
As they said:

“I must ask him about his interaction” P(7);

“We will try to find why this happens by asking the user
immediately (after the session by the moderator)” P(3).

This strategy is in line with a recommendation to use a debriefing session to get more
information about what was observed during the testing session (Rubin & Chisnell,
2008).

Some practitioners suggested discussing the other team members to reach a judgment

on this problem. As suggested by a practitioner in the following data extracts:

“We have to discuss the case as a team” P(3);

“I have to consult the team members whether to remove this case
or accept this case based on the experience of these members ”
P(11).

If the reason behind the outlying performance was not identified, some practitioners

suggested doing the test again with different test participants as they said:

“Doing the session again with other participants” P(10);

“I'will try to bring other users for the same test” P(11).

Some of the above-mentioned strategies, such as conducting a new test, discussing

with team members and discussing with test participants, are mentioned by the
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usability practitioners in Folstad et al. (2012) study to handle single-user problems in

usability tests.

These diverse post-hoc strategies to deal with outlying user performance indicate that
no systematic approach was followed by practitioners to handle outliers in usability
tests. This confirms the findings of Folstad et al. (2012), who concluded that no
established procedures to handle single-user problems in usability tests.

3.4.5 Other Themes

Other themes were identified during the analysis of the interview transcriptions, such
as the challenges that face the practitioners in Saudi Arabia and the Middle East. These
challenges were as follows; the difficulty in recruiting the test participants because
there are no recruiting agencies like in the US and UK. Also, the businesses are not
aware of the need for adequate time to carry out the usability studies. Therefore, they
always rush and want to see the results quickly. Another identified theme was the
intersection of UX and business, which is explained by the importance of the UX for
the business and how businesses will benefit from the UX in increasing their profits.
These themes were interesting, but they were not presented in more detail because they
were not relevant to the aim of this study.

Overall, when asking usability practitioners about how they conduct usability tests, I,
of course, find things that are well-known in the field. The most noticeable theme that
emerged was the flexibility that practitioners have to conduct usability tests both to
meet the needs of the project and the constraints of their organisations. This flexibility
of approach is both a strength of the approach and a rational business decision: an
inflexible approach to a single style of usability test might miss business opportunities

while also being “overkill” for the project’s goals.

However, this flexibility is perhaps the source of some of the specific challenges of
dealing with outliers. While many practitioners were aware of outliers, if not always
explicitly, there was considerable freedom in how outlying data was handled. This
could be a problem for the outcomes of usability tests. Only because one person took
a long time to carry out a task does not automatically mean they are not suitable to be
analysed or mean they are not from the target audience. In both situations, it could be

considered viable to define beforehand what an atypical user might be like and thus
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remove all users of that type, not just the ones that come to attention because they

produce outlying data.

Indeed, several mentioned strategies suggest a more post-hoc approach to outliers: they
probe for reasons only after they see the outlying performance. This can lead to a
potential confirmation bias: once a reasonable reason has been found, that user could
be discounted or excluded from further analysis. However, this might not be valid and
might lead to removing potentially important insights from the outcomes of the

usability test.

According to the information provided, it appears that practitioners are often looking
for a way to remove or exclude outliers. They do not like the outliers, even if they
know that they get them all the time. Therefore, they attribute the outliers to all sorts

of things and then work out why they should be excluded or replaced.

3.4 Conclusions

This study aimed at investigating how outliers are interpreted and treated in usability
testing practice. The key findings of this study are as follows; The interviewed
practitioners seem aware of the regular occurrence of outliers, they tend to link
outlying performance cases to individual differences instead of linking that to usability
problems, and there is no systematic approach to addressing them.

The findings of this study should be considered in light of some limitations that might
have affected the validity of these findings. The interviewed practitioners were all
working in Saudi Arabia. Moreover, their ages range from 24 to 40, with a mean age
of 28.3 years (SD = 4.5). So, the sample was narrow geographically and in terms of
age. However, the participants are from different nations and training backgrounds. It
would be better in future works to make the sample more diverse and interview
practitioners from different countries. It would also be better to set a criterion for
selecting candidates, such as selecting candidates who have conducted ten usability

tests. This will help in generalising the results to the wider population.

The second limitation is the possibility that practitioners believed, at some point in the
interview, that their practices were being evaluated. Therefore, they might answer
questions in a way that presents them as professional practitioners. However, | tried to

mitigate the impact of social desirability bias by phrasing the interview questions
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neutrally. For example, the questions did not imply that outliers are problematic in
usability tests, and they should be treated carefully. Additional limitation is that the
qualitative data analysis (thematic analysis) of what practitioners said about how they
interpret and treat outliers in usability tests may be susceptible to researcher bias and
misinterpretation. However, to mitigate this, another researcher was asked to work
individually to code the reports from practitioners and then discuss them with the main
researcher together until they agree on reports about how practitioners interpret and
treat outliers.
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Chapter 4

Study 2: Investigating the Role of Menu
Semantics in Outlying Menu Search
Performance

4.1 Introduction

This research was motivated by the work of Schiller and Cairns (2008) who identified
outliers in menu search and attributed this to the perceived menu semantics based on
modelling work. However, modelling alone is not a substitute for gathering and
analysing data of real users searching menus, which offer more definite empirical
results that support any claim. Therefore, there is a need to address that limitation by
conducting empirical studies that check whether the perceived menu semantics plays

a role in outlying menu search performance.

Generally, menu semantics is an influential factor in user performance in menu search
tasks, as found by several previous experimental studies such as Card (1982),
Halverson and Hornof (2008), and Bailly et al. (2014).

Brumby and Zhaung (2015) warned against poorly organized menus that visually
group semantically unrelated items as they can hinder menu interactions. Accordingly,
it may be that outlying menu search performance is a result of the poor semantic
organisation of menu items, at least as perceived by some users. It might be that during
searching a poorly organised menu, the user encounters a semantically unrelated item
that informs him that the target is more likely not to be located in that part of the menu
although it is located there, and then they decide to move to another part of the menu.
So, the decision to move to the other part is a cause of his outlying menu search

performance.

Therefore, this study aimed to investigate whether the poor semantic organization of
menu items plays a role in outlying menu search performance. | hypothesised that more
outliers are found in searching a poorly organised menu that visually groups

semantically unrelated items.
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4.2 Method
4.2.1 Design

This study hypothesized that more outliers are found in searching a poorly organised
menu than in searching a semantically organized menu. Therefore, this study adopted
a between-group design with one independent variable, which was a menu
organisation (how menu items are organised) and one dependent variable, which was
a number of outliers (an outlier is a participant who takes a long time to find and select
the target item and then appears as an outlier in the boxplot of the collected menu

search time data).

Two conditions of menu organisation (semantically organised menu and randomly
organised menu) were identified. In the semantically organised menu, the menu items
were grouped into cohesive semantic groups, while in the randomly organised menu,

the menu items were mixed and grouped in non-semantic groups.

A between-group design was used in this study to test whether the poor semantic
organization of menu items plays a role in outlying menu search performance. The
between-group design was the most appropriate design approach because of the need
to avoid the learning effects that might occur if the within-group design was used. The
learning effect was more likely to occur as participants who completed the first menu
search task under one condition will know the task, and that might affect their

performance during the next task, which is under the other condition.
4.2.2 Participants

Overall, thirty-nine participants took part in this study, 19 participants in the first
condition and 20 participants in the second condition. Their ages ranged between 20
and 22, with a mean age of 20.8 years (SD = 0.77). They were all students in the
College of Computer and Information Science (CCIS) at King Saud University (KSU).
They were all female as KSU adopts a single-gender education. They were confident
in their technical skills in using computers and browsing websites. Participants were
assigned to conditions randomly. All participants were asked in person if they were

willing to participate in the study.
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4.2.3 Materials

The menus used in this study consisted of 16 menu items. These 16 menu items are
arranged vertically into four groups that are separated by horizontal separator lines
similar to traditional linear menus. Each group has four items because four items is the

average number of items for each logical group (Bailly et al., 2008).

The 16 menu items were obtained from the database of words created by Yoon et al.
(2004). This database was used in previous studies in menu semantics like Bailly et al.
(2014), Brumby and Zhaung (2015) and Halverson and Hornof (2008). This database
is valuable since it comprises 560 unique words grouped into 105 natural categories.

The 16 menu items belong to four categories: appliance, jewellery, furniture, and room
in the house. These categories were chosen because they are similar to some extent to
categories found on commercial websites such as Amazon. Four items were selected
from each of these categories. Under the appliance category, computer, dishwasher,
refrigerator, and television were selected. Under the jewellery category, bracelet, ring,
cufflink, and crown were selected. Under the furniture category, sofa, table, carpet,
and lamp were selected. Under room in house category, basement, bedroom, balcony,

and kitchen were selected.

In the semantically organised menu condition, the 16 menu items were grouped into
four cohesive semantic groups, see Figure 4.1 (a), while in the randomly organised
menu condition, the 16 menu items were mixed to create four non-semantic groups,
see Figure 4.1 (b).
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Computer Computer

Dishwasher Ring
Refrigerator Lamp
Television Kitchen
Bracelet Bracelet
Ring Balcony
Cufflink Refrigerator
Crown Sofa
Sofa Crown
Table Basement
Carpet Carpet
Lamp Television
(a) (b)

Figure 4.1: (a) A semantically organised menu, and (b) A randomly organised menu.

The menu was displayed on a website developed specifically for this study.
Developing the material of this study from scratch allowed customising some design
aspects of this study, such as a menu layout. Also, it allowed the recording of

participants’ performance data in the database of the developed website.

The technologies that were used to develop this website were Hypertext Mark-up
Language (HTML), JavaScript, PHP, and MySQL. The HTML was used to create the
structure of the website pages. The JavaScript was used program handling the events
that happened during interacting with the website. Also, PHP was used to program the
interaction with the database of the website. The database of this website was created
to store the collected data that was obtained during the experiment, such as participant

ID, task start time, task end time, selection time, and selected item.

The developed website consisted of three pages. The first page welcomed the
participants and allowed them to enter their ID, and redirected them to the second page,
see Appendix B.1. The second page contained a “Menu” button that should be clicked
by the participants to display a menu and start the selection task, see Figure 4.2. The

third page showed a thank message for participation, see Appendix B.1.
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Menu Search Study

Click on Menu button to open the menu.

Menu

Computer
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Bedroom
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Figure 4.2: The menu page in the developed website.

Two versions of this website were created to reflect the two menu conditions in this
study. These two versions were only different in the organisation of the menu
displayed on the second page. In the first version, the menu items were organised in
semantic groups. In the second version, the menu items were organised randomly in

non-semantic groups.

The two versions of the website were uploaded to a web server to be accessible by the
web browser, and that allowed the participants to visit the website and participate in

the experiment at the same time.
4.2.4 Experimental Tasks

The main task in this study was to search for a specific item in a menu and select this

item. The menu search task starts once the button “Menu” is clicked and the menu

79



appears on the screen. The menu search task finishes when participants select the target

item.

The participants were asked to find and select the target item “Carpet” from the menu
as quickly and accurately as possible. The target item was presented as a third item
and located in the third group. To avoid the target position effect on the menu search
time, the target item was located in the same position in both conditions (semantically

organised menu and randomly organised menu), see Figure 4.1 (a) and Figure 4.1 (b).
4.2.5 Procedure

The study was conducted in a lab at the College of Computer and Information Science
(CCIS) at King Saud University (KSU). The lab was quiet and free from any source
of disturbance. The lab was equipped with 30 Dell desktops that run Windows OS.
The two versions of the website were accessed through the Google Chrome web

browser.

The study was conducted in two sessions on the same day. In each session, there were
two groups. The first group was given a link to the first version of the website, which
contained the semantically organised menu (the first condition). The second group was
given a link to the second version of the website, which contained the randomly
organised menu (the second condition). That means each participant was presented
with one condition of menu organisations. The participants were organised into two
groups by counterbalancing the two conditions between the participants. For example,
the first sitting participant was assigned to the first group, and the next one was

assigned to the second group, and so on.

The participants were introduced to the experiment by giving them brief information
about the purpose of this study. Also, an information sheet and a consent form were
given to the participant to read and sign, see Appendix B.2. Then, the demographic

survey was given to the participants to be filled in.

After that, they were instructed to open the Google Chrome web browser and type the
given link that was printed in the information sheet. After making sure that every
participant opened the given link of the specific website according to the assigned

group, all participants were instructed to start the experiment and select the target item,
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which was “Carpet”, as fast and accurate as possible. The participants were not

informed about the organisation of the menu that they will search in.

To avoid making participants nervous by telling them about measuring their time on
task, and to avoid making participants relaxed by not mentioning the time
measurement, a good balance is to ask the participants to complete the task as quickly
and accurately as possible without mentioning that time is recorded (Albert & Tullis,
2013).

After that, the collected data, which was saved in the databases of the website, was
exported to excel sheets to be ready for the analysis process.

4.2.5 Pilot

The study was piloted by asking two colleagues to come to the lab that was reserved
for conducting this experimental study. They were given brief information about the
study. After that, each one was assigned to one condition. They opened the given link
of the website and searched the displayed menu to find the target item. They did not

have any comments.
4.2.6 Data Analysis

The collected data were stored in Excel sheets. These data were the participants’
performance data in the menu search task, such as task start time, task end time, search

time, and selected item.

The boxplot was used to display the distribution of the search time data and to show
the outliers in both menu conditions (semantically organised menu and randomly

organised menu).

To test the relationship between menu organizations and outlying menu search
performance, the Chi-Square test was considered. However, one assumption of this
test was not met which is the expected values should be at least 5. Outliers are very
low in a dataset, therefore, the expected values are less than 5.

Since this study is exploratory, the relationship between menu organizations and
outlying menu search performance was tested by checking the number of outliers and

their extreme level in each menu organization condition.
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4.3 Results

The menu search time was measured in seconds. The average search time for each

menu organisation condition was presented in Table 4.1.

Menu organisation condition | Average Search Time

Semantically organised menu H=3.56s,06=1.25

Randomly organised menu H=5.75s,6=571

Table 4.1: The average menu search time in each menu organisation condition.

The boxplots show outliers in both menu organisation conditions, see Figure 4.3. The
total number of the outlying menu search performance cases was 3 cases, one case in
the semantically organised menu (5.92 IQR) and two extreme cases in the randomly

organised menu (6.88 IQR, 8.9 IQR).
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Figure 4.3: Boxplots of menu search time in the two menu organisation conditions.
The outliers are represented by the asterisk at the top of the boxplots.
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4.4 Discussion

The present study aimed to investigate whether the poor semantic organisation of menu
items plays a role in outlying menu search performance. It hypothesised that more
outliers are found in searching a poorly organised menu that visually groups

semantically unrelated items.

This study found more outlying menu search performance cases in searching the
poorly organised menu. Moreover, these cases were more extreme than the case found
in searching the semantically organised menu. These results might suggest that poor
semantic organisation of menu items, at least as perceived by some users, may play a
role in outlying menu search performance. However, it could be that some
confounding factors such as participants' variability in speed caused these outlying
performance cases. It was difficult in this study to unconfound the effect of menu
semantics and the effect of a slow user on performance time. Therefore, more studies
using different methods are needed to check the role of the perceived menu semantic

in outlying menu search performance.

The occurrence of outliers in this study that involved a simple menu search task
confirmed the observation made by Schiller and Cairns (2008) that there is always one

user who is extraordinarily slower compared to the other user.
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Chapter 5 Collecting Semantic Similarity
Ratings of Menu Items

5.1 Introduction

The finding of Study 2 (Chapter 4) might indicate that menu semantics may play a role
in outlying menu search performance. However, more studies are needed to check the
role of menu semantics in outlying performance using different methods. Therefore, a
modelling approach was considered to help in understanding the role of the menu
semantics in outlying menu search performance. Chen et al. (2015) menu search model
was chosen. This model was presented in detail in Chapter 2 (section 2.6.1). As this
model is based on ML, it needs to be trained on menu samples to learn menu search
strategies. Constructing menu samples needs collecting semantic similarity ratings of
menu items from human participants. Therefore, this chapter aimed at collecting the

semantic similarity ratings of menu items from human participants.

One method for collecting the semantic similarity ratings of menu items is pairwise
similarity ratings. In this method, participants are asked to rate the semantic similarity
of each possible two items combination. Another method for collecting the semantic
similarity ratings of menu items is card sorting. In this method, participants are asked
to sort a set of items into groups of items that are similar in some way. Both methods

help in identifying logical relationships between menu items (Bailly et al., 2016).

Chen et al. (2015) used the pairwise similarity ratings method to collect the semantic
similarity ratings of menu items that were used to construct menu samples in their
study. However, it was interesting to use both methods to collect the semantic
similarity ratings of menu items and see whether they introduce different features on
the data. This is important when populating a model based on this data. Therefore, it
was decided to use both methods to collect the semantic similarity ratings of menu
items. These collected semantic similarity ratings will be used afterwards to construct

menu samples that are used in training the menu search model in Study 5 (Chapter 6).

This chapter presents two studies to collect the semantic similarity ratings of menu
items: Study 3 and Study 4. Study 3 used pairwise similarity ratings to collect the
semantic similarity ratings from participants. Study 4 used card sorting to collect the

84



semantic similarity ratings from participants. Additionally, this chapter utilised the
results of these two studies and made a comparison between the two methods: pairwise

similarity ratings and card sorting.

5.2 Study 3: Collecting the Semantic Similarity Ratings of Menu Items
Using Pairwise Similarity Ratings Method

The pairwise similarity ratings method is thought of as the gold standard method for
producing a similarity dataset (Lantz et al., 2019). It was used for collecting the
semantic similarity ratings of menu items in previous menu search modelling studies
such as Bailly et al. (2014) and Chen et al. (2015). Therefore, this study used this
method to collect the semantic similarity ratings of menu items.

5.2.1 Method
Design

This study aimed at collecting the semantic similarity ratings of menu items using the
pairwise similarity ratings method. Although this method was used by previous menu
search modelling studies such as Bailly et al. (2014) and Chen et al. (2015), no details
were found in these studies regarding how this method was applied and how the
collected data from this method were processed. Therefore, this study was designed

based on common research methods.

A survey was used as a way to present item pairs and rating scales. The survey was
the most appropriate method for collecting the users’ semantic similarity ratings. This
is because the survey allows asking closed questions that use rating scales as a response
format. Rating scales are good for making respondents do assessments of things
(Preece et al., 2015).

A web-based survey was adopted instead of a paper-based survey because the web-
based survey eliminates the need for manual data entry, which is time-consuming and

prone to data entry errors (Lazar et al., 2017).

The web-based survey in this study consisted of a list of closed questions. Each
question presented a pair of items and a five-point rating scale. There were five ordered
rating categories responses that represent degrees of closeness in meaning (“not at all

9% ¢ 99 ¢ b 13

close”, “only a little close”, “somewhat close”, “quite close”, and “very close”). The
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respondents were asked to note their ratings of to what extent the two items in the pair
are close in meaning. A five-point rating scale was used because five is a medium-
sized range that seems suitable when assessing semantic similarity. It was used by
Schiller and Cairns (2008) to collect the semantic relevance assessment of menu items

for relevance to the task.

The questions’ order was randomised to avoid bias that might be caused by respondent
fatigue. Respondent fatigue might occur during the later questions due to the tiredness
of the survey task, and that could affect the quality of the provided data (Lavrakas,
2008). Randomising the order of questions in the survey is frequently used to prevent
the bias introduced by respondent fatigue (Hillmer, 2020).

Participants

This study was conducted at the CCIS at the Female Campus at KSU. Twenty-nine
participants took part in this study. The participants’ age range was between 20 and
45, with a mean age of 26.3 (SD = 7.6). Two-thirds of the participants were students
in the CCIS at KSU, while the rest of the participants were administrative staff or
academic staff at the same College. They were all female as KSU adopts a single-
gender education. They all were native Arabic speakers. The participants were not the
same participants who participated in Study 2 (Chapter 4). All participants were asked

in person if they are willing to participate in the study.

Task and Materials

The participants were asked to rate 120 pairs of menu items according to what they
thought about how close in meaning the two items in the pair are. The primary material
in this study was an online survey consisting of 120 rating questions that ask to rate
the semantic similarity of 120 pairs of menu items, see Appendix C.2. The items used
in this survey were the same 16 menu items used in Study 2 (Chapter 4). These items

are listed in Table 5.1, along with their Arabic translation.
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Category Item in English Item in Arabic
Appliance Computer G yulall Slea
Dishwasher O Alle
Refrigerator ZE
Television lals
Jewellery Bracelet Bl
Ring ala
Cufflink o dls
Crown s
Furniture Sofa )
Table U
Carpet il
Lamp zluae
Room in house Basement 8
Bedroom asidd
Balcony 4,48
Kitchen Fabae

Table 5.1: The 16 items used in the pairwise similarity ratings survey.

These sixteen selected items were translated into the Arabic language and mixed to
form 120 different pairs of menu items. Examples of pairs used in the survey are:

(Computer - Ring), (Sofa - Balcony), and (Bracelet - Crown).

The survey was built by using Qualtrics which is an online survey tool that offers a lot

of features to build and distribute surveys as well as analyse responses. Qualtrics was
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selected because it is reliable and has many advanced features. Additionally, the

University of York has a license to allow students and staff to use this survey tool.

Procedure

This study was conducted in the researcher's office at CCIS at KSU. The study was
conducted in several sessions. Participants came in groups of 3 to 5 participants. Once
the participants arrived at the office, they first were welcomed and given a brief
introduction about the purpose of this study and what they would be requested to do.
After that, the information sheet and informed consent were given to the participant to
read and sign, see Appendix C.1. Then, the participants were asked to answer the
demographic questionnaire, which included questions about personal details such as
age and educational level. After that, the participants were given a link to the online
survey and asked to open this link and start answering the questions. These questions
were about rating the semantic similarity of 120 pairs of items. After completing the
survey, the participants were thanked for their participation. Overall, the average time

taken by the participants to answer the survey questions was 14 m 27 s.

Pilot

It is important to pilot a survey study (also called pretesting the survey) to make sure
that questions are understandable. Two aspects need to be tested during the pilot study:

the survey questions and the survey interface design (Lazar et al., 2017).

Dillman (2000, as cited in Lazar et al., 2017) suggested three steps procedure for
pretesting a survey and stated that it is rarely applied thoroughly. These three steps are
as follows: asking experienced colleagues to review the survey, asking potential
respondents to assess the clarity and motivation of the questions, and conducting a

pilot study to test the survey tool and procedures.

To pilot this study, first, the survey interface design was evaluated by two
knowledgeable colleagues. They suggested changing the font colour of the questions
to differentiate them from the answers. Their comment was considered, and the survey

was edited to reflect this suggestion.

Second, two potential respondents were asked to complete the entire survey to ensure
that the questions are unambiguous and to test the usability of the interface. It was

noted that one of the respondents asked for examples of two items that are close in
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meaning and another two items that are not close in meaning. Therefore, this issue was
considered, and two examples were added to the information sheet to be read and
understood before answering the survey questions. These examples were (Mountain -
Valley) and (Uncle - Brother) as examples of items that are close in meaning and
(Apple - Diamond) and (Cat - Chair) as examples of items that are not close in
meaning. The items in these examples were not from the items list used in the study’s

survey.

Data Analysis

For each pair of items in the survey, the rating responses were used to calculate the
average semantic similarity between the items in this pair. | used a weighted average
because | considered some rating responses to be more important than others and
should be contributed more to the final average similarity. Therefore, a weight was
given for each rating response as follows (very close = 100, quite close = 75, somewhat
close = 50, only a little close = 25 and not at all close = 0). Then, I multiplied the
number of individuals selecting each rating with the corresponding rating weight. After
that, | added the results of those calculations together and divided the result by the

number of responses. | combined these calculations in one formula as follows:

Average similarity between items in the pair = N(very close) * 100 + N(quite close)
* 75 + N(somewhat close) * 50 + N(only a little close) * 25 + N(not at all close) * 0

/ Number of participants.

Where:

N(very close) = number of participants who selected “very close” option.

N(quite close) = number of participants who selected “quite close” option.
N(somewhat close) = number of participants who selected “somewhat close” option.
N(only a little close) = number of participants who selected “only a little close” option.
N(not at all close) = number of participants who selected “not at all close” option.

After calculating the average similarity for the 120 pairs of menu items, the 16 by 16
similarity matrix was created to represent the semantic similarity between the 16 menu
items based on the previous calculations of the average similarity for each pair of items

in the survey, see Figure 5.1.
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Figure 5.1: The 16-by-16 semantic similarity matrix generated by the pairwise
similarity ratings method.

The semantic similarity matrix was then analysed using statistical clustering
techniques such as hierarchical clustering and multidimensional scaling (MDS). These
techniques were used to identify the underlying clusters (semantic groups of menu

items) according to the participants’ semantic similarity ratings of menu items.

Clustering functions are provided by common statistical analysis tools such as R and
SPSS. Before applying any clustering function in R, a dissimilarity, or distance matrix,
should be created (Kassambara, 2017). To create a distance matrix using the R, the
dist() function was used to compute the distance matrix based on the input similarity
matrix. After that, to create a hierarchical clustering dendrogram using R, the hclust()
function was used to generate clusters based on the distance matrix. To create an MDS
plot using R, the mds() function was applied to the distance matrix to visualise the

distance between all pairs of items in two dimensions.

5.2.2 Results

e The resulting semantic groups

The hierarchical clustering dendrogram showed three clusters (semantic groups): 1)

jewellery, 2) furniture and room in house, 3) kitchen, and appliance, see Figure 5.2.
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Figure 5.2: Three clusters (semantic groups) are shown in hierarchical cluster
dendrogram, 1) jewellery on the left, 2) furniture and room in house on the middle,
and 3) kitchen and appliance on the right.

The MDS plot also showed the same three clusters (semantic groups): 1) jewellery in
the right side of the MDS plot, 2) furniture and room in the house in the lower left of
the MDS plot, and 3) kitchen and appliance in the upper left of the MDS plot, see
Figure 5.3. The two clusters on the left side of the MDS plot were blurred. This might
be because the items in these two clusters (furniture and room in the house, kitchen
and appliance) seemed related to each other as they all related to the house although

they belonged to different original natural categories.

The resulting semantic groups were different compared to the original natural

categories (Appliance, Jewellery, Furniture and Room in house).
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Figure 5.3: Three clusters (semantic groups) are shown in multidimensional scaling
(MDS) plot, 1) jewellery on the right side, 2) furniture and room in the house on the

lower left, and 3) kitchen and appliance in the upper left.

e The individual's ratings

Some participants rated the semantic similarity of menu items differently; for example,

the average semantic similarity between computer and bracelet was 2.19, see Figure

5.1, these two items belong to different original natural categories and seem

semantically dissimilar, but two participants rated them as very close, see Figure 5.4.
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Only a little close
Somewhat close
Quite close

Wery close

Figure 5.4: Computer and Bracelet semantic similarity ratings.

Another example was the average similarity between sofa and table was 77.59, see
Figure 5.1. Although these two items belong to the same original natural category and
seem semantically similar, there was one participant who rated them as not at all close,
see Figure 5.5.

Mot at all close
Only a little close
Somewhat close

Quite close

‘J.Ery s _

Figure 5.5: Sofa and Table semantic similarity ratings.
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Also, it was noticed that the average semantic similarity between refrigerator and
kitchen was 86.2, and most participants rated them as very close or quite close, see
Figure 5.6, although they do not belong to the same original natural category. This
might be because these two items are related to each other.

Mot at all close

COnly a little close

Somewhat close

Very close

Figure 5.6: Refrigerator and Kitchen semantic similarity ratings.

Also, there were some pairs of items that were rated differently by the participants,
such as Television and Carpet, see Figure 5.7. Almost 51.72% of the participants rated
them to be not at all close or only a little close, while 27.58% of participants rated them
as very close or quite close.
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Figure 5.7: Television and Carpet semantic similarity ratings.

5.2.3 Discussion

This study used the pairwise similarity ratings method to collect the semantic similarity
ratings of menu items. Participants were given a survey consisting of 120 pairs of menu
items and asked to rate each pair according to how close in meaning the two items in
the pair are. The participant’s ratings were processed to produce the semantic
similarity dataset that was analysed using clustering techniques to find out the resulting

semantic groups.

The resulting semantic groups were different compared with the original natural
categories that menu items were derived from. This might be because some pairs of
items such as kitchen and refrigerator were rated by many participants as semantically
similar, although they belong to different original natural categories (Appliance and
Room in house). These items seem related to each other, but they are not semantically
similar. Resnik (1999) makes a distinction between “similarity” and “relatedness” and
gives an example: cars and gasoline seemed more tightly related than cars and bicycles,
but the last pair is more similar. Therefore, it could be that some participants mixed
semantic similarity with semantic relatedness, although I clarified what | meant by the
semantic similarity in the information sheet of the study by giving examples of pairs
of items that are semantically similar and pairs of items that are semantically

dissimilar.
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Additionally, the results of this study indicate that there are individual differences in

perceiving the semantic similarity of menu items.

5.3 Study 4: Collecting the Semantic Similarity Ratings of Menu Items
Using Card Sorting method

Card sorting is a common method in HCI research and practice. It involves requesting
participants to sort a set of items into groups of items that are similar in some way.
Card sorting assesses the extent of the perceived semantic similarity within a group of
items (Schmettow & Sommer, 2016). Therefore, this study used the card sorting

method to collect the semantic similarity ratings of menu items.
5.3.1 Method
Design

This study used open card sorting to collect the semantic similarity ratings of menu
items. An open card sorting was adopted in this study because of the need to give
participants the freedom to form different groups of items that reflect their assessments

of the semantic similarity of these menu items.

Online card sorting was adopted in this study. An online card sorting was adopted
because of the need to save time and effort for both the researcher and participants.
This is because software-based card sorting, such as online card sorting, is a one-step
process as no need to process and analyse the results using another tool (Spencer,
2009).

Individual card sorting was applied, so each participant sorted the cards separately.
This allowed collection of diverse responses. These diverse responses are important to
understand how people are different in perceiving the semantic similarity of menu

items.
Participants

This study was conducted at the CCIS at the Female Campus at KSU. Twenty-six
participants took part in this study. The participants’ ages range between 20 and 30,
with a mean age of 21.15 years (SD = 1.9). They were all female as KSU adopts a

single-gender education. They were all native Arabic speakers. The participants were
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not the same participants who participated in Study 2 (Chapter 4) and Study 3. All

participants were asked in person if they were willing to participate in the study.
Task and Materials

The participants were asked to group the presented cards into groups according to what
they thought about how close in meaning these items in these cards are.

The items that were used in this study were the same items used in Study 3, see Table
5.1. The sixteen items were translated into the Arabic language and mixed to form the
cards that were sorted by the participants, see Appendix C.4.

The primary material in this study was online card sorting. The OptimalSort tool was
used to create the online card sorting, see Figure 5.8. The OptimalSort is an online card

sorting tool that is offered by the Optimal Workshop user research platform.

EE OptimalSort

Table
Step1
Cerpet Take a quick lock at the list of items to the left.
Cufflink We'd like you to sort them into groups that make sense to you.
Vitchen There is no right or wrong answer. Just do what comes naturally.
Step 2
Bracelet
Drag an item from the left into this area to create your first group.
Televizsion
Balcony
Sofa
Dishwasher
Computer
Ring
Bazment
Crown
Refrigarator
Bedroom

Lamp

16 of 16 remaining

Figure 5.8: The online card sorting task created by the OptimalSort tool.
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Procedure

The study was conducted in a quiet lab. This lab was equipped with 30 Dell computers
that run Windows OS. This study was conducted in one session. When participants
arrived at the lab, they were first welcomed and asked to find a seat in the lab and open
the computers to be ready. Then, the participants were given a brief introduction of the
purpose of this study and what they would be requested to do. After that, the
information sheet and informed consent were given to the participant to read and sign,

see Appendix C.2,

After that, the participants were asked to open the online card sorting link and start the
sorting task. After finishing the task, the participants were thanked for their
participation. Overall, the average time taken by the participants to sort the cards was
5m2ls.

Pilot

Before conducting this study, it was important to test the material and the procedure.
Two colleagues participated in the pilot study. They carried out the task without any

problem, and they had no comments.
Data Analysis

The 16-by-16 similarity matrix was created automatically by the Optimalsort tool. The
similarity values in the similarity matrix represented the percentage of participants

who put these two items in the same group, see Figure 5.9.

The same clustering techniques used in Study 3 were also applied in this study to

analyse the similarity matrix.
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Figure 5.9: The 16-by-16 similarity Matrix generated by card sorting.
5.3.2 Results

e The resulting semantic groups

61-80

-81—100

Four clusters (semantic groups) were found in the hierarchical cluster dendrogram and

the MDS plot; see Figure 5.10 and Figure 5.11. These four semantic groups are as

follows: jewellery, room in a house, furniture, appliance and lamp. These semantic

groups were very similar to the original natural categories that items derived from

(appliance, jewellery, furniture, and room in house), except the lamp item was grouped

with appliance category items. This might be because the lamp item might be related

to the appliance to some extent.
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Figure 5. 10: Four clusters (semantic groups) are shown in the hierarchal cluster
dendrogram, 1) jewellery on the left, 2) room in house on the middle-left, 3) furniture
on the middle-right and 4) appliance and lamp on the right.
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Figure 5.11: Four clusters (semantic groups) are shown in multidimensional scaling
(MDS), 1) jewellery on the left side, 2) rooms in the house on the upper right, 3)
furniture on the middle right and 4) appliances and lamp on the lower right.
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e The Individual’s sorting

Some participants were different in sorting the items; for example, there were two
participants (7%) who put computer and balcony in the same group. Also, there were
two participants (7%) who put and refrigerator and carpet in the same group. Also,

there was one participant (3%) who grouped ring and bedroom, see Figure 5.9.
5.3.3 Discussion

This study used the card sorting method to collect the semantic similarity ratings of
menu items. Participants were asked to sort 16 menu items into groups according to
what they thought about how close in meaning these items are. The participants’
sorting was used to produce the similarity matrix that was analysed using clustering

techniques to find out the resulting semantic groups.

The resulting semantic groups were very similar to the original natural categories. This
might be because that card sorting presents all items together, so this gives a context

that helps in perceiving the semantic similarity of menu items.

The results of this study showed that some participants sorted the items differently.
This indicates that there are individual differences in perceiving the semantic similarity

of menu items.

By comparing card sorting results with pairwise similarity rating results, the card
sorting and pairwise similarity ratings generated different semantic groups. When
using pairwise similarity ratings, there were three resulting semantic groups (1-
appliance and kitchen, 2- jewellery, 3- furniture and room in the house). They were
different compared with the four original natural categories (1- appliances, 2-
jewellery, 3-furniture, 4- rooms in the house). When using card sorting, there were
four resulting semantic groups (1-jewellery, 2-rooms in a house, 3-furniture and 4-
appliances and lamp). They were very similar to the original natural categories
compared with the resulting semantic groups that were found when using pairwise
similarity ratings. This indicates that the card sorting method produces more
meaningful semantic groups compared with the pairwise similarity ratings method.
This might be because that card sorting allows presenting the whole set of items, so

participants can organise and reorganise the items while performing the sorting task
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until reaching the optimal organisation. Additionally, full exposure to the entire set of

items through the assessment process offers a grounding context (O’Shea et al., 2010).

The card sorting and pairwise similarity ratings yield different results, as evidenced
statistically by the moderate correlation between these two methods, r = 0.641, r2 =
0.411, see Figure 5.12. This confirms the findings of Dwyer (2003) and Lantz et al.
(2019), who found that there was a moderate correlation between a card sorting
similarity matrix and a pairwise similarity ratings matrix. It should be clarified that
some assumptions of the applied correlation test (Pearson correlation test) might not
be met such as the normality of variables. However, the r value was used here

qualitatively rather than drawing a strong conclusion.
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Figure 5.12: The scatterplot of card sorting data and pairwise similarity ratings
data.

When using card sorting to collect the semantic similarity ratings of menu items, the
participants spent less time completing the rating task compared with using a pairwise
similarity rating. The time spent when using card sorting was about one-third of the
time spent when using pairwise similarity ratings. This indicates that using card sorting
reduced the time required to complete the rating task. This might be because card

sorting allows participants to make decisions about the whole set of items at the same
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time. These concurrent decisions eliminate the multiple pairwise individual
assessments that are required in pairwise similarity ratings (Lantz et al., 2019). The
multiple pairwise assessments consume more time and demand more cognitive effort.
This is considered a primary disadvantage of the pairwise similarity rating method as
this might affect the quality of the collected data, as stated by Lantz et al. (2019).

5.4 Discussion

This chapter aimed to collect the semantic similarity ratings of menu items. The
semantic similarity ratings are required to construct menu samples that are needed to
train the menu search model in the next chapter (Chapter 6). Two studies were
conducted to collect the semantic similarity ratings using two different methods. Study
3 used the pairwise similarity ratings method to collect the semantic similarity ratings
of menu items, and Study 4 used the card sorting method to collect the semantic
similarity ratings of menu items. Additionally, this chapter utilised the results of the
two studies and made a comparison between the two methods: pairwise similarity

ratings and card sorting.

By comparing these two methods, it seems that the card sorting method is better when
it comes to eliciting users’ perception of the menu structure. It produces meaningful
semantic groups. Additionally, it is much faster. These advantageous features might
justify why this method is commonly used in designing menu structures. However,
when it comes to modelling user performance in menu search, the pairwise similarity
ratings method seems more appropriate to collect the semantic similarity ratings of
menu items that are used to implement the model’s semantic similarity function and
to construct menu samples. This is because, in this method, participants assess the
semantic similarity of two items at a time, and that reflects what happens during menu
search when users assess the semantic similarity of the fixated menu items and the
target at a time. This might justify why this method was used to collect the semantic
similarity ratings of menu items in the menu search modelling study by Chen et al.
(2015).

The collected semantic similarity ratings in both studies showed that some participants
rated the semantic similarity of menu items very differently. Therefore, it would be
interesting to investigate whether people who rate the semantic similarity of menu

items very differently perform poorly in menu search.
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Chapter 6

Study 5: Investigating the Role of Menu
Semantics in Outlying Menu Search
Performance Using Modelling Approach

6.1 Introduction

A modelling approach was used in this research to help understand the role of menu
semantics in outlying menu search performance. Chen et al. (2015) menu search model
was chosen. This model was presented in detail in Chapter 2 (section 2.6.1). As this
model is based on ML, it needs to be trained in a menu search environment to learn
menu search strategies. Once the model learns the menu search strategies through the
training, it can be used to predict the menu search performance.

This study aimed to test whether the adopted menu search model can predict outlying
menu search performance due to menu semantics. Therefore, the model code was
obtained from the author of this model (Dr Xiuli Chen). The model was implemented
using the MATLAB platform. The model code was read to understand the main
functions. After that, the model was trained and tested using the collected data in the
previous chapter. First, the model was trained and tested using the semantic similarity
data collected by the pairwise similarity ratings method. Then, the model was trained

and tested using the semantic similarity data collected by the card sorting method.

6.2 Training and Testing the Model Using Data Collected by the
Pairwise Similarity Ratings

In Study 3 (Chapter 4), the semantic similarity ratings of menu items were collected
using the pairwise similarity ratings method. The collected semantic similarity ratings

were prepared to be used in training and testing the model. The training and testing

procedures are detailed in the following section.
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6.2.1 Method
Procedure

The computer that was used to train and test the model was an ASUS desktop. This
computer has an Intel(R) Core™ i7 processor (1.80 GHz) and 8.00 GB RAM. It runs
a Windows 10 OS.

To train the model, | followed the same training procedures that were done by Chen et
al. (2015). First, a menu search environment should be created to train the model. The
menu search environment should be represented by the ecological distributions of
menu length, item length and semantic group size. Also, by the ecological distribution

of semantic relevance of menu items.

In this study, to create the menu search environment, the menu used in Study 2
(Chapter 4) was used. This menu was used to determine the ecological distribution of
menu item length, see Figure 6.1, right panel. Also, it was used to determine the
ecological distribution of the semantic similarity ratings of menu items, see Figure 6.1,
left panel. These semantic similarity ratings were collected from human participants
in Study 3 (Chapter 5) using the pairwise similarity ratings method.

Semantic Relevance o Menu item length
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Figure 6.1: The ecological distribution of the semantic similarity (left panel) and the
ecological distribution of menu items length (right panel).

After creating the ecological distributions of the menu search environment, the model

was ready to be trained. The model was trained 20 million trials. The model was trained
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until performance converged. The performance convergence was realized when the
average returns (rewards) of each of the last epochs were similar, see Figure 6.2. The

training process produced a training file (3.08 GB).

The average return of menu search against the learning trial
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Figure 6.2: The average return of menu search against the learning trial.

Each trail involved training the model on a menu constructed by sampling randomly
from the ecological distributions of semantic and shape relevance created before. The
target location in this menu was randomly selected from the distribution of the target

location.

An example of how a menu sample is constructed is given. First, the semantic
relevance score of the target item is set to 1. Then, the semantic relevance scores of
the distractor items are sampled from the ecological distributions in Figure 6.1, left
panel. The distractor items can be within the target group or outside the target group.
The semantic relevance scores of the distractor items within the target group are
sampled from the ‘Target Group’ distribution, see Figure 6.1, left panel. The semantic
relevance scores of the distractor in other groups are sampled from the ‘Non-Target

Group’ distribution, see Figure 6.1, left panel.

106



In this study, 8-items menu samples were used instead of 16-items menu samples. This
was to simplify the training process as no need to train the model on a high-

performance computer as with 16-items menu samples.

After learning the menu search strategies through the training process, the model was
ready to be tested to check whether it can predict outlying menu search performance
due to menu semantics. To test the model’s prediction, the model was given two menu

search tasks. These tasks involve finding and selecting a specific target.

The first task was to search for a specific target in 100 newly generated 8-items menu
samples, that all have the target in the same location (item 3). The target location (item
3) was chosen as a representative of the target location. The menu semantics of these
generated menu samples were different as the semantic relevance scores of their items
were sampled randomly from the ecological distributions in Figure 6.1, left panel.
Some of them were semantically organised (the target group contains semantically
similar items, and the non-target group contains semantically unrelated items), and
some of them were poorly organised (the target group contains semantically unrelated

items, or the non-target group contains semantically similar items).

The second task was the same as the first task except that the location of the target in

the generated menu samples was (item 7).

In each menu search task, the model predicted the time spent to find the target for each

menu sample. The model’s prediction resulted from only exploiting the optimal policy.

6.2.2 Results
e The model’s prediction in the first menu search task

The selection accuracy of the model was 100%. The model predicted the time spent to
find the target for each menu sample (individual trial). The boxplot was used to display
the distribution of the predicted menu search time of 100 trials and to identify outliers.
Three outlying performance cases were found, see Figure 6.3. To find out whether
these cases were due to poorly organized menus, the menu semantics of the menu
samples that generated these cases were checked. Most menu samples (2 out of 3) were
semantically organised, see Appendix D.1. This indicates that the predicted outlying

menu search performance was not due to poorly organized menus.
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Figure 6.3: A Boxplot of the model’s prediction of menu search time in the first menu
search task.

e The model’s prediction in the second menu search task

The selection accuracy of the model was 99%. The model predicted the time spent to
find the target for each menu sample (individual trial). The boxplot was used to display
the distribution of the predicted menu search time of 100 trials and to identify outliers.
One outlying performance case was found, see Figure 6.4. To find out whether this
case was due to poorly organized menus, the menu semantics of the menu sample that
produced this case was checked. The menu sample was semantically organised, see
Appendix D.2. This again indicates that the predicted outlying menu search

performance was not due to poorly organized menus.

108



3500.00

73

3000.00

2500.00

2000.00

Search Time(ms)

1500.00

1000.00

Search Time

Figure 6.4: A Boxplot of the model’s prediction of menu search time in the second
menu search task.

e Other observations

When the same trained model was run two times using the same menu samples,
each run generated different predictions compared with another run. For example,
different outlying performance cases were predicted using the same trained model

and the same menu samples, see Figure 6.5.
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Figure 6.5: The search time prediction of the same trained model in two different
runs using the same menu samples.

6.3 Training and Testing the Model Using Data Collected by the Card
Sorting

Card sorting was used as another method to collect the semantic similarity ratings
because it was interesting to use both methods to collect the semantic similarity ratings
of menu items and see whether they introduce different features on data. This is

important when populating a model based on this data.

In Study 4 (Chapter 5), the semantic similarity ratings were collected using the card
sorting method. The collected semantic similarity ratings were prepared to be used in
the training and testing model. The training and testing procedures are mentioned in

the following section.
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6.3.1 Method
Procedure

First, the menu search environment was created using the menu used in Study 2
(Chapter 4). This menu was used to determine the ecological distribution of menu item
length, see Figure 6.5, right panel. Also, it was used to determine the ecological
distribution of the semantic similarity ratings of menu items, see Figure 6.6, left panel.
These semantic similarity ratings were collected from human participants in Study 4

(Chapter 5) using the card sorting method.
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Figure 6.6: The ecological distribution of the semantic similarity ratings collected by
the card sorting (left panel) and the ecological distribution of menu items length
(right panel).

After that, the same training and testing procedures mentioned in the previous section
6.2.1 were applied exactly. The model was trained 20 million trials. The model was
trained until performance converged. The performance convergence was realised
when the average returns (rewards) of each of the last epochs were similar, see Figure

6.7. The training process produced a training file (2.03 GB).
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Figure 6.7: The average return of menu search against the learning trial (the model
trained on card sorting data).

Following that, the model was tested by giving it two menu search tasks. The first task
was to search for a specific target in 100 newly generated 8-items menu samples, that
all have the target in the same location (item 3). However, the menu semantics of these
menu samples were different. Some of them were semantically organised (the target
group contains semantically similar items, and the not-target group contains
semantically unrelated items), and some of them were poorly organised (the target
group contains semantically unrelated items, or the not-target group contains

semantically similar items).

The second task was the same as the first task except that the location of the target in

the generated menu samples was (item 7).

In each menu search task, the model predicted the time spent to find the target for each

menu sample. The model’s prediction resulted from only exploiting the optimal policy.
6.3.2 Results

e The model’s prediction in the first menu search task

The selection accuracy of the model was 96%. The model predicted the time spent to
find the target for each menu sample (individual trial). The boxplot was used to display
the distribution of the predicted menu search time of 100 trials and to identify outliers.
Four outlying menu search performance cases were found, see Figure 6.8. To find out

whether these cases were due to poorly organized menus, the menu semantics of the
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menu samples that produced these cases were checked. All menu samples were
semantically organized, see Appendix D.3. This again indicates that the predicted

outlying menu search performance was not due to poorly organized menus.
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Figure 6.8: A Boxplot of the model’s prediction of menu search time in the first menu
search task (the model trained on card sorting data).

e The model’s prediction in the second menu search task

The selection accuracy of the model was 97%. The model predicted the time spent to
find the target for each menu sample (individual trial). The boxplot was used to display
the distribution of the predicted menu search time of 100 trials and to identify outliers.
Three outlying menu search performance cases were found, see Figure 6.9. To find out
whether these cases were due to poorly organized menus, the menu semantics of the
menu samples that produced these cases were checked. All the menu samples were
semantically organized, see Appendix D.4. This again indicates that the predicted

outlying menu search performance was not due to poorly organized menus.
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Figure 6.9: A Boxplot of the model’s prediction of the menu search time in the
second menu search task (the model trained on card sorting data).

6.4 Discussion

This study aimed to test whether the adopted menu search model can predict outlying
menu search performance due to menu semantics. The model was trained and tested
two times using different menu sets that were construed from different ecological
distributions of semantic similarity ratings. The model was first trained and tested
using data collected by the pairwise similarity ratings method. The trained model
predicted outliers, but they were not due to menu semantics. After that, the model was
trained and tested using data collected by the card sorting method. Again, the trained
model predicted outliers, but they were not due to poorly organized menus. Therefore,
this study found no evidence that menu semantics plays a role in outlying menu search

performance.

The adopted menu search model aims to model menu search in general. It does not
aim at modelling how people learn particular menus and the position of particular
items. Therefore, it might be that it cannot be used to model an individual’s menu

search performance as it was done in this study.
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Additionally, by comparing the adopted model with the TreeWalker model that was
proposed by Schiller and Cairns (2008) and was able to predict outliers due to menu
semantics, the TreeWalker model has a clean interface that uses semantic relevance
only to determine the actions, while the adopted model in this study assumes that
semantic and shape relevance determine the actions. Moreover, the adopted model
assumes that there is uncertainty in visual information processing, therefore, the exact
encoded values are prone to noise, as indicated by Chen et al. (2015). This might
justify it was difficult in the adopted model to isolate the effect of menu semantics on

individual menu search performance.

Although the Treealker model was able to predict outliers due to menu semantics, it
could be that model was not explored enough once it produced a good result. The
model was not fitted to experimental data. Therefore, more investigations are needed

to check the role of menu semantics in outlying menu search performance.

Lastly, the adopted menu search model was not scalable. Training the model using 16-
items menu samples needs substantial computation and produces a very large training
file. Therefore, 8-items menu samples were used in this study. However, this is not an
issue for the finding of this study because if the model is not able to predict outliers in
searching 8-items menu samples, the model will not be able to predict outliers in

searching menus of any length.
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Chapter 7

Study 6: Investigating the Role of Individual
Differences in Outlying Menu Search
Performance

7.1 Introduction

Study 2 (Chapter 4) found several outlying menu search performance cases. Study 3
and Study 4 (Chapter 5) found that there are individual differences in perceiving the
semantic similarity of menu items. However, as these two studies were conducted
separately, it was not possible to relate the outlying menu search performance to people
who perceive the semantic similarity of menu items differently. Yin (2018) built her
work on this research and investigated whether participants who perceive the semantic
similarity of menu items differently perform poorly in menu search tasks. Also, she
investigated whether outlying menu search performance is due to specific individuals.
She found that neither the semantic similarity perception of menu items nor the person

was responsible for outlying performance.

Yin’s study recruited 40 participants and collected the semantic similarity ratings using
the pairwise similarity ratings method. It would be interesting to conduct a similar
study with larger sample size and use the card sorting method to collect the semantic

similarity ratings of menu items.

This study aimed to investigate the role of individual differences in outlying menu
search performance. It checked whether having a different perception of menu
semantics plays a role in outlying menu search performance. Additionally, it checked

whether outlying menu search performance is due to specific participants.

7.2 Method

7.2.1 Design

The goal of this study was to check whether having a different perception of menu
semantics plays a role in outlying menu search performance. Additionally, to check

whether outlying menu search performance is due to specific participants.
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This study consisted of two tasks: a card sorting task and a menu search task. In the
card sorting task, participants’ perception of menu semantics was elicited by using
card sorting. In the menu search task, there were six menu search trials. In each trial,
the participants were asked to search for a specific item in a two-level hierarchical
menu, the first level presented the main menu categories, and the second level
presented the menu items under each category. A two-level hierarchical menu design
was used in this study because it was interesting to investigate outlying menu search
performance using more complex menus that have more than one level. These types
of menus would allow following completely incorrect paths, and this might increase

the likelihood of outlying menu search performance.

Participants’ menu search performance data (search time and path) was recorded in
each trial. The search time is the time taken by participants to find and select the target
item, and it was measured in seconds. The path shows where participants went during
the search trial. Paths can be filtered into direct and indirect success. Direct success
means that participants found the target item directly without moving back to the main
categories. Indirect success means that participants found the target items but moved

back to the main categories at least once.

Multiple menu search trials were designed to check whether the outlying menu search
performance is caused by specific participants. If outlying performance is due to a
permanent feature in a participant, the same participant will show outlying

performance in all or most menu search trials.

The menu search trials order was not counterbalanced. They were presented to the
participants in the same order. This allows checking the role of having a different
perception of menu semantics. If participants do not carry out the trials in the same
order, their knowledge of the menu might override their initial perception of menu

semantics and consequently affect their menu search performance.

Presenting the menu search trials in the same order might introduce order effects such
as practice effects, fatigue effects and boredom effects. Fatigue and boredom effects
are not likely to happen as the task is short and less intense to do. Practice effects are
more likely to happen as participants might become better as they become more
familiar with the menu. However, this study did not aim to compare the participants

performance in different menu search trials. It aimed just to compare the participants
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performance within an individual menu search trial to check whether their perception

of menu semantics affects their menu search performance in this trial.
7.2.2 Participants

In this study, Amazon Mechanical Turk (MTurk) was used to recruit the participants.
MTurk is a crowdsourcing Internet marketplace where researchers can recruit
participants for their studies. This online crowdsourcing service has been used and
validated as a tool for different kinds of research. As for the experimental cognitive
science research, it was found by Crump et al. (2013) that the data collected by the
MTurk was fairly high quality and comparable to the quality of the data collected in

the controlled lab.

Using MTurk in this study enabled having a wider and more diverse population. The
wider and more diverse population might help in investigating the role of individual

differences in outlying menu search performance.

To ensure the quality of the collected data, participation was restricted to workers who
have greater than or equal to 5000 approved Human Intelligence Task (HITs) and who

have a HITs approval rate of greater than 95%.

One hundred and one (101) participants were recruited. Fifty-nine (59) participants
were male, and forty-two (42) participants were female. They belonged to different
age groups, see Figure 7.1. Their educational level ranged between high school and
postgraduate degrees. Most participants have a good experience in purchasing
electronic devices online, but the rest of the participants have little experience, see

Figure 7.1.

Each participant was paid USD 4.00 (equivalent to GBP 3.26) for participation in this
study. This payment was calculated based on a recommendation by Burleigh (2019)
that workers should be paid an amount equal to a minimum hourly wage. He stated
that if the task takes an average of one hour to complete, the payment can be USD
7.25-12 to every worker completing the task. Since the estimated time to complete the

tasks in this study was 10 minutes or less, four dollars seemed a fair payment.
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Participants Age Groups Participants Experience
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Figure 7.1: Demographics of participants.

7.2.3 Tasks and Materials

Participants were asked to perform two tasks: the card sorting task and the menu search
task. In the card sorting task, participants were asked to sort the presented items into
groups of similar items. In the menu search task, participants were asked to carry out
six menu search trials. In each trial, participants were asked to click on a specific target
item on a hierarchical menu (two-levels menu) as quickly and as accurately as they
could. The menu search trial starts once the button “Start task” is clicked and the menu
appears on the screen. The menu search trial finishes when participants select the target

item.

The menu items that were used in this study were the same menu items used in Yin's
(2018) study. These menu items were derived from the John Lewis online store's menu,
more specifically, from the electricals top-level category. The electricals category was
chosen because nowadays most people rely on electricals in their daily life. And as
new electronic devices are regularly introduced, the menu items under the electricals
category differ across different e-commerce websites (Yin, 2018). The electricals
category was simplified in this study to include three subcategories; Home Appliance,
Small Appliance and Smart Tech, while there are six subcategories in the original
category on John Lewis online store. Four items were chosen under each subcategory
(12 items in total). Under Home appliance, there were Washing machines, Fridges,
Dishwashers and Lamp. Under Small Appliances, there were Coffee machines,

Kettles, Toasters and Food processors. Under Smart Tech, there were Mobile phones,
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Smart watches, Drones and Home telephones. These twelve selected menu items were
used to create the cards that should be sorted by the participants in the card sorting

task, see Figure 7.2.

% OptimalSort
Coffee Machines
Step 1
Food Processars Take a quick look at the list of items to the left.
Washing Machines We'd like you to sort them into groups that make sense to you.

There is no right or wrong answer. Just do what comes naturally.

Step 2

Drag an item from the left into this area to create your first group.

Mobile Phones

Fridges

Dishwashers

Toasters

Drrones

Smart Watches

Kettles

Home Telephones

Figure 7.2: The card sorting task (created by OptimalSort).

Also, the three selected subcategories, Home Appliance, Small Appliance and Smart
Tech and their items were used to construct the two-level hierarchical menu used in
the menu search task, see Figure 7.3. The target items selected for the six menu search
trials were as follow: Kettles, Home Telephones, Lamps, Coffee Machines,

Dishwashers and Drones (two items from each subcategory).
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¥ Electricals

* Small Appliances
Toasters
Food Processors
Kettles
Coffee Machines

w Smart Tech
Home Telephones
Drones
Mobile Phones
Smart Watches

* Home Appliance
Fridges
Dishwashers
Washing Machines

Lamps

Figure 7.3: The menu used in the menu search task.

This study used Optimal Workshop- a user research platform that offers several tools
such as card sorting and tree testing. The card sorting tool "OptimalSort" was used to
create the card sorting task. The tree testing tool "Treejack™ was used to create the
menu search task. This tool automatically records participants’ performance data, such
as task completion time and path. Also, it allowed presenting the menu alone on the
website page. This helped in avoiding any source of distractions that can be found on

real websites and affect user performance.

The OptimalSort tool presented the twelve cards to the participants, see Figure 7.2.
These cards represented menu items. To sort these items, participants need to drag and

drop each item with similar items.

The Treejack tool presented a menu to the participants. This menu has three

subcategories that were organised in a hierarchical structure, see Figure 7.3. This menu
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was folded in the formal task, and to see the items belong to a specific subcategory,

participants need to click on this subcategory, see Figure 7.4.

Click to buy Lamps in the following menu as quickly and as accurately as you can.

Electricals
* Home Appliance
Fridges
Dishwashers
Washing Machinzs

Lamps

Figure 7.4: An example of a menu search trial (created by Treejack tool).

7.2.4 Procedure

This study was unmoderated and done online using an Amazon Mechanical Turk
(MTurk) website. The description of this study was presented to the MTurk Workers
once they clicked on the HIT link of this study on the HITs page on the MTurk website.
If they accepted participating in this study, clicking on the link would redirect them to
this online study created by the Optimal workshop platform. Once they clicked on the
link, the study information sheet was presented to explain the whole information about
this study, see Appendix E.1. Then, they were asked to sign the consent form by ticking
the box to indicate their agreement to take part in this study, see Appendix E.1. After
this, they were asked to fill out a short survey about their demographics and their
experience in purchasing electricals online. Then, they were redirected to the card
sorting task link. Once they finished this task, they were redirected to the menu search
task link. This task consists of 6 trials as well as one practice trial at the beginning.
After that, they went back to the MTurk website to confirm the successful completion

of this study. The average time spent to complete the whole study was 3.5 minutes.
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7.2.5 Pilot

This study was piloted to ensure that everything was clear and understandable. The
links of this study were sent to two colleagues, and they were asked to complete this
study and give feedback. Based on their feedback, there was only one slight change
recommended. One colleague has suggested modifying one of the demographic
questions that were about the experience in purchasing electricals online. This closed
question offered two responses (yes/no). It was suggested that the yes and no responses
be replaced with three responses that represented three possible levels of experience
in purchasing electricals online. Therefore, three responses were set to this question.
These responses were as follows: | have a good experience, | have a little experience,

and | have no experience.
7.2.6 Data Analysis

The responses of MTurk workers should be checked to detect the signs of subject
inattentiveness as recommended by Cheung et al. (2017). After checking the
responses, eight participants seemed inattentive. They did not follow the instructions
as they sorted the cards randomly in the card sorting task or selected the wrong menu
item in the menu search task. The responses of these participants were removed from
the collected data. After removing these responses, the total number of responses was
ninety-three (93).

The responses to the card sorting task were recorded by the OptimalSort tool. This tool
automatically generated a similarity matrix. Each similarity value in the similarity
matrix represents the percentage of participants who place these two cards in the same
group. This similarity matrix was downloaded as an Excel sheet. Then, it was then
analysed using the same clustering techniques (hierarchical clustering and MDS) that
were used in Study 3 and Study 4 (Chapter 5). These clustering methods are used to
find out the semantic groups of menu items according to participants sorting that

represents their perception of menu semantics.

Additionally, to find out the similarity between the original menu sort and participants’
sorts, minimum edit distance was used. The minimum edit distance measures how far
two card sorts are by calculating the minimum number of changes to transform one
sort into another sort (Deibel and Anderson, 2005). One change involves moving one

card from one group to another one.
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Participants’ performance in the menu search trials was recorded by the Treejack tool.
This tool provided detailed results of each menu search trial. These results included
the time taken by each participant to complete the menu search trial (search time) and
the path followed by each participant to find and select the target item. These results
were downloaded as Excel files for analysis. The boxplots were used to display the
distribution of search time for each menu search trial and to identify outliers in each
menu search trial. After identifying the outlying menu search performance cases, these
cases were studied in detail to find out whether they are due to having a different

perception of menu semantics or due to specific participants.

7.3 Results

7.3.1 The perception of menu semantics

By looking at the generated similarity matrix, see Figure 7.5, it was clear that Coffee
machines, Toasters, Food processors and Kettles were perceived as highly similar to
each other as they were grouped by a high percentage of participants. Also,
Dishwashers, Fridges and Washing machines were grouped by most participants.
Lamps and Home telephones were grouped by 39 % of participants. Home telephones
and Mobile phones were also believed to be similar to each other. Mobile phones and
Smart watches were grouped by 72% of participants. Smart watches and Drones were

thought similar to each other by about half of the participants.
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Figure 7.5: A 12-by-12 similarity matrix, the similarity values represented the

percentage of participants who place these two items in the same group.

The hierarchical clustering technique was applied to the similarity matrix. Four

hierarchical clustering methods (single, complete, average and ward.D) were used.

Four clusters (semantic groups) were found by using the average and single

hierarchical clustering methods, see figures 7.6 (a) and (b):

Cluster 1: Lamps;

Cluster 2: Home Telephones, Drones, Mobile Phones and Smart Watches;

Cluster 3: Kettles, Food Processors, Coffee Machines and Toasters;

Cluster 4: Washing Machines, Dishwashers and Fridges.

The complete and ward.D hierarchical clustering methods generated four clusters

(semantic groups), see figures 7.6 (c) and (d):

Cluster 1: Drones, Mobile Phones and Smart Watches;

Cluster 2: Lamps and Home Telephones;

Cluster 3: Kettles, Food Processors, Coffee Machines and Toasters;
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Cluster 4: Washing Machines, Dishwashers and Fridges.

The multidimensional scaling (MDS) method found four clusters (semantic groups);

see figure 7.7.

Cluster 1: Lamps;

Cluster 2: Home Telephones, Drones, Mobile Phones and Smart Watches;
Cluster 3: Kettles, Food Processors, Coffee Machines and Toasters;
Cluster 4: Washing Machines, Dishwashers and Fridges

Again, Lamps was isolated in one cluster as found by the average and single

hierarchical clustering methods.

By comparing the results of the four hierarchical clustering methods (average, single,
complete, ward.D) and the MDS method, three robust clusters were produced by all
methods. These clusters fit the original menu categories (Smart Tech, Small
Appliances and Home Appliances). However, the Lamps item was found in a separate
cluster, see Figure 7.6. This might indicate that the Lamps item confused most
participants as they did not group it with the similar items in its original group.
Therefore, it appeared isolated from its similar items in all clustering diagrams. Home
Telephones item might also confuse some participants as they did not group it with the
similar items in its original group. Therefore, it appeared in a different cluster as in
complete and ward.D hierarchical clustering diagrams.
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Figure 7.7: The clusters of menu items generated by the multidimensional scaling
(MDS).

With regard to the suggested labels for the created groups, it was found that different
labels were suggested by the participants to name the created groups. However, some
labels were frequently suggested, see Table 7.1. The frequently suggested labels mean
that were suggested by 10 participants or more. Kitchen and Small appliances labels
were used frequently to name the menu items group that belonged to Small Appliances
subcategory. The menu items that belonged to Home appliances subcategory were
categorised under Large appliances and Appliances labels, except Lamps item that was
repeatedly placed under the Lighting label. Electronics and Phones labels were used

frequently to name the menu items group that belonged to Smart Tech subcategory.

The frequently suggested labels were not similar to the original subcategories’ labels
found in John Lewis online store's menu, except for Small appliances that matched the

original label.
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Orignal Label Menu ltem The frequently suggested labels
Coffee Machines Kitchen Small appliances | kitchen appliances
Small Toasters Kitchen Small appliances
Appliances Food Processors Kitchen Small appliances | kitchen appliances
Kettles Kitchen Small appliances | kitchen appliances
Dishwashers Large appliances Appliances kitchen kitchen appliances
Home Fridges Large appliances Appliances kitchen kitchen appliances
Appliances Washing Machines | Large appliances Appliances
Lamps Lighting
Home Telephones Phones Electronics
Smart Tech Mobile Phones EIectron?cs Phones .
Smart Watches Electronics | Personal electronics
Drones Electronics

Table 7.1: The frequently suggested labels for each item.

7.3.2 The average menu search performance

The average search time and the percentage of the direct success (finding the target

item without backtracking) for each menu search trial were presented in Table 7.2.

Trial# Average search time Direct success
percentage
Trial#1(select Kettles) (U=5.9, 6=3.78) (65.6 %)
Trial #2 (select Home Telephones) (u=8.74, 0= 3.75) (33.3%)
Trial#3 (select Lamps) (u=6.48, 0= 3.38) (50.5%)
Trail#4 (select Coffee Machines) (u=5.44, 0= 2.43) (63.44%)
Trial#5 (select Dishwashers) (u=4.14,0=1.7) (84.9%)
Trial#6 (select Drones) (u=3.49,0=1.6) (93.5%)

Table 7.2: The average search time and the percentage of direct success for each
menu search trial.
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Trial 2 has the longest average search time and lowest percentage of direct success,
followed by trial 3. Trial 6 has the shortest average search time and the highest
percentage of direct success, followed by trial 5. This might be because of the learning
effect, the participants learned the menu, and therefore they found the target items
directly.

7.3.3 The outlying menu search performance

Outliers were found in each trial, see Figure 7.8. The total number of outlying menu
search performance cases was 26 cases produced by 20 participants, 3 cases in trial 1,
one case in trial 2, 2 cases in trial 3, 4 cases in trial 4, 7 cases in trial 5 and 9 cases in
trial 6.

34
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Menu Search Trials

Figure 7.8: Boxplots of search time for each menu search trial.

The outlying menu search performance cases were analysed to find out whether these
cases were due to having a different perception of menu semantics. Also, to check
whether these cases were due to specific participants. Additionally, other factors such

as age and experience were considered.
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e The effect of having a different perception of menu semantics

The minimum edit distance was calculated to find out the similarity of each
participant’s sort to the original menu sort, see Figure 7.9. The average distance was
(u=3.42, o= 1.56), see Figure 7.10.
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Figure 7.9: The distance of participants from the original menu sort.
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Figure 7.10: The histogram of the distance of participants.

To find out whether outliers sorted the menu items differently, the distance of each
outlier was checked, see Table 7.3. Their distances were not different compared with

the distances of non-outliers, see Figure 7.9 and Figure 7.10.

Additionally, the card sorting of each outlier in the first three menu search trials was
checked. It was found that outliers and non-outliers sorted the menu items in a similar
way. Examples of outliers’ card sorting are given. Outlier (P 17) occurred in the first
trial (select Kettles). This outlier grouped Kettles item with similar items, see Figure
7.11 (a). This was just like many participants who are not outliers and put these items
together, see Figure 7.11 (b). Outlier (P 89) occurred in the second trial (select Home
Telephones). This outlier could not group Home telephones item with similar items,
see Figure 7.12, just like other participants did not put Home telephones item with the
similar items as found in section 7.3.1. Also, outlier (P 19) occurred in the third trial
(select Lamps). This outlier could not group Lamps item with the similar items, see
Figure 7.13, just like other participants did not put Lamps item with the similar items
as found in section 7.3.1.

The card sorting of the outliers in the last three menu search trials was not checked.

This is because the speed up in the performance would suggest that the menu was
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learnt and, therefore, the participant's knowledge of the menu overrode their initial

semantic perception.

Based on the abovementioned results, no relationship was found between having a

different perception of menu semantics and outlying menu search performance.

Dretails Card sort

Mobile Phones

Furniture

Lamps

Kitchen appliances
Dishwashers
Food Processors
Fridges
Kettles
Coffee Machines

Toasters

(a)

Details Card sort

Communication

Kitchen Appliances

Coffes Machines

Dishwashars

Kettles

Fridge

Food Procassors

Tomstars

(b)

Figure 7.11: (a) Outlier (P 17)’s card sorting, (b) Not outlier participant’s card

sorting.
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Details Card sort

cores ae e s

Fridges

Home appliance
Washing Machines
Home Telephones

Lamps

Portable electronics
Mobile Phones
Smart Watches

Drones

Figure 7.12: The outlier (P 89)’s card sorting. This outlier occurred in the second
trial (select Home telephones).

Details Card sort

reELUES
Coffee Machines

Food Processors

Lighting

Lamps

Phones
Home Telephones

Mobile Phones

Personal Electronics

Smart Watches

Figure 7.13: The outlier (P 19)’s card sorting. This outlier occurred in the third trial
(select Lamps).

As for the suggested labels, it was found that all outliers suggested different labels to
name the created groups, see Table 7.3. These suggested labels were different
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compared with the original labels. For example, Kitchen was used by most outliers to
label the kitchen related items. However, most average participants in this study also
suggested different labels for the created groups. Therefore, there was no relationship
between having different expectations of category labels and outlying menu search

performance.
. ) The distance of outlier sort Ou.tller B Outlier reoccured in other
Case # | Participant # Trial # L. different labels )
from the original sort trails (Yes/No)
(Yes/No)

1 P17 1 6 Yes no

2 P34 1 4 Yes Yesin trial 3

3 P 82 1 1 Yes Yes in trial 5

4 P 89 2 3 Yes No

5 P34 3 4 Yes Yesin trial 1

6 P19 3 3 Yes No

7 P 49 4 5 Yes Yes in trial 5

8 P71 4 1 Yes No

9 P 58 4 4 Yes Yesin trial 5and 6
10 P 54 4 5 Yes No

11 P14 5 2 Yes No

12 P 36 5 5 Yes No

13 P 49 5 5 Yes Yes in trial 4
14 P52 5 3 Yes No

15 P 58 5 4 Yes Yes in trial 4 and 6
16 P 48 5 4 Yes Yes in trial 6

17 P82 5 1 Yes Yes in trial 1
18 P22 6 3 Yes No

19 P31 6 4 Yes No

20 P 26 6 3 Yes No

21 P 46 6 1 Yes No

22 P 58 6 4 Yes Yesin trial 4and 5
23 P 48 6 4 Yes Yes in trial 5

24 P41 6 2 Yes No

25 P 88 6 2 Yes No

26 P 81 6 1 Yes No

Table 7.3: The analysis of 26 outlying menu search performance cases.

e The effect of a participant's trait

The performance of outliers in each menu search trial was checked to find out some
indications of their trait that might play a role in their poor performance, such as

slowness and difficulty in recovering from mistakes.

To check whether outliers are slow people, the number of occurrences as outliers has
been checked, see Table 7.3. Five participants have occurred more than once as
outliers, four of them have occurred two times, and one has occurred three times.
However, no one has occurred in all six trials. Also, the search time in the first trial

and last trial were plotted and a Pearson correlation test was applied, see Figure 7.14.
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There was a moderate correlation between the outliers’ performance in the first trial
and last trial, r =-0.446, r2=0.199, see Figure 7.14. The negative correlation suggests
that outliers are faster on the last trial if they take longer on the first trial. Therefore,
there isn’t a general effect of their trait but rather an indication that the initial
processing of the menu leads to efficiencies later.

R? Linear = 0.189
2500 ')

2000 °

15.00

10.00

Search_Time_First_Trial

5.00

0o

250 5.00 7.50 1000 1250

Search_Time_Last_Trial

Figure 7.14: Search time for the first trial and the last trial.

To check whether outliers have difficulty in recovering from mistakes, their
performance when they follow the wrong path and backtrack from it was checked, see
Table 7.4. The followed path was classified into two types; direct success and indirect
success. Direct success means that the participant went directly to the target item.
Indirect success means that the participant did not go directly to the target item; they
moved back through the menu subcategories before finding the target item. When
checking the following path in each trial for each outlier, see Table 7.4, it was found
that outliers have no problem in recovery after following the wrong path because, in
some trials, the outliers followed the wrong path (indirect success) and did not show
outlying performance. This indicates that outlying menu search performance was not

related to the difficulty in recovering from choosing the wrong subcategory.

137



The abovementioned results indicate that no relationship was found between outlying

menu search performance and a participant’s trait.

Participant #
P17
P 34
P 82
P 89
P 19
P 49
P71
P 54
P14
P 36
P 52
P 58
P 48
P22
P31
P 26
P 46
P41
P88
P 81

IS=Indirect success

Table 7.4: The followed path in each trial for each outlier (* outlying performance
occurred in this trial)

e The effect of age and experience

Age and experience were also checked as factors that might play a role in the outlying
performance cases in this study. About half the outliers (55%) belonged to the 30-49
age group. And most outliers (70%) have good experience in purchasing electricals
online. This matches the whole participants' demographics percentages as most
participants belonged to the 30-49 age group and have good experience in purchasing
electricals online. The percentage of outlying performance in the older participants
(50+) is 33% which is to some extent close to 27% of the percentage of outlying

performance in younger participants (18-29), see Figure 7.15.

As for the influence of the experience in purchasing electricals online, the percentage
of the outlying menu search performance in participants with good experience is 19%,
and the percentage of the outlying menu search performance in participants with little

experience is 31%, see Figure 7.16.
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The percentages of outlying menu search performance in older participants and
participants with little experience were a bit higher than the percentages of outlying
menu search performance in younger participants and participants with good
experience. This might indicate that age and experience are factors in outlying user

performance.

100%
90%
80%
70%
60%
50%
40%
30%
20%
10%

0%

(18-29) (30-49) (50+)

B No outlying performance B Some outlying performance

Figure 7. 15: The percentages of the participants with outlying performance against

age groups.
100%
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Good experience Little experience No experience

H No outlying performance M Some outlying performance

Figure 7.16: The percentages of the participants with outlying performance against
experience.
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To further investigate the influence of age and experience, the oldest participants (50+)
and participants with little experience in purchasing electricals online were excluded
from the sample. Twenty-four participants were excluded from the sample. The sample
was analysed again. It was found that 24 outlying performance cases have occurred,
20 cases were the same cases that were found before, excluding the oldest participants
and participants with little experience, see Figure 7.17. This indicates that other
factors, not age and experience, play a role in outlying performance. The 24 outlying
performance cases were analysed, see Table 7.5. The same results were obtained. The
outlying menu search performance cases were not due to having a different perception

of menu semantics. Also, these cases were not due to specific participants.
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Figure 7.17: Boxplots of search time in each trial (after excluding the oldest
participants and participants with little experience).
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. ) The distance of outlier sort Ou.tller suggested Outlier reoccured in other
Case # | Participant# Trial # L. different labels .
from the original sort trails (Yes/No)
(Yes/No)

1 P34 1 4 Yes Yes in trial 3

2 P 82 1 1 Yes Yes in trial 5

3 P 89 2 3 Yes No

4 P34 3 4 Yes Yesin trial 1

5 P18 3 2 Yes No

6 P28 3 1 Yes No

7 P 58 3 4 Yes Yes in trial 4,5and 6
8 P92 3 4 Yes No

9 P49 4 5 Yes Yes in trial 5

10 P71 4 4 Yes No

11 P 58 4 4 Yes Yesin trial 3, 5and 6
12 P54 4 5 Yes No

13 P36 5 5 Yes No

14 P 49 5 5 Yes Yesin trial 4

15 P52 5 3 Yes No

16 P 58 5 4 Yes Yes in trial 3, 4and 6
17 P48 5 4 Yes Yes in trial 6

18 P 82 5 1 Yes Yesin trial 1

19 P22 6 3 Yes No

20 P 58 6 4 Yes Yes in trial 3,4and 5
21 P48 6 4 Yes Yesin trial 5

22 P 46 6 1 Yes No

23 P47 6 4 Yes No

24 P81 6 1 Yes No

Table 7.5: The analysis of 24 outlying menu search performance cases (after
excluding the oldest participants and participants with little experience).

e Other observations

The increased number of outliers in the last two menu search trials might be because
of the increased skewness that comes with reduced menu search time with each trial.
The reduction in average menu search time was because the participants got faster with

each trial as they learnt the menu.

7.4 Discussion

This study aimed to investigate the role of individual differences in the outlying menu
search performance. It checked whether having a different perception of menu
semantics plays a role in outlying menu search performance. Also, it checked whether

outlying menu search performance is due to specific participants.

The results of this study show no evidence that outlying menu search performance is
related to having a different perception of menu semantics. The outliers have the same
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perception of menu semantics compared with other participants. Additionally, the
results show no evidence that the occurred outlying menu search performance cases
are due to specific individuals. The outliers did not show outlying performance on a
regular basis. The outliers’ performance varied through the menu search trials. In some
trials, they performed poorly, and in some, they did very well. These results confirm
the findings of Yin (2018) that showed no evidence that outlying performance is due

to having a different perception of menu semantics or due to specific individuals.

Furthermore, in trying to explain the occurred outlying menu search performance, age
and experience were also investigated as possible factors that might play a role in
outlying menu search performance. Outliers were found in all age groups. Also,
outliers have different levels of experience in purchasing electricals online. However,
the percentage of outlying performance in the older participants was a bit higher than
in younger participants. Likewise, the percentage of outlying performance in
participants with little experience was higher than the percentage of outlying
performance in participants with good experience. By excluding the oldest participants
and participants with little experience from the sample, most outlying performance
cases still arise. This might indicate that age and experience are factors in the outlying
user performance, but they are not the only factors, as was found by Auskerin (2012)
in his work to investigate the really poor performance in usability tests.

The overall results of the participants’ menu search performance support Schiller and
Cairns’ (2008) observation that there is always one user or more who perform(s)

poorly compared with other users. Outliers were found in each menu search trial.

With regards to the average menu search performance, it seemed to be influenced by
the participants' perception of menu semantics. For example, most participants in the
card sorting task were not able to group Home telephones and Lamps items with
similar items as in the original groups. And when they were asked to search for these
items in the menu search task, they took a long time to find and select them compared
with other items. However, it could be that the long search time to find Home
telephones and Lamps items was because of following the wrong path (visiting the
wrong menu category) by most participants, and that affected the average menu search
time. For example, when they were asked to search for Home telephones item, a lot of
participants visited the Home Appliances category first because they thought that

142



Home telephones item is under this category; then, they backtracked and visited the
Smart Tech category that contains Home telephones item. Also, when they were asked
to search for Lamps item, about half participants visited the Small Appliances category
first because they thought that Lamps item is under this category; then, they

backtracked and visited Home Appliances category that contains Lamps item.

As for modelling the data of this study using Chen’s model, this model was developed
to model searching a single-level menu not a two-level hierarchical menu as used in

this study. Therefore, Chen’s model could not be used to model the data of this study.

The results of this study should be considered in light of some limitations that might
affect the results of this study. This study recruited participants through Amazon
Mechanical Turk (Mturk). Although recruiting the participants through MTurk
allowed conducting this study with a wider and more diverse population within a short
time. However, the participants' seriousness is a concern as it might affect the results.
It might be that some outlying menu search performance cases were due to
participants’ inattentiveness, so they masked the effect of the studied factors. The
participants’ inattentiveness was not a concern in Study (2) as it was conducted in a
controlled environment that allowed the researcher to observe the participants and see
their attentiveness. However, the concern of participants’ inattentiveness in this study
was because it was conducted online and no way to observe the participants. Therefore,
it would be better for future works that aim to investigate outlying user performance

to be conducted in a controlled environment.

Also, this study attempted to link the perception of menu semantics (the semantic
organization of menu items) to outlying menu search performance and used card
sorting to collect the perception of the semantic relationship between menu items. It
might be that menu search performance is not influenced by the perception of menu
semantics (the semantic organization of menu items). This was indicated in work by
Schmetto and Sommer (2016). Their work tried to link card sorting to browsing
performance. Their results suggested that browsing performance is not influenced by
having a matching mental model of website structure. They discussed their results and
mentioned that menu semantics (category labels) is a key factor in browsing

performance and not the well-designed website structure.
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Therefore, it might be that outlying menu search performance is due to having a
different perception of the menu semantics (category labels). However, the results of
Yin (2018) suggested that there is no relationship between having a different
perception of menu semantics (category labels) and outlying menu search
performance. It might be that the effect of having a different perception of menu
semantics was not clear because the menu used in her study contained competitive
menu categories that confused most participants. Therefore, future works that aim to
investigate the role of having a different perception of menu semantics in outlying
menu search performance should focus on the role of the semantic relevancy of menu
categories to their corresponding items. Also, they should use a menu with

distinguishable menu categories.

Additionally, it was difficult to justify the occurrence of outliers in this study, although
several factors were investigated. This might be because of depending on data that are
insufficient to identify the reasons behind the outlying menu search performance.
Therefore, other methods should be used to collect other data that help in identifying
the causes of the outlying performance. This was suggested by Albert and Tullis (2013)
that performance data should be supplemented with other data, such as observational
or self-reported data, to improve the understanding of the problems and how they
might be solved.
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Chapter 8

Study 7: Investigating Outlying Menu Search
Performance Using the Retrospective Think-
Aloud (RTA) Protocol

8.1 Introduction

The findings of Study 6 (Chapter 7) indicate that there was a difficulty in justifying
the occurred outlying menu search performance, although several factors were
considered and investigated. This difficulty might be because of depending on data
that are insufficient to identify the reasons behind the outlying menu search
performance. Therefore, other methods should be used to collect other data that help
in identifying the causes of the outlying performance. This was suggested by Albert
and Tullis (2013) that performance data should be supplemented with other data, such
as observational or self-reported data, to improve the understanding of the problems

and how they might be solved.

Observation can help in guessing problems from what was seen. However, it cannot
help in knowing what users think about it. The think-aloud technique is a useful
method to understand what is in the head of users (Preece et al., 2015). The think-aloud
protocol (TA) is a widely used method to collect users’ thoughts and frustration (Lazar
et al., 2017). The TA protocol was first proposed by Ericsson and Simon (1980), and
since that time, many researchers and usability testing practitioners have applied this
method in usability research and practice. By using TA protocol, the areas that cause
users to struggle and the reasons behind this struggle are verbally reported. The
usability practitioners utilise this information and combine it with other measures to
identify the problematic parts of the application under evaluation and to suggest some
improvements accordingly (Olmsted-Hawal et al., 2010). Therefore, the TA protocol
was suggested as a method for collecting users’ verbal thoughts that might explain

why the outlying performance has happened.

Two types of the TA protocol were identified by Ericsson and Simon (1993),
concurrent think-aloud (CTA) and retrospective think-aloud (RTA). In CTA, the
thoughts are verbalised by the user during performing the task, while in RTA, the
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thoughts are verbalised by the user after completing the task. Both methods have

advantages and disadvantages.

According to Van Den Haak et al. (2003), from a theoretical perspective, using RTA
instead of CTA has some advantages and disadvantages. The advantages of using RTA
can be specified in four points. First, RTA is less susceptible to reactivity than CTA
because participants perform the task in a normal way as usual, and therefore their
performance is not changed to be better or worse. The second advantage is allowing
measuring the task completion time, which cannot be measured accurately by using
CTA which slows down the participant performance as a result of the requirement to
verbalise the thoughts while performing the task. The third advantage is the possibility
to get more reflections from participants, which can reveal many high-level reasons
for individual usability problems. Finally, when usability testing is conducted across
cultures and with multiple languages, it is easier for participants to verbalise their
thoughts in a foreign language after completing the task than while performing the
task.

On the other hand, there are some disadvantages of using RTA instead of CTA, as
discussed by VVan Den Haak et al. (2003). First, RTA requires a longer testing session
with the participants because the participants are not just required to perform the task,
but they must watch their performance recording after that. The second disadvantage
that should be considered is the possibility that participants produce biased or
fabricated thoughts, or they might forget important information that happened while
performing the task. However, this mostly relies on the stimuli used to help the

participants in recalling their thoughts.

RTA seems more suitable to investigate outlying user performance because of the need
to focus on measuring a task completion time which is sensitive to any source of
distraction that might be caused by CTA. The CTA is considered an issue in analysing
the task completion time data, and the RTA is an appropriate method to collect the
most accurate task completion time data (Albert & Tullis, 2013). Moreover, there is a
need to focus on the users’ verbal thoughts to understand why outlying performance
happened. The RTA participants are offered more opportunities to comment on their

performance during interacting with the test object (Cotton & Gresty, 2006). The RTA

146



has also shown that it gives more information about users’ interpretations and

strategies in carrying out tasks (Guan et al., 2006).

This study aimed to investigate the outlying menu search performance using RTA.
Therefore, this study involved asking participants to carry out a menu search task, then
they immediately watched a screen recording of their performance in the menu search
task and reported their thoughts retrospectively.

8.2 Method
8.2.1 Design

The goal of this study was to find out the reasons behind the outlying menu search
performance by using RTA. This study was conducted individually. Each participant
in this study undertook a menu search task. Then, they directly watched a screen
recording of their performance and verbalised what they did and what they thought

while doing the task.

The menu search task in this study was almost the same menu search task in Study 6
(Chapter 7), but this study consisted of three menu search trials instead of six menu
search trials. The participant’s menu search performance (search time) was recorded
in each trial. Search time is the time taken by a participant to find and select the target
item, and it was measured in seconds. Additionally, a screen recorder was used to
record the participant’s performance in the menu search task. The screen recording

was used then in the RTA session to help participants in recalling their thoughts.

In the RTA session, the participant watched the screen recording of his/her
performance in the menu search task and verbalised their thoughts while doing the

task. The participant’s verbal thoughts were recorded.
8.2.2 Participants

Opportunity sampling was adopted in this study to recruit participants. The
announcement of the need for participants has been circulated between the
undergraduate students and administrative staff at the Computer and Information
Science College (CCIS) at King Saud University (KSU). After that, many students and
several administrative staff contacted the researcher to schedule the appointment.
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Thirty-three (33) participants were recruited for this study. They were all female as
KSU adopts single-gender education. They belonged to two age groups (18-29) and
(30-49), see Figure 8.1, 60.6% of participants have good experience in purchasing
electronic devices online, 33.3% of the participants have little experience, and 6.1%

have no experience, see Figure 8.1.

Participants Experiance Participants Age Groups
25 35
20 30
25
15 20
10 I :
3 5
0 L 0 [
Good experience Little experience  No experience (18-29) (30-49) (50+)

Figure 8.1: Demographics of participants.

8.2.3 Tasks and Materials

It was necessary to make the participant familiar with the testing laptop and with the
task as well. Therefore, preliminary tasks were prepared. These preliminary tasks
involved an online demographics questionnaire fill-in task and a trial menu search task.
The participant should fill in the demographics questionnaire and carry out the trial
menu search task before carrying out the main task. The demographics questionnaire
included closed questions about age and experience in purchasing electronic devices
online. The trial menu search task involved asking the participant to find a specific
item (Dairy) in a food menu and select this item as quickly and accurately as they

could, see Appendix F.2.

As for the main task (menu search task), the participant was asked to carry out three
menu search trials. In each trial, they were asked to search for a specific item in a two-
level hierarchical menu and select this item as quickly and accurately as they could.
The menu search trial starts once the button “Start task™ is clicked and the menu
appears on the screen. The menu search trial finishes when participants select the target

item.
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This study used the same two-level hierarchical menu that was used in Study 6
(Chapter 7). This menu was derived from the electricals menu in the John Lewis online
store. The same three menu categories were used (Small appliances, Smart Tech and
Home Appliances), and the same items under each category, see Figure 8.2. However,
the menu was translated into the Arabic language as all participants were native Arabic
speakers. The translated menu was similar to the menus found in the well-known Saudi

commercial websites that sell electricals, such as the Extra online store.

Three items (Lamps, Home Telephones and Toasters) were chosen as target items, one
target item from each category. In the first trial, the participants were asked to find
lamps in the electricals menu. In the second trial, the participants were asked to find
home telephones in the electricals menu. In the third trial, the participants were asked
to find toasters in the electricals menu. The lamps and home telephones were chosen
as target items because they were confusing items, as was found in Study 6 (Chapter
7), as many participants were not able to find these target items directly without
backtracking to the main categories. The description of each menu search trial was

written clearly and set out at the top of the page, see Figure 8.3.

The menu was developed using the same tool, “Treejack”, that was used in Study 6

(Chapter 7).
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w Electricals

¥ Small Appliances
Toasters
Food Processors
Kettles
Coffee Machines

v Smart Tech
Home Telephones
Drones
Mobile Phones
Smart Watches

¥ Home Appliance
Fridges
Dishwashers
Washing Machines

Lamps

Figure 8.2: The menu used in the main task.

Click to buy Lamps in the following menu as quickly and as accurately as you can.

Electricals
v Home Appliance
Fridges
Dishwashers
Washing Machines

Lamps

Figure 8.3: Example of a menu search trial.
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8.2.4 Setting and Equipment

All sessions of this study were conducted in one office in the College of Computer and
Information Science (CCIS) at KSU. This office consisted of sofas, a comfortable table
and chair, a laptop with an external mouse, a bookcase and other items that are usually
found in a typical office, see Figure 8.4. The environment and equipment were
controlled to reduce the bias that might arise due to participants having different

settings and equipment.

To offer a comfortable environment, the sources of noise were avoided, and the light
and temperature were set to normal levels. Just the researcher and the participant
attended the session. The researcher sat behind the participant to reduce the feeling of

being observed.

The same laptop and the same internet connection were used in all sessions. This was
to avoid any variation that might affect the user performance measurement. The test
laptop was equipped with a 2.40 GHz Intel processor, Windows 10 operating system

and an external computer mouse.

To record the screen, Camtasia, a screen recording software, was installed and run on
the test laptop. The voice recorder was also run on the test laptop to record the verbal

report of the participants.

Figure 8.4: The equipment and setting.
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8.2.5 Procedure

This study was conducted in 33 individual sessions. When the participant arrived at
the office, she was welcomed and made to feel at ease. Then, the participant was asked
to read the information sheet that describes the aim of this study and other issues
related to the participant’s rights, such as withdrawal and confidentiality, see Appendix
F.1. After reading the information sheet, she was asked to sign the informed consent
form. After that, she was introduced to the study and given the instructions. These
instructions were read out from a paper to guarantee consistency. To make the
participant familiar with the testing laptop and with the task, she was given a link to
the preliminary tasks and asked to open this link and follow the instructions. The link
directed the participant to an online demographic questionnaire. After completing the

demographic questionnaire, the trial menu search task was presented.

After that, the screen recording software (Camtasia) was set up by the researcher, and
the participant was given a link to the main menu search task and asked to carry out
the task in silence and without any assistance from the researcher. Once she completed
the task, she immediately sat with the researcher to watch the screen recording of her
performance in the task, and she was asked to say what was going on in her head during
the menu search task. Acknowledgement tokens such as “Ok” and “yeah” were used
to show the expected response from the active listener without being directive, as
suggested by Boren and Ramey (2000). The retrospective verbalisation was recorded

using voice recording software.

At the end of the session, the participant was thanked for her participation and
requested not to discuss the study with others who might participate in this study.
Following that, the researcher collated all required documents and copied the video
and voice recording to a folder identified by the participant 1D. After that, the

environment was restored to the original situation in preparation for the next session.
8.2.6 Pilot

To find out the most suitable design for this study, a pilot study was conducted to check
whether face recording helps in understanding participants’ interaction behaviour.
Also, to check whether doing multiple trials influences the participant’s ability to recall

the thoughts. Therefore, four conditions were tested: face recording and single trial,
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face recording and multiple trials, no face recording and single-trial and no face

recording and multiple trials.

Four groups of participants took part in this pilot study, two participants in each group.
The first group were asked to complete a single menu search trial. Their performance
on the task and their faces were recorded using Camtasia. After completing the task,
each participant watched the video recording of her performance and was asked to
verbalise her thoughts. The second group did the same as the first group, but multiple
menu search trials should be completed by this group. The third group did the same as
the first group, but with no face recording. The fourth group did the same as the second
group, but with no face recording.

It was noticed in this pilot study that face recording concerned the participants as they
seemed hesitant to accept that. Additionally, the face recording did not help in
understanding the user’s behaviour as most users showed a masked face. Therefore, it

was decided that participants’ faces would not be recorded.

Regarding doing multiple menu search trials, it was found that doing three menu search
trials did not affect the ability of the participants to recall their thoughts in the earlier
trial. This might be because each trial was simple and similar to the other trials.

Therefore, it was decided to set three menu search trials in the main task.

No major issues were raised while piloting this study, just minor issues such as the

font size of the displayed text. This issue was solved by zooming up the web browser.
8.2.7 Data Analysis

Once the 33 sessions were completed, the collected data were prepared for analysis.
Three types of data were collected: menu search performance data (search time, path),
screen recording and RTA verbal reports.

The menu search performance data for each menu search trial was recorded by the
Treejack tool. These data were downloaded as an excel sheet. Then, the boxplots were
used to display the distribution of the search time and identify outliers in each menu

search trial.

The RTA verbal thoughts recordings were transcribed into text files. After that, the

transcription was analysed using thematic analysis. The thematic analysis was the most
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suitable qualitative analysis method because this study has a focused aim which is in

finding out the causes of outlying menu search performance.

To identify the themes in this study, the same approaches used in Study 1 (Chapter 3)
was also used in this study. The inductive ‘bottom-up’ approach, the semantic
approach and the essentialist/realist analysis approach. Also, Braun and Clarke’s six-
phase guide of the thematic analysis was followed. First, the transcription was read
and re-read to get familiar with the content. Then, each segment of the transcription
that was relevant to the menu search performance was identified and coded. Open
coding was used, which means that codes are developed and changed through the
coding process. Each piece of data was given a labelled code that was added to the
transcriptions document as a comment beside the highlighted interesting data.

Examples of the generated codes were strategy and difficulty.

Then, all the generated codes were grouped and collated to search for potential themes.
The similarities and differences among the generated code were identified — this helped
in making sure that the generated codes and their corresponding data extracts could
form themes. The two identified themes were: menu search strategies and menu search

obstacles.

After that, the two identified themes were reviewed to make sure that, for both themes,
there were enough data to support them and that there is consistency in the data that
belonged to the same theme. Moreover, the identified themes were reviewed to make

sure that they reflect all interesting issues in the entire collected data.

Once satisfied with the identified themes, each theme was defined and named for the
analysis. Producing the report phase was done concurrently with the defining and
naming themes phase because defining and naming themes phase necessitates writing
about each theme along with the corresponding data extracts, see the Results section.

The two themes were reported in a narrative way that ultimately presented the findings.

To identify the reasons behind the occurred outlying menu search performance, each
outlying performance case was investigated in detail. The outliers’ verbal thoughts
transcriptions, along with their screen recordings, were analysed thoroughly. It was
noticed that one outlier did not follow the instruction that emphasised reading the task
description before starting the task. She pressed the ‘Start task’ button. Then she read

the task description. This, of course, affected the search time and made it much longer.
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Therefore, the performance data of this participant in this task was removed from the

analysis.

8.3 Results

8.3.1 Menu Search Performance (quantitative results)

The average search time for each menu search trial was presented in Table 8.1.

Trial # Mean (SD) search time in Percentage of direct
second success
1: select Lamps 12.13 (5.96) 41%
2: select Home 7.63 (3.39) 65%
Telephones
3: select Toasters 10.10 (3.90) 18%

Table 8.1: The average menu search performance in each menu search trial.

The average search time in trial 1 (select Lamps) and trial 3 (select Toasters) was
longer than in trial 2 (select Home Telephones), see Table 8.1. This was because many
participants in trial 1 and trial 3 could not find the target item directly, as indicated by
the percentages of direct success (choosing the target item without backtracking) for
each trial, see Table 8.1. This means that many participants in trial 1 and trial 3 first
visited the wrong category, and then backtracked to find the right category. Therefore,

they spent a long time finding the target.

As for the outlying menu search performance, outliers were found in each trial, see
Figure 8.4. The total number of the outlying menu search performance cases was 3

cases created by 3 participants, 2 cases in trial 1, and one case in trial 2
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Figure 8.5: Boxplots of menu search time in the three trials; trial 1 (select Lamps),
trial 2 (select Home Telephones) and trial 3 (select Toasters).

8.3.2 Menu Search Performance (qualitative results)

By analysing the collected verbal reports from the participants, two main themes were
found related to the menu search performance. These two themes were presented in
the following sections.

e Menu Search Strategies

The most common strategy used by the participants to search for a specific item in a
two-level hierarchical menu was satisficing strategy. They selected the good enough
category that might lead to the target item based on the semantic relevancy of the
category label to the target item. The following data extracts explain these strategies:

“To search for lamps, | thought that lamps related to home
appliances. Then, I found it directly” P(11);

“I expected to find lamps under small appliances because they are
small. After that, I found it under home appliances” P(15);
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“Searching for home telephones was clear for me because | knew

it was under smart devices from a smart word.” P(23).

Another strategy that was adopted by some participants is optimizing. They evaluated
all the categories to find the optimal category, as mentioned by the participants in the

following extracts:

“When I started this task, I checked the displayed categories to
decide where lamps can be found, | was confused whether lamps
are under home appliances category or small appliances
category” P(13);

“As this was the first time | saw this menu, | tried to read the
categories one by one to figure out where | can find the lamps. |
was confused between small appliances and home appliances. |

tried small appliances and then home appliances” P(27).

After interacting with the menu, some participants learned this menu and were able to

find the target item directly, as stated by some participants in the following extracts:

“Finding home telephones was straightforward for me because 1

already saw this list” P(1);

“In the third trial, I saw toasters before. It was under small

appliances. Therefore, I found it immediately” P(10),

“Finding toasters was easy because I saw it before. Therefore, [

chose it immediately” P(13).

e Menu Search Obstacles

The participants faced some obstacles while carrying out the menu search. One of these
obstacles was uncertainty. The participants were confused when they were asked to
search for a specific item, and they expected that more than one category could lead to
the target item (competitive menu categories). They faced difficulty in deciding which
was the best one that could lead to the target item. This problem was very noticeable

in the first trial which was about searching for lamps. This might be because lamps
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can be classified under small appliances or home appliances. Therefore, it confused

many participants, as stated in the following data extracts:

“I was really confused about selecting small appliances or home

appliances. It was not clear for me” P(1);

“Here, when I was asked to search for lamps in the electricals
menu, | was confused about small appliances or home appliances.

Then, I found it under home appliances.” P(28),

“To find lamps, I was confused about whether to be under small
appliances or home appliances. | felt that | do not know which one,
then | selected small appliances as lamps are small. I did not find
it. Therefore, | said it is definitely under home appliances, and |
found it.” P(31).

This uncertainty was also indicated in the screen recording when participants moved

their mouse cursors up and down over the menu categories.

Another menu search obstacle was having a different perception of menu semantics
(the semantic relevancy of a menu category to its corresponding items). Some
participants had a completely different perception. Therefore, they visited several
wrong categories until finding the target item. As outlined by the participants in the

following data extracts:

“I went to small appliances because home telephones are small
devices when 1 did not find it, | went to home appliances because
telephones are related to homes, then | went to smart devices after
several attempts” P(30);

“It was required to find toasters. I expected that it is under home
appliances, but I did not find it. Then, | expected that is under
smart devices, again | did not find it. Finally, | found it under

small appliances although I did not expect that” P(6).
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8.3.3 The possible causes of the occurred outlying menu search performance

By investigating the two outlying menu search performance cases in the first menu
search trial (select Lamps), it was found that both outliers P13 and P27, were confused
and uncertain due to competitive menu categories. This was indicated by the

participants’ verbal thoughts as stated in the following data extracts:

“When I started this task, I tried to find the category that lamps
belong to. | was confused between small appliances and home
appliances, | clicked on small appliances, and I did not find it.
Then, I stayed confused and then went to the home appliances”

P(13);

“As this was the first time | saw this menu, I tried to read the
categories one by one to figure out where | can find the lamps. |
was confused between small appliances and home appliances. |

tried small appliances and then home appliances” P(27).

Their uncertainty was also indicated in the screen recording of their performance.
Their mouse cursor was moving up and down over the menu categories. Additionally,
I noticed that during the RTA session, they seemed frustrated due to the uncertainty

caused by the competitive menu categories.

Although several participants suffered from uncertainty in the first trial (select Lamps),

as mentioned in the previous section, the outliers P13 and P27 were terribly affected.

By investigating the third outlying menu search performance case, which was in the
second menu search trial (select Home telephones), it was found that outlier P30 was
struggling in finding the item (Home Telephones). Her struggle was because she had
a completely different perception of menu semantics, as she stated in the following

data extracts:

“I went to small appliances because telephones are small devices
when I did not find it, | went to home appliances because
telephones related to homes, then | went to smart devices after

several attempts” P(30).
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This was also indicated by the several wrong paths she tried to find the item, although

this trial was straightforward for most participants.

8.4 Discussion

This study aimed to investigate the outlying menu search performance using the RTA.
This study consisted of a menu search task, followed by an RTA session in which
participants were shown a screen recording of their performance in the menu search

task and asked to verbalise their thoughts retrospectively.

The overall results showed that were several outlying menu search performance cases
in the menu search task, and the RTA helped in identifying the causes of these cases.
Two causes were identified. The first one was the uncertainty caused by the
competitive menu categories. Although several participants faced uncertainty due to
the competitive menu categories, outliers struggled the most and spent a long time
completing the task compared with the others. They were terribly affected. This means
that participants were different in tolerating uncertainty caused by the competitive
menu categories. Intolerance of uncertainty is an individual difference variable that is
associated with neuroticism personality (Fergus & Rowatt, 2014). These results
indicate that individual differences in personality may play a role in the outlying user
performance. This seems to be inconsistent with the findings of Study (6) where there
was no evidence that outlying performance is due to specific participants as the
occurred outliers did not show outlying performance on a regular basis. This might be
because specific individual differences might be highly correlated with specific design
features or specific tasks (Dillon & Watson, 1996). Therefore, the effects of these
individual differences might not be persistent. The outlying menu search performance
in this study was understandably caused by the interaction effect between the
participant’s personality (intolerance of uncertainty) and competitive menu categories.

The intolerance of uncertainty was triggered by the competitive menu categories.

The second cause of outlying performance in this study was having a completely
different perception of menu semantics. One outlier had a different perception of menu
semantics. Therefore, she struggled to find the target, although most participants found
the target straightforward. This finding agrees with the prediction of Schiller and
Cairns (2008)’ model. Their model predicted outliers as an outcome of variation in

perceiving the menu semantics.
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The collected verbal reports from the participants helped in understanding the menu
search strategies that were followed by participants to search for a specific target item
in a two-level hierarchical menu. The most common strategy used by the participants
was satisficing strategy. They selected the good enough category that might lead to the
target item based on the semantic relevancy of the category label to the target item.
This strategy was described by Simon (1955). He stated that people do not look for the
best solutions to problems rather they solve the problem within bounded rationality
where time and cognitive limitations prevent them from evaluating all possible
solutions. Another strategy adopted by the participants was optimizing strategy. They

evaluated all the categories to find the optimal category.

Also, the collected verbal reports helped in understanding the obstacles that faced the
participant while searching a two-level hierarchical menu. The first one was the
uncertainty that made the participants face difficulty to determine the optimal category
that will lead to the target item. This uncertainty was due to the competitiveness of two
categories or more, which made the participants confused. This confusion was also
apparent in the screen recording when the participants moved the mouse cursor up and
down over the categories. This finding is consistent with the findings of previous
works that studied the menu search behaviour, such as Brumby and Howes (2003) and
Cox and Young (2004). Their works highlighted the interdependency between the
assessment of each menu item and how this affects the menu search behaviour. Cox
and Young (2004) demonstrated that in the exploration of menus, the existence of
distracter items that received a similar scent assessment to the target item (mediocre
distracters) would result in difficulty in identifying the best item among these distracter
items. Therefore, to decide which item will lead to the goal, additional cognitive efforts
are required. As a result, multi-scanning behaviour on this menu is more likely to be

shown.

This obstacle highlighted the importance of choosing proper labels to name the menu
categories. The label of a category should reflect the corresponding items while not
overlapping with other labels (Bailly et al., 2016). The label should be distinguishable
to avoid being confused with another label (Preece et al., 2015).

The second identified obstacle was having a different perception of menu semantics.
The participants who have a very different perception of menu semantics struggled to
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find the target item. This obstacle was stated by Norman (2013), who noted that the
difference between the user mental model and designer mental model is the main

source of many problems in interaction with technologies.

In summary, menu semantics is an influential factor in menu search performance.
While the menu semantics helps in searching a menu, it can simultaneously hinder
searching a menu. Therefore, the menu semantics may play a role in outlying menu
search performance if it is perceived very differently by some individuals.
Additionally, menu semantics may play a partial role in outlying menu search
performance when semantically competitive menu categories terribly affect some

individuals who might be intolerant of uncertainty.

In this study, it was possible to unconfound the effect of menu semantics and the effect
of a slow user on performance time. The outlier was due to the perception of menu
semantics occurred as an outlier only in the second menu search trial. This indicates
that her outlying performance was not due to the slowness as she was not slow (outlier)
in the other menu search trials. Additionally, it was clear that she had a completely
different perception of menu semantics as indicated by her verbal report. She tried
several wrong paths to find the target item, although this trial was straightforward for
most participants. This indicates that her outlying performance was due to her different

perception of menu semantics.

The number of menu search trials in this study was few. However, these few trials
were enough as a sample that represents menu search tasks involving finding and

selecting a specific target item in a two-level hierarchical menu.

The results of this study should be considered in light of some limitations that might
affect the validity of these results. The results suggested that outlying menu search
performance can be caused by the interaction effect between the participant’s
personality (intolerance of uncertainty) and competitive menu categories. However,
these are preliminary results and not conclusive. It was just based on an analysis of
outliers’ performance and verbal reports supported by a researcher's observation of the
outlier’s feelings during the RTA session. To confirm the role of participants’
personalities in the outlying menu search performance, further work can be done. This
work should measure the participant's personality using the big five model, also called

the OCEAN model (openness, conscientiousness, extraversion, agreeableness,
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neuroticism). Then, it should analyse the relationship between personality and outlying

menu search performance.
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Chapter 9 Conclusion

9.1 Introduction

Outlying performance is a potentially important feature of usability tests. There is
always one or more participants who take a long time to complete a task compared to
other participants. Those participants appear as outliers in the collected time-on-task
data. Such outliers can skew any statistical analysis, but, at the same time, they may
indicate genuine problems with the interaction.

This research is about outlying performance in menu search. It investigated the role of
the perceived menu semantics in outlying menu search performance. In addition, it

checked whether outlying menu search performance is due to specific individuals.

In this final chapter, an overview of the research is provided. Additionally, the
contributions of this research and the implications of these contributions are presented.
In addition, the limitations of this research and the opportunities for future work are

discussed.

9.2 Research Overview

Three main research questions have been addressed in this research. The first research
question was “How are outliers interpreted and treated in usability testing practice?”.
The second research question was “Does the perceived menu semantics play a role in
outlying performance in menu search?”. The third research question was “Does

outlying performance in menu search occur due to specific individuals?”.

To answer the first research question, Study 1 (Chapter 3) investigated outlying
performance in usability testing practice. Study 1 aimed to gain knowledge of how
practitioners interpret and treat the outlying performance incidents in usability tests.
This study found that the interviewed usability practitioners seem aware of the regular
occurrence of outliers in usability testing. They tend to link outlying performance cases
to individual differences instead of linking them to usability problems, and there is no

systematic approach to addressing them.

The focus of this research then moved to answering the second research question.

Several studies have been conducted to investigate the role of perceived menu
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semantics in outlying performance in menu search. Study 2 (Chapter 4) investigated
whether poor semantic organization of menu items plays a role in outlying menu
search performance. The findings of this study suggest that menu semantics may play
a role in this respect as more outlying performance cases were found in searching a
poorly organised menu. However, it could be that other factors caused these outlying
menu search performances. Therefore, more studies using different methods are

needed to check the role of menu semantics in outlying menu search performance.

Therefore, a modelling approach was adopted to help explain the role of menu
semantics in outlying menu search performance. As the adopted menu search model is
based on ML, it needs to be trained on menu samples to learn menu search strategies.
Constructing menu samples needs collecting semantic similarity ratings of menu items
from human participants. Therefore, Study 3 and Study 4 (Chapter 5) were conducted
to collect the semantic similarity ratings of menu items. Study 3 used pairwise
similarity ratings to collect the semantic similarity ratings from the participants. Study
4 used card sorting to collect the semantic similarity ratings from the participants.
Study 5 (Chapter 6) was then conducted to check whether the adopted menu search
model can predict outlying menu search performance due to menu semantics. The
model predicted outliers, but they were not due to menu semantics. Therefore, this
study found no evidence that outlying performance is related to menu semantics.

Following that, Study 6 (Chapter 7) was conducted to investigate whether outlying
menu search performance is due to having a different perception of menu semantics.
In addition, this study tried to answer the third research question by investigating
whether outlying performance is due to specific individuals. This study found no
evidence that the outlying menu search performance is related to having a different
perception of menu semantics. In addition, no evidence was found that the outlying
menu search performance is due to specific individuals. It was difficult to justify the
occurring outlying menu search performance cases in this study. Therefore, it was
suggested that there is a need to collect other data such as self-reported data that might

help in identifying the causes of outlying performance in menu search.

Consequently, Study 7 (Chapter 8) was conducted to investigate the outlying menu
search performance using a retrospective think-aloud protocol. This study found two
possible causes of outlying menu search performance. The first one is related to
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individual differences in tolerating the uncertainty caused by the competitive menu

categories. The second cause was having a different perception of menu semantics.

9.3 Research Contributions

To the best of my knowledge, only three studies, discussed in Chapter 2 (section 2.4.3),
investigated the outlying performance in menu search and reported preliminary results.
The series of empirical studies reported in this thesis contributed to our general
understanding of outlying performance and why it might happen in menu search. The
contributions of this research, along with their implications, are discussed in the

following sections.

e There is always one outlier

According to Schiller and Cairns (2008), in usability tests, there is regularly one
participant who is noticeably slower than all others. All studies conducted in this thesis
and collected time-on-task data confirmed Schiller and Cairns’ observation. There is

always one or more outlier(s).

The regular occurrence of outliers in usability tests indicates that outlying performance
is an important feature that needs to be addressed systematically. Unfortunately, the
literature does not help in understanding why outliers regularly occur, and accordingly
how to handle them. The absence of guidance is critical as this might affect the

interpretation of the outcomes of usability tests.

e The interviewed practitioners seem aware of outliers in usability testing, but
there is no systematic approach to addressing them
Several interviewed practitioners explicitly mentioned that they always find outliers.
They tended to link outlying performance to individual differences instead of to
usability problems. They claimed that they always consider outliers and they do not
exclude them unless they have a strong justification for doing so. They suggested
different post-hoc strategies for treating outlying user performance cases. However,
no systematic approach was followed by the interviewed practitioners when it came to
dealing with outliers in usability tests. Therefore, several suggestions were put forward

for practitioners when it came to handling outliers in usability tests (see section 9.4).
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The practitioners’ awareness of regular occurrences of outlying user performance also
confirms the observation of Schiller and Cairns (2008) that there is always one outlier
in usability tests. Additionally, the lack of a systematic approach to treating outliers in
usability testing practice might reflect the lack of work in the literature that investigates

the causes of this problem and how to treat it accordingly.

e Perceived menu semantics may play a role in outlying menu search

performance

This research focused on outlying performance in menu search. It was motivated by
Schiller and Cairns (2008) work that identified outliers in menu search and, as a result
of modelling work, attributed this to the perceived menu semantics. However,
modelling alone is not an alternative for gathering and analysing data on real users
searching menus to provide empirical evidence that backs any claim. Therefore, this
research addressed this limitation and empirically investigated the role of perceived

menu semantics in outlying menu search performance.

The last study in this research found that menu semantics may play a role in outlying
menu search performance if it is perceived very differently by some individuals. This
finding agrees with the prediction of Schiller and Cairns (2008)’ model. Their model
predicted outliers as an outcome of variation when it comes to perceiving menu
semantics. However, some studies in this research found no evidence that perceived
menu semantics plays a role in outlying menu search performance as the occurred
outlying performance cases were not related to the perceived menu semantics.
Therefore, perceived menu semantics may be a factor in outlying menu search

performance, but it is not the only factor.

This finding implies that outlying performance in usability testing should be
considered as it might represent a problem in interaction with a tested computer
interface, at least for some users. In addition, it implies that outlying performance can
be fixed by making the design better for outliers. For example, menu semantics can be
improved by offering several correct paths that reflect a variety of menu semantics
perceptions.
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e Outlying menu search performance can be due to individual differences

One of the possible causes of outlying menu search performance that was found in this
research is the intolerance of uncertainty that is caused by competitive menu
categories. The outliers struggled and spent a relatively long time completing the task
due to a degree of uncertainty. Intolerance of uncertainty is an individual difference
variable that is associated with neuroticism personality (Fergus & Rowatt, 2014). This
indicates that individual differences in personality can play a role in outlying menu
search performance. However, the findings of other studies in this research suggest
that there is no evidence that outlying menu search performance is due to specific
individuals as the outliers did not keep occurring in all or most menu search trials,
rather their performance varied from one menu search trial to another. These
inconsistent findings might be because specific individual differences might be highly
correlated with specific design features or specific tasks (Dillon & Watson, 1996).

Therefore, the effects of these individual differences might not be persistent.

This finding is consistent with the tendency among the interviewed practitioners to

link outlying performance to individual differences such as personality.

This finding has an implication for interface design. The interface designers should
consider individual differences in tolerating uncertainty. Therefore, they should avoid
aspects that cause uncertainty for the users. For example, menu designers should offer
differentiated menu categories to reduce the uncertainty caused by competitive menu

categories. This will help in improving the total user experience.

Additionally, this finding has an implication for interpreting results in usability testing.
The researchers and practitioners should pay attention to possible variances in
participants' performance due to the influence of their personalities. In the same way
that the influence of age and cultural background are examined, personality must also
be examined when interpreting the results. This can be done by the acquisition of
personality data by integrating a personality questionnaire with a demographic

questionnaire (Schmidt et al., 2019).
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9.4 Suggestions for Usability Testing Practitioners

To deal with outliers in usability testing practice, several suggestions are proposed for

practitioners:

1. Outliers regularly occur in usability tests. Therefore, always check your data to see
if there are outliers.

All conducted studies in this research found that there is always one or more outlier.

Therefore, there is a need to check any collected time-on-task data to see if there are

outliers.

2. Outliers can be valid data that should not be removed but rather analysed with all
other data.

The conducted studies in this research found no simple reason for the occurrence of
outliers in usability tests. Outliers were not just due to menu semantics, nor were they
due to specific individuals. Therefore, outliers should not be simply removed as this
might lead to removing an important insight. They should be considered and analysed

with all other data.

3. During data analysis, you need to be aware of the effect of outliers on the whole
data. Therefore, robust statistical tests that are resistant to outliers ought to be
considered.

The conducted studies in this research found that outliers regularly occur. Such a

regular occurrence in the data leads to the distribution does not fit with a normal

distribution. Therefore, nonparametric statistical tests can be considered when this is

the case. These nonparametric tests are robust to outliers.

Given these above-mentioned suggestions, it might be also useful to develop a plan to
deal with outliers ahead of gathering any data. This plan should include strategies,
information resources, related factors, and potential results. This plan will help you in

deciding on accepting or rejecting outliers as a usability problem if you find outliers.
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9.5 Research Limitations and Future Work

The research contributions discussed in this research need to be considered in light of
the limitations of the studies conducted in this research. Therefore, further work is
suggested to address these limitations. Also, work is suggested to develop the topic in

future directions.

The first limitation was getting null results. Study 6 (Chapter 7) found null results
regarding whether outlying menu search performance is due to specific individuals.
These null results might be because of the small sample size (93 participants) or
because the number of tasks was few (6 tasks). Therefore, future works that aim to
investigate whether outlying user performance is due to specific individuals need to

have a bigger sample size and a larger number of tasks.

Another important limitation of this research is that there are no obvious statistical
methods that can be used to compare the number of outliers between different
distributions. For example, Study 2 (Chapter 4) could not use Chi-Square to test the
relationship between menu organization and outlying menu search performance. This
was because one assumption of this test was not met, which is that the expected values
should be at least 5 and as outliers are very low in a dataset, therefore, the expected
values are less than 5. This issue might be solved by having a bigger sample size.
However, the extreme level of outliers is also important, not just their number.
Therefore, there is a need to consider this situation and develop new statistical methods

and validate them through simulation.

Additionally, this research solely focused on investigating outlying user performance
in interaction with menus and, more specifically, linear menus where items are
organised vertically. It would be interesting in future works to investigate outlying user
performance in interaction with other types of menus, such as mega menus where items
are displayed in a two-dimensional layout. Additionally, future work could investigate
outlying user performance on other important interactions such as browsing a website

and finding a function on a smartphone.

In addition, the menu search environment used in this research was not realistic. The
menus were simplified and presented alone on a website page, and there were no

surrounding features and sections as are usually found in actual commercial websites.
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Using such a simple context that was free from any kind of distractions was done to
control the factors that might affect participants’ performance. However, it would be
interesting for future works to investigate outlying user performance in real-world

settings.

Additionally, all studies with the exception of Study 6 (Chapter 7), recruited female
participants. This is because | conducted these studies at King Saud University (KSU)
which adopted a single-gender education model. It would be interesting for future
works to recruit participants from both genders and check whether gender difference

plays a role in outlying user performance in usability tests.

Also, this research solely focused on one type of outlier in usability tests - a long task
completion time. This is because outliers always occur in this performance metric
(Albert et al., 2010; Schiller & Cairns, 2008). However, it would be interesting for
future research to look at other types of outliers, such as repeated errors and rating

scale points which occur outside the range of other participants’ ratings.

The findings of this research suggest that a participant’s personality may play a role in
outlying performance. To investigate the role of participants’ personalities in the
outlying performance, further work could be done. This work should measure the
participant's personality using the big five model, also called the OCEAN model
(openness, conscientiousness, extraversion, agreeableness, neuroticism). It should

then analyse the relationship between personality and outlying performance.

This research provides evidence that outliers occur regularly. However, no systematic
approach is used by practitioners to treat outliers in usability tests. Therefore, there is
a need for future work that proposes and validates guidelines for handling outlying
performance in usability studies. These guidelines might include a thorough systematic
approach and related issues to deal with outliers. It is important to have such guidelines

as it influences the interpretation of usability test results.

9.6 Concluding Thoughts

This research aimed to investigate outlying performance in menu search. In fact,
investigating outlying performance was not straightforward. It needs to have a
combination of data that supplement each other and help determine the reasons behind

the outlying performance.
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This research implies that outliers are a fact that should not be ignored. The reasons
behind them should be identified. And based on the identified reasons, there is a
possibility to improve the design for the outliers. Such improvements may have no
significant impact on the average user performance. However, the performance of the
outliers could be considerably improved by these design improvements. Consequently,
there is a chance to help the outliers and improve the quality of their interaction with
systems. This would be significantly considered one of the goals of universal usability
that was introduced by Shneiderman (2000).
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10. Appendices

Appendix A
Chapter 3

A.1 Information Sheet and Informed Consent for Study 1
Overview

In this study, you will be asked to answer interview questions. The interview questions
will be about your experience as a usability practitioner in conducting usability tests
and dealing with user data that is noticeably different from the other user data. The
interview might take about 40 — 50 minutes.

Questions
If you have any questions about the study, please feel free to ask.
Withdrawing

You have the right to withdraw from the study at any time without giving any
justifications.

Data

The collected data (your answers) will be visible to me and my supervisor Dr Paul
Cairns. This data will be in the form of a text, but you are not individually recognisable
from the data. The data may be involved in publication. However, in the case of

publishing this work, you will not be recognisable in any way.

Participant consent

Your participation in this study is entirely voluntary; there will be no remuneration for
the time you spend answering the interview questions. All data gathered from the
interview will be treated in a confidential fashion. It will be archived in a secure
location and interpreted only for this study's purposes. When your data are reported or
described, all identifying information will be removed. There are no known risks to
participation in this study, and you may withdraw at any point. Please feel free to ask
the researcher if you have any other questions; otherwise, if you are willing to

participate, please sign this consent form.
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Participant's Signature:

Researcher's contact details:

Researcher: Hend Albassam (haa522@york.ac.uk).
Supervisor: Dr Paul Cairns (p.cairns@yor.ac.uk).
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A.2 Demographics of Participants

ID | Age | Gender Years of Job Role | Organization | Corporate
Experience Type UXx
Maturity
Pl | 24 | Female 1 year Product Software 3:
Developm Company Skunkworks
ent
Specialists
\ UX
Specialist
P2 | 25 Male 2 years Software IT Solutions 4:
Engineer Company Dedicated
Budget
P3 | 27 | Female 2 years UX Bank 5: Managed
Researche
r &
Product
Designer
P4 | 26 | Female 4 years UX/UI Technologies 4:
Specialist Company Dedicated
Budget
P5 | 25 | Female 3 years Senior UX | Usability Lab 7
Researche Integrated
r User-
Centred
Design
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P6 | 29 Male 7 years Senior UX Business 5: Managed
Designer/ Services
Design Company
Sprint
Facilitator
P7 | 34 Male 5 years Mobile IT Solutions 4:
UX Company Dedicated
Researche Budget
r
P8 | 25 | Female 2 years UX Business 5: Managed
Specialist Services
Company
P9 | 28 Male 3 years UX Business 5: Managed
Specialist Services
Company
P10 | 40 Male 14 years UX Innovation and 7
Researche Design Integrated
r Consultancy User-
Company Centred
Design
P11 | 31 | Female 3 Years UX Health 3:
Designer Insurance Skunkworks
&Analyst Company
P12 | 29 Male 6 years Associate | Innovation and 7
Manager, Design Integrated
Research Consultancy User-

Company
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& Centred
Insights. Design
P13 | 25 Male 2 years UXx Bank 4:
Consultant Dedicated
Budget
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A.3 Nielsen’s Usability Maturity Model

) ) Time to next
UX Maturity Stage Featuring
stage
. Developers simply don’t want to hear
1: Hostility ) Up to decades
about users or their needs
2: Developer-centred Design team relies on its intuition 2-3 years
Guerilla user research or external
3: Skunkworks - 2-3 years
usability experts
4: Dedicated Budget Usability is planned for 6-7 years
Someone to think about usability across
5: Managed o 6-7 years
the organisation
6: Systematic Process Tracking user experience quality 6-7 years
7: Integrated User- Employing usability data to determine
] ] ~20 years
Centred Design what the company should build
8: User-Driven Usability affects corporate strategy and | ~40 years to get
Corporation activities beyond interface design from start

(source: https://www.slideshare.net/Hienadz.Drahun/ux-maturity-models)
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Appendix B

Chapter 4
B.1 Material

Menu Search Study

Please enter your participant ID:

Click on start button to start the experiement.

Welcome Page

Menu Search Study

Thank You for participation

Thank Page
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B.2 Information Sheet and Informed Consent for Study 2

Overview

In this study, you will be asked to search for a specific target in a menu and select this
target as quickly and accurately as possible. | will gather information on how you find
a target in a menu. In addition, I will gather some demographic data about you. This
study will take about 5-10 minutes.

Questions

If you have any questions about the study, please feel free to ask. However, when the

study has started, kindly leave your questions until the end.
Withdrawing

You have the right to withdraw from the study at any time without giving any
justifications, and do not worry there will be no negative consequences affecting you

as a result of your withdrawal.
Data

The collected data will be visible to me and my supervisor Dr Paul Cairns. This data
will be in the form of a spreadsheet, but you not be individually recognisable from the
data. The data may be involved in publication. However, in the case of publishing this

work, you will not be recognisable in any way.

Participant consent

Your participation in this experiment is entirely voluntary; there will be no
remuneration for the time you spend in this experiment. However, your participation
is highly appreciated as it will help me to understand how people find a specific target
in a menu, and this is important in my research which aims at understanding the factors

that affect user performance during menu search.

If you are aware of any medical or other condition that might make it unsafe for you
to participate in this experiment, please do not sign this form or discuss your concerns
with the experimenter before doing this experiment. If you are willing to participate,

please sign this consent form and proceed with the experiment.
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Participant's Signature:

Researcher's contact details:

Researcher: Hend Albassam (haa522@york.ac.uk).
Supervisor: Dr Paul Cairns (p.cairns@yor.ac.uk).
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Appendix C
Chapter 5

C.1 Information Sheet and Informed Consent for Study 3
Overview

In this study, you will be asked to rate the semantic similarity of pairs of menu items.
You will be given a list of pairs of menu items, and you must rate them according to

what you think about how close in meaning the two items in each pair are.

Examples: (Mountain - Valley) and (Uncle - Brother) are examples of items that are
close in meaning. (Apple - Diamond) and (Cat - Chair) are examples of items that are

not close in meaning.

There are no right or wrong answers. We are just interested in how similar you find
different items. In addition, we will gather some demographic data about you. This
study will take about 20-30 minutes.

Questions

If you have any questions about the study, please feel free to ask. However, when the

study has started, kindly leave your questions until the end.

Withdrawing

You have the right to withdraw from the study at any time without giving any
justifications, and do not worry there will be no negative consequences affecting you

because of your withdrawal.

Data

The collected data will be visible to me and my supervisor Dr Paul Cairns. This data
will be in the form of a spreadsheet, but you are not individually recognisable from the
data. The data may be involved in publication. However, in the case of publishing this

work, you will not be recognisable in any way.

Participant consent

Your participation in this experiment is entirely voluntary; there will be no

remuneration for the time you spend evaluating it. However, your participation is
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highly appreciated as it will help us understand how related you find different items,
and this is important in my research which aims at discovering the factors that affect

user performance during menu search.

If you are aware of any medical or other condition that might make it unsafe for you
to participate in this study, please do not sign this form or discuss your concerns with
the experimenter before doing this experiment.

If you are willing to participate, please sign this consent form and proceed with the

experiment.

Participant's Signature:

Researcher's contact details:

Researcher: Hend Albassam (haa522@york.ac.uk).
Supervisor: Dr Paul Cairns (p.cairns@yor.ac.uk).
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C.2 Study 3 Material (Survey)

UNIVERSITY

For each pair, please rate how close in meaning the words seem to you:

= ally A By il o5 (s i ol lalel) 93 I8

English +
Cufflink - Bedroom
Notatallclose  Only a little close  Somewhat close Quite close Very close
0 0 0 0 0
Lamp - Cufflink
Not atall close  Only a little close  Somewhat close Quite close Very close

English version

WATA Y EeANASA R R

:For each pair, please rate how close in meaning the words seem to you
il g ANV G e Rl o 5 g i el ) el e 743 S

aglldd g Ja sl
FRE-gas

3 1 SO 2 de, Lo I e 3 5wl
jdila dzlia) jale Lo da r.!&_;u ALB 4 e a2 _}/..:;' Ao 4 pats Cuall

ENEREIT. S A EW- P
R )ER- T

i N4y fg, 1 12y I8 Sl 2 55 Las LY e 4 di
3 )i ulell 4y jlate Laas N4y i b 4y 55 L Gl e 4 gl

N N N N N

Arabic version
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C.3 Information Sheet and Informed Consent for Study 4

Overview

In this study, you will be asked to group menu items into collections and assign a label
for each collection. You will be given a list of menu items, and you should group them
according to what you think about how close in meaning these menu items are. There
are no right or wrong answers. We are just interested in how similar you find different
menu items. In addition, we will gather some demographic data about you. This study

will take about 10-15 minutes.

Questions

If you have any questions about the study, please feel free to ask. However, when the

study has started, kindly leave your questions until the end.

Withdrawing
You have the right to withdraw from the study at any time without giving any
justifications, and do not worry there will be no negative consequences affecting you

because of your withdrawal.

Data

The collected data will be visible to me and my supervisor Dr Paul Cairns. This data
will be in the form of a spreadsheet, but you not be individually recognisable from the
data. The data may be involved in publication. However, in the case of publishing this

work, you will not be recognisable in any way.

Participant consent

Your participation in this experiment is entirely voluntary; there will be no
remuneration for the time you spend evaluating it. However, your participation is
highly appreciated as it will help us understand how related you find different items,
and this is important in my research which aims at discovering the factors that affect

user performance during menu search.

If you are aware of any medical or other condition that might make it unsafe for you
to participate in this study, please do not sign this form or discuss your concerns with

the experimenter before doing this experiment.
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If you are willing to participate, please sign this consent form and proceed with the

experiment.

Participant's Signature:

Researcher's contact details:

Researcher: Hend Albassam (haa522@york.ac.uk).

Supervisor: Dr Paul Cairns (p.cairns@yor.ac.uk).
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C.4 Study 4 Material (Card Sorting)

« - C & 1ki34pre.optimalworkshop.com/optimalsort/1hwiScns/sort

Step1

Take a quick look at the list of items to the left

We'd like you to sort them into groups that make sense to you

There is no right or wrong answer. Just do what comes naturally

Step 2

Drag an item from the left into this area to create your first group

Al Al B

P

mpall e

s galifas pay

Wy

Arabic version

Appendix D

D.1 The semantic relevance scores of the testing menu samples (the samples that
produced outlying performance are highlighted)
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The semantic relevance scores

Samplett
item 1 item 2 item 3 item 4 item 5 item 6 item 7 item 8
1 0.5 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
2 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
3 0.166667 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
4 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 0.5 0.166667
5 0.166667 | 0.166667 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
6 0.833333 | 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
7 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
8 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
g 0.5 0.833333 1 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667
10 0.5 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
11 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
12 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
13 0.833333 | 0.166667 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
14 0.5 0.833333 1 0.833333 | 0.166667 0.5 0.166667 | 0.166667
15 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
16 0.166667 | 0.833333 1 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
17 0.833333 | 0.166667 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
18 0.5 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.166667
19 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
20 0.5 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
21 0.833333 | 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
22 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.166667
23 0.5 0.833333 1 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
24 0.5 0.5 1 0.166667 | 0.833333 | 0.166667 | 0.166667 | 0.166667
25 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
26 0.833333 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
27 0.833333 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
28 0.5 0.5 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
29 0.5 0.833333 1 0.833333 | 0.833333 | 0.166667 | 0.166667 | 0.166667
30 0.5 0.833333 1 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
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31 0.833333 | 0.833333 0.5 0.5 0.166667 | 0.166667 | 0.166667
32 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.166667
33 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
34 0.5 0.166667 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
35 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
36 0.166667 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
37 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
38 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
39 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
40 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
41 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
42 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.833333
43 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
44 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
45 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
46 0.5 0.166667 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
47 0.5 0.833333 0.833333 0.5 0.166667 | 0.166667 | 0.166667
48 0.5 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
49 0.5 0.166667 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
50 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
51 0.833333 0.5 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
52 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
53 0.833333 | 0.833333 0.5 0.166667 0.5 0.166667 | 0.166667
54 0.5 0.5 0.833333 | 0.166667 | 0.833333 | 0.166667 | 0.166667
55 0.833333 | 0.833333 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
56 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
57 0.833333 0.5 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
58 0.833333 0.5 0.5 0.166667 | 0.166667 | 0.166667 0.5

59 0.833333 | 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.833333
60 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
61 0.833333 | 0.166667 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
62 0.833333 | 0.833333 0.833333 | 0.833333 | 0.166667 | 0.166667 | 0.166667
63 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
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64 0.166667 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
65 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
66 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
67 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
68 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
69 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
70 0.833333 | 0.833333 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
71 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
72 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
73 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
74 0.5 0.5 0.5 0.166667 | 0.833333 | 0.166667 | 0.166667
75 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
76 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
77 0.833333 | 0.833333 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
78 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
79 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
80 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.833333 | 0.166667
81 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
82 0.833333 0.5 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
83 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
84 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
85 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
86 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
87 0.5 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333
88 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
89 0.833333 | 0.833333 0.833333 | 0.166667 | 0.833333 | 0.166667 | 0.166667
90 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
91 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
92 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
93 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
94 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
95 0.833333 | 0.166667 0.166667 | 0.166667 | 0.833333 | 0.166667 | 0.166667
96 0.166667 0.5 0.833333 | 0.833333 | 0.166667 | 0.166667 | 0.166667
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97 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
98 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
99 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
100 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.833333

D2. The semantic relevance scores of the testing menu samples (the samples that
produced outlying performance are highlighted)

The semantic relevance scores

Sample#
item 1 item 2 item 3 item 4 item 5 item 6 item 7 item 8
1 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.5
2 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 1 0.833333
3 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.833333
4 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.833333
5 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.833333
6 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 1 0.166667
7 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.833333
8 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 1 0.5
9 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
10 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 1 0.833333
11 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.5
12 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.5
13 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.5
14 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
15 0.166667 0.5 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
16 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.833333
17 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
18 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.5
19 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.833333
20 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.5
21 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 1 0.833333
22 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.5
23 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.5
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24 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.833333
25 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
26 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
27 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
28 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.5
29 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
30 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
31 0.166667 | 0.833333 | 0.166667 | 0.166667 0.5 0.833333 0.833333
32 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.166667
33 0.166667 | 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
34 0.166667 | 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
35 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5
36 0.166667 | 0.166667 | 0.166667 0.5 0.833333 | 0.833333 0.833333
37 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
38 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.5
39 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
40 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
41 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
42 0.166667 | 0.166667 | 0.166667 0.5 0.833333 | 0.833333 0.5
43 0.166667 | 0.166667 | 0.833333 | 0.166667 0.5 0.5 0.5
44 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.833333
45 0.166667 0.5 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
46 0.166667 | 0.166667 | 0.833333 | 0.166667 | 0.833333 0.5 0.833333
47 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
48 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
49 0.166667 | 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
50 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
51 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 0.5
52 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
53 0.166667 | 0.833333 | 0.166667 | 0.166667 0.5 0.833333 0.5
54 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
55 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
56 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
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57 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
58 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
59 0.5 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
60 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5
61 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 0.833333
62 0.5 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
63 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5
64 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
65 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
66 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.166667
67 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.5
68 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
69 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 | 0.833333 0.833333
70 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
71 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
72 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
73 0.166667 | 0.166667 | 0.166667 0.5 0.833333 | 0.833333 0.833333
74 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.5
75 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
76 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
77 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
78 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 | 0.833333 0.833333
79 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5 0.5 0.833333
80 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
81 0.166667 | 0.166667 | 0.833333 | 0.166667 | 0.833333 | 0.833333 0.5
82 0.166667 | 0.166667 | 0.166667 0.5 0.833333 | 0.833333 0.833333
83 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
84 0.166667 | 0.166667 0.5 0.166667 | 0.833333 0.5 0.833333
85 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.166667
86 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.5
87 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.5
88 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 | 0.166667 0.5
89 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
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90 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 1 0.5
91 0.166667 | 0.833333 | 0.166667 | 0.166667 0.5 0.833333 1 0.833333
92 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 1 0.5
93 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
94 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 1 0.5
95 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.833333
96 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
97 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 1 0.833333
98 0.5 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 1 0.5
99 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 | 0.833333 1 0.5
100 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.5

D3. The semantic relevance scores of the testing menu samples (the samples that
produced outlying performance are highlighted)

The semantic relevance scores

Sample#
item 1 item 2 item 3 item 4 item 5 item 6 item 7 item 8
1 0.833333 | 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
2 0.833333 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
3 0.5 0.833333 1 0.5 0.166667 | 0.833333 | 0.166667 | 0.166667
4 0.833333 0.5 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
5 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
6 0.5 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
7 0.833333 0.5 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
8 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
9 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
10 0.833333 0.5 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
11 0.5 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
12 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
13 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
14 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
15 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
16 0.833333 | 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
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17 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
18 0.833333 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667
19 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
20 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
21 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
22 0.833333 | 0.833333 0.833333 | 0.166667 | 0.833333 | 0.166667 | 0.166667
23 0.833333 | 0.833333 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5

24 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.166667
25 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
26 0.833333 | 0.833333 0.833333 | 0.833333 | 0.166667 | 0.166667 | 0.166667
27 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
28 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
29 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
30 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
31 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
32 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
33 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
34 0.833333 | 0.833333 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
35 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
36 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
37 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
38 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
39 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
40 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
41 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
42 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
43 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
44 0.833333 0.5 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
45 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
46 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
47 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
48 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
49 0.5 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
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50 0.5 0.833333 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667
51 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
52 0.5 0.166667 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
53 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
54 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
55 0.5 0.166667 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
56 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
57 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
58 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
59 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.166667
60 0.166667 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
61 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
62 0.833333 | 0.833333 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667
63 0.5 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
64 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
65 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
66 0.5 0.5 0.833333 | 0.166667 | 0.166667 | 0.833333 | 0.166667
67 0.5 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
68 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
69 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
70 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
71 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
72 0.833333 | 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
73 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
74 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
75 0.5 0.833333 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
76 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
77 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
78 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
79 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
80 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
81 0.833333 0.5 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
82 0.833333 | 0.833333 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
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83 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
84 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
85 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
86 0.5 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
87 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
88 0.833333 | 0.833333 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
89 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
90 0.166667 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
91 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
92 0.166667 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
93 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
94 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
95 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
96 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
97 0.833333 0.5 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
98 0.833333 | 0.166667 1 0.5 0.166667 | 0.166667 | 0.166667 | 0.166667
99 0.833333 | 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667
100 0.5 0.833333 1 0.833333 | 0.166667 | 0.166667 | 0.166667 | 0.166667

D4. The semantic relevance scores of the testing menu samples (the samples

that produced outlying performance are highlighted)

The semantic relevance scores
Sample#
item 1 item 2 item 3 item 4 item 5 item 6 item 7 item 8

1 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
2 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
3 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 | 0.833333 1 0.833333
4 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 1 0.833333
5 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 1 0.833333
6 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.5

7 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 1 0.833333
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8 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5

9 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5

10 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
11 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5

12 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
13 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 0.833333
14 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
15 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
16 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
17 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
18 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.5

19 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.5

20 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
21 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
22 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
23 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5

24 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
25 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5

26 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
27 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
28 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
29 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5

30 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
31 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
32 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
33 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
34 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
35 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
36 0.166667 | 0.166667 | 0.833333 | 0.166667 | 0.833333 0.5 0.833333
37 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
38 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
39 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
40 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
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41 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 0.833333
42 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
43 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
44 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 | 0.833333 0.5
45 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
46 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
47 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
48 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
49 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
50 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
51 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
52 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
53 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
54 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
55 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
56 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
57 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
58 0.166667 | 0.166667 | 0.166667 0.5 0.833333 | 0.166667 0.5
59 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
60 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
61 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
62 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
63 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
64 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
65 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
66 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.166667 0.833333
67 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
68 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
69 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
70 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
71 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
72 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
73 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
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74 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
75 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.5
76 0.166667 | 0.166667 | 0.166667 0.5 0.166667 | 0.833333 0.833333
77 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
78 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.5
79 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
80 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
81 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
82 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
83 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.5
84 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.166667 0.833333
85 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
86 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
87 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
88 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
89 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.5
90 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
91 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
92 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
93 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.5
94 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.5 0.833333
95 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
96 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
97 0.166667 | 0.166667 | 0.166667 | 0.166667 0.5 0.833333 0.833333
98 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 0.5 0.833333
99 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.833333
100 0.166667 | 0.166667 | 0.166667 | 0.166667 | 0.833333 | 0.833333 0.5
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E.1 Information Sheet and Informed Consent for Study 6

Welcome

Welcome to you in this study

Your participation in this study is highly appreciated as it will help us to
understand how you categorise different items, and this is important in my
research which aims at discowvering the factors that affect user performance
during menu search.

* |n this study, you will be asked to do two tasks

Task 1

A card sorting task. In this task, you will be asked to group menu items into
collections. You will be given a list of menu items, and you should group them
according to what you think about how close in meaning these items are.
There are no right or wrong answers; we are just interested in how related you
find different items.

Task 2

A menu search task. In this task, you are going to do seven menu search trials.
In each trial, you should read the task description written at the top of the page
before starting the task. In each trial, you will be asked to click on a specific
target on a two-level menu as quickly and as accurately as you can.

In addition, we will gather some demographic data about you.
+ This study will take about 10 minutes.

« If you have any questions about the study, please feel free to contact the
researcher.

+ You hawve the right to withdraw from the study at any time without giving any
Jjustifications.

+ This data will be in the form of a spreadsheet, but you not be individually
recognisable from the data. The collected data will be visible to the researcher
and her supervisor. The data may be involved in a publication. Howewer, in the
case of publishing this work, you will not be recognisable in any way.

Information Sheet

201



Consent Form and Demographic Data

Pleas= sign the consent form and answer the demographic data survey.

Do vou agree to participate in this study?
D apresta participate inthis study

D do not agres to participate In this stucy

Age:

{:} 50-a3
) -E
Gender:

{:} Mele
{:} Female

Educational level:

{::} Hign Bohoo

()} Secnekr Degres

{:} Fosipradusie Degres

Do vou have experience in purchasing electronic devices online?
{:} hewve a pood =xperiEnce

{:} nEve s [RHe sxperiEnos

{:} NEvE N0 EXpEriEnoe

Consent Form and Demographic Data
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Appendix F
Chapter 8

F1. Information Sheet and Informed Consent for Study 7

Overview

In this study, we are interested in understanding user behaviour during menu search
tasks. Therefore, you will be asked to carry out a menu search task in silence and
without any assistance from the researcher. Your performance in the task will be
recorded using screen capture software. After completing the task, you will sit with
the researcher, and you will be shown the recording of your performance in the menu
search task and asked to comment on the process in retrospect, and your voice will be
recorded. In addition, we will gather some demographic data about you. This study

will take about 15-20 minutes.
Questions

If you have any questions about the study, please feel free to ask. However, when the
study has started, kindly leave your questions until the end.

Withdrawing

You have the right to withdraw from the study at any time without giving any
justifications, and do not worry there will be no negative consequences affecting you
because of your withdrawal. Recordings and notes taken will be destroyed as you

require.
Data

The collected data will be visible to me and my supervisor Dr Paul Cairns. The
collected audio and video data will be deleted after analysing them. The data may be
involved in publication. However, in the case of publishing this work, you will not be

recognisable in any way.

Participant consent

Your participation in this study is entirely voluntary; there will be no remuneration for

the time you spend evaluating it. However, your participation is highly appreciated as
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it will help us to understand the user behaviour during menu search tasks. During the
study, it will be necessary for me to record a number of things using screen capture
software and a voice recorder. However, this recorded data will be stored securely on
the university approved cloud in accordance to the University of York data protection
policy.

If you are aware of any medical or other condition that might make it unsafe for you
to participate in this study, please do not participate in this study. There will be no
penalty or negative consequences for not participating in this study.

If you are willing to participate, please sign this consent form and proceed with the
experiment.

Participant's Signature:

Researcher's contact details:

Researcher: Hend Albassam (haa522@york.ac.uk).
Supervisor: Dr Paul Cairns (p.cairns@yor.ac.uk).
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