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ABSTRACT

The growing expansion of e-commerce practices has challenged traditional companies in
the retail industry. In order to increase or capture new market parts, companies have
been encouraged to strengthen their online presence. Therefore, the visual platforms for
user interaction, called Graphical User Interfaces (GUIs) benefit from a particular atten-
tion from companies. Indeed, the aesthetics and the visual complexity of these interfaces
significantly impact the users and represent a mean to establish a competitive advantage.
Our research focuses on the measures of visual design on mobile devices, as this kind of
device has become increasingly popular. Moreover, few discussions exist in the literature
regarding this subject and stay poorly developed. On the one hand, this thesis aims to
cover the gap that exists in the literature. On the other hand, it aims to find measures in
order to assess the aesthetics and visual complexity of mobile devices through a Systematic
Literature Review (SLR) and a family of experiments. We found that the most promising
model of prediction captures 68% of the beauty ratings variability through eight measures
presented by Aalto Interface Metrics (AIM). Furthermore, no significant aesthetic differ-
ence was observed among the popular and less popular websites. We also observed that
four variables possess a higher mean among the e-commerce websites category compared
to the other categories.
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Chapter 1

Introduction

1.1 Context of the problem

Over the years, Internet has become a widely used system in our daily lives. The number
of active Internet users is growing and was estimated at more than 4.5 billion at the
beginning of 2021. It represents more than half the world population. Among these
numbers, more than 95% of the Internet users are also mobile Internet users (Johnson,
2021a). Furthermore, mobile devices are increasingly used to access the Internet and
represent more than 50% of the Internet traffic (Clement, 2021). They also tend to
be preferred to software applications given the fact that mobile applications (apps) are
becoming more accessible, versatile, user-friendly and sophisticated (Bessghaier et al.,
2021). This growing importance of mobiles is expected to progress during the coming
years as they are more and more available and affordable (Ceci, 2021).

As the Internet and mobile phones have become increasingly popular, a large number
of websites and applications are evolving in a very competitive market. Indeed, on the
World Wide Web, users have the opportunity to quickly switch from one website to
another without great effort (Robins and Holmes, 2008). The app market, which also
faces a lot of competition, is saturated. Moreover, users are choosing the apps in a more
and more selective way. In order to cope with this growing competition, companies tend to
focus on visual details design since pleasing interfaces can provide a significant competitive
advantage (Riegler and Holzmann, 2018).

In addition, the retail industry has encountered major changes over the last decades.
As previously mentioned, the growing importance of the Internet has enabled the develop-
ment of e-commerce. Electronic commerce is defined as the transactions performed using
electronic means (Niranjanamurthy et al., 2013). Furthermore, this developing trend was
reinforced by the on-going situation of COVID-19 that led to a significant increase of
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virtual practices. As a matter of fact, in 2020, two billion buyers purchased a product or
a service on the Internet (Coppola, 2021; Lund et al., 2021).

What is more, e-commerce has become a disruption that changed the way the goods
are exchanged. Indeed, from the customer’s perspective, it has allowed to facilitate the
price comparison between competitors, to give a simple and instantaneous access to a
large possibility of choices, etc. Regarding the sellers, this has enabled them to ease the
customization of content and has brought new possibilities to capture market intelligence
by collecting data, among other things (Niranjanamurthy et al., 2013). This new ex-
panding trend challenges the traditional retail industry and forces companies to carefully
review their strategy and reinforce their online presence.

In conjunction with the increase in mobile usage and e-commerce practices, mobile
transactions such as m-commerce are also rising in popularity (Johnson, 2021b). Accord-
ing to Niranjanamurthy et al (2013), m-commerce is defined as the operation of financial
and promotional activities thanks to wireless devices.

Given the growing importance of e-commerce and m-commerce, it has become es-
sential for companies to pay attention to the online interaction that they can potentially
have with their current or future clients. Besides, the “space of interaction between users
and an information system” (Zen, 2017, p.23) is named a user interface. The aesthetics
of this interface appears to be one of the most essential features. Indeed, it is one of
the most noticeable features of the interfaces at first glance and has a significant impact
on the user experience (Reinecke et al., 2013). Companies are increasingly aware of this
variable and adapt their interfaces accordingly.

As described by Lavier and Tractinsky (2004), the visual appeal 1 has an influence
on enjoyment and is positively correlated with users’ satisfaction (Choi and Lee, 2012).
Interface aesthetics impact users’ credibility, loyalty (Bessghaier et al., 2021) acceptability,
comprehensibility, productivity (D. C. L. Ngo et al., 2003) and their trust perception
(Robins and Holmes, 2008). The aesthetics is also linked to the post-usage perception
of interface usability. Systems perceived as more usable are more likely to be bought or
used (Tractinsky et al., 2000). It is therefore not surprising that this aspect has become
a major issue for companies working in the e-commerce sector.

Besides, the ISO 25010 standard aims at introducing a scope to assess the quality
of a system. Amongst other things, it is characterized by its usability that is composed
of the user interface aesthetics, which is itself defined as the capability of the interface to
provide pleasing and satisfying interaction (ISO 25000, 2021).

1From now on, the “aesthetics”, “visual appeal” and “beauty” terms will be used as synonyms since
they are treated as such in some studies and are all related to the visual attractiveness of a user interface
(Lindgaard et al., 2006; Tuch et al., 2012)

2



In the literature, studies used to mainly focus on the evaluation of the usability of
interfaces (D. C. L. Ngo et al., 2000) while neglecting the aesthetics aspect (Lavie and
Tractinsky, 2004). According to Ngo et al. (2001), aesthetics theories were considered
as primitive in the early 21st century. Nevertheless, the literature has tried to find,
through the years, a trade-off between discussions on usability and visual appeal. Scientific
community started to pay more attention to the role of aesthetics and its effect on users
(Lavie and Tractinsky, 2004).

The aesthetics remains a rather complex concept and it is important to explore its
underlying notions (Miniukovich and De Angeli, 2014a). While visual appeal on desktop
interfaces starts to grow and attract attention (Lavie and Tractinsky, 2004), very few
initiatives and proposals relate to the visual quality assessment of Mobile User Interfaces
(MUIs). In the literature, no general agreement regarding the mobile interfaces evaluation
has been settled and only few assessment tools have been elaborated (Soui et al., 2017).
We also noticed a lack of measures to evaluate the complexity of MUIs without user
participation (Riegler and Holzmann, 2018). The originality of this thesis lies in the fact
that we will study the aesthetics measures of websites on mobile devices while the subject
remains little discussed in the literature.

To cope with the limited number of measures available for mobile devices, it is
possible to use pre-existing measures or to create new ones. In this way, the usage of the
measures created for computers can be extended to mobiles by leaving them as it is or by
making some adjustments to them. The validation step, in this new application context,
remains essential as desktop design methods cannot directly be implemented into mobile
devices (Riegler and Holzmann, 2018).

It is necessary to be aware that mobiles present challenges that are different from
those encountered with computers. Therefore, aesthetics evaluation measures and meth-
ods developed for desktops must be treated with precaution when implemented for mobile
devices. First of all, smartphones have a limited screen size. This means that available
space must be optimized to provide an ease of use as well as an aesthetically pleasing
interface. Then, smartphones are used with fingers which replace the mouse and key-
board of a computer. It sometimes leads to small adaptations of the displayed elements.
Thirdly, mobile phones are used in a different context than computers. Indeed, smart-
phones can be used on motion and, as a matter of fact, receive less attention. Stimuli
from the external environment in which the user is moving can disrupt the smartphone
usage and prevent the user from fully focusing on the screen. For instance, a user in the
street may be disturbed by sounds and visual elements such as changing light conditions.
Consequently, users are expected to be able to perform tasks efficiently and with a min-
imum of cognitive load. Finally, the use of smartphones is limited in time due to the
battery capacity (Chittaro, 2011; Choi and Lee, 2012).
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In addition to validating mobile measures, it is essential to provide an efficient and
automatic means of assessing the interfaces aesthetics to designers (Riegler and Holzmann,
2018). Indeed, evaluating the visual appeal of user interfaces requires time and incurs ex-
penses (Robins and Holmes, 2008). More especially, methods that involve users to assess
certain aspects related to an interface are time-consuming and expensive. Human inter-
vention in the evaluation process also makes it more error prone (Soui et al., 2017). More-
over, automatic computation eases the comparison between various interfaces (Riegler and
Holzmann, 2018). The challenges related to the automation of aesthetic measures are even
more important for start-ups, smaller companies and freelancers. Unlike large companies,
they have budget constraints and limited resources. They cannot outsource the websites
or applications design or afford extensive training sessions (Miniukovich and De Angeli,
2015). For all of these reasons, it is necessary to assess the interface aesthetics using au-
tomatic measures which are, by definition, computed based on the features of interfaces
(Miniukovich and De Angeli, 2014b).

In view of the growing importance of mobiles in our daily lives and the influence of
aesthetics on perceptions, impressions and users’ behaviors, it is essential for companies
to focus on the visual design of their web pages or applications. Therefore, designers
need an efficient and automatic means to assess the visual quality of their interfaces
without spending many resources. Nevertheless, the literature regarding the evaluation
of Graphical User Interfaces (GUIs) on mobile devices is not widespread and further
investigations are required.

1.2 Objective of the thesis

1.2.1 Mission statement

The main mission of this thesis is to gather the visual design measures that assess the
visual aesthetics of Graphical User Interfaces on mobile devices and to confront them
with human judgement. Indeed, the aesthetics of interfaces is a complex subject and it is
interesting to understand the factors that make it up.

1.2.2 Research question

The main objective of our research (see Section 1.2.1) is translated into the following
research question:

Which are the measures to assess the perceived aesthetics of a website in
general and of electronic commerce websites in particular, on mobile devices?
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As it will be explained below (see Section 1.3), we will study this question thanks
to two methods. We will explore the related literature trough a Systematic Literature
Review. On the other side, we will conduct a family of experiments to extend the measures
usage from desktops to mobile devices and to develop models predicting user ratings.
Indeed, we will confront the aesthetics measures with the human judgement regarding
the visual appeal of the interfaces.

While the first experiment will explore the aesthetic measures, offered by the Quality
Estimator using Measures (QuestIM) application, the second experiment will look at the
predictive power of these measures, with respect to the aesthetics perceived by the users
(research question 1.1). Secondly, we will investigate the link between aesthetics and
popularity through research question 1.2. In the literature, the impact of aesthetics on
usability has been clearly established (Tractinsky et al., 2000). Instead of conducting an
additional experiment on the subject, we decided to look at aesthetics from the perspective
of the website popularity.

• Research Question 1.1: Do the QuestIM measures satisfactorily predict the per-
ceived aesthetics of electronic commerce websites on mobile devices?

– Hypothesis 1.1: All QuestIM measures predict the perceived aesthetics of
electronic commerce websites on mobile devices.

• Research Question 1.2: Are popular electronic commerce websites perceived as aes-
thetic on mobile devices?

– Hypothesis 1.2.1: The popular electronic commerce websites are perceived by
users as aesthetic on mobile devices.

– Hypothesis 1.2.2: The popular electronic commerce websites are aesthetic (un-
der QuestIM measures) on mobile devices.

In the third experiment, we will confront the aesthetics measures with the human
judgement thanks to the research question 1.3. We will collect the users aesthetics and
complexity ratings for mobile interfaces. Indeed, we will explore the visual complexity
concept as this high level notion is rather complex and essential. This is one of the most
noticeable features at first glance. This also impacts the user’s initial impression regarding
the interface (Reinecke et al., 2013). Moreover, complexity is linked with the aesthetics
concept and seems to influence the perceived visual appeal (Miniukovich and De Angeli,
2014b). Secondly, in the research question 1.4, we will analyse the aesthetics and the
complexity through the different categories of websites. It was shown, in the literature,
that page design metrics differ according to the website category (Ivory et al., 2001).

• Research Question 1.3: Do the Aalto Interface Metrics (AIM) measures and the
ergonomic criteria satisfactorily predict the perceived aesthetics and complexity of
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electronic commerce websites on mobile devices?

– Hypothesis 1.3.1: All AIM measures predict the perceived aesthetics of elec-
tronic commerce websites on mobile devices.

– Hypothesis 1.3.2: All AIM measures predict the perceived complexity of elec-
tronic commerce websites on mobile devices.

– Hypothesis 1.3.3: All ergonomic criteria predict the perceived aesthetics of
electronic commerce websites on mobile devices.

– Hypothesis 1.3.4: All ergonomic criteria predict the perceived complexity of
electronic commerce websites on mobile devices.

• Research Question 1.4: Compared to other sites, how are the complexity, the aes-
thetics and the ergonomics of the electronic commerce websites perceived and eval-
uated on mobile devices?

– Hypothesis 1.4.1: Electronic commerce websites are perceived as aesthetic by
users compared with the other websites on mobile devices.

– Hypothesis 1.4.2: Electronic commerce websites are not perceived as complex
by users compared with the other websites on mobile devices.

– Hypothesis 1.4.3: The electronic commerce websites are more aesthetic (under
AIM) than other websites on mobile devices.

– Hypothesis 1.4.4: The electronic commerce websites are more ergonomic (under
ergonomic criteria) than other websites on mobile devices.

1.2.3 Working hypotheses

Our thesis is part of the research on the visual design of Graphic User Interfaces. The
scope of our research was narrowed through successive choices.

Firstly, we will focus on the aesthetics evaluation of mobile devices interfaces given
the fact that the subject has not received much attention in the literature. Moreover, this
type of device is recent and increasingly popular. Specifically, the visual appeal evaluation
will be deployed on website screenshots while not interacting dynamically with the system.
We also aim to focus on automatic aesthetics measures as much as possible.

Secondly, we will especially target websites, a particular type of Graphical User
Interfaces in our family of experiments. The Systematic Literature Review, which aims
at identifying and collecting aesthetics measures on mobile devices, will more generally
focus on mobile interfaces as the literature is already primitive on the subject.
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Then, on our experiments will focus on e-commerce websites. Indeed, design mea-
sures might vary among website categories. Furthermore, rating predictions accuracy
might increase if categories are defined (Ivory et al., 2001). We chose the e-commerce
category given that this activity is expanding and benefits from a particular interest from
many companies.

To evaluate the aesthetics of mobile websites based on homepage screenshots, we will
use different sets of measures and criteria. Firstly, 16 aesthetics measures will be semi-
automatically computed on Quality Estimator using Measures2 (QuestIM), an online
application. Aesthetics evaluation will also be performed thanks to Alto Interface Metrics3

(AIM) which automatically evaluates the design of Graphical User Interfaces through
a large set of measures (Oulasvirta et al., 2018). Moreover, eight ergonomic criteria
will be computed thanks to human evaluation. These non-automatic measures were,
nevertheless, subject to validation (Scapin et al., 2001). Furthermore, they will be assessed
by students of the human-computer interface course delivered by Jean Vanderdonckt
(Vanderdonckt, 2021) after having received detailed explanations on the subject. It should
be emphasized that these criteria do not entirely focus on the visual aspects of an interface
as they cover different features of the ergonomics. The ergonomics consists in diverse
branches such Human-Computer Interaction, User Experience Design and Visual Design
(Zen, 2017). However, it is interesting to explore the impact of these ergonomic criteria on
the users’ judgement, given that we are concerned by the underlying factor of aesthetics
and complexity. For instance, consistency is related to the information identification ease.
Evaluating the impact of this criterion on the visual judgement is relevant.

1.2.4 Overall methodology

The research process is composed of three different steps that can be iterative. First,
the research purpose is determined and some research questions are linked to it. The
implementation phase includes establishing a research design and collecting data. Then,
analysis and evaluation steps aim to analyse and interpret the obtained results (Gotteland
et al., 2012).

The critical literature review, regarding a research question, examines the state of
knowledge in the literature and provides a critical analysis. We will adopt a systematic
review methodology. This method aims to locate, analyse and summarise the studies
related to a research question by using a pre-defined strategy (Saunders et al., 2009).

In addition, we will deploy a quantitative methodology through a family of exper-
iments. Indeed, in order to answer our research question (see Section 1.2.2), we will

2See http://questimapp.appspot.com/
3See https://interfacemetrics.aalto.fi/
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quantitatively test hypotheses (Gotteland et al., 2012, Jacquemin, 2017). For the sake
of clarity, the study design of the experiments will be detailed in the chapter dedicated
to each experiment (see Sections 4.1, 5.1, 6.1). Thus, the type of data involved will be
explained, as well as how it will be collected and analysed, etc. (Jacquemin, 2017). In
common with the three experiments conducted, we can attest that the data are primary
and quantitative. Indeed, primary data, unlike secondary data, are not pre-existing and
need to be collected (Gotteland et al., 2012).

1.3 Outline of the thesis

This master thesis is organised into different chapters. The first chapter is dedicated
to the introduction of our research. The organisational, physical and statistical context
in which our research is implemented is explained. Therefore, we present the reasons
and motivations for addressing the subject. Then, the main objective of this thesis is
introduced through the mission statement and the research questions. The hypotheses,
which consist of the choices made, the constraints and the scope of the research, are
presented before detailing the methodology.

The second chapter aims at defining the main terms of our research by exploring
the pre-existing work also known as the state of the art.

The third chapter addresses the research question by collecting pre-existing studies
that refer to it. Using the Systematic Literature Review method, we aggregate and assess
the publications that present aesthetic evaluation measures for mobile interfaces.

A family of experiments is carried out to answer the research question and sub-
questions. A chapter is dedicated to each of the three experiments. The first experiment
focuses on the aesthetic measures offered by QuestIM for the most popular sites of the
SimilarWeb websites ranking. The second experiment evaluates the QuestIM measures
for the popular sites of the Alexa websites ranking. It also presents users’ ratings of beauty.
Finally, the third experiment introduces AIM aesthetic metrics, ergonomic criteria, and
complexity and aesthetics user ratings for the most popular sites of SimilarWeb. Each
chapter contains the deployed methodology of the experiment. The results of a descriptive
statistical analysis are also presented and discussed for each of the three experiments.
Finally, an inferential analysis is carried out to test the various hypotheses of the second
and third experiments.

In the last chapter dedicated to the conclusion, we present our contributions. In
addition, we explain the benefits and the limits of our analysis, before detailing future
research that could be carried out.
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Chapter 2

Related work

In this chapter, we will define the principal concepts of our research question which
addresses the aesthetics evaluation of Graphical User Interfaces (see Section 1.2.2). Our
review of the literature is structured along two lines. The first regards the Graphical User
Interface while the second concerns the concept of aesthetics.

2.1 Graphical User Interfaces

The Graphical User Interface (GUI) can be seen as “a visual operating display” (Jansen,
1998, p.22). Specifically, the GUI of a device is the visual platform that allows the user to
interact with the system while favouring a visual logic. It consists in graphic items such
as menus, navigation bars and buttons (Zen and Vanderdonckt, 2014; Zen, 2017).

Historically, the first application with a Graphical User Interface, called Xerox Star,
was created in the late seventies. Despite its lack of success, the application has influenced
the design of the Apple Lisa as some designers have worked on both projects. Through
history, some inventions have impacted the development of GUIs design more than others.
The Macintosh, for example, was the first to develop icons, menus and mouse clicking and
pointing processes. The Macintosh interface also allowed, for the first time, the user to
be guided through the possible choices in a given context (Jansen, 1998).

2.1.1 Mobile User Interfaces

In this thesis, we will study a specific type of Graphical User Interface, the Mobile User
Interface (MUI). A Mobile User Interface is defined, by Soui et al. (2020), as “the graphical
part of the mobile device that allows the user to interact with the device’s apps, features,
content and functions.” (Soui et al., 2020, p.7685). Therefore, MUIs refer to mobile
devices such as mobile phones and handheld computers (Niranjanamurthy et al., 2013).
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2.2 Aesthetics

2.2.1 Concept evolution and definitions

“Aesthetics” was introduced three centuries ago and comes from a Greek word which is
related to senses perceptions (Lavie and Tractinsky, 2004; Online Etymology Dictionary,
2021). The word “aesthetics” was adopted in the general language at the end of the 18th

century (Lavie and Tractinsky, 2004). Over time, the term has evolved and has been
examined in various disciplines such as philosophy and engineering (Zen, 2017). Through
this thesis, we focused on the notion of aesthetics as a reference to what has a pleasant
appearance (Lavie and Tractinsky, 2004). Indeed, in the literature of human-computer
interaction, aesthetics relates to beauty or pleasing appearance (Zen, 2017). According
to Bessghaier et al. (2021), the aesthetics is “the level of the visual appeal of a design.”
(Bessghaier et al., 2021, p.2).

The concept of beauty, which invokes aesthetics, is not recent. In the antiquity,
aesthetics considerations were seen as essential in architecture. Later, beauty also referred
to the human body and nature. However, the concept has remained absent in the human-
computer interaction field for a long period of time. Performance, functionality and
usability were more discussed than aesthetics. Over the year, discussions and studies
regarding usability and aesthetics have become more balanced. Literature started to
focus on the effects of aesthetics on users and recognised its predicting power over user
impressions and preferences (Lavie and Tractinsky, 2004).

2.2.2 Importance of aesthetics

Aesthetics is an essential interface feature as it has numerous impacts on the user im-
pressions, preferences and behaviours. First, the visual appeal impacts enjoyment (Lavie
and Tractinsky, 2004) and is positively correlated with users’ satisfaction (Choi and Lee,
2012). Moreover, pleasing GUIs help to engage users whereas unappealing websites are
more likely to have their users switch to a competing site. Indeed, the aesthetics of a
website determines the engaging of users and has an effect on their loyalty (Bessghaier
et al., 2021; Reinecke et al., 2013). Furthermore, an interface with superior aesthetic qual-
ities benefits from a greater credibility, which is the feeling of trust the user might feel
facing the informational content. On the contrary, an interface with low aesthetic qual-
ities induces negative perception of credibility at first sight (Robins and Holmes, 2008).
The GUI visual appeal can also influence the user acceptability, comprehensibility and
productivity (D. C. L. Ngo et al., 2003).

In addition, the strong link between both perceived usability and perceived aesthetics
before, as well as after performing tasks, has been shown in the literature. Specifically,
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the extent to which a system is aesthetically pleasing impacts the aesthetics and usability
perceptions after use. This means that appealing interfaces tend to be seen by users as
usable systems. Besides, the perception of usability after usage is linked to the aesthetics
and not to the actual usability (Tractinsky et al., 2000).

Visual appeal is an aspect that should not be neglected in interface design since
human judgement about aesthetics is formed quickly and is time-persistent (Tractinsky
et al., 2006). When the user is confronted with the interface, the first impression is
established in the first 50 milliseconds (Lindgaard et al., 2006). Moreover, it has been
shown that this judgement persists over time. Indeed, the attractiveness ratings of a web
page after 500 ms and after 10s are strongly linked (Tractinsky et al., 2006). Therefore,
it is essential to focus on GUIs visual appeal as, in a fraction of a second, users form an
opinion about the website that persists over time.

2.2.3 Measuring aesthetics

Aesthetics is a complex concept (Miniukovich and De Angeli, 2014a) which needs to be
understood comprehensively (Zen and Vanderdonckt, 2014). It is therefore interesting to
find measures to evaluate the aesthetics and explore its underlying aspects.

Two different approaches aim to evaluate interface aesthetics. The first one, defined
as qualitative and subjective, collects the assessment of experts or users (Bessghaier et
al., 2021). Subjective approach may appear as not reliable. For instance, the notion of
what is aesthetically pleasing or not may seem completely individual. Nevertheless, by
collecting a number of judgements, it is possible to achieve a certain degree of objectivity
or to identify some common and accepted elements of evaluation among the participants
(Zen and Vanderdonckt, 2016). The second method is characterized as quantitative and
objective. It computes measures based on the interface features. Focusing on quantitative
evaluation and, in particular, on automatically calculated measures of aesthetics appears
to require less time and may lead to less errors (Bessghaier et al., 2021).

That being said, subjective approaches might be carried out to confirm objective
ones. Indeed, automatically computed metrics need to align with human judgement. In
order to do so, two techniques are possible. The first one consists in training an artifi-
cial intelligence in order to deduce measure values based on aesthetics information given
by users. This method takes advantage of the human understanding of the measure.
The second technique consists in verifying the consistency between the results given by
metric formula and the human judgement (Zen and Vanderdonckt, 2016). After quanti-
fying the aesthetics objectively by means of measurements, their alignments with human
judgements can be checked thanks to user ratings for instance.
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As mentioned previously, measures allow a more objective and rigorous approach to
interface aesthetics evaluation. According to Zen (2017), “A visual measure is the appli-
cation of a mathematical formula based on a visual principle resulting in a quantitatively
descriptive measure.” (Zen, 2017, p.51).

Ngo et al. (2000) were the first to link a mathematical formula to the principles and
notions elaborate previously on interface visual design (Zen and Vanderdonckt, 2016).
Their contribution was one of the most important in the research on aesthetic measures.
Through their work, they have proposed a set of measures that are empirically validated,
commonly accepted and recognised in the scientific community (D. C. L. Ngo et al.,
2000; D. C. L. Ngo and Byrne, 2001; D. C. L. Ngo et al., 2003). While researchers have
become increasingly interested in the aesthetics of GUIs (Lavie and Tractinsky, 2004),
the literature on the visual appeal of MUIs is still relatively new. As a matter of fact,
no consensus has been reached on how to evaluate the visual design of MUIs (Soui et al.,
2017).

2.2.4 Visual complexity

Complexity is linked to the aesthetics concept. Indeed, complexity can predict the per-
ceived aesthetics of GUIs (Miniukovich and De Angeli, 2014b). Moreover, it has been
shown in the literature that a negative correlation exists between the two notions. While
some studies started by assuming that complexity and aesthetics were strongly correlated,
they did not explore the underlying aspects of complexity (Miniukovich and De Angeli,
2015). Especially, few studies address the complexity of the measures of mobile devices,
without human participation (Riegler and Holzmann, 2018)

In the human-computer interaction field, three kinds of complexity can be identi-
fied: visual, information design and task complexity (Miniukovich and De Angeli, 2015).
Through this thesis, we will explore the concept of visual complexity as comprehensively
as possible.

Visual complexity is an essential aspect of GUIs as it significantly impacts the user.
Firstly, complexity has a strong influence on initial impressions (Reinecke et al., 2013).
Specifically, the visually complex interfaces lead to a more negative first impression than
the less complex ones. As users are sensitive to this GUI feature, they rather browse a
not too complex website (Tuch et al., 2012). Secondly, very complex screens are confus-
ing and decrease user productivity (Riegler and Holzmann, 2018). Furthermore, interface
complexity increases face tension, arousal and reaction time which is linked to the per-
formance of a visual searching task. A complex interface will also impact the memory
capacity of the user navigating it (Tuch et al., 2009).
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Chapter 3

Systematic Literature Review

To answer the research question,“Which are the measures to assess the perceived aesthetics
of a website in general and of electronic commerce websites in particular, on mobile
devices?”, we tried to identify and aggregate the published studies on the subject. To this
end, we adopted the Systematic Literature Review (SLR) procedure. In this chapter, we
will describe the method and present the different results obtained with this approach.

3.1 Method

To get an overview of the studies carried out on the subject, we deployed a Systematic
Literature Review. A SLR is a rigorous and systematic approach to locate, assess, and
aggregate studies on a specific and defined topic, question or phenomenon. This scientific
method aims to aggregate knowledge and produce objective summaries of the results
related to a defined topic. The generated outcomes attempt to be unbiased, reproducible,
and reliable (Kitchenham et al., 2010; Pearl Brereton et al., 2007; Villarreal-Narvaez et
al., 2020). We deployed the SLR through 4 phases: identification, screening, eligibility,
and inclusion (Altman et al., 2009; Villarreal-Narvaez et al., 2020).

The first phase is called the identification and consists in identifying the potential
relevant studies of a digital library thanks to a specific query (Casteleyn et al., 2014;
Kitchenham et al., 2010). We started by realising our research on Association for Com-
puting Machinery Digital Library1 (ACM DL) as it is one of the key electronic databases
in the field (Table 3.1). We began with a fairly restrictive query. Since we did not ob-
tain many results after going through the stages of the Systematic Literature Review, we
changed the terms and relaxed the constraints imposed by them. More detailed informa-
tion on the subject can be found below (see Section 3.2). Furthermore, we tested another

1See https://dl.acm.org/

13

https://dl.acm.org/


database by performing our research on Google Scholar 2 which lists articles from a wider
range of fields.

In this identification phase, we extracted the 100 most relevant publications for each
query. As we deployed five queries, we saved, in total, 500 papers from the 25th of October
to the 28th of November 2021. The rules applied to each library are specified in Table 3.1.
For all digital libraries, results were sorted in order of relevance. Therefore, our findings
rely on the relevance ranking algorithm of the research engines. Before moving to the
next phase, we removed the double entries.

The screening step consists in discarding some studies according to the form and
content criteria (Casteleyn et al., 2014). The form criterion suggests to focus only on
articles for which the full text is available, written in English and peer-reviewed. The
peer-reviewed references include publications such as studies published in peer-reviewed
journals, workshops, and conferences. Conversely, the un-reviewed references are, for
instance, PhD. theses, master theses, books, tutorials, patents and slideshows (Casteleyn
et al., 2014; Villarreal-Narvaez et al., 2020). As regards the content criteria, we retained
articles that explicitly mention a measure of aesthetics, visual complexity or visual design
for mobile devices. Papers related to other topics were excluded.

The third step is called eligibility and excludes articles that do not match prede-
fined criteria related to the study and report characteristics (Altman et al., 2009). More
precisely, we only accepted articles containing automatic, formal and calculable aesthetics
or complexity measures related to the visual design of a mobile interface.

Finally, the inclusion phase verifies quantitative and qualitative information about
the articles (Villarreal-Narvaez et al., 2020). Nevertheless, this step will not be explained
in detail in this thesis.

2See https://scholar.google.com/
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3.2 Results and discussion

During our study, we went through the different phases of the SLR several times. Each
time, we changed the query and/or the library used (Table 3.1). The reasoning behind
these modifications will be explained hereafter, as well as the obtained results.

3.2.1 Query 1

We started by creating a query according to the theme of our research question on ACM
DL, one of the most well-known digital libraries in the field:

Q = (automat*) AND (eval* OR assess*) AND (aesthetic* OR visual OR

complexity) AND (interface*)

Nevertheless, this explanatory query allowed to identify roughly 173,000 results. Given
the fact that we tried to find few but very relevant publications, we chose to refine our
query by specifying the type of devices:

Q = (automat*) AND (eval* OR assess*) AND (aesthetic* OR visual OR

complexity) AND (interface*) AND ((smartphone*) OR (tablet*) OR

(mobile*))

The latter allows to identify approximately 57,000 results from which we extracted the
100 most relevant ones.

3.2.1.1 Measuring the visual impressions and the complexity of mobile apps

One of the main interesting papers obtained thanks to the first query, in position 4 of the
ranking, is the Miniukovich and De Angeli’s research (2014b). The study is a continua-
tion of their previous paper which focused on the automatic evaluation of complexity on
desktop (Miniukovich and De Angeli, 2014a). Through the present study, the researchers
tried to extend the usage of six automatic complexity metrics to mobiles (more precisely
mobile apps) by making minor adjustments. They also verified the predictive power of
these measures with regard to the complexity and aesthetic assessments left by users.
According to the authors, complexity is composed of three determinants (Miniukovich
and De Angeli, 2014b).

The first complexity determinant is the amount of information which is made up
of three components: the visual clutter, the dominant colours, which is related to the
number of different colours, and the colours depth, which is linked to the colour gradual
transition. Different low-level measures were computed to evaluate the three components
of the amount of information. These submeasures were deployed in a factor analysis.
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Firstly, two low-level measures are loaded on one factor that we can describe as
the dominant colour: the number of static clusters and the number of dynamic clusters.
The number of static clusters is obtained after clustering the pixel colour values. It is
noteworthy that the colour values that appear less than five times are ignored. This
threshold was adapted specifically for mobile devices. As far as the number of dynamic
clusters is concerned, two colours belong to the same cluster when the distance between
their positions in the colour cube is equal to or lower than three. Secondly, three measures
are loaded on a factor which can be interpreted as the colours depth: the distinct pixel
RGB values, the PNG file size, and the proportion of different RGB values on the number
of dynamic clusters. Thirdly, the visual clutter is composed of the feature congestion, the
file size (JPEG), the subband entropy, and the edge density ratio.

The second complexity determinant is the organisation of information and is assessed
through symmetry. This latter concept is measured by the number of symmetrical pixels
(viewed from a vertical axis) compared to the number of edge pixels. This ratio is, then,
normalised by the edge density. It is worth highlighting that the symmetry threshold was
adapted to suit mobile devices.

The third and last determinant of complexity is the discriminability of information
which is evaluated by the figure-ground contrast and the edge congestion. Regarding the
figure-ground contrast, the authors computed “the proportions of edge pixels on several
consecutive luminance levels. Then we weighted the proportions ..., summed them up and
normalized by the overall number of edge pixels.” (Miniukovich and De Angeli, 2014b,
p.37). The algorithm was adjusted for mobiles by slightly decreasing the consecutive
luminance levels to obtain ranges between 0.05 and 0.65. Indeed, mobiles seem to include
less background contrast. The result is interpreted as the figure-ground contrast. As far
as the edge congestion is concerned, this measure is defined as the proportion of congested
pixels compared to the total number of edge pixels. A pixel is congested when the edge
pixel is within 20 pixels of a pixel belonging to another edge.

This article is interesting as it presents measures of complexity adapted to mobile
devices. Some of them are well described, such as symmetry and edge congestion con-
trast, whereas others could be explained more clearly such as figure-ground contrast. All
measures are explicit while not all are formal, neither calculable. Indeed, no detailed
information or formula is available to calculate these measures in the same way as the
two authors did. This represents a limit to the reproducibility of the experiment.

However, the article links other references to the measures. The article previously
written by the same two authors is mainly quoted. Therefore, we investigated if this article
is more accurate in the definition of the measures by clearly explaining their meaning as
well as their formulas. The measures were computed automatically thanks to existing or
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new algorithms. Indeed, the authors created algorithms, implemented in MatLab, for the
computation of symmetry, edge congestion and the figure-ground contrast. The related
formulas are presented in the article and will be detailed hereafter. The article also briefly
explains the submeasure of visual clutter, colour depth and dominant colours which were
computed thanks to existing algorithms. However, these submeasures are not represented
with their related formulas in the article (Miniukovich and De Angeli, 2014a).

Symmetry refers to the contours reflection around a vertical axis. The algorithm
created by the two authors detects edges and filters them, before computing the symmetry.
Indeed, contours, which are parallel to the horizontal axis, are discarded as they are, most
of the time, symmetrical along the vertical axis. Moreover, when a group of pixels is
detected as belonging to an edge, the algorithm sets aside the pixels which are within
a radius of 4 pixels from what we will call a key point (a specific contour pixel that is
not filtered). In their paper, Miniukovich and De Angeli (2014a) calculate the symmetry
thanks to the ratio of the number of matches among the key points to the total number of
key points. This ratio is normalised by the probability of matches among the key points
and is defined as the symmetry measure (equation 3.1) (Miniukovich and De Angeli,
2014a):

Symnorm =
ksym
kall

× (1− (kall − 1)× Sa

Ss

)−1 (3.1)

where kall are the key points which represent the unfiltered edge pixels whereas ksym are
the key points which possess a matching pixel across the vertical axis. Sa is the size of
the area where the matching pixels are searched. In this paper, this variable is constant
and equals to 4. Ss represents the size of the screenshot.

The edge congestion is related to the phenomenon that below a certain distance
users struggled to differentiate objects. According to Miniukovich and De Angeli (2014a),
the edge congestion is defined as the proportion of congested edge pixels to the total num-
ber of edge pixels (equation 3.2). Besides, to be considered as congested, a contour pixel
must be within 20 pixels of another edge pixel. Moreover, the contour pixel is detected
thanks to an algorithm which observes the colour differences in the neighbourhood of the
latter (Miniukovich and De Angeli, 2014a).

cong =
pc
pa

(3.2)

where pc is the number of pixels considered as congested whereas pa is the number of
contour pixels.

The figure-ground contrast is linked to the colour and luminance changes of
neighbouring zones. These pixel differences in colour and luminance allow the edge detec-
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tion of different edge strength levels thanks to sensitivity thresholds. A high threshold is
only able to identify the strong contours whereas the low one identifies the weak edges as
well. The figure-ground contrast is a function of the number of edges pixels in the different
levels. The sum of the pixels subtractions, which are computed between the consecutive
levels, is normalised and weighted (equation 3.3). Indeed, edges from level close to one
obtained a high weight as they lead to visual differentiation troubles (Miniukovich and
De Angeli, 2014a).

Enorm =

∑6
l=1(El − El+1)

El − E6

× (1− (l − 1)

6
) (3.3)

where El is the number of pixels belonging to a level l.

3.2.1.2 Enumerating several complexity factors

In his paper, which appears in position 10 of the most relevant articles related to the first
query, Gaffar (2009) presents the different complexity aspects of mobile applications. The
complexity factors are divided in three categories: design time challenges, user experience,
and, finally, content and capabilities of the system. Nevertheless, the article does not
present calculable formulas and most of the factors do not address visual complexity of
the interface.

3.2.1.3 Assessing the visual design of Android apps

Among the results of the first query, we found, in position 36, a paper which introduces
CodeMaster UI Design (Solecki et al., 2020). This tool evaluates the visual design of
mobile applications which were developed using a specific programming environment for
Android apps, called App Inventor. On CodeMaster UI Design, the visual design evalua-
tion is processed by extracting the application code and assessing the performance level of
predefined criteria. These criteria are represented by a question and cover various aspects
of the app design such as colours, typography, and layout. For instance, one criterion
related to the colour category is: “How many colors are used (other than black, white,
and gray)?” (Solecki et al., 2020, p. 53). The tool displays an overall design grade as
well as the score of each category and criterion. Besides, the category score is the sum of
the criteria scores included in this category. The assessment grade is computed as follows
(equation 3.4)(Solecki et al., 2020):

Grade =
score achieved

maximum score of the assessed criteria
× 10 (3.4)

However, the article does not explain in detail how the performance level of the
criteria is computed and what the formulas behind it are. This limits the ability to

19



replicate this experiment by evaluating the visual design in a similar way to what was
done in the paper.

3.2.1.4 Measuring the simplicity of smartphones

The first search on ACM DL provides, in position 95, an article about the interface
simplicity of smartphones. Choi and Lee (2012) model simplicity as composed of three
aspects. Two are more cognitive and functional (information design and task complexity),
whereas one is related to the visual design (visual aesthetics). Nevertheless, they assessed
the three simplicity aspects, which were divided in construct and items, using Likert
scales. Therefore, the study results rely on user’s points of view (Choi and Lee, 2012).

The article presents so-called self-reporting measures which required the collection
of user evaluations. Therefore, this procedure is subject to variations and may be far from
reality. Indeed, what is reported by a user may not correlate with the objective reality
(Abeele et al., 2013).

3.2.2 Query 2

Most of the publications retrieved from the first search satisfy the query syntactically but
not semantically (see Section 3.2.1). Indeed, they deal with topics other than the subject
of our research question and are, therefore, not relevant to our study. To overcome
this, we implemented several strategies (Table 3.1). The first one consists in relaxing
the constraints imposed by the query. We carried out new searches by, first, removing
the “automat*” truncation from the query (where the asterisk represents any unknown
character). This second search retrieved more articles than the first one (roughly 93,000).
It should be noted that the publication of Miniukovich and De Angeli (2014b) about the
complexity of mobile interfaces appears once again among the first results (in position
9). Even if this second query allows to locate a larger number of articles, they are not
necessarily more relevant regarding our research objective.

3.2.3 Query 3

In a third stage, we have pursued the strategy, which consists in relaxing the constraints
imposed by the query terms, by removing the “interface*” truncation. Similarly, this query
does not enable us to identify more interesting articles. In addition, it is noteworthy that
the article of Miniukovich and De Angeli (2014b) appears in position 95. Therefore, this
new query seems less effective in identifying articles relevant to our research.
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3.2.4 Query 4

The second strategy consists in removing and replacing some terms of the first query.
Through the first research, we have observed that the “complex*” truncation often leads
to articles that are not related to visual complexity. Indeed, they are rather related to
other complexity aspects of systems, interfaces, etc. For this reason, we removed this
truncation from our query. Moreover, we replaced the notion of “eval*” and “assess*” by
that of “measure*” and “metric*”.

This fourth query identifies 23,000 publications, among which the article written by
Miniukovich and De Angeli (2014b) appears in the first ranking position. In position 15,
the study conducted by Bessghaier et al. (2021) seems highly relevant and will be detailed
hereafter. As regards the irrelevant articles, they could have been discussed, by analogy
with what was realized in the previous sections (see Sections 3.2.1 and 3.2.2).

3.2.4.1 Detecting the aesthetic defects of mobile interfaces with measures

In their research, Bessghaier et al. (2021) introduce a tool which detects aesthetic defects
on MUIs using automatic metrics. In order to detect design mistakes, they create defect
detection rules with an optimisation algorithm by combining structural measures. In
total, they present 15 measures with their related formulas: balance, economy, cohesion,
layout uniformity, simplicity, density, regularity, sequence, homogeneity, grouping, unity,
integrality, number of elements, complexity and, finally, clarity (Bessghaier et al., 2021).

According to Bessghaier et al. (2021), the density (Dst) is related to the elements
distribution across the different parts of the screen (equation 3.5):

Dst = 1− 2|0.5−
∑n

i ai
aframe

| ∈ [0, 1] (3.5)

where aframe and ai are, respectively, the areas of the frame and an object i, while n is
the number of objects on the layout.

The sequence (SQM) is linked to the elements organisation. The measure is defined
based on the area aij of an object i located in the quadrant j (which is Upper-Left (UL),
Upper-Right (UR), Lower-Left (LL) or Lower-Right (LR)) (equation 3.6) (Bessghaier et
al., 2021):

SQM = 1−
∑

j=UL,UR,LL,LR |qj − vj|
8

∈ [0, 1] (3.6)
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where vj and wj are defined as follows:

vj =


4, if wj is the largest in w
3, if wj is the 2nd largest in w
2, if wj is the 3rd largest in w
1, if wj is the smallest in w

wj = qj

nj∑
i

aij (3.7)

with: qj = { qUL, qUR, qLL, qLR } = { 4, 3, 2, 1 } and w = { wUL, wUR, wLL, wLR }

The regularity (Rgl) refers to elements spacing on an horizontal and a vertical
axis. Bessghaier et al. (2021) computed the regularity measure based on RMalignment

and RM spacing which are, respectively, related to the minimisation and the consistency
spacing of the alignment points (equation 3.8) (see Appendix A.1):

Rgl =
|RMalignment|+ |RM spacing|

2
∈ [0, 1] (3.8)

The homogeneity (HM) relates to the elements’ distribution among the four quad-
rants and is a function of the number of possible objects arrangements across these four
screen parts W (equation 3.9) (see Appendix A.2) (Bessghaier et al., 2021):

HM =
W

Wmax

∈ [0, 1] (3.9)

According to Bessghaier et al. (2021), the economy (Ecm) is inversely proportional
to the number of different element sizes (nsize) and aims to favour a clear and simple
display (equation 3.10):

Ecm =
1

nsize

∈ [0, 1] (3.10)

The simplicity (Smpl) involves the minimization of the total number of objects (n)
and the number of vertical (nvap) as well as horizontal alignment points (nhap) (equation
3.11) (Bessghaier et al., 2021):

Smpl =
3

nvap + nhap + n
∈ [0, 1] (3.11)

The balance (BM) refers to the elements’ distribution across the interface. The
concept is divided into two dimensions: the vertical BM vertical and the horizontal BMhorizontal
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balance (equation 3.12) (see Appendix A.3) (Bessghaier et al., 2021):

BM = 1− |BM vertical|+ |BMhorizontal|
2

∈ [0, 1] (3.12)

The cohesion (CM) measures the extent to which the elements are interrelated. It
is a function of the two height-width ratios of the layout and screen (CM fl), on the one
hand, and of the two height-width ratios of the objects and layout (CM lo), on the other
hand (equation 3.13) (see Appendix A.4) (Bessghaier et al., 2021):

CM =
|CM fl|+ |CM lo|

2
∈ [0, 1] (3.13)

The layout uniformity (LU) is related to the layout consistency and the compo-
nents structure (equation 3.14) (Bessghaier et al., 2021):

LU = 100× (1− (Nh +Nw +Nt +Nl +Nb +Nr)−M

6N −M
) ∈ [0, 1] (3.14)

where Nh and Nw, are respectively, the number of different heights and widths while N

is the number of objects. Nt, Nl, Nb and Nr are, respectively, the number of top, left,
bottom, and right alignments. M is used for adjustment purposes and can be computed
as follows (equation 3.15) (Bessghaier et al., 2021):

M = 2 + 2[2
√
N ] (3.15)

The unity is related to the impression of screen homogeneity. The unity measure
(Unt) is computed thanks to UMform, which quantifies how similar objects are in size
and shape, and UM space, which is related to the space between widgets and that of the
margins (equation 3.16) (see Appendix A.5) (Bessghaier et al., 2021):

Unt =
|UM form|+ |UM space|

2
∈ [0, 1] (3.16)

The integrality intends to minimise the number of objects of different sizes and
the spaces between the objects and the frame. Tje integrality measure (Intg) is defined
as follows (equation 3.17) (Bessghaier et al., 2021):

Intg = 1− (0.5× [
nsize − 1

n
+

ssc +
∑

inai
2aMUI

] ∈ [0, 1] (3.17)

where n represents the number of objects and nsize is the number of distinct objects sizes.
aMUI , asc and ai are respectively the areas of the mobile interface, the screen and the
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interactive object i. It is noteworthy that ssc, present in the equation 3.17, is not defined
in the article. Therefore, ssc might be, in fact, asc due to a typo.

The grouping encourages the grouping of objects in the center of the interface.
According to Bessghaier et al. (2021), grouping (Grp) can be defined as a function of AL
and UM space presented in the equations 3.20 and 3.19 (equation 3.18):

Grp = (0.85f)× UM space + (0.15f)× AL ∈ [0, 1] (3.18)

where AL is a function of the number of object type i (Ni) as well as the number of,
respectively, horizontal (nHap) and vertical (nV ap) alignment points (equation 3.19)
(Bessghaier et al., 2021):

AL = min (1,
(4×Ni− (nHap×nV ap

Ni
))

4×Ni− 4
) (3.19)

The UM space is computed based on the area of the layout (alayout), the area of the
frame (aframe) and the sum of the objects areas (SumOfArea) (equation 3.20) (Bessghaier
et al., 2021):

UM space = 1− (alayout −
SumOfAreas

aframe

− SumOfAreas) (3.20)

It should be noted that the term f , in the equation 3.18, is not defined in the article.
Also, no additional information is given to help us understand the different possible types
of object i (equations 3.19).

The clarity (CL) is a measure of the elements comprehensibility (equation 3.21)
(Bessghaier et al., 2021):

CL =

∑i=n
i=1 label + title + hint∑i=n

i=1 button + item + EditText
∈ [0, 1] (3.21)

where label, title, hint, button, item and EditText are, respectively, the numbers of
android text, title, hint label, buttons, menu items and editTexts elements.

The number of elements (NM) is related to the number of components on an
interface (equation 3.22) (Bessghaier et al., 2021):

NM =
∑

inbWidgets ∈ [0, 1] (3.22)

It is worth highlighting that the variables of the equation 3.22 are not defined in the
article.
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The complexity is, according to Bessghaier et al. (2021), the sum of all other mea-
sures presented by the authors (see Section 3.2.4.1). Therefore, the complexity (Compl)
includes all the other structural aspects of the interface (equation 3.23):

Compl =
Dst+ SQM +Rgl +HM + Ecm+ Smpl +BM

...
+CM + LU + Unt+ Intg +Grp+ CL+NB

14
∈ [0, 1]

(3.23)

where Dst, SQM , Rgl, HM , Ecm, Smpl, BM , CM , LU , Unt, Intg, Grp, CL and NB

are, respectively, the density, the sequence, the regularity, the homogeneity, the economy,
the simplicity, the balance, the cohesion, the layout uniformity, the unity, the integrality,
the grouping, the clarity and the number of elements.

3.2.5 Query 5

In the last strategy, we changed the library. We chose the multipublisher source Google
Scholar, which gathers publications of numerous fields. As this search engine allows for less
complex queries than those used on ACM DL, we downgraded and adapted our request
(Table 3.1). The first publication retrieved, in position 1, is highly relevant with regard to
our research question and detailed hereafter (Riegler and Holzmann, 2018). By contrast,
the other searching results will not be introduced. Indeed, they are not directly related to
the subject of this thesis, rely on user evaluations, or do not detail a formula for measure
computation.

3.2.5.1 Measuring the complexity of mobile applications

Riegler and Holzmann (2018) established measures and their related formulas to assess
the complexity of mobile applications. These measures are computed automatically, after
having used a region detection algorithm. They also have been subject to verification
through an experiment.

The element smallness relates to the sizes of the screenshot elements. According
to Riegler and Holzmann (2018), the element smallness (Es) is a function of the elements
averages width and height over all the groups of a screen s noted widths and heights,
respectively (equation 3.24) (see Appendix A.6):

Es =

(
1− widths

widths

)
+
(
1− heights

heights

)
2

(3.24)

It is noteworthy that widths and heights are normalised in the range included be-
tween 0 and 1. Indeed, a larger score of element smallness stands for smaller elements on
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the screen which are more difficult to identify.

Riegler and Holzmann (2018) present a measure of misalignment as aligned ele-
ments are perceived as more aesthetically pleasant than non-aligned ones. The misalign-
ment measure (Ms) is composed of three submeasures: the average number of alignments
of a screen s, from a horizontal (numhs), a vertical (numvs) and a central (numcs)
perspective. More specifically, the misalignment is defined as the opposite of these three
alignment submeasures (equation 3.25) (see Appendix A.7) (Riegler and Holzmann, 2018):

Ms = 1− (numhs + numvs + numcs) (3.25)

Density (Ds) is related to the space left empty and the extent to which the elements
occupy the screen (equation 3.26) (Riegler and Holzmann, 2018):

Ds =
1

As

Us∑
u=1

Au,s (3.26)

where Au,s is the area of an element u (included in Us, the set of all elements of a screen
s) belonging to a screen s whereas As is the area of a screen.

According to Riegler and Holzmann (2018), imbalance is composed of the mean
horizontal balance and the mean vertical balance. The weighted mean of the vertical
balance related to a screen s (balvs) is a function of the top and bottom margins of an
element whereas the weighted mean of the horizontal balance (balhs) is computed, anal-
ogously, with the left and right margins. Besides, the element margins are the distances
between the closest elements or the borders in a specific direction such as the top or the
left. A measure of imbalance (Bs), contrary to the measure of balance, can be defined as
follows (equation 3.27) (see Appendix A.8) (Riegler and Holzmann, 2018):

Bs = 1− balhs + balvs
2

(3.27)

A colour complexity measure is introduced by Riegler and Holzmann (2018) as
colours are an important aspect of the interfaces. Indeed, using colours positively impacts
the performance, the visual search time, the memorisation and the perception of users.
Furthermore, colour misuses can be distracting for the users and reduce their usability
perception of the system. The colour complexity measure is related to the number of
dominant colours (numcs) of a screen s which appear more frequently than others. For
each dominant colour pair combination, a colour complexity value (ccmc1,c2) is calculated
as a function of the H (hue), S (saturation) and V (value) values of the two dominant
colours (c1 and c2). The colour complexity (Cs) can be defined using the later measures
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(equation 3.28) (see Appendix A.9) (Riegler and Holzmann, 2018).

Cs =
numcs

numcmax
+ (1− ccms) + chs,hs+1

3
(3.28)

where numcmax is the number of dominant colours and chs,hs+1 is the colour combination
match of a screen’s histogram (hs) and that of its successor (hs+1). ccms is the mean
complexity value of the colour combination.

The typographic complexity expresses the fact that a higher contrast between
the text and background colour increases the legibility. Furthermore, a small font raises
the fixation duration. Therefore, the typographic complexity measure (Ts) is defined as
a function of the text and background colour contrasts as well as the text size (equation
3.29) (Riegler and Holzmann, 2018):

Ts =

numts
numtmax

+
(
1 ts
tmax

)
+ (1− ccms)

3
(3.29)

where numts is the number of unique text sizes (or text heights) while numtmax is its
maximum. Similarly, ts is the average text size for a screenshot s and tmax is the maxi-
mum text size. ccms is the mean of the text foreground/background colour combination
match (see colour complexity measure in Section 3.2.5.1).

Consistency is an important interface feature. Indeed, it eases the recognition of
the interface central objectives. The side information is also more easily filtered. In
addition, an inconsistent interface regarding the colours used results in a reduction of
user satisfaction. According to Riegler and Holzmann (2018), inconsistency (I) includes
various visual facets of an interface. More specifically, the measure is defined using the
N metrics presented in this study through different screens of an application (equation
3.30):

I =
1

N

N∑
n=1

1

xmaxn

√√√√ 1

J − 1

J∑
j=1

(xjn − xn)2 (3.30)

where xjn is the value of the metric n for the screen j. xmaxn and xn are, respectively,
the maximum value and the average of a metric n across the different captured screens.
n is included in N which is the set of metrics presented by Riegler and Holzmann (2018):
element smallness, the misalignment, the density, the imbalance, the colour complexity,
the typographic complexity and the number of elements. Besides, the number of elements
which is the sum of the screen’s elements is not defined by a written mathematical formula
in the article.
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3.3 Conclusion of the Systematic Literature Review

In our Systematic Literature Review, we collected articles that explicitly and formally
present calculable measures of visual complexity or aesthetics for mobile interfaces. We
also briefly presented the related formulas and measures. Through this approach, we
identified two relevant articles that perfectly meet the stated criteria (Bessghaier et al.,
2021; Riegler and Holzmann, 2018). A third paper represents an extension of complexity
measures from desktops to mobiles. Although the research extension does not present
any formula, it clearly mentions the earlier publication of the two authors and indicates
the adjustments made to the previous formulas (Miniukovich and De Angeli, 2014b).
However, the other articles retrieved are irrelevant to our research question.

Firstly, among our different queries results, numerous articles satisfy the search syn-
tactically but are semantically irrelevant. Indeed, although they fulfil the criteria imposed
by the query, they do not address our research question. For example, a significant num-
ber of papers deal with topics other than the evaluation of visual interface design, such
as the complexity of video coding or system portfolios.

Secondly, other papers present explicit MUIs measures of aesthetics or complexity.
Nevertheless, the measures appear to be self-reported. These non-automatic measures
depend on what is reported by users. They are subject to many biases since they rely on
the users’ perceptions. Given that perceptions are subjective and not always in line with
reality, these measures are not ideal for obtaining transposable and generalisable results
(Abeele et al., 2013).

Finally, other articles present explicit and automatic measures. However, they do
not formally define them, nor do not present any formula. Without having access to the
formula and the entire description behind the measures, it is difficult to reproduce the
experiment.

In conclusion, despite the precision of the queries, the results are not very mean-
ingful. There may be two reasons behind this observation. Firstly, the terms and queries
used would not allow an efficient identification of articles on the subject. Indeed, our
findings rely on the terms of our query and the indexation of published studies. Secondly,
there could be little amount of work on the subject. This hypothesis seems plausible since
we noticed that the existing studies on the visual design measures of mobile interfaces
are recent. Moreover, the previously identified works mention the fact that there are few
other works that relate to the exact same subject (Riegler and Holzmann, 2018).

28



Chapter 4

Experiment 1 - SimilarWeb / QuestIM

In this chapter and the next two, we will explore through different experiments some
aesthetics measures of websites in order to answer our research question.

Which are the measures to assess the perceived aesthetics of a website in
general and of electronic commerce websites in particular, on mobile devices?

Therefore, we will deploy our experiments on e-commerce sites viewed on mobile
devices and use two kinds of approaches to tackle this question: qualitative evaluation
(beauty ratings, complexity ratings, and ergonomic criteria) and quantitative evaluation
based on two sets of measures (the QuestIM measures and the AIM measures).

In this first experiment, we will go through and analyse the aesthetics measures
offered by Quality Estimator using Measures1 (QuestIM). QuestIM is an application
available online which evaluates the aesthetics of interfaces thanks to visual measures
(Zen, 2017). These 16 measures will be semi-automatically computed for 33 e-commerce
websites. These sites were retrieved, thanks to UiLab, from SimilarWeb2 which suggests
websites rankings based on the traffic registered on every site. Besides, UiLab is a software
used to carry out experiments on GUIs visual design. This tool was developed to ease the
design of experiments and support their reproducibility (Burny and Vanderdonckt, 2021).

4.1 Experimental method

The first step of the research method started with the screenshot collection in October
2020. We extracted the URL and a homepage screenshot of the first 50 most popular
websites in the “E-commerce and Shopping” category of SimilarWeb thanks to UiLab.
The homepages were captured in a portrait mode with a 414x732 resolution and saved in

1See http://questimapp.appspot.com/
2See https://www.similarweb.com/fr/top-websites/
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a PNG file format. After downloading manually each screenshot in a file locally stored,
the screenshot gallery was filtered. The websites which were not accessible were elimi-
nated, such as www.costco.com. Furthermore, in December 2020, the screenshots of some
websites were replaced by manually captured screenshots if they presented a default. For
example, for some screenshots, the portrait mode has not been correctly loaded when the
screen was captured or the website detected too rapid navigation which blocked the ac-
cess. It concerns seven websites which were captured thanks to SnagIt3 (a software which
allows to make advanced screenshots) and Window Resizer4 (a Google Chrome extension
to define different browser resolutions). Finally, after collecting, editing and excluding
some screenshots, the gallery consists of 33 different screenshots.

Secondly, we proceeded manually to the zone segmentation of the screenshots thanks
to QuestIM. Each zone, characterized by a rectangle, was manually defined by applying a
consistent reasoning to the entire screenshot gallery. For example, non-interacting banners
and text menus are defined as separate zones. Banners with interactions (e.g., “click me”)
also have a zone delimiting this button (Figure 4.1). This zone segmentation outcomes in
a JSON file displaying all areas defined by x and y coordinates, a width, and a height.

(a) www.pinduoduo.com (b) www.wildberries.ru

Figure 4.1: Zone segmentation on QuestIM

On QuestIM, the 16 aesthetics measures of each screenshot were computed au-
tomatically after having manually identified the different zones of the screenshot. It is
noteworthy that opening the screenshots on QuestIM, defining the zones manually, let-
ting the system calculate the 16 measures automatically and downloading the output

3See https://snagit.fr.softonic.com/
4See https://coolx10.com/window-resizer/
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files, separately, for each of the 33 images, took 2 hours and 36 minutes in total. The 16
QuestIM measures used in our analysis are briefly described below (Zen, 2017).

• The external alignment is the proportion of zone sides that are aligned vertically or
horizontally.

• The center alignment determines the proportion of the zones that have their center
aligned vertically or horizontally.

• The balance is the distribution of optical weight, according to D. C. L. Ngo and
Byrne (2001), and is inversely proportional to the vertical and horizontal balance.
These two measures take into account the area, the shape, the colours of the zones,
the distance between the zones and a central axis from, respectively, a vertical and
a horizontal point of view.

• The symmetry is the identical correspondence of zones around a center or an axis.

• The density describes to what extent the zones cover the image.

• The simplicity is the directness and singleness character of an arrangement and
depends on different factors such as the alignment of the zones.

• The equilibrium is linked to the disposition of the zones on the screenshot. The
more the center of the layout corresponds to the center of the screenshot, the closer
we get to the equilibrium (D. C. L. Ngo and Byrne, 2001).

• The concentricity describes to what extent the areas are gathered in the middle or
placed in the corners of the screenshot.

• The colourfulness describes the intensity of colours.

• The colour density refers to the proportion of colours covering the screen.

• The compression complexity measures the size of the file after the compression of
the image by an algorithm.

• The saliency balance refers to the balance computed thanks to a saliency algorithm.
The latter evaluates the visibility of each zone by following the human perception
as precisely as possible.

• The border detection identifies the borders of objects by detecting visual disconti-
nuities. Therefore, the border balance is computed by counting the pixel luminance
in each of the four quadrants of the screenshot. The border density is linked to the
number of white pixels on the screenshot.

Before answering the research questions, descriptive statistics were completed to
explore each variable separately as well as the links between features. The different
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analyses were developed thanks to RStudio5 and GraphPad Prism6.

In a nutshell, the experiment was performed with two different kinds of variables.
The screenshot is a nominal variable which is linked to the website from which it is origi-
nally taken. Each screenshot also possesses the zone segmentation summary presented in a
JSON file. The QuestIM aesthetics measures are numerical and scale variables (between
0 and 1). A screenshot is linked to these 16 measures computed semi-automatically.

4.2 Results and discussion

QuestIM produces 16 scale variables between 0 and 1. Figure 4.2 depicts the box plots
of the aesthetics measures for the 33 websites and the data are summarised in the table
4.1. It should be noted that the data of this table 4.1 were observed on RStudio as well
as on GraphPad Prism. The variables are pretty volatile as evidenced by the means, the
standard deviations and ranges which are noticeably different. The means and standard
deviations vary between 0.058 and 0.976 and between 0.008 and 0.265, respectively.

The equilibrium, border density and symmetry variables are the less spread vari-
ables and possess lower variances which are equal to or lower than 0.001. Conversely,
colourfulness is the most dispersed variable. Indeed, it possesses the highest standard
deviation, variance, and range.

In addition, the border density variable only possesses values lower than 0.163
whereas equilibrium and horizontal balance have values higher than 0.950 and 0.717,
respectively. Therefore, we can conclude that the studied screenshots have a low border
density and a high equilibrium and horizontal balance. It is noteworthy that the balance
and the equilibrium are linked, as improving the balance enhances the equilibrium (Zen,
2017). Moreover, given that the balance is a function of the average of the horizontal
and vertical balance, it can be deduced that the horizontal balance pulls up the balance
values.

Finally, the Shapiro-Wilk tests reveal that every variable follows the normal dis-
tribution (p-value>0.01) except the border density, compression complexity, horizontal
balance and the equilibrium (p-value<0.01). It is notable that the Shapiro-Wilk tests
were carried out on RStudio and on GraphPad Prism and lead to the same results (see
AppendixB.1).

The figure 4.3 is a scatter plot between each couple of variables and contains, on
the upper part, Spearman correlations and, on the diagonal, histograms. The variables

5See https://www.rstudio.com/
6See https://www.graphpad.com/scientific-software/prism/
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Figure 4.2: Box plot of the QuestIM measures for SimilarWeb websites

that are most strongly correlated are vertical balance and balance (correlation=0.98), bor-
der density and compression complexity (correlation=0.68) and external alignment and
compression complexity (correlation=0.64). As balance is a function of horizontal and ver-
tical balance, the vertical balance and the balance are strongly correlated. The strongest
negative correlations are associated with the density and simplicity (correlation=-0.59),
concentricity and colour density (correlation=-0.4) and horizontal balance and simplicity
(correlation=-0.36) variable couples. The more dense a screenshot is, the less simple it
will be, as evidenced by the correlation.

QuestIM proposes a set of measures to assess the aesthetics of Graphical User
Interfaces through different aspects. In the following chapter 6, we will explore the link
between these measures and the human judgement of aesthetics.
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Measure Minimum Maximum Range Mean SD Variance

SaliencyBalance 0.436 0.949 0.513 0.758 0.124 0.015
BorderBalance 0.536 0.975 0.439 0.774 0.121 0.015
BorderDensity 0.018 0.163 0.145 0.058 0.033 0.001
ColorDensity 0.068 0.632 0.564 0.349 0.166 0.028
Colorfulness 0.111 1.000 0.889 0.677 0.265 0.070

CompressionComplexity 0.153 0.632 0.479 0.287 0.120 0.014
Balance 0.526 0.968 0.442 0.829 0.106 0.011

VerticalBalance 0.324 0.990 0.665 0.727 0.192 0.037
HorizontalBalance 0.717 0.999 0.282 0.931 0.072 0.005

Equilibrium 0.950 0.989 0.039 0.976 0.008 0.000
Density 0.497 0.991 0.494 0.722 0.114 0.013

CenterAlignment 0.143 0.875 0.732 0.475 0.144 0.021
ExternalAlignment 0.000 0.711 0.711 0.241 0.150 0.023

Concentricity 0.326 0.542 0.216 0.437 0.056 0.003
Simplicity 0.081 0.487 0.405 0.275 0.087 0.008
Symmetry 0.383 0.498 0.115 0.439 0.028 0.001

Table 4.1: Descriptive statistics of the QuestIM measures
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Chapter 5

Experiment 2 - Alexa ranking /
QuestIM

The second experiment was conducted as part of Antoine Kirsch’s master thesis (Kirsch,
2019). Through this experiment, we will analyse the measures collected by QuestIM for
shopping (e-commerce) websites from the Alexa ranking (no longer available by category
since September 2020). To verify that these measures are indeed correlated with human
judgement, we will also collect users’ beauty evaluations.

Furthermore, during this experiment, the popularity of the sites will be investigated.
In the literature, the link between beauty and usability has been explored through various
experiments which have, for example, sought to verify the following statement: “what is
beautiful is usable” (Tractinsky et al., 2000, p.127). Instead of conducting an additional
experiment on the link between these two variables, we will prefer to study aesthetics
from the perspective of popularity. Specifically, we will test whether or not aesthetics is
related to the popularity of websites. To exploit these data and to verify the previous
statements, the research question can be broken down into the following subquestions
linked with their hypotheses which are displayed below.

• Research Question 1.1: Do the QuestIM measures satisfactorily predict the per-
ceived aesthetics of electronic commerce websites on mobile devices?

– Hypothesis 1.1: All QuestIM measures predict the perceived aesthetics of
electronic commerce websites on mobile devices.

• Research Question 1.2: Are popular electronic commerce websites perceived as aes-
thetic on mobile devices?

– Hypothesis 1.2.1: The popular electronic commerce websites are perceived by
users as aesthetic on mobile devices.
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– Hypothesis 1.2.2: The popular electronic commerce websites are aesthetic (un-
der QuestIM measures) on mobile devices.

5.1 Experimental method

As the experimental methodology is similar to the one used in the previous experiment
(see Section 4.1), we will not explain in detail the redundant parts of the experimental
method. We started with the screenshot collection of the 100 most popular websites
in the shopping category of the Alexa ranking1 (which no longer offers classification by
website category). It is noteworthy that Alexa ranks the websites based on their traffic
which is an association of the page views and the number of visitors in a one-month
time frame. Among the 100 websites which possess a 414x732 resolution, 21 screenshots
were discarded. Indeed, their homepage was not available during the experiment or the
QuestIM measures were not correctly collected.

Secondly, the zone segmentation was completed manually on QuestIM and 16 mea-
sures were automatically computed. Online aesthetics rating were collected on CHILab2

which is an application dedicated to support experiments on interfaces assessment. Par-
ticipants were asked to assess a selection of randomly assigned screenshots, one by one,
on a 5-point scale (1 = the least aesthetic and 5 = the most aesthetic).

Descriptive statistics were performed to explore the variables and the potential links
between them, mainly on RStudio. GraphPad Prism was used to double check the de-
scriptive statistics data and the normality tests, also obtained on RStudio. To answer
the research questions, inferential statistics were performed with RStudio. Figure 5.1
summarises the different variables as well as the links that may exist between them. The
different statistical tools deployed to answer the research questions are also mentioned.

As far as the variable types are concerned, the screenshot is a nominal variable which
is related to its website. The Alexa ranking is an ordinal and numerical variable. This
feature refers to the popularity ranking of Alexa for the sites classified in the shopping
category. The average beauty rating is a numerical and scale variable (between 1 and
5) which is the average rating left by a sample of participants for a screenshot. The
semi-automatic QuestIM aesthetics measures are numerical and scale between 0 and 1.

1See https://www.alexa.com/topsites
2See http://lrim-chilab.herokuapp.com/
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Figure 5.1: Visual summary of the inferential statistics (experiment 2)

5.2 Results and discussion

5.2.1 Descriptive statistics

The QuestIM measures are represented by the box plots in figure 5.2 and summarised in
the table 5.1. It should be noted that the observations made on these QuestIM measures
in this second experiment are similar to those made on the QuestIM measures of the
SimilarWeb shopping websites in the experiment presented earlier (see Section 4.2).

We observed that the means, the standard deviations and ranges are very different,
meaning that the variables are volatile. Indeed, the means and standard deviations vary
between 0.059 and 0.956 and between 0.024 and 0.269, respectively.

The symmetry, equilibrium and border density are the least dispersed variables,
as already observed in the last experiment (see Section 4.2). They possess the lowest
variances (lower than 0.002) and standard deviations (lower or equal to 0.4). The com-
pression complexity and the external alignment are not dispersed either. On the contrary,
the colourfulness and the vertical balance have the most spread distribution. Indeed, they
own the highest variances (equal to 0.073 and 0.054, respectively) and standard deviations
(equal to 0.269 and 0.232).

Furthermore, even if the horizontal balance does not possess a high minimum as in
the last experiment (see Section 4.2), we can observe that the first quartile of the variable
is high. 75% of the values of the horizontal balance are bigger than 0.8.
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As regards the distribution of the variables, the Shapiro-Wilk normality tests show
that each variable follows the normal distribution (p-value>0.01) except the border den-
sity, compression complexity, horizontal balance, equilibrium and external alignment (p-
value<0.01) (see Appendix C.3).

Figure 5.2: Box plot of the QuestIM measures for Alexa websites

Figure 5.3 gathers the scatter plots of each pair of variables and contains on its
right-hand side the Spearman correlations and, on the diagonal, histograms. We can no-
tice that the simplicity and density have the strongest negative correlation which is equal
to -0.93. Intuitively, it seems logical that a dense interface is not considered as simple
as already observed and explained in the previous experiment (see Section 4.2). On the
contrary, the balance and vertical balance are the most strongly and positively correlated
variables (correlation=0.77). The balance and horizontal balance possess the second high-
est positive correlation (correlation=0.58). Indeed, the balance is a linear combination of
the horizontal and vertical balance. The border density and the compression complexity
have the third highest positive correlation (correlation=0.55).
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Measure Minimum Maximum Range Mean SD Variance

SaliencyBalance 0.295 0.938 0.643 0.707 0.140 0.020
BorderBalance 0.224 0.973 0.749 0.680 0.175 0.030
BorderDensity 0.002 0.208 0.206 0.059 0.040 0.002
ColorDensity 0.004 0.679 0.675 0.376 0.154 0.024
Colorfulness 0.001 1.000 0.999 0.484 0.269 0.073

CompressionComplexity 0.076 0.695 0.619 0.234 0.088 0.008
Balance 0.251 0.981 0.729 0.724 0.172 0.030

VerticalBalance 0.115 0.987 0.872 0.616 0.232 0.054
HorizontalBalance 0.085 1.000 0.915 0.832 0.242 0.059

Equilibrium 0.862 0.993 0.131 0.956 0.024 0.001
Density 0.196 0.997 0.801 0.614 0.215 0.046

CenterAlignment 0.000 0.636 0.636 0.353 0.129 0.017
ExternalAlignment 0.000 0.286 0.286 0.069 0.068 0.005

Concentricity 0.268 0.763 0.494 0.527 0.104 0.011
Simplicity 0.001 0.541 0.539 0.285 0.120 0.014
Symmetry 0.403 0.524 0.121 0.457 0.024 0.001

Table 5.1: Descriptive statistics of the QUESTIM measures
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If we analyse the links between the QuestIM measures and the average beauty
rating (Table 5.2), we can observe that border density and simplicity are the most strongly
correlated variables with the average beauty rating. In fact, the correlation between the
border density and the beauty rating equals 0.25, whereas the correlation between the
beauty variable and the simplicity is negative and equals -0.2.

Measure Beauty

SaliencyBalance 0.114
BorderBalance -0.121
BorderDensity 0.246
ColorDensity 0.019
Colorfulness -0.076

CompressionComplexity 0.025
Balance 0.173

VerticalBalance 0.127
HorizontalBalance 0.167

Equilibrium 0.086
Density 0.080

CenterAlignment -0.040
ExternalAlignment 0.066

Concentricity -0.164
Simplicity -0.198
Symmetry 0.123

Table 5.2: Correlations of the QuestIM measures with the average beauty rating

5.2.2 Inferential statistics

Research Question 1.1: Do the QuestIM measures satisfactorily predict the perceived
aesthetics of electronic commerce websites on mobile devices?

Hypothesis 1.1: All QuestIM measures predict the perceived aesthetics of electronic
commerce websites on mobile devices.

Firstly, we address the research question 1.1 and its related hypothesis 1.1. We
used linear regression to assess if the QuestIM measures can satisfactorily predict the
perceived aesthetics of e-commerce websites. A multiple linear regression was executed on
RStudio to understand whether QuestIM measures (explanatory independent variables)
can satisfactorily explain and predict the beauty ratings given by the participants (depen-
dent variable). However, collinearity and multicollinearity exist between the features and
RStudio struggles to find some results of the linear regression. Indeed, links exist between
the explanatory variables, which explains that the program cannot estimate the param-
eters and test the significance of the horizontal balance (see Appendix C.5). Moreover,
multicollinearity affects the performance of the model.
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In order to avoid collinearity and multicollinearity among the explanatory variables,
we filtered some of them before realising the linear regression. The Variance Inflation
Factor (VIF) could be used. The VIF is a factor associated with each variable, which
indicates if the variable should be kept (VIF lower than 5) or not while realising the lin-
ear regression (Akinwande et al., 2015). Nevertheless, RStudio cannot compute the VIF
as the QuestIM measures are too collinear (see Appendix C.6). We therefore decided
to observe manually the strongest correlations between the explanatory variables (Fig-
ure 5.3). The two strongest correlations are between the simplicity and density variables
as well as between the balance and vertical balance variables. Firstly, we removed the
density because it has a lower correlation with the average beauty rating compared to the
simplicity (see Table 5.2). Secondly, we discarded the balance which is a function of the
horizontal and vertical balance and has a low correlation with the score (see Table 5.2).

After having filtered the variables, multiple linear regression was performed using
the 14 remaining QuestIM measures. To select the features which possess the highest
explanatory power, the AIC (Akaike Information Criterion) stepwise regression can be
executed. This method consists in adding or subtracting model variables to minimise the
AIC. The Akaike Information Criterion (AIC) is proportional to the quantity of informa-
tion lost in the model and inversely proportional to the simplicity of the model determined
by the number of features (Njike and Segers, 2017).

As some non-significant variables were still included in the model obtained after
this stepwise method (see Appendix C.8), we discarded one by one the least significant
features until the model was only composed of significant variables (p-value<0.05). This
means that these remaining variables contribute to explain the average beauty rating and
possess a coefficient different from zero. We obtained that the average beauty rating can
be predicted by one feature, border density, thanks to the following model (equation 5.1,
see Appendix C.9). The resulting model is not surprising as the border density is the
QuestIM variable most correlated with the average beauty rating (Table 5.2).

AverageBeautyRating =2.67 + 4.39× borderDensity (5.1)

The coefficient of determination, noted R2, is the variance proportion of the average
beauty rating that is explained by the model (Wackerly et al., 2014). This coefficient is
equal to 8.61% (see Appendix C.9) for the previous model (equation 5.1). To conclude,
we reject the hypothesis 1.1 because only one QuestIM measure contributes to predict
the perceived aesthetics of electronic commerce websites. Furthermore, the model does
not satisfactorily predict the average beauty rating.

43



Research Question 1.2: Are popular electronic commerce websites perceived as aes-
thetic on mobile devices?

Secondly, we explored the behaviour of popular sites in relation to others. To do
this, we compared the sites from the first half of the Alexa ranking with those from the
second half. More specifically, we compared the average of a variable in the first half of the
ranked sites with the average of this same variable in the second half of the ranked sites.
To check whether two means come from the same population, the ANOVA test is used for
normally-distributed variables and the Kruskal-Wallis test for the others (Wackerly et al.,
2014). The null hypotheses state that the means of a variable are equal among the most
popular and the least popular websites. We also need, for the ANOVA test, to verify that
the two populations have the same variance. This condition has to be explicit on RStudio
when carrying out the test. We assume that the highest popular sites are those with the
most traffic according to the Alexa ranking.

Hypothesis 1.2.1: The popular electronic commerce websites are perceived by users
as aesthetic on mobile devices.

We began by analysing the average beauty rating according to the popularity ranks.
Visually, we can already notice that there seems to be no significant difference in evalu-
ations between popular and non-popular websites (Figure 5.4). As the variable follows a
normal distribution among the two populations (first half of the Alexa ranking sites and
the second one), we performed an ANOVA test after verifying that the variances of the
two populations were equal. This test allows us to state that there is no significant dif-
ference between the average ratings of popular and less popular websites (p-value=0.352,
see Appendix C.10). Therefore, the hypothesis 1.2.1 can be rejected.

In an attempt to go further in the analysis, we decided to compare the average
ratings for the 10 most popular and 10 least popular websites. The two populations
composed of the most and least popular websites follow a normal distribution. Therefore,
an ANOVA test was performed. The test shows that, once again, the means of the two
populations were not significantly different (p-value=0.568). As the results of this deeper
analysis are not more promising than those of the first comparison, we decided not to
investigate it further.

Hypothesis 1.2.2: The popular electronic commerce websites are aesthetic (under
QuestIM measures) on mobile devices.

In order to confirm or reject this hypothesis, we compared the behaviour of each
QuestIM measure separately among the most and the least popular websites. Depending
on the distribution of the two populations (first half of the Alexa ranking and the second
half) and the verification of the equal variances assumption, for normally-distributed
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Figure 5.4: Scatter plot of the average beauty rating per popularity rank

populations, we performed means comparison tests. All p-values of the tests are between
0.062 and 0.981 (see Appendix C.10). This leads us to state for each measure that the
average of a variable within the most popular sites is not significantly different from the
average of the same variable within the least popular sites. As a result, we reject the
hypothesis 1.2.2 because it cannot be affirmed that popular websites are more aesthetic.
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Chapter 6

Experiment 3 - SimilarWeb / AIM /
Ergonomic criteria

To address the research question “Which are the measures to assess the perceived aesthet-
ics of a website in general and of electronic commerce websites in particular, on mobile
devices?”, we will explore among other things two sources of evaluation: the Alto Interface
Metrics (AIM)(an automatic set of measures), and the ergonomic criteria (a manual set
of criteria). Thanks to UiLab, AIM measures, ergonomic criteria, and beauty and com-
plexity ratings will be collected for all websites categories listed in SimilarWeb. Indeed,
these measures and criteria will be confronted with human judgement.

It is noteworthy that, apart from the study of aesthetics, we will explore interface
complexity. Complexity is a rather complex and interesting concept. Indeed, it can be
seen as a component of aesthetics and it also encompasses other underlying concepts.
In the literature, it has been demonstrated that visual complexity can predict aesthetics
ratings (Miniukovich and De Angeli, 2014b).

In addition, the difference between the website categories will be investigated since,
as previously discussed, it has been argued in the literature that the visual design of
sites varies depending on the category (Ivory et al., 2001). In this experiment, we will
compare the behaviour of the measures according to the websites category. Specifically,
we will look at e-commerce and shopping sites, on the one hand, compared to the other
categories combined, on the other hand. To verify the previous statements and study the
links between the variables, the research question can be divided into subquestions with
associated hypotheses.

• Research Question 1.3: Do the AIM measures and the ergonomic criteria satisfacto-
rily predict the perceived aesthetics and complexity of electronic commerce websites
on mobile devices?
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– Hypothesis 1.3.1: All AIM measures predict the perceived aesthetics of elec-
tronic commerce websites on mobile devices.

– Hypothesis 1.3.2: All AIM measures predict the perceived complexity of elec-
tronic commerce websites on mobile devices.

– Hypothesis 1.3.3: All ergonomic criteria predict the perceived aesthetics of
electronic commerce websites on mobile devices.

– Hypothesis 1.3.4: All ergonomic criteria predict the perceived complexity of
electronic commerce websites on mobile devices.

• Research Question 1.4: Compared to other sites, how are the complexity, the aes-
thetics and the ergonomics of the electronic commerce websites perceived and eval-
uated on mobile devices?

– Hypothesis 1.4.1: Electronic commerce websites are perceived as aesthetic by
users compared with the other websites on mobile devices.

– Hypothesis 1.4.2: Electronic commerce websites are not perceived as complex
by users compared with the other websites on mobile devices.

– Hypothesis 1.4.3: The electronic commerce websites are more aesthetic (under
AIM) than other websites on mobile devices.

– Hypothesis 1.4.4: The electronic commerce websites are more ergonomic (under
ergonomic criteria) than other websites on mobile devices.

6.1 Experimental method

In the third experiment, the research method started with the screenshot collection at
the beginning of 2021. The URL and a homepage screenshot were extracted from the 50
most popular websites of each SimilarWeb category using UiLab. Thus, 50 homepages
were captured in each of the 22 categories in a 414x712 resolution and saved in a PNG file
format. The screenshot gallery was filtered. Indeed, unavailable websites were eliminated
and website homepages hidden by an “accept cookies” window, for example, were manually
captured. The final gallery consists of 1,059 websites distributed in 22 different website
categories, which each contains between 43 and 50 screenshots. The zone segmentation,
that constitutes the second step, was carried out thanks to an Aalto Interface Metrics
(AIM) script implemented in UiLab. AIM aims to evaluate the design of Graphical
User Interfaces and is composed of a service accessible online1 and an open source code
(Oulasvirta et al., 2018). This segmentation script automatically separates the screen

1See https://interfacemetrics.aalto.fi/
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into different zones defined by an identifier, x and y positions, width, height and an image
encoding data.

On UiLab, the 53 AIM measures of each of the 1,059 screenshots were automati-
cally computed based on the AIM script. More specifically, AIM presents 17 measures
which together contain 53 submeasures in total (Oulasvirta et al., 2018). Here is a short
presentation of those measures:

• The colour harmony is related to the HSV colour wheel and is composed of the
distances to colour schemes (Cohen-Or et al., 2006).

• The colourfulness is defined by Hasler and Susstrunk (2003) using the different axes
of the RGYB colour space.

• The HSV average contains the colour information represented in the Hue Saturation
Value colour space (Hasler and Susstrunk, 2003; Miniukovich and De Angeli, 2014a).

• The LAB average is also related to colour information and is represented in LAB
space (where L refers to lightness, A to the red and green axis, and B to the blue
and yellow axis) (Hasler and Susstrunk, 2003).

• The standard deviation of the luminance is the variability of pixel luminance.
(Miniukovich and De Angeli, 2014a).

• The number of colours contains the number of unique colours present (Miniukovich
and De Angeli, 2014a; Miniukovich and De Angeli, 2015).

• The PNG (Portable Network Graphics) file size is expressed in bytes and is linked
to the colours of the image (Miniukovich and De Angeli, 2014a).

• The wave score (Weighted Affective Valence Estimates) is the average of the colour
preference scores of the image pixels based on the research of Palmer and Schloss
(2010).

• The edge congestion is the proportion of congested pixels located on the edges
(Oulasvirta et al., 2018; Rosenholtz et al., 2007).

• The edge density is the proportion of pixels located on the edges (Oulasvirta et al.,
2018; Rosenholtz et al., 2007).

• The figure and ground contrast quantifies the contrast between the backgrounds,
objects, and words based, in particular, on the colours (Oulasvirta et al., 2018;
Miniukovich and De Angeli, 2014a; Reber et al., 1998).

• The number of alignment lines is a measure of grid quality and is related to the num-
ber of alignment points of the visual blocks that make up the image (Miniukovich
and De Angeli, 2015).
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• The JPEG (Joint Photographic Experts Group) file size describes the size of the file
and is linked to the clutter of the image (Miniukovich and De Angeli, 2014a).

• The pixel symmetry refers to the symmetry across an axis (Miniukovich and De
Angeli, 2014a).

• The quadtree measures are obtained thanks to the quadtree decomposition algo-
rithm which splits an image into quadrants until those quadrants reach a certain
level of entropy (Reinecke et al., 2013; Zheng et al., 2009).

• The white space is related to the spaces left without content on the screen (Oulasvirta
et al., 2018; Miniukovich and De Angeli, 2015).

Eight ergonomic criteria were collected for each screenshot of the gallery. They
were evaluated by the student of the human-computer interface course delivered by Jean
Vanderdonckt (Vanderdonckt, 2021) after receiving explanations on the criteria. The
ergonomic criteria are originally based on the work of Bastien and Scapin (Bastien and
Scapin, 1993) and have been subject to validation (Bastien and Scapin, 1995; Scapin et
al., 2001). Here is a short explanation of the ergonomic criteria used in our study and
ranked in order of importance (Vanderdonckt, 1995; Vanderdonckt, 2021):

• The compatibility informs us whether the information and tasks are linked to the
one of the real word.

• The consistency refers to the ease of identification and usage of information and
actions.

• The workload refers to the quantity of information to deal with and the steps needed
to perform a task on the website.

• The adaptation is linked to the possibility of adjustment of the interface to the user
and his context.

• The dialogue control refers to the feeling of control that the user might have.

• The representativeness is related to the contents representative nature of some ele-
ment of the interface such as labels and menu items.

• The guidance is linked to the information available that allow the user to be guided
and to know his position in the task completion.

• The error management refers to the capacity of dealing and fixing errors done by
the user.

Then, we collected online ratings for each website. Each participant was assigned
a screenshot category. The experiment took place on UiLab where random screenshots
of a category were displayed one after the other. On the bottom of the page, two rating
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scales of seven stars were used to assess the beauty (1 = the least beautiful and 7 = the
most beautiful) and the complexity (1 = the least complex and 7 = the most complex)
of the site presented above.

Finally, the descriptive statistics of the different variables were completed before
implementing inferential statistics to answer the research questions. The analyses were
performed using mainly RStudio whereas some descriptive statistics data and the normal-
ity tests were performed on GraphPad Prism as well. The figure 6.1 depicts the different
variables and the statistical tools deployed to address the research questions.

Figure 6.1: Visual summary of the inferential statistics (experiment 3)

Different kinds of variables were used during this experiment. As mentioned previ-
ously, the screenshot is still a nominal variable which is linked to a website and a Similar-
Web category (which represents a categorical variable). The AIM measures are numerical
quantitative variables computed automatically thanks to UiLab. The ergonomic criteria
are numerical and scale variables between 1 and 7. The beauty and the complexity av-
erage ratings are also numerical and scale variables (between 1 and 7). They represent,
respectively, the average of the beauty and complexity ratings left for one screenshot by
a sample of participants.

50



6.2 Results and discussion

The statistical analysis was carried out on a data set containing 1,059 observations which
represent the 1,059 homepage screenshots of the 22 categories of SimilarWeb. As ex-
plained previously, the database contains, for each website, its associated category, 53
AIM measures, eight ergonomic criteria and the average beauty and complexity rating.
As one of the website is not associated with ergonomic criteria, we discarded this screen-
shot which was included in the “Business and Consumer Service” category. Our analyses
were performed on 49 websites of the “E-commerce and Shopping” category. Neverthe-
less, the full database was used to answer the research question related to the comparison
of the e-commerce and shopping category with the remaining categories of SimilarWeb
(research question 1.4).

6.2.1 Descriptive statistics

The ergonomic criteria of the e-commerce and shopping category are included between
1 and 7 and their box plots are represented in figure 6.2. It can be quickly noticed that
the error management variable is only composed of values equal to 4. Consequently,
its standard deviation and variance are equal to 0 (Table 6.1). The error management
is difficult to assess based on a screenshot because this dimension needs more dynamic
interactions to evaluate its quality. We decided to set aside this variable in the analyses
carried out on the e-commerce and shopping category. Indeed, the variable contains little
information of interest for this specific category. As far as the other ergonomic criteria are
concerned, they are not very volatile. Their means and standard deviations are included
between 4.000 and 5.122 and 0.713 and 1.309, respectively. Moreover, thanks to the
Shapiro-Wilk normality test (see Appendix D.3), it can be shown that the seven variables
do not follow a normal distribution (p-values<0.01).

Criterion Min. Max. Range Mean Std. Deviation Variance

Compatibility 2 7 5 4.469 1.043 1.088
Consistency 2 6 4 4.714 0.890 0.792
Workload 1 7 6 4.51 1.309 1.713

Adaptation 3 7 4 4.694 0.713 0.509
Dialog.Control 1 7 6 4.714 1.118 1.250

Representativeness 3 6 3 4.837 1.007 1.014
Guidance 1 6 5 5.122 1.053 1.110

Error Management 4 4 0 4 0 0

Table 6.1: Descriptive statistics of the ergonomic criteria

The figure 6.3 represents a scatter plot on its lower part, Spearman correlations on
its upper part between each pair of eight ergonomic criteria, and the histograms of each
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Figure 6.2: Box plot of the ergonomic criteria

variable on its diagonal. We noted that a lot of variables possess a positive correlation.
The representativeness and the guidance are the most strongly correlated variables (cor-
relation = 0.77). The consistency and the workload have also a strong correlation which
is equal to 0.72.

As regards the links between the ergonomic criteria and the average ratings, we
observed that some ergonomic criteria have a stronger link than others with the average
beauty rating variable. Indeed, dialogue control and representativeness have, respectively,
a correlation higher than 0.43 with the beauty rating variable. On the contrary, the
ergonomic criteria do not seem to be highly correlated with the complexity average rating
variable. The adaptation variable is the one with the highest correlation with complexity

52



Figure 6.3: Pair plot of the ergonomic criteria

(correlation = -0.19) (Table 6.2).

Criterion Beauty Complexity

Compatibility 0.2961939 -0.0686303
Consistency 0.2374147 -0.0636639
Workload 0.3107281 -0.0650106

Adaptation 0.1823291 -0.1872986
Dialog.Control 0.4398562 0.08882224

Representativeness 0.4790243 0.1522824
Guidance 0.2916105 0.1271773

Table 6.2: Correlations of the ergonomic criteria with the average beauty and
complexity rating

As far as the AIM measures of the e-commerce and the shopping category are
concerned, we noticed that they have different units of measurement and distributions.
For instance, the color_harmony_i_distance and the HSVAvg_average_sat variables
have a range of 1,365,958 and 0.5771, respectively (see Appendix D.5). The Shapiro-
Wilk tests show that 17 variables among 53 have a normal distribution (p-values>0.001)
(see Appendix D.6). To evaluate the link between each pair of AIM variables, Spearman
correlations were computed and revealed that some variables are strongly correlated.
Indeed, the highest positive correlation between the e-commerce and shopping websites
category is equal to 1 (quadtree_nb_leafs and quadtree_equilibrium) and the highest
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negative one is -0.888 (HSVAvg_average_value and HSVAvg_value_stdev).

6.2.2 Inferential statistics

Research Question 1.3: Do the AIM measures and the ergonomic criteria satisfactorily pre-
dict the perceived aesthetics and complexity of electronic commerce websites on mobile
devices?

We began by addressing the research question 1.3. To evaluate if the AIM measures
and ergonomic criteria can predict the perceived aesthetics and complexity of the e-
commerce websites, we performed linear regressions through different hypotheses.

Hypothesis 1.3.1: All AIM measures predict the perceived aesthetics of electronic
commerce websites on mobile devices.

First, we predicted the average beauty rating (dependent variable) thanks to the
AIM measures (independent variables), to verify the hypothesis 1.3.1. As the AIM mea-
sures are highly correlated (see Section 6.2.1), the linear regression cannot be computed
correctly. RStudio is not able to estimate some parameters and to test the significance of
the explanatory variables (see Appendix D.7). Indeed, collinearity and multicollinearity
exist between the variable, which means that there are links between the features.

Given that multicollinearity affects the performance of the model, it can be inter-
esting to filter the variables before performing a linear regression. One method could be
to use the VIF as presented in section 5.2.2. Nevertheless, the AIM variables are too
dependent on each other and the VIF cannot be computed on RStudio (see Appendix
D.8).

In order to avoid multicollinearity between the variable, we created an algorithm.
This algorithm selects, among the variables that are too closely related, those that are
most correlated with the variable that we are trying to explain. Indeed, these variables
possess a greater predictive power. More specifically, when two variables have a correlation
superior to 0.8 or inferior to -0.8, the algorithm keeps the variable which is more correlated
to the variable that we are trying to explain. For instance, color_harmony_L_distance
and color_harmony_i_distance have a correlation equals to 0.86. The algorithm sets
aside color_harmony_i_distance because that variable is less correlated with the average
beauty rating than color_harmony_L_distance. It is noteworthy that the threshold of
0.8 was arbitrarily chosen because it allows to keep more or less 50% of the variables
(see Appendix D.9). Knowing that the variables are, by definition, highly correlated, this
threshold allows us to have a trade-off between filtering too many variables (20 remaining
variables for a threshold of 0.7) and not enough variables (40 variables for a threshold of
0.9).
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To predict or explain the average beauty rating using the 27 unfiltered AIM mea-
sures, we computed a linear regression. We used the stepwise regression to choose the
features which possess the highest explanatory power (Njike and Segers, 2017). The out-
put function of the stepwise regression is composed of 14 independent variables (see Ap-
pendix D.10). Then, we checked the significance of each variable one by one and removed
the least significant one at a time until each of the remaining variables was significant
(p-value<0.05). The final model is the following (equation 6.1, see Appendix D.11):

AverageBeautyRating =6.497− 0.00001× color_harmony_T_distance

+ 0.002× color_harmony_L_alpha

− 0.002× color_harmony_T_alpha

− 3.131×HSV Avg_average_value

+ 0.016× LABAvg_B_mean

+ 0.00001× nb_colors

− 0.000009× jpeg_file_size

+ 1.706× quadtree_symmetry

(6.1)

Of the eight variables, four have a positive coefficient, meaning that they have
a positive impact on the average beauty rating. The three colour harmony variables
(color_harmony_T_distance, color_harmony_L_alpha, color_harmony_T_alpha), the
HSV and the LAB variables can be grouped under the concept of colourfulness to which
they relate, whereas the last 3 variables of the equation 6.1 (nb_colors, jpeg_file_size,
quadtree_symmetry) are more linked to the complexity concept (Miniukovich and De
Angeli, 2014a; Reinecke et al., 2013). Indeed, the more unique colours in the image, the
more complex the image. Also, the more complex the image and the more information
it contains, the larger the jpeg file size. Finally, the quadtree algorithm breaks down the
image into low-entropy areas where the colour is more or less constant. The more un-
balanced the image decomposition through the quadtree algorithm, the more asymmetric
the decomposition tree will be.

According to the coefficient of determination, R2, 68% of the variability of the
average beauty rating is explained by the model, which is composed of eight explanatory
variables (see Appendix D.11). Therefore, we can reject the hypothesis 1.3.1. Indeed,
only eight AIM measures can satisfactorily predict the perceived aesthetics of electronic
commerce websites on smartphones.
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Hypothesis 1.3.2: All AIM measures predict the perceived complexity of electronic
commerce websites on mobile devices.

Through this hypothesis, we explored the predictive power of the AIM measures
(independent variables) regarding the complexity average rating (dependent variable).
Unfortunately, we faced the same issues as presented above for the prediction of the
average beauty rating thanks to the AIM measures (see hypothesis 1.3.1 in Section 6.2.1).
Indeed, computing a linear regression and filtering the variables with the VIF is not
possible because of the high collinearity between the variables.

To avoid collinearity between the features, we decided, as was also done previously,
to deploy a filtering algorithm. This one examines the correlations between the AIM
measures higher than 0.8 or lower than -0.8. This time, the algorithm keeps the most
correlated variables with the complexity rating. This technique makes it possible to
obtain 25 variables that are not too closely related to each other (see Appendix D.12).
The threshold of 0.8 was again chosen arbitrarily as it allowed to keep 50% of the variables
as opposed to the 0.7 and 0.9 threshold which eliminates, respectively, 33 and 14 variables
among the 53 AIM measures.

After having filtered the measures, we used the AIC stepwise regression to select
the features of the linear regression. The linear regression obtained possesses seven inde-
pendent variables (see Appendix D.13). Among the features, some variables are still not
significant. We removed the non-significant variables until reaching a model with only
significant variables (p-value<0.05) (equation 6.2, see Appendix D.14).

AverageComplexityRating =3.390 + 0.001× color_harmony_V _alpha

− 0.0009× color_harmony_T_alpha

+ 0.003× HasslerSusstrunk_RG_stdev
(6.2)

The model indicates that the complexity can be predicted with the color_har-
mony_V_alpha, the color_harmony_T_alpha and the HasslerSusstrunk_RG_stdev.
The color_harmony_T_alpha is the only one which possesses a negative coefficient. This
means that when the variable increases, the average complexity rating left by the partic-
ipant decreases.

The hypothesis 1.3.2 can be rejected as only a small part of the AIM measures
predict the perceived complexity. It is noteworthy that the model is not very efficient
anyway as it only predicts 32% of the variability of the average complexity rating.
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Hypothesis 1.3.3: All ergonomic criteria predict the perceived aesthetics of electronic
commerce websites on mobile devices.

In order to address the research question 1.3 and the related hypothesis 1.3.3, we
performed a linear regression using the average beauty rating (dependent variable) and
the ergonomic criteria (independent variables) except for the error management variable
which is constant. As previously explained (see Section 6.2.1), the ergonomic criteria
are not too correlated and the VIF does not suggest eliminating certain variables (see
Appendix D.15). Therefore, we performed a stepwise regression to select from the 7
explanatory variables those with the greatest predictive power (see Appendix D.16).

The resulting model contains two independent variables that are both significant
(p-value<0.05) (equation 6.3). The two variables positively influence the perceived aes-
thetics. This means that the more control the user has over the interface, the more
beautiful it will be perceived. Similarly, the more representative the interface elements
(e.g. codes and labels) are of its content, the more attractive it will be to users. These re-
sults seem to be coherent with what we observed previously (Table 6.2). Indeed, dialogue
control and representativeness possess the highest correlations with the beauty variable.

AverageBeautyRating =1.472 + 0.181× Dialog.Control

+ 0.245× Representativeness (6.3)

The hypothesis 1.3.3 can be rejected as only two ergonomic criteria predict the per-
ceived aesthetics. Besides, the two explanatory variables do not possess a high predictive
power as they explain only 34% of the variability of average beauty rating.

Hypothesis 1.3.4: All ergonomic criteria predict the perceived complexity of elec-
tronic commerce websites on mobile devices.

To test the last hypothesis of question 1.3, we also used a linear regression to predict
the average complexity rating (dependent variable). This was done with all ergonomic
criteria (independent variables) except for the error management variable as the variable
is constant. Indeed, the criteria are not too correlated and the VIF does not advise us
to put some variables aside (see Appendix D.17). The stepwise regression was deployed
and resulted in a model with a single explanatory variable: the adaptation (see Appendix
D.18). However, this variable is not significant and the final model contains only the
intercept. This means that the ergonomic criteria do not predict the perceived complexity
which leads to reject hypothesis 1.3.4. Given the observed correlations (Table 6.2), we
are not surprised by this outcome. Indeed, the ergonomic criteria are weakly correlated
with the complexity variable. The correlations in absolute values do not exceed 0.19.
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Research Question 1.4: Compared to other sites, how are the complexity, the aes-
thetics and the ergonomics of the electronic commerce websites perceived and evaluated
on mobile devices?

To tackle the research question 1.4, we tried to compare the variables of the e-
commerce and shopping category of SimilarWeb with their equivalent for all the other
categories of the database. We therefore compared the average of a variable in the category
of interest (e-commerce and shopping) with the average of this same variable in the 21
other categories combined. As explained previously (See Section 5.2.2), the ANOVA test
and the Kruskal-Wallis test can be used to verify if two averages are from the same
population. The ANOVA test is applicable for the normally-distributed variables in the
two populations. On the contrary, the Kruskal-Wallis test is suitable for the variables
which do not possess a normal distribution. Through the hypotheses 1.4.1 to 1.4.4, we
evaluated the behaviour of four types of variables separately: the average beauty and
complexity rating, the AIM measures and the ergonomic criteria.

Hypothesis 1.4.1: Electronic commerce websites are perceived as aesthetic by users
compared with the other websites on mobile devices.

To reject or confirm this hypothesis, we explored the average beauty rating which
follows a normal distribution among the populations of the e-commerce and shopping
websites and among the remaining categories. Thanks to the ANOVA test (with two equal
variances), we can assert that there is not a statistically significant difference in beauty
means between the e-commerce category and the remaining categories (see Appendix
D.19). Indeed, the null hypothesis, which stands for the equality of the means, can not be
rejected (p-value=0.361). Therefore, the e-commerce websites are not perceived as more
aesthetic than others. This means that the hypothesis 1.4.1 cannot be confirmed.

Hypothesis 1.4.2: Electronic commerce websites are not perceived as complex by
users compared with the other websites on mobile devices.

Then, we looked at the behaviour of the complexity variable among the different
populations. This variable is only normally-distributed within the category of e-commerce
and shopping websites. Therefore, we used the Kruskal-Wallis test. This test indicates
that there is not a statistically significant difference in complexity means between the
e-commerce and shopping category and the remaining categories (p-value=0.550) (see
Appendix D.19). As a consequence, the hypothesis 1.4.2 can be rejected.

Hypothesis 1.4.3: The electronic commerce websites are more aesthetic (under AIM)
than other websites on mobile devices.

Instead of studying 53 AIM measures in the category of interest (e-commerce and
shopping) and in the 21 other categories combined, we decided to focus on a smaller
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amount of variables. We selected the explanatory variables of the most promising model,
which is the final linear regression of beauty on the AIM measures (equation 6.1): co-
lor_harmony_T_distance, color_harmony_L_alpha, color_harmony_T_alpha, HSV-
Avg_average_value, LABAvg_B_mean, nb_colors, jpeg_file_size and quadtree_sym-
metry. These explanatory variables are relatively successful in predicting the variance of
beauty.

The Kruskal-Wallis tests show that HSVAvg_average_value is the only variable
which possesses a statistically significant difference in means between the two populations
studied (p-value=0.01). The value of the Hue Saturation Value (HSV) colour space is, on
average, greater by 0.07 for the e-commerce and shopping websites (see Appendix D.20).
This means that the colours can be seen as more intense for this specific category compared
to the other categories combined. Due to these observations, we reject the hypothesis
1.4.3. Indeed, among the 8 variables tested, only one has a different distribution for
e-commerce websites.

Hypothesis 1.4.4: The electronic commerce websites are more ergonomic (under er-
gonomic criteria) than other websites on mobile devices.

Finally, we focused on the behaviour of each ergonomic criterion separately among
the two populations (e-commerce and shopping category and the remaining categories
combined). Thanks to the Kruskal-Wallis tests, we observed that the null hypotheses,
which stand for the equality of the means, are rejected for three variables (p-values<0.003).
Indeed, there is a difference of adaptation, dialogue control and guidance means between
the e-commerce and shopping category and the remaining categories (see Appendix D.19).
More specifically, there is more or less a one-point difference between the guidance of the
two populations. The guidance on e-commerce and shopping sites is on average evaluated
at 5.12 while on other sites this same variable is equivalent to 4.16 (see Appendix D.20).
It therefore seems that e-commerce sites guide the user more than other websites.

Concerning adaptation and dialogue control, we noticed that a difference of 0.67
and 0.62, respectively, exists between the means of the two populations. The adaptation
and dialogue control are evaluated slightly more positively for e-commerce websites than
for the other categories combined (see Appendix D.20). In other words, the user feels
more in control of the interface. The websites also seem more adapted to the user and
his context. However, we cannot stand that all ergonomic criteria possess a different
distribution between the e-commerce category and the other categories. Therefore, we
reject the hypothesis 1.4.4.
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Chapter 7

Conclusion and perspectives

In this chapter, we will present our contributions with regards to our objective (see Section
1.2.1) and our research questions (see Section 1.2.2). Then, we will detail the benefits and
the limits of our thesis. Finally, we will discuss the potential guidance for future research
in the short and long-term.

7.1 Summary of the contributions

Through this work, we have addressed the literature gap that exists as regards the aes-
thetics measures of Mobile User Interfaces thanks to our research question.

Which are the measures to assess the perceived aesthetics of a website in
general and of electronic commerce websites in particular, on mobile devices?

With the help of the Systematic Literature Review method, we identified and col-
lected aesthetics and visual complexity measures with their related formulas to evaluate
the visual design of mobile interfaces. Nevertheless, we obtained a low number of relevant
results, despite the precision and the number of queries adopted. In our view, there are
two possible explanations for this result. Firstly, relevant articles corresponding to our
research question might not be indexed with the exact terms used in our queries. Sec-
ondly, it is possible that very few articles related to our subject and meeting our criteria
are published. Indeed, we found that a surprising number of articles evaluate the visual
design of mobile interfaces without using formulas that describe the measures employed.
Moreover, this research topic is very recent. For example, the two most relevant articles
of our Systematic Literature Review were published in 2018 and 2021.

In our family of experiments, we used different measures to assess the perceived
aesthetics and complexity of e-commerce websites on mobile devices. In addition, to find
automated and systematic measures to assess aesthetics, it is also essential to collect
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measures that reflect human judgement.

In the first experiment, we analysed the aesthetics measures computed semi-automati-
cally thanks to QuestIM on the most popular web sites of SimilarWeb. In the second
experiment, we tried to predict the aesthetics evaluation of users thanks to the measures
collected on QuestIM for the most popular websites of the Alexa ranking. We devel-
oped models predicting the evaluations left by the users. The resulting model, which is
composed of one explanatory variable (border density), explains 8.61% of the variability
of the average beauty rating (equation 5.1 related to hypothesis 1.1). We conclude that
the measures proposed by QuestIM are not efficient to predict the beauty perceived
by users on mobile devices. In the second stage, the average of each QuestIM measure
(taken separately) and the perceived beauty, among the more popular websites, were com-
pared with their equivalent among the less popular sites. We could not demonstrate that
popular websites are significantly more aesthetically pleasing than less popular ones.

In the third experiment, we tried to predict the aesthetics and complexity ratings,
separately, using AIM aesthetics measures and ergonomic criteria. The data were collected
on the most popular websites of 22 different SimilarWeb categories.

First of all, we predicted the average beauty rating of e-commerce and shopping
websites thanks to AIM measures. The model, composed of eight explanatory variables,
possesses a coefficient of determination equals to 68% (equation 6.1 related to hypothesis
1.3.1). This means that the predicting model captures 68% of the beauty rating variabil-
ity. The eight significant explanatory variables could be summarised under the colourful-
ness and complexity concepts: color_harmony_T_distance, color_harmony_L_alpha,
color_harmony_T_alpha, HSVAvg_average_value, LABAvg_B_mean, nb_colors, jpeg-
_file_size, quadtree_symmetry.

Secondly, the two models predicting the average complexity rating thanks to the
AIM measures and the average beauty rating based on the ergonomic criteria, are less
efficient (equations 6.2 and 6.3 respectively linked with the hypotheses 1.3.2 and 1.3.3).
Indeed, their respective coefficients of determination, R2, were obtained and equal to 32%
and 34%. Thus, these two predicting models capture less variability of the dependent
variable. In contrast, our resulting model predicting the average complexity rating thanks
to ergonomic criteria does not possess any explanatory variable (hypothesis 1.3.4). We
conclude that ergonomic criteria cannot predict the complexity perceived by users.

Then, we tried to evaluate if the e-commerce sites are aesthetically different or
have a complexity which is different from other sites. We found no statistically signifi-
cant difference in beauty and complexity rating means between the e-commerce websites
and the remaining categories combined. As regards the AIM measures, we only studied
the behaviour of the variables that predict the beauty rating with a coefficient of de-
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termination of 68% (equation 6.1 related to hypothesis 1.3.1). Among these eight AIM
measures and the ergonomic criteria, the only variables that possess a statistically signif-
icant different means among the e-commerce websites and the remaining categories are
the HSV Avg_average_value, the adaptation, the dialogue control and the guidance.
E-commerce websites have a HSV Avg_average_value, a guidance, an adaptation and
a dialogue control greater than 0.07, 0.97, 0.67 and 0.6, respectively. In other words,
this means that the value of the Hue Saturation Value (HSV) colour space is on average
higher for electronic commerce websites. The users are more guided through this category
of websites than in the other categories combined. They also feel that they have more
control over the interface. Furthermore, electronic commerce websites are more adapted
to the user and his context.

7.2 Benefits and limits

In this thesis, we have improved our understanding of the literature dedicated to the
evaluation of the aesthetics of mobile interfaces. By means of the Systematic Litera-
ture Review, we have identified studies carried out on the subject. In addition, we have
improved our comprehension of the predictive models of user evaluations based on mea-
surements. It shed some light on factors influencing the human judgement. However, we
have also identified several limitations to our research.

Firstly, some limits are induced by the experiment methodology as well as the tools
used in our family of experiments. On QuestIM, the experimenters manually divide the
screen into specific zones. In addition to being more time-consuming than an automatic
method, the results might be affected by human subjectivity. Some variations may occur
when different people or even the same person at different times perform this segmenta-
tion. Furthermore, each manual procedure is subject to variation, interpretation and error
regardless of the quality of the established protocol. To ensure that measures always lead
to the same result in the same conditions, it would be interesting to implement a fully
automatic measure calculation as carried out by AIM and its segmentation zone script.

Secondly, manual intervention in the process of measuring the visual quality of an
interface represents a limit to the reproducibility of the experiment. Reproducibility is
an essential principle in science. It eases the cumulative process of knowledge where
results are confronted to the previous ones. It refers to the performance of an experiment
based on a previous one with a different experimental setup and a different team of
experimenters. It should not be mistaken with the concept of replicability, that uses the
same experimental setup, or repeatability, that uses the same experimental setup deployed
by the same experimenters (Burny and Vanderdonckt, 2021). Conforming and striving
to these notions is essential to generalise, infirm or expand previous results. For this
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reason, human intervention must be limited during the deployment of an experiment and
automatic measures must be favoured.

Furthermore, we discovered that deploying experiments takes time, resources to
create a large dataset with user ratings, different measures, and several configurations
(modifying the resolutions and/or the type of devices used). Consequently, the repro-
ducibility of this type of experiment becomes even more complicated. Therefore, software
such as UiLab should be preferred. Indeed, UiLab possesses features that ease the design
of experiments and enhance reproducibility such as the ability to process multiple inputs
at a time, to change automatically computed measures, and to customize the types of
user data collected (Burny and Vanderdonckt, 2021).

As regards the ergonomic criteria, a dynamic interaction should be created with
the interface to evaluate them correctly. In fact, our experiment is based solely on static
screenshots while some criteria required dynamic interaction with the GUI to be evaluated
properly. For instance, the error management is related to the capacity of the interface
to deal and fix errors done by the user. The criteria are assessed more accurately when
the evaluator has the possibility to browse through different pages of the websites and use
the research field, for instance.

Some specific aspects of the perceived complexity and aesthetics could also limit our
results. The user evaluations might vary according to demographic factors such as gender
and age. On the one hand, studies have shown that colourfulness and complexity are
affected by the user background, including, age and educational level. Gender might also
impact the evaluation of aesthetics (Reinecke et al., 2013). On the other hand, some of
the screenshots captured are in other languages or alphabets than the one used by users.
Consequently, this aspect could influence the complexity perceived by users.

7.3 Future work

For future research, we advocate for an aesthetic assessment protocol that is reproducible
and, therefore, based on objective measures. It is interesting to automate as much as
possible the experiments process to be able to perform sophisticated studies.

7.3.1 Short term

Based on the data collected in the third experiment, we might replicate the analysis
conducted on e-commerce websites for other SimilarWeb categories such as the “Games”
category. Furthermore, it might be interesting to compare the obtained measures between
two different website categories instead of making this comparison between a specific
category and all other categories combined (as in hypotheses 1.4.1 to 1.4.4).
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7.3.2 Midterm

On a longer term, it could be interesting to replicate or to reproduce the experiments
carried out in this thesis. For example, experiments on the evaluation of the aesthetics of
mobile interfaces could be conducted in other geographical areas. The same experimental
set-up, deployed in one of our experiments, can be conducted in other countries. We could
also make further investigations on the impact of various socio-demographic factors such
as age and frequency of use of the device.

Moreover, we could replicate the third experiment by implementing other measures.
Indeed, we could use different sets of aesthetic measures or potentially adjust the existing
measures from computers to mobile devices.

While we focused on static evaluation, we could also capture the interface in a more
dynamic way. It could be interesting to collect a series of screenshots or to record a video
of a user’s navigation through a website.

Furthermore, we could capture the screens of mobile applications instead of web
pages given that mobile apps are specifically designed for this type of device. The visual
design of other interactive systems can be assessed, such as commercial software.

Finally, the orientation of the devices could also be changed by capturing screens in
landscape mode instead of portrait mode. More broadly, the visual design of other GUIs
representations could be evaluated such as sketches and prototypes. This would allow
to follow the evolution of the interface during the design and the development process,
among other things.
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Appendix A

Aesthetics measures: additional
formulas

A.1 Regularity

According to Bessghaier et al. (2021), regularity is a function of RMalignement and
RM spacing which are, respectively, linked to the minimisation and the spaces consistency of
the alignment points. Firstly, RMalignement is computed thanks to the number of vertical
(nvap) and horizontal (nnap) alignment points (Bessghaier et al., 2021):

RMalignment =

{
1, if n=1
1− nvap+nnap

2n
, Otherwise

where n is the number of objects present on the layout.

Secondly, RM spacing depends on the number of different distances between starting
points of the columns and the rows (Bessghaier et al., 2021):

RM spacing =

{
1, if n=1
1− nspacing−1

2(n−1)
, Otherwise

The regularity measure (Rgl) is the mean of the absolute values of the two measures
presented above (equation A.1) (Bessghaier et al., 2021):

Rgl =
|RMalignment|+ |RM spacing|

2
∈ [0, 1] (A.1)
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A.2 Homogeneity

Homogeneity can be computed thanks to the number of possible arrangements of n objects
in the four quadrants (W ). This value is a function of the total number of objects (n) and
the number of objects in the upper-left (nUL), in the upper-right (nUR), in the lower-left
(nLL) as well as in the lower-right (nLR) quadrant (equation A.2) (Bessghaier et al., 2021):

W =
n!

nUL!nUR!nLL!nLR

(A.2)

In addition, the maximum value of the number of possible arrangements W is cal-
culated as follows (equation A.3) (Bessghaier et al., 2021):

Wmax =
n!

(n
4
!)4

(A.3)

Then, homogeneity (HM) is defined as the ratio of the two previously mentioned
measures (equation A.4) (Bessghaier et al., 2021):

HM =
W

Wmax

∈ [0, 1] (A.4)

A.3 Balance

According to Bessghaier et al. (2021), balance is decomposed into vertical and horizontal
dimensions which are, both, computed based on wj (equation A.5)(Bessghaier et al.,
2021):

wj = 1−
ni∑
i

aij × dij (A.5)

where aij is the area of an object i on side j (knowing that j ∈ [L, R, T, B]) and dij is the
distance from an object to the frame.

The balance (BM) is the association of its vertical (BM vertical) and horizontal
(BMhorizontal) components. The three measures are defined by the following formulas
(equations A.6, A.7, A.8) (Bessghaier et al., 2021):

BM vertical =
wL − wR

max(|wL|, |wR|)
(A.6)

BMhorizontal =
wT − wB

max(|wT |, |wB|)
(A.7)
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BM = 1− |BM vertical|+ |BMhorizontal|
2

∈ [0, 1] (A.8)

A.4 Cohesion

Firstly, cohesion measure is a function of the height-width ratios regarding the layout and
the screen (CM fl), according to Bessghaier et al. (2021). It is calculated using the layout
height-width and the screen height-width ratios (Bessghaier et al., 2021):

CM fl =

{
hlayout/blayout
hframe/bframe

, if hlayout/blayout
hframe/bframe

≤ 1
hframe/bframe

hlayout/blayout
, Otherwise

where hlayout and blayout are, respectively, the layout height and width. Similarly, hframe

and bframe are, respectively, the frame height and width.

Secondly, the cohesion part related to the objects and the layout (CM lo) is computed
as follows (equation A.9) (Bessghaier et al., 2021):

CMlo =

∑n
i fi
n

(A.9)

where n is the number of objects. fi is calculated using the height-width ratios of the
objects and the layout knowing that the width and the height of an object i are respectively
noted bi and hi (Bessghaier et al., 2021):

fi =

{
hi/bi

hlayout/blayout
, if hi/bi

hlayout/blayout
=1

hlayout/blayout
hi/bi

, Otherwise

Bessghaier et al. (2021) define the cohesion (CM) as the mean of CM fl and CM lo

(equation A.10) (Bessghaier et al., 2021):

CM =
|CM fl|+ |CM lo|

2
∈ [0, 1] (A.10)

A.5 Unity

Unity is a function of an object similarity (size and shape) measure and a measure related
to spaces. Specially, UM form is related to the object similarity regarding its size and
shape and is computed as follows (equation A.11) (Bessghaier et al., 2021):
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UM form = 1− nsize + nshape − 2

2
∈ [0, 1] (A.11)

where nsize and nshape are respectively the number of sizes and shapes.

The relative measures linked to spaces (UM space) are computed based on the fol-
lowing formula (equation A.12) (Bessghaier et al., 2021):

UM shape = 1− alayout −
∑n

i ai
aframe −

∑n
i ai

∈ [0, 1] (A.12)

where alayout, ai and aframe are respectively the area of the layout, object i and frame
whereas n is the number of object.

The unity measure (Unt) is computed thanks to equations A.11 and A.12 (equation
A.13) (Bessghaier et al., 2021):

Unt =
|UM form|+ |UM space|

2
∈ [0, 1] (A.13)

A.6 Element smallness

The element smallness is computed, by Riegler and Holzmann (2018), as the average
width and height of the different screenshot elements. Besides, the screenshot is, first,
divided into groups, by using the background colours as a criterion. Then, the width and
the height means are computed thanks to widthu,g,s and heigthu,g,s which are the width
and the height of an element u belonging to a group g and included in a screen s. The
arithmetical width and height means over all the elements of a group Ug,s are calculated
and weighted by the area of the group Ag,s. The weighted arithmetic means over all the
groups Gs is then calculated (equations A.14 and A.15) (Riegler and Holzmann, 2018):

widths =
1

As

Gs∑
g=1

Ag,s
1

Ug,s

Ug,s∑
u=1

widthu,g,s (A.14)

heights =
1

As

Gs∑
g=1

Ag,s
1

Ug,s

Ug,s∑
u=1

heightu,g,s (A.15)

According to Riegler and Holzmann (2018), the element smallness (Es) is defined as
a combination of widths and heights (equation A.16) (Riegler and Holzmann, 2018):

Es =

(
1− widths

widths

)
+
(
1− heights

heights

)
2

(A.16)
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A.7 Misalignment

Riegler and Holzmann (2018) present a measure of misalignment (Ms) which is composed
of three submeasures: the average number of alignments of a screen s, from a horizontal
(numhs), a vertical (numvs) and a central (numcs) perspective. As these measures are
calculated analogously, we will only introduce one of them. The average number of vertical
alignments (numvs) is computed using the number of vertical alignments (numvg,s) and
the number of possible alignments (numg,s, whether horizontal, vertical or central) in a
group g and a screen s (equation A.17) (Riegler and Holzmann, 2018):

numvs =
1

As

Gs∑
g=1

Ag,s
numvg,s

numg,s

(A.17)

where As and Ag,s are, respectively, the area of a screen s and the area of a group g

(included in Gs) and belonging to a screen s.

The misalignment measure (Ms) is defined as the opposite of the three alignment
submeasures (equation A.18) (Riegler and Holzmann, 2018):

Ms = 1− (numhs + numvs + numcs) (A.18)

A.8 Imbalance

Imbalance is composed, according to Riegler and Holzmann (2018), of the mean horizontal
balance (balhs) and the mean vertical balance (balvs). These two latter measures are
obtained from balhg,s and balvg,s. balvs is a function of the top and the bottom margin of
an element u (included in Ug,s) of a group g and a screen s, respectively noted martu,g,s

and marbu,g,s (equation A.19). Besides, the margins of an element are proportional to the
distances between its closest elements or the borders. The vertical margins, as mentioned,
include the top and bottom margins whereas the horizontal margins are related to the
left and right margins. An analogous reasoning can be applied to compute the horizontal
balance. The maximum horizontal and vertical margins are derived from the margin
measures (Riegler and Holzmann, 2018).

balvg,s =
1

Ug,s

Ug,s∑
u=1

martu,g,s + marbu,g,s

2× marvmaxg,s

(A.19)
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In addition, the measure balvg,s (equation A.19) is weighted by the group area Ag,s

to obtain the balvs (equation A.20) (Riegler and Holzmann, 2018).

balvs =
1

As

Gs∑
g=1

Ag,s × balvg,s (A.20)

Then, the imbalance (Bs), defined as the opposite of the measure of balance, can be
computed as follows (equation A.21)(Riegler and Holzmann, 2018):

Bs = 1− balhs + balvs
2

(A.21)

A.9 Colour complexity

According to Riegler and Holzmann (2018), the colour complexity, is computed based
on the number of dominant colours (numcs) of a screen s. The dominant colours (c1,c2,
etc.) appear more recurrently on a pixel-basis than other colours and are identified by a
k-mean clustering algorithm. The colour complexity also refers to the colour complexity
value (ccmc1,c2) associated to a dominant colour pair combination. This latter measure
is calculated as a function of the H (hue), S (saturation) and V (value) values of the two
colours (equation A.22) (Riegler and Holzmann, 2018):

ccmc1,c2 = 0.70×
(
δHc1,c2

Hmax

)
+0.15×

(
Smax − δSc1,c2

Smax

)
+0.15×

(
Vmax − δVc1,c2

Vmax

)
(A.22)

where the Hmax, Smax and Vmax are the maximum hue, saturation, and value.

The colour complexity measure (Cs) is computed thanks to the mean complex-
ity value of the colour combination (ccms), the maximum number of dominant colours
(numcmax) and the colour combination match of a screen’s histogram (hs) and that of
its successor (hs+1) (chs,hs+1) (equation A.23) (Riegler and Holzmann, 2018).

Cs =
numcs

numcmax
+ (1− ccms) + chs,hs+1

3
(A.23)
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Appendix B

Experiment 1

B.1 Shapiro-Wilk normality tests of the QuestIM mea-

sures of SimilarWeb

Measure W P-value Normal (α=0.01)? P-value summary
SaliencyBalance 0.9623 0.300 Yes ns
BorderBalance 0.9413 0.074 Yes ns
BorderDensity 0.8866 0.002 No **
ColorDensity 0.9559 0.198 Yes ns
Colorfulness 0.9261 0.027 Yes *

CompressionComplexity 0.8459 <0.001 No ***
Balance 0.9243 0.024 Yes *

VerticalBalance 0.9360 0.052 Yes ns
HorizontalBalance 0.8079 <0.001 No ***

Equilibrium 0.9036 0.007 No **
Density 0.9774 0.705 Yes ns

CenterAlignment 0.9760 0.659 Yes ns
ExternalAlignment 0.9405 0.070 Yes ns

Concentricity 0.9826 0.862 Yes ns
Simplicity 0.9596 0.252 Yes ns
Symmetry 0.9833 0.878 Yes ns

Among the 16 QuestIM variables, four do not follow a normal distribution: border
density, compression complexity, horizontal balance and the equilibrium.
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Appendix C

Experiment 2

C.1 Box plot of the average beauty rating

The average beauty rating possesses a dispersed distribution.
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C.2 Descriptive statistics of the average beauty rating

var_beauty_mean
Minimum 1.273
Maximum 4.25

Range 2.977
Mean 2.928

Std. Deviation 0.605
Variance 0.366

The mean of the average beauty rating is slightly greater than 2.5. This means that,
on average, the participants did not rate websites as having a maximum or a minimum
beauty on the evaluation scale.

C.3 Shapiro-Wilk normality tests of the QuestIM mea-

sures of Alexa

Measure W P-value Normal (α=0.01)? P-value summary
SaliencyBalance 0.9599 0.0231 Yes *
BorderBalance 0.9718 0.1109 Yes ns
BorderDensity 0.8946 <0.0001 No ****
ColorDensity 0.9811 0.3619 Yes ns
Colorfulness 0.9581 0.0185 Yes *

CompressionComplexity 0.7147 <0.0001 No ****
Balance 0.9477 0.0051 No **

VerticalBalance 0.955 0.0125 Yes *
HorizontalBalance 0.6733 <0.0001 No ****

Equilibrium 0.8494 <0.0001 No ****
Density 0.968 0.0666 Yes ns

CenterAlignment 0.9742 0.1513 Yes ns
ExternalAlignment 0.8816 <0.0001 No ****

Concentricity 0.9809 0.3522 Yes ns
Simplicity 0.9669 0.0578 Yes ns
Symmetry 0.9916 0.9201 Yes ns

Among the 16 QuestIM variables, six do not follow a normal distribution: Border-
Density, CompressionComplexity, Balance, HorizontalBalance, Equilibrium and Exter-
nalAlignment.
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C.4 Principal Component Analysis with the QuestIM

measures

By visualising the first and the second principal components which get 34.42% of the total
variability of the model, we can confirm what was observed on the correlation matrix. For
instance, the simplicity and the density are negatively correlated variables.
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C.5 Linear regression of the average beauty rating as

a function of all QuestIM measures

The significance test and the parameter estimation of the horizontal balance cannot be
computed by RStudio.
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C.6 VIF - linear regression of the average beauty rating

as a function of all the QuestIM measures

The Variance Inflation Factor (VIF), related to the linear regression of the average beauty
rating as a function of the 16 QuestIM measures, cannot be computed on RStudio.
Indeed, the QuestIM measures are too linearly dependent.

C.7 VIF - linear regression of the average beauty rat-

ing as a function of 14 unfiltered QuestIM mea-

sures

According to the Variance Inflation Factor, we do not need to discard variables (no VIF
upper than 5).
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C.8 Stepwise regression using 14 QuestIM measures

to predict the average beauty rating

The obtained model thanks to the stepwise method is composed of three explanatory
variables. We can observe, on the last column of the figure, that some variables are still
not significant (p-value>0.05).
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C.9 Final linear regression of the average beauty rating

using the QuestIM measures

After the stepwise method, we removed the nonsignificant variables one by one (p-
value>0.05). The resulting model is composed of one explanatory variable: BorderDen-
sity.

85



C.10 Analysis of the variables among the first half com-

pared to the second half of the Alexa ranking sites
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Appendix D

Experiment 3

D.1 Box plot of the average beauty and complexity rat-

ing

The average beauty rating is more spread than the complexity average rating.
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D.2 Descriptive statistics of the average beauty and

complexity rating

var_beauty_mean var_complexity_mean
Minimum 1.833 3.097
Maximum 4.405 3.788

Range 2.572 0.690
Mean 3.508 3.513

Std. Deviation 0.568 0.154
Variance 0.323 0.024

The average beauty rating has a larger range of values and a bigger standard deviation
than the average complexity rating. This means that the beauty perception possesses
a larger variability. Nevertheless, the two variables have a similar mean which is equal
roughly to 3.5.

D.3 Shapiro-Wilk normality tests of the ergonomic cri-

teria

Criterion W P-value Normal (α=0.01)? P-value summary
Compatibility 0.8944 <,001 No ***
Consistency 0.7941 <,001 No ***
Workload 0.9091 0.001 No **

Adaptation 0.7972 <,001 No ***
Dialog.Control 0.904 <,001 No ***

Representativeness 0.8561 <,001 No ***
Guidance 0.7753 <,001 No ***

Error Management Input not valid

The ergonomic criteria do not follow a normal distribution. It is noteworthy that the
error management normality test is not carried out as the variable is constant in the e-
commerce websites category.
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D.4 Principal Component Analysis with the ergonomic

criteria

By visualising the first and the second principal components which get 68% of the total
variability of the model, we can observe that the representativeness and the guidance
seem strongly correlated.
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D.5 Descriptive statistics of the AIM measures
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D.6 Shapiro-Wilk normality tests of the AIM measures
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D.7 Linear regression of the average beauty rating as

a function of all AIM measures

RStudio fails to test the variables significance and to estimate all parameters. It should
be noted that the screenshot only shows the results for a part of the variables as the rest
does not provide any additional information.
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D.8 VIF - linear regression of the average beauty rating

as a function of all AIM measures

The AIM variables are too linearly dependent. Therefore, the Variance Inflation Factor
cannot be computed on RStudio.
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D.9 Remaining AIM measures after having filtered the

highly correlated variables (average beauty rating

prediction)

The AIM measures were filtered to avoid collinearity and multicollinearity between vari-
ables. We created an algorithm to select the measures thanks to Spearman correlations.
If two variables had a correlation bigger than 0.8 or lower than -0.8, the variable with
the highest correlation with the average beauty rating was kept. Among the 53 AIM
measures, 27 will be used to predict the average beauty rating.
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D.10 Stepwise regression using the 27 AIM measures

to predict the average beauty rating

The output of the stepwise regression is a model with 14 explanatory variables. Signif-
icance tests, displayed on the last column, were performed for each variable. It can be
observed that some variables are still not significant (p-value>0.05).
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D.11 Final linear regression of the average beauty rat-

ing using the AIM measures

After having removed on by one each non-significant variable (p-value>0.05), we obtain
a linear model with eight explanatory variables.
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D.12 Remaining AIM measures after having filtered

the highly correlated variables (average complex-

ity rating prediction)

The algorithm keeps 25 explanatory variables. Its functioning is similar to the one de-
veloped for the prediction of the average beauty rating (see Appendix D.9). The only
difference is that the variable kept has a higher correlation with the complexity average
rating than with the average beauty rating.
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D.13 Stepwise regression using the 25 AIM measures

to predict the average complexity rating

After having deployed the stepwise regression, we obtained a model composed of seven
explanatory variables. It can be observed, on the last column, that some variables are
still not significant (p-value>0.05).
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D.14 Final linear regression of the complexity average

rating using the AIM measures

The non-significant features were removed one by one (p-value>0.05). The final linear
regression, obtained after this filtering stage, is composed of three independent variables.

D.15 VIF - linear regression of the average beauty rat-

ing as a function of the ergonomic criteria

On RStudio, we observed that no Variance Inflation Factor is higher than 5. This means
that all the ergonomic criteria can be used to perform a linear regression.
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D.16 Stepwise regression using the ergonomic criteria

to predict the average beauty rating

The stepwise regression leads to a model with two independent variables which are both
significant.

D.17 VIF - linear regression of the average complexity

rating as a function of the ergonomic criteria

The Variance Inflation Factor suggests to keep all the ergonomic criteria to deploy a linear
regression as its values are lower than 5.
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D.18 Stepwise regression using the ergonomic criteria

to predict the average complexity rating

The output of the stepwise regression is a model with one explanatory variable. Never-
theless, on the last column, we noticed that this variable is not significant (p-value>0.05).

D.19 Analysis of the variables among the e-commerce

and shopping category compared to the rest of

the categories
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D.20 Means of some variables among the e-commerce

and shopping category compared to the rest of

the categories

Category HSVAvg_average_value Adaptation Dialog.Control Guidance
Ecomm 0.845833129 4.69387755 4.71428571 5.12244898
Rest 0.770113796 4.02576809 4.09117939 4.1555996

The test which verifies the means equality among the two populations reveals that this
equality is rejected for four variables. The means of those variable among the two popu-
lations are represented in the table
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Evaluating the Visual Design of Graphical User
Interfaces on Mobile Devices: A Family of
Experiments

Resume

The growing expansion of e-commerce practices has challenged
traditional companies in the retail industry. In order to increase
or capture new market parts, companies have been encouraged to
strengthen their online presence. Therefore, the visual platforms
for user interaction, called Graphical User Interfaces (GUIs) benefit
from a particular attention from companies. Indeed, the aesthetics
and the visual complexity of these interfaces significantly impact the
users and represent a mean to establish a competitive advantage. Our
research focuses on the measures of visual design on mobile devices,
as this kind of device has become increasingly popular. Moreover,
few discussions exist in the literature regarding this subject and stay
poorly developed. On the one hand, this thesis aims to cover the
gap that exists in the literature. On the other hand, it aims to find
measures in order to assess the aesthetics and visual complexity of
mobile devices through a Systematic Literature Review (SLR) and
a family of experiments. We found that the most promising model
of prediction captures 68% of the beauty ratings variability through
eight measures presented by Aalto Interface Metrics (AIM). Fur-
thermore, no significant aesthetic difference was observed among the
popular and less popular websites. We also observed that four vari-
ables possess a higher mean among the e-commerce websites category
compared to the other categories.
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