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ABSTRACT

The increasing importance of e-commerce represents a significant opportunity for
businesses looking to expand. However, to increase their online presence and gain online
market shares, companies face fierce competition. To achieve a competitive edge, compa-
nies must consider the aesthetics and visual complexity of their Graphical User Interfaces
(GUIs), as they strongly influence users’ behaviors. Our research focuses on the perceived
aesthetics and visual complexity of mobile phones as smartphones are being more and
more used for online economic activities. Furthermore, this study also investigates the
influence of screen resolution on perceived aesthetics and complexity, as this element is
one of the most distinguishing factors between desktops and mobile devices. Besides,
few studies exist in the literature regarding this specific field of research. Overall, the
objective of this thesis is twofold. On the one hand, it aims to fill the vacuum in the
literature. On the other hand, it seeks to assess the relevance of Aalto Interface Metrics
(AIM) regarding the evaluation of aesthetics and visual complexity of Mobile User Inter-
faces (MUIs) and to evaluate the influence of screen resolution by the mean of statistical
models. We discovered that, whether considering resolution, measures related to both
colour perception and perceptual fluency were significant to assess the visual complex-
ity of MUIs, while only colour perception metrics should be considered when measuring
perceived aesthetics. Finally, our study demonstrates that AIM metrics are particularly
relevant to evaluating visual appeal and complexity of websites with a 375x667 resolution

but are less appropriate for larger resolutions.
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Chapter 1

Introduction

1.1 Context of the problem

The World Wide Web is undeniably ubiquitous in our society (Choi and Lee, 2012).
Around 62% of the population, which is equivalent to 5 billion people, uses the Internet
(Statista Research Department, 2022). Among these users, more than 90% access the
Internet via a mobile device. Overall, more than half of all Internet traffic comes from
smartphones and tablets (Clement, 2021)). These figures are projected to rise as mobile

technology becomes more inexpensive and accessible than ever before (Ceci, 2021]).

Mobile phones are quickly becoming indispensable tools for communicating, gath-
ering information, entertainment, and shopping (Ceci, 2021)). Overall, mobile devices are
increasingly being used to undertake online economic activities (Pantelimon et al., [2020)).
Indeed, 74% of Internet users in the European Union went online to purchase in 2021
(Commission, [2022)). The delivery of e-commerce, including economic activities such as
retail outlets, online banking, transportation, booking services, online content, etc. (Pan-
telimon et al., 2020), through mobile devices, is referred to as m-commerce (Taneja, [2021)).
According to eMarketer, a market research company, m-commerce will account for 73%

of e-commerce sales, representing $3.5 trillion, a number expected to rise (Porcelli, [2021)).

Websites are crucial for organizations as they assure sales or are used to procure
services (Robins and Holmes, 2008). With around 1.96 billion websites on the Inter-
net (Internet Live Stats, |2022)), the industry is highly competitive (Schrepp et al., 2021)).
Because of the ongoing rise of the digital market, there is a greater emphasis on user expe-
rience (Pantelimon et al., 2020). Users come across a broad range of websites throughout
their few hours online and they typically only stay on one page for a few seconds (Robins
and Holmes, |2008), implying that they do not appear to rely their choice on whether it is

worth browsing on the content. Websites and mobile app are thus developed to save con-
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sumers time, so they don’t get sidetracked and abandon their orders (Pantelimon et al.,
2020).

It only takes 50 milliseconds for a person to assess whether or not a website is
attractive (Lindgaard et al.,[2006). This judgment plays a major role in consumers’ online
behavior (Douneva et al., 2016)) as they appear to ignore the flaws in visually pleasant
websites and preserve their good impression even when they encounter faults or poor
usability (Campbell and Pisterman, 1996; Lindgaard and Dudek, [2002). On the other
hand, visually unappealing websites are often rejected, even when they display quality
content (Sillence et al., 2007)).

Website aesthetics are thus a key factor impacting m-commerce websites. Visual
appeal influences perceived usefulness, ease of use, and enjoyment, all of which have a
strong impact on users’ loyalty intentions and trust (Cyr et al., 2006)). These elements
also influence “shopping”, “revisit” and comparison to similar items on other web pages in
an indirect way (Ramezani Nia and Shokouhyar, 2020). Additionally, visual aesthetics is
acknowledged as a crucial component of the overall quality of user interfaces. Therefore,
it is essential to evaluate this component as part of the development process to enhance

the quality of graphical user interfaces (GUIs) (Lima and Gresse von Wangenheim, 2022)).

Creating a visually appealing website is a challenging task as it frequently involves
time- and resource-consuming processes. Therefore, designers must have certain rules they
can follow. These principles aim to set boundaries within which the creativity of designers
may enhance the overall effectiveness of a website (Robins and Holmes, 2008)). However,
these tools are frequently ambiguous, contradictory and lacking in scientific support, and

there is little agreement between different guidelines (Ivory and Megraw, 2005)).

To develop these guidelines, researchers looked at several criteria for evaluating web-
site aesthetics. They used a broad range of techniques to assess visual aesthetics, which
all rely on different definitions and measurement methods (Lima and Gresse von Wangen-
heim, 2022). These methods are usually time-consuming, resource intensive, and error-
prone, especially when they are based on users’ evaluations of interface design (Robins
and Holmes, 2008)). Time is also needed for objective approaches, which rely on metric-
based evaluation. It is therefore crucial to give designers a fast and automatic way to
evaluate interface aesthetics (Riegler and Holzmann, 2018)). Also, in addition to saving
time, avoiding errors, and allowing experiment reproducibility, automatic measures offer

the opportunity to compare multiple interfaces (Riegler and Holzmann, 2018)).

During the last decade, most studies focused on web and desktop interfaces while
only a few approaches were aimed at Mobile User Interfaces (MUI) (Lima and Gresse
von Wangenheim, 2022). Moreover, these studies on MUIs did not establish a consensus

on how to assess the visual appeal of these interfaces (Soui et al., |[2017)). These elements

2



indicate a need for more studies on MUI aesthetics as designers and developers can no
longer approach the design on mobile devices with the same guidelines used for PC-
based interfaces (Wong et al., 2007). Indeed, because of their form factor, smaller screen
area, sparser use of color, and straightforward and intuitive GUI (Lima and Gresse von
Wangenheim, [2022), smartphones have different requirements for UX than web GUIs.
(Bessghaier et al., |2021)). Furthermore, we also observed a scarcity of tools for assessing

the complexity of MUIs without user input (Riegler and Holzmann, [2018]).

Finally, the most distinctive element of MUIs is their resolution, which restricts the
placement of visual components (Miniukovich and De Angeli, 2015)). While the impact of
screen size on user experience has been extensively studied (Chong et al., [2004)), usually
focusing on usability (Chae and Kim, 2004), there are few existing studies related to the
impact of resolution on MUIs aesthetics and these studies face various limitations(Celik,
2021)).

The lack of research on MUIs aesthetics evaluation, especially regarding the impact
of the screen resolution, is detrimental to companies that are increasingly having their
economic activities influenced by the Internet and m-commerce. This thesis aims to fill
this gap and to provide actionable insights to various businesses. Indeed, by clearly
understanding the impact of the resolution and other aesthetic measures on the perceived
beauty and complexity of their mobile websites, companies will be able to improve the

visual appeal of their homepage and thus attract and retain more customers.

1.2 Objective of the thesis

1.2.1 Mission statement

The goal of this thesis is to determine the influence of the resolution of mobile user
interfaces on perceived aesthetics and complexity by confronting visual design measures
automatically computed on MUIs with various resolutions with human judgment of visual

appeal and complexity.

1.2.2 Research question
The main objective of the thesis is reflected in the following research question:

To which extent can resolution and aesthetic metrics be used to measure the

aesthetic and complexity of a website on mobile devices?

As outlined below (see Section|1.3)), after exploring existing research in the Literature

Review, we studied this question by using statistical predictive models. These models



were used to confront aesthetic measures and resolution of websites on mobile devices

with users’ ratings of visual appeal and complexity.

First, we assessed if aesthetic measures computed by Aalto Interface Metrics (AIM)
(Oulasvirta et al., [2018) could be used to predict perceived aesthetics and complexity of

websites on mobile devices.

e Research Question 1.1: Do all AIM measures satisfactorily predict the perceived

aesthetics of websites on mobile devices?

— Hypothesis 1.1.1: All AIM measures predict the perceived aesthetics of websites

on mobile devices.

e Research Question 1.2: Do all AIM measures satisfactorily predict the perceived

complexity of websites on mobile devices?

— Hypothesis 1.2.1: All AIM measures predict the perceived complexity of web-

sites on mobile devices.

Then, we investigated the influence of resolution on the predictive capacity of these

AIM variables.

e Research Question 2.1: What is the impact of resolution on the ability of AIM

measures to predict the perceived aesthetics of websites on mobile devices?

— Hypothesis 2.1.1: Resolution has a strong impact on the ability of AIM mea-

sures to predict perceived aesthetics of websites on mobile devices.

e Research Question 2.2: What is the impact of resolution on the ability of AIM

measures to predict the perceived complexity of websites on mobile devices?

— Hypothesis 2.2.1: Resolution has a strong impact on the ability of AIM mea-

sures to predict perceived complexity of websites on mobile devices.

1.2.3 Working hypotheses

This study is part of the field of Human-Computer Interactions (HCI). More specifically,
it focuses on the visual design of Mobile User Interfaces (MUIs). Given the current state

of the literature, we limited the scope of our research by making the following hypotheses:

e We investigated the visual appeal and complexity of user interfaces on mobile plat-
forms. This hypothesis is motivated by increasing penetration rate of smartphones

and the lack of research on this specific topic in the field of HCI.

e We studied the visual appeal of mobile websites from three categories: hobbies,

business, and e-commerce. These categories of websites are representative of the
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global web ecosystem and, for the specific case of e-commerce, e-commerce on mobile
platforms (i.e m-commerce) becomes more and more important. Moreover, the
question of website aesthetics arouses the interest of companies as it strongly impacts

their business.

e We focused our study on the impact of mobile device resolution on perceived aes-
thetics and complexity. Indeed, while screen size is one of the most important
differences between desktop and mobile devices, its influence on users’ assessment
of visual appeal has barely been studied. Specifically, we conducted our research

using three representative smartphone resolutions.

e We considered two types of measures. On the one hand, we used UILAB (Burny and
Vanderdonckt, 2021), a cloud-based online tool that automatically creates a dataset
by computing measures on website screenshots using various measures. On the other
hand, these screenshots were also assessed by users who evaluated their complexity
and their visual appeal. We thus considered both computer-based measures and

user-related evaluations.

1.3 QOutline of the thesis

This thesis is structured as follows:

e Chapter [I]is dedicated to the introduction of our research. It outlines the context in
which our thesis is placed and tackles the motivations of our research. Besides, the
main goal of this thesis is stated and our research questions are introduced along

with the working hypotheses.

e Chapter [2| covers the related literature on User Interfaces visual design, with par-

ticular attention to the assessment of mobile websites’ aesthetics.

e Chapter [3|presents the experimental research methodology, including data collection
and processing. It focuses on the statistical methods used to answer the first research

questions. Results and discussions are also presented.

e Chapter 4] tackles the second research questions by investigating the influence of

resolution on the measurement of aesthetics and complexity of mobile websites.

e The last Chapter (see Chapter [5)) contains the conclusions, contributions and man-
agerial aspects of our research. It also underlines the limitations of this thesis and

suggestions for future research are outlined.



Chapter 2

Related work

2.1 Graphical User Interfaces

A User Interface (UI) is defined as a “software system” that allows the interaction be-
tween users and devices (Engelschall, 2018). Graphical User Interfaces (GUIs) are “visual
operating displays” (Jansen, |1998)) that show these mechanisms of interaction as visual

components (windows, icons, menus) that can be controlled by people (Sakal, 2010)).

These visual elements include interaction and interactive objects (W. C. Kim and
Foley, 1990)). Interaction objects, also referred to as widgets or controls, include static
objects such as labels and separators, and dynamic objects (edit boxes, option boxes). In-
teractive objects encompass all other types of objects, including pictures, video sequences,
and static icons (Vanderdonckt and Gillo, [1994). Objects are usually displayed in a grid
layout (Lal, |2013) determined by the designer with the aim of facilitating user’s task
completion (Vanderdonckt and Gillo, 1994). To decide on the arrangement of the com-
ponents, designers might use visual techniques that are based on widely acknowledged

visual concepts (Burny and Vanderdonckt, 2021)).

Historically, Xerox Star, the first application featuring a Graphical User Interface,
was created at the Xerox Palo Alto Research Center in 1977. Despite its commercial failure
due to the slowness of the application, Xerox Star inspired Steve Jobs, co-founder of Apple
Computer, who hired designers who had worked on the project (Reimer, 2005)). Together
they designed the Apple Lisa, the company’s first “GUI-based personal computer”, which
also resulted in a commercial disaster (Jansen, 1998). Success came in 1984 with the
introduction of the Apple Macintosh. The Macintosh inspired most modern GUIs and
contributed to the standardization of GUI design requirements with its menus, icons,

point-and-click approach, and mouse-driven processing (Jansen, 1998)).
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2.1.1 Mobile User Interfaces

Soui et al., [2020| define Mobile User Interfaces (MUIs) as “the graphical part of the mobile
device that allows the user to interact with the device’s applications, features, content,

and functions”.

MUIs have distinct design requirements than traditional desktop GUIs (Bessghaier
et al., [2021). Mobile devices present a smaller display size which limits the number of
objects that can be displayed simultaneously (Rahmat et al., [2018). They also differ
by their width/height aspect ratio (Chittaro, |2006), the vertical alignment of elements
(Miniukovich and De Angeli, [2015) and the way users interact with them with touch
movements (Rahmat et al., 2018]). These characteristics have a direct impact on the MUI
design of these devices, necessitating even more attention during the interface creation
process (Flora et al., [2014]).

2.2 Aesthetics

In this thesis, as in multiple scientific papers (Tuch et al.,[2012)), the terms visual appeal,

beauty, and aesthetics are used as synonyms.

2.2.1 Concept evolution and definitions

The concept of “aesthetics” appeared during the 18" century (Tractinsky, [2004). The
term has been studied in various fields, including philosophy and engineering, and its

definition has evolved over time (Zen, 2017)).

Originally, aesthetics emerged as a reformulation of beauty notions, eventually dis-
placing them. While beauty was once connected to order, today’s aesthetics are related

to pleasure and perception (Feagin and Maynard, [1997)).

In the discipline of Human-Computer Interaction (HCI), aesthetics is defined as the
“beauty or the pleasing appearance of interacting a user interface of an interactive system”
(Zen and Vanderdonckt, 2016]). Another commonly accepted definition characterizes vi-
sual aesthetics as “the degree to which it enables pleasing and satisfying interaction for
the user” (ISO25000, 2021).

In the field of HCI, the notion of aesthetics appeared in the mid-1980s, when the first
graphical operating system appeared, allowing designers to conceive interfaces in terms of
graphical objects and pictures. However, designers were only able to put their aesthetic
skills to use in 1996 when the Cascading Style Sheets (CSS) language was released (Zen,
2017).



2.2.2 Importance of aesthetics

The value of beauty was recognized as early as antiquity when it was regarded as one
of architecture’s primary requirements (Kruft, [1994)). Aesthetics’ role in everyday living
has lately been proved by social research. Dion et al. (1972), for example, theorized the
“Halo effect”, demonstrating that persons perceived as physically beautiful are more likely
to be seen as competent and successful. HCI research has long placed a strong focus on
efficiency while overlooking other important factors such as aesthetics (Tractinsky, [2004).
However, aesthetics has lately become an essential facet when recent studies underlined
its potential (Thielsch et al., 2019).

Aesthetics have a strong impact on usability, which is related to “the extent to which
a system, product or service can be used by specified users to achieve specific goals with
effectiveness, efficiency, and satisfaction in a specified context of use” (IS09241, 2018). A
good visual design also positively influences effectiveness and efficiency as it helps users
complete their tasks and avoid errors (Schlatter and Levinson, 20133). Besides, visual
appeal leads to higher user satisfaction (Lindgaard and Dudek, [2002)). A visually pleasing
user interface also has a favorable impact on users’ experience, pleasurability, trust (Zen
and Vanderdonckt, 2016), and loyalty (Sutcliffe, 2009).

Altogether, appearance can be a competitive advantage in the industry (Riegler and
Holzmann, [2018). Because it is the first encounter users have with a GUI (Zen, [2017)),
visual appeal plays a key part in persuading visitors to go to a website or download a
mobile app (Khani et al., 2016)). Indeed, users develop their first impression of the user
interface in less than 50 milliseconds (Lindgaard et al., [2006]) and tend to visit websites
that they find more aesthetically appealing (Tractinsky, [2004). Also, aesthetic design
contributes to credibility (Robins and Holmes, |2008), utility (Tractinsky et al., 2000) and
performance (Sonderegger and Sauer, 2010), all of which drive repurchase intention (Pee
et al., |2018). On the other hand, poor GUI visual appearance reduces performance by
increasing a task completion time between 10% and 25% (Mahajan and Shneiderman,
1997)).

2.2.3 Measuring aesthetics

Assessments are important for guiding interface design and determining if GUIs fulfill
aesthetic quality standards (Sharma et al., 2016). There is a large variety of strategies to
evaluate GUI aesthetics (Lima and Gresse von Wangenheim, [2022) and help the interface
design (Sharma et al., 2016). These strategies include both subjective and objective
approaches (Seckler et al., 2015)).

On the one hand, subjective (or qualitative) methods rely on human responses as

they consider visual aesthetics as a matter of how users perceive GUIs (Altaboli and Lin,
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2011; Mottus et al., 2013; Seckler et al., 2015). They capture the subjective facets of
aesthetics (Palmer et al., 2013) by using questionnaire-based instruments such as rating,
ranking, or comparison of the visual design of MUIs (Lima and Gresse von Wangenheim,
2022). Subjective approaches are often considered error-prone as they rely on participants’

experience, which is strongly influenced by gender, cultural values, or personal taste
(Bessghaier et al., 2021, Palmer et al., [2013)).

However, it appears that when several participants find an interface visually appeal-
ing, they reach an “inter-subjectivity agreement” (Zen and Vanderdonckt, [2016)). Inter-
subjectivity is defined as “the idea that all humans are thinking subjects able to take
into consideration other’s thoughts in their own judgment” (Kant, 1987)). In other words,
judgments set in one context are not isolated and will thus probably be repeated in an-
other situation at a later date. Therefore, when a group of users agrees on a MUI’s visual
appeal, they reach an "inter-subjective agreement" (Zen and Vanderdonckt, 2016)). To
summarize, it is possible to gather a collectively objective response by collecting many
viewpoints on the aesthetics of an interface. The average response might reveal how a

given population assesses visual aesthetics (Palmer et al., 2013)).

Objective (or quantitative) methods, on the other hand, suggest that some MUI fea-
tures may be utilized as estimates for perceived aesthetics (Tractinsky, 2004). They are
based on computing metrics, extracting features, or applying deep learning algorithms to
measure user interface attributes (Seckler et al., 2015)). These methods rely on numerical
counts of visual elements, including the number of words or images, or on the computation
of aesthetic metrics (Seckler et al., 2015) that were associated with sophisticated math-

ematical formulae based on visual principles (Ngo et al., 2003; Zen and Vanderdonckt,

2014).

For instance, Riegler and Holzmann (2018) calculated eight measures to assess the
visual design of mobile apps’ interfaces (number of Ul elements, saliency of elements,
misalignment, density imbalance, complexity of typography, inconsistency). Bessghaier et
al. (2021) created 15 measures aimed at discovering aesthetic defaults in MUIs, including
balance, economy, cohesion, layout uniformity, simplicity, density, regularity, sequence,

homogeneity, grouping, unity, integrality, number of elements, complexity, and clarity.

However, objective methods have certain drawbacks. Manually measuring visual
design formulae is a time-consuming and error-prone process, especially when dealing
with large datasets. This difficulty can be overcome when measurements are performed

using software (Burny and Vanderdonckt, [2021)).

Examples of software include QUESTIM (Zen and Vanderdonckt, 2014)), an online
application that evaluates GUI aesthetics using visual metrics; AIM (Oulasvirta et al.,

2018), a web-based application that evaluates GUIs by automatically computing chosen
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aesthetic measures or PLAIN (Soui et al., 2017)), a plugin that calculates eight metrics,
called defects, used to assess MUIs usability. Other additional programs are not discussed

in this thesis.

Researchers encounter extra challenges despite the automation of metric measure-
ments. Indeed, running an aesthetic experiment requires the creation of a GUI dataset
with various resolutions for various devices, as well as the computation of aesthetic mea-
sures. This task takes a long time and requires a lot of resources, which limits its re-
producibility (Burny and Vanderdonckt, 2021). A solution has been found by Burny
and Vanderdonckt (2021)) who developed UILAB, a cloud-based online tool that supports
the conduct of experiments on GUI visual design by automating various process phases,

including datasets building.

Despite the requirement to have aesthetic measurements aligned with human per-
ception to give credit to the automatic computation of aesthetic metrics by software,
there has been little work in systematically merging subjective and objective research
methodologies (Seckler et al., 2015)).

Furthermore, the majority of the techniques in the literature are geared toward
web GUIs, with only 3 out of 24 concentrating on mobile GUIs (Lima and Gresse von
Wangenheim, 2022). Given the significant differences in UX requirements across product
categories (Hinderks et al., 2019) and the importance of aesthetics as determinant of
software quality, these findings point to the necessity for more research on the assessment
of MUIs aesthetics (Lima and Gresse von Wangenheim, [2022)).

2.2.4 Visual complexity

In the HCI discipline, Miniukovich and De Angeli (2015) have identified three types of
complexity, namely visual complexity, information design, and task complexity. This

thesis solely studies visual complexity.

Visual complexity has been identified as one of aesthetics most important elements
(Chu et al., 2013; Reinecke et al., 2013|) because it impacts user’s instant aesthetics
perception (Tuch et al., 2009). However, the idea of visual complexity was only briefly
addressed in HCI studies and none of the definitions established in other disciplines such
as information theory (Oliva et al., 2004)) properly fits in the HCI field. That is why this
concept still needs to be properly defined for application in GUI design. Furthermore,
visual complexity remains a complex idea with underlying dimensions that are not yet
perfectly determined (Miniukovich et al., 2018]).

While it is recognized that visual complexity is a major predictor of aesthetic eval-

uations in general, the exact nature of this relationship has yet to be determined (Tuch
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et al., 2012). On the one hand, research using websites as stimuli has discovered a neg-
ative linear link between visual complexity and perceived aesthetics (Tuch et al., [2012),
implying that consumers prefer a simpler user interface (Burny and Vanderdonckt, 2021)).
Experimental research, on the other hand, revealed that the relation follows an inverted
U-shape curve (Geissler et al., |2006), suggesting that stimuli with high levels of complex-
ity are less appealing, while stimuli with low and medium levels of complexity are liked
equally (Reinecke et al., |2013). Another argument in favor of simpler user interfaces is
that simpler websites are easier to remember than more complicated ones (Tuch et al.,

2009).

Besides, research shows that demographics have an impact on perceived beauty.
Women, for example, dislike basic websites more than males. The impression of complex-

ity is also influenced by age (Reinecke et al., [2013)).

2.2.5 Resolution

The rapid advancement of technology has resulted in a variety of mobile device advance-
ments, including variable screen sizes (Kurniawan, |2017)). Because of the increasing com-
plexity of mobile tasks, as well as the tiny displays of mobile devices, extensive research
has been conducted on the effect of screen size on users’ experience (Chong et al., 2004),
usually focusing on usability (Chae and Kim, |2004) while neglecting the impact of reso-

lution on MUIs aesthetics.

Overall, studies show that screen size matters for daily mobile users (Raptis et al.,
2013). However, the effect of screen size on users’ experience is ambivalent. On the
one hand, a smaller screen size gives the impression of better-perceived mobility. Larger
screen sizes, on the other hand, are associated with greater enjoyment and lead to faster
reaction times, better search performance, and higher subjective preferences (K. J. Kim et
al., 2011; Kurniawan, 2017)), although very large screens reduce device portability and the
ability to use the phone with one hand (Raptis et al., 2013]). Wider screen resolutions can
display a bigger quantity of information more quickly, which could explain the reported
findings (Chen and Chiang, 2012; Kurniawan, 2017).

In terms of aesthetics, only one research looked at the effect of screen size on visual
attractiveness. It was discovered that when the interface expands in size, the overall
aesthetic ratings gradually fall (Celik, [2021)). However, this study faces an important

limitation: in aesthetics assessment, all characteristics are given identical weight.
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Chapter 3

Experiment 1 - SimilarWeb / AIM

metrics / Aesthetics and Complexity

The first experiment we conducted addresses the predictive power of AIM metrics regard-
ing the perceived aesthetics and complexity of mobile websites. We used UiLab (Burny
and Vanderdonckt, |2021)) to compute AIM measures and collect aesthetics and complexity
ratings of websites listed in three categories in SimilarWeb. Altogether, this experiment
allowed us to confront automatically computed metrics with human judgment and to as-
sess the predictive capability of AIM measures, using five regression models: Multiple
Linear Regression, Stepwise Regression, LASSO Regression, Random Forest, and Gradi-
ent Boosting models. To investigate the link between the measures, the research question

was split into two subquestions.

e Research Question 1.1: Do all AIM measures satisfactorily predict the perceived

aesthetics of websites on mobile devices?

— Hypothesis 1.1.1: All AIM measures predict the perceived aesthetics of websites

on mobile devices.

e Research Question 1.2: Do all AIM measures satisfactorily predict the perceived

complexity of websites on mobile devices?

— Hypothesis 1.2.1: All AIM measures predict the perceived complexity of web-

sites on mobile devices.

After data collection, we examined the AIM variables and cleaned the dataset by
assessing the presence of outliers. We then scaled the predictive variables and addressed
the issue of multicollinearity. Finally, we built the predictive models for each dependent
variable (ie. average aesthetic scores and average complexity scores) and answered the

two research questions.
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3.1

Data Collection

For this thesis, we compiled data from 106 popular websites from the business, e-commerce,

and hobbies categories provided by SimilarWeb. The homepages of the selected web-

sites were automatically captured in three different resolutions: 375x667, 414x896 and
768x1024. PNG files were used to store the screenshots. We used UILAB to automatically

compute 25 measures implemented in AIM on the set of 318 screenshots. In her Master’s

thesis, Zoé Dubois gave a short explanation of each metric (Dubois, 2022).

Six metrics pertain to perceptual fluency. They measure how easily visual informa-

tion is taken in and processed both visually and aesthetically. (Oulasvirta et al., 2018]).

The edge density is the proportion of pixels on the edges of the picture relative to
all of the image’s pixels. (Oulasvirta et al., 2018; Rosenholtz et al., 2007)).

The figure and ground contrast measures the contrast of backgrounds, objects, and
text depending, specifically, on the colors (Oulasvirta et al., [2018; Miniukovich and
De Angeli, 2014; Reber et al., [1998)).

The number of alignment lines evaluates grid quality and is linked to the number
of alignment points of the visual blocks that make up the image (Miniukovich and
De Angeli, 2015).

The JPEG (Joint Photographic Experts Group) file size measures the size of the
file and is related to the clutter of the image (Miniukovich and De Angeli, 2014)).

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

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

All the other metrics are related to colour perception. These address many facets

of the design’s color scheme and how it affects perception and usability.

The HSV average examines the standard deviation and average value for each value
in the HSV color model. HSV stands for Hue, Saturation and Value, which respec-
tively relate to the colours, their shade and their brightness. This metric is divided
into five submeasures : Average Hue, Average Saturation, Standard Deviation of
Saturation, Average Value, and Standard Deviation of Value (Miniukovich and De
Angeli, 2014} Hasler and Suesstrunk, 2003]).

The HSV unique examines how many distinct values there are in the HSV color
space. It is composed of four submetrics: Number of Unique HSV, Number of

Unique Hue, Number of Unique Saturation, and Number of Unique Value (Hasler
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and Suesstrunk, 2003; Miniukovich and De Angeli, 2014)).

e The LAB average is related to the LAB colour space (where L refers to lightness, A
to the green-red space, and B to the yellow-blue space). This metric is composed of
six submetrics: Mean Lightness, Standard Deviation Lightness, Mean A, Standard
Deviation A, Mean B, and Standard Deviation B (Hasler and Suesstrunk, [2003).

e The number of colours refers to the total number of distinct colors that are present
((Miniukovich and De Angeli, [2014; Miniukovich and De Angeli, 2015)).

e The PNG (Portable Network Graphics) file size is expressed in bytes and is an
indicator of the colour range of the image (Miniukovich and De Angeli, 2014).

e 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.

e The static clusters indicate the number of static 32-sized color clusters. It pertains

to dominant colours and clutter (Miniukovich and De Angeli, 2015; Miniukovich

and De Angeli, [2014)).

Additionally, we gathered user-related data through online surveys. Three ques-
tionnaires were created, each one containing 106 screenshots of the selected websites in a
different resolution. The experiment was conducted with UILAB where the screenshots
were shown to the respondents. Two five-star rating scales were used to evaluate the
website’s visual appeal (1 being the least beautiful and 5 the most beautiful) and the
complexity (1 being the least complex and 5 the most complex). Finally, we computed
the average beauty and complexity scores for each observation and created two new vari-
ables, "average aesthetic" and "average complexity". Altogether, the final dataset was
composed of 318 x 28 entries. The 28 entries include the 25 AIM measures, the average

aesthetic and complexity measures, and the resolution of each screenshot.

3.2 Data Cleaning

Before building our regression models, we analyzed our complete dataset to detect inaccu-
rate records. Identifying outliers was crucial as these observations could greatly influence
the fit of our statistical analysis and skew the parameter estimations (Ghosh and Vogt,
2012). In the univariate case, outliers are usually linked to extreme values. This may
alter in the multivariate case where data points may be outliers for some features while

taking reasonable values for the others (Filzmoser and Gregorich, 2020)).

To perform multivariate anomaly detection, we used the Isolation Forest algorithm.

This unsupervised learning algorithm isolates outliers by using binary trees. Indeed, it
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is based on the fact that anomalies have a propensity to be simpler to separate from
the rest of the dataset, compared to normal data points. First, the algorithm randomly
selects a feature. Then it randomly picks a split value between the feature’s maximum and
minimum values. This random partitioning results in considerably shorter path lengths
for specific observations. Since the tree found it easier to identify them from the other
data, the data points detected on these shorter branches are more likely to be anomalies
(Liu et al., 2008). After randomly creating a training set and a test set, we ran the
algorithm in RStudio. We obtained an “anomaly score” for each of the 318 observations
(see Appendix . All data points were given a score of around 0.5, meaning that we

could assume that there were no outliers in the sample (Liu et al., 2008).

We decided to verify those results by computing Cook’s distance for each observa-
tion. Cook’s distance calculates the impact of eliminating a certain observation. Large
Cook’s distance points are thought to require a more thorough investigation. Figure |3.1
shows that all data points have a Cook’s distance below one, meaning that no observation
was spotted as highly influential (Cook and Weisberg, [1982)). These results confirmed
that the dataset did not contain any outliers. These outcomes were not unexpected given
that all screenshots were carefully inspected and that the measures were calculated sys-

tematically. Since all of the observations were legitimate, we chose to preserve them all.
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Figure 3.1: Cook’s Distance of each data point
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The last step before conducting the descriptive analysis consisted in scaling the
predictive variables. Indeed, the AIM metrics are calculated in various units which each
has very different ranges. Because Machine Learning algorithms do not perform well when
the predictive variables have very different scales (Géron, 2019), we decided to scale our
data using a min-max normalization, a transformation that shifts and rescales values so

that they end up falling between 0 and 1.

3.3 Descriptive Analysis

Before building our five regression models in RStudio, we investigated the presence of
collinearity between the AIM measures. Collinearity occurs when predictors are highly
correlated to each other. Since collinearity makes it harder to distinguish the individual
effects of collinear variables on the dependent variable, it can result in a drop in the

accuracy of estimations of the regression coefficients (James et al., 2013).

We first analyzed the link between each pair of AIM measures by computing their
Spearman correlation. The correlation matrix (see Figure [3.2)) illustrates that some vari-

ables are highly correlated, meaning that there is a collinearity problem.

For instance, five pairs of measures have a correlation above 0.9:

labAvg lightnessMean and hsvAvg avgVal

nbColors and hsvUnique nbUniqueHSV

staticClusters and hsvUnique nbUniqueHue

staticClusters and hsvUnique nbUniqueSat

hsvUnique nbUniqueSat and hsvUnique nbUniqueHue.

To identify which variables to remove from the dataset, we further investigated the
relationship among explanatory variables by looking at multicollinearity. Multicollinear-
ity occurs when several predictive variables in a Multiple Regression model are highly
correlated (James et al., 2013).

To identify multicollinearity, we executed a first Multiple Linear Regression including
all variables and computed the Variance Inflation Factor (VIF). The VIF is calculated
by dividing the variance of the model by the variance of a model built using just one
parameter. It quantifies how much the variance of an estimated regression coefficient
is increased because of collinearity. Out of 25 variables, 11 had A VIF score above 10
(see Appendix [A.2), indicating that multicollinearity was high (Kutner et al., 2004)). We
decided to remove these variables one by one, starting with the one with the highest score,

until there were no more variables with a VIF score above 10 (see Appendix |A.2).
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Figure 3.2: Correlation Matrix of the 25 AIM metrics.

As aresult, we removed the following variables from the dataset: labAvg lightnessMean,

nbColors, staticClusters, labAvg lightnessStd, and pngFileSize.

3.4 Predictive models

The next step in our experiment consisted in building several regression models to in-
vestigate the relationship between the 20 remaining AIM measures and the perceived

aesthetics and complexity of mobile websites.

All models were assessed by using two performance measures: the adjusted R? and
the Root Mean Square Deviation (RMSE). The adjusted R? measures the variance in the
dependent variable explained by the independent variables. We preferred this measure to
the R? as the adjusted R2? considers the number of variables in the model and decreases
when noise variables are added (James et al.,[2013]). The second performance metric, the
RMSE, is the square root of the average of squared error. It measures the differences

between the observed values and the ones predicted by the regression model (Willmott

and Matsuura, [20006)).
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3.4.1 Aesthetics

Research Question 1.1: Do AIM measures satisfactorily predict the perceived aesthetics

of websites on mobile devices?

We first decided to focus on the visual appeal of mobile websites. To answer this research
question and evaluate the following hypothesis, we built five predictive models.

Hypothesis 1.1.1: All AIM measures predict the perceived aesthetics of websites on mobile

devices.

3.4.1.1 Multiple Linear Regression

First, we ran a Multiple Linear Regression using the 20 scaled AIM variables as predictors.
We created a training set and a test set and used 10-fold cross-validation to estimate the
prediction error to avoid overfitting. In this approach, the dataset was randomly divided
into 10 subsamples, or folds, of the same size. One of these subsamples was used as
a validation set and the 9 other samples were treated as training data. The process
was repeated 9 times, each time treating one of the folds as a validation set. A final
estimation was produced by averaging the 10 results (James et al., . This model
had an adjusted R2 of 0.2085 and only three variables were significant at a threshold of
a=0.05: hsvAvg avgSat, hsvAvg satStd, and hsvUnique nbUniqueHue (see Figure.
Finally, we ran the model on the test set and obtained an RMSE of 1.018.

Cali::
Im(formula = Avg_aesthetic ~ ., data = train.data)
Residuals:

Min 1Q Median 3Q Max

-1.77648 -0.58923 0.01922 0.53514 2.52867

Coefficients:
Estimate std. Error t value Pr(>|t|)

(Intercept) 3.583e+00 2.118e+00 1.691 0.09209 .
hsvAvg_avgHue 5.631e-04 4.769e-04 1.181 0.23891
hsvAvg_avgsat 2.942e+00 9.117e-01 3.227 0.00143 =*
hsvAvg_satstd -2.232e+00 1.131e+00 -1.973 0.04967 *
hsvAvg_avgval -1.171e+00 9.462e-01 -1.238 0.21709
hsvAvg_valstd 1.819e+00 1.175e+00 1.549 0.12283
hsvUnique_nbUniqueHSV 4.861e-06 3.560e-06 1.366 0.17338
hsvUnique_nbUniqueHue -2.072e-05 9.808e-06 -2.113 0.03565 *
hsvUnique_nbUniqueSat 3.352e-05 2.529e-05 1.326 0.18625
hsvUnique_nbUniqueval -3.544e-03 7.555e-03 -0.469 0.63941
labAvg_aMean 1.789e-02 1.073e-02 1.667 0.09677
labAvg_astd -1.676e-02 1.261e-02 -1.329 0.18525
TabAvg_bMean -3.112e-03 6.806e-03 -0.457 0.64795
TabAvg_bstd -5.020e-03 1.052e-02 -0.477 0.63380
wave -9.637e-01 1.167e+00 -0.826 0.40990
edgeDensity -3.323e+00 2.391e+00 -1.390 0.16581
figureGroundContrast 7.986e-02 8.343e-02 0.957 0.33947
nbAlignmentLines -3.975e-04 8.570e-04 -0.464 0.64319
jpegFileSize 1.027e-06 7.479e-07 13723 0. E7117
pixelsSymmetry 1.119e-01 1.692e-01 0.661 0.50906
whiteSpace 6.124e-01 4.971le-01 1.232° 0.21918
SignifF. scodess: /@ HeeRd (000l “H=% (@01, & QuOT % 0.4 ¢ X E

Residual standard error: 0.8782 on 235 degrees of freedom
Multiple R-squared: 0.2705, Adjusted R-squared: 0.2085
F-statistic: 4.358 on 20 and 235 DF, p-value: 1.323e-08

Figure 3.3: Aesthetics Multiple Linear Regression Model
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3.4.1.2 Stepwise Regression

Next, we built a Stepwise Regression model, which automatically chose predictive vari-
ables. In RStudio, we used a selection model with a "backward/forward" direction. The
selection began with the whole model and then eliminated predictive variables one at
a time, considering at each round if the accuracy of the model was enhanced by rein-
troducing a variable deleted at a previous round (James et al., |2013). The final re-
gression model (Equation , see Appendix contained the following variables, that
were all significant («=0.01): hsvAvg avgSat, hsvAvg satStd, hsvAvg valStd, hsvU-
nique_nbUniqueHSV, hsvUnique nbUniqueHue, and edgeDensity. The value of its ad-
justed R? was 0,2027 and its RMSE equaled 0,925.

Average BeautyRating =1.659 + 2.666 x hsvAvg avgSat
— 0.247 x hsvAvg satStd
+ 0.183 x hsvAvg valStd
+ 0.254 x hsvUnique_nbUniqueHSV (3.1)
— 0.298 x hsvUnique nbUniqueHue
— 1.951 x edgeDensity

These results indicate that three AIM measures had a positive impact on the per-
ceived aesthetics of mobile websites: hsvAvg avgSat, hsvAvg valStd, hsvUnique nbUniqueHSV.
These measures are all related to the colour perception, and more specifically to the HSV
colour space. On the other hand, three variables negatively impacted the visual appeal:
hsvAvg satStd, hsvUnique nbUniqueHue, and edgeDensity. Two of these variables are
linked to the HSV colour space and the third one to perceptual fluency.

3.4.1.3 LASSO Regression

For our third model, we decided to use the “least absolute shrinkage and selection opera-
tor”, or LASSO, method. This supervised regularization method yields sparse models. It
performs variable selection by setting a limit on the total absolute value of the regression
coefficients, which drives certain values to zero and thus removes them from the prediction
process. Indeed, the LASSO uses L1 regularization, which adds a penalty equal to the
magnitude of the regression coefficients in absolute terms. The strength of this penalty
is controlled by a tuning parameter, A (James et al., 2013]). We created our Lasso model
in RStudio by first setting seeds to make sure that results were reproducible and by im-
plementing a 10-fold cross-validation process. We chose a grid of A values, and computed

the cross-validation error for each value of the tuning parameter \.
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We then selected the tuning parameter value that "gave the most regularized model
such that the cross-validated error was within one standard error of the minimum"
(lambda.1se) (Hastie et al., and ran the LASSO model with this parameter. We
obtained the following model (see Figure :

21 x 1 sparse Matrix of class "dgCMatrix"

sl
(Intercept) 2.11980495
hsvAvg_avgHue .
hsvAvg_avgsSat 0.49823835

hsvAvg_satsStd

hsvAvg_avgval .
hsvAvg_valstd 0.09436838
hsvUnique_nbUniqueHSV 0.04516841
hsvUnique_nbUniqueHue -0.06901390
hsvUnique_nbUniqueSat
hsvUnique_nbuUniqueval
TabAvg_aMean

TabAvg_astd

TabAvg_bMean

TabAvg_bstd

wave

edgeDensity

figureGroundContrast
nbATignmentLines

jpegFileSize

pixelSymmetry

whiteSpace

Figure 3.4: Coeflicients of the aesthetics LASSO model

Figure [3.4] shows that out of the 20 variables, only four variables were selected:
hsvAvg avgSat, hsvAvg valStd, hsvUnique nbUniqueHSV, and hsvUnique nbUniqueHue.
All the other predictors had their coefficient set to zero. As for the Stepwise model (see
B.4.1.2), hsvAvg_avgSat, hsvAvg_ valStd, and hsvUnique_nbUniqueHSV were positively
related to the average beauty rating while hsvUnique nbUniqueHue reduced this score.
By running the model on the test set, we obtained an RMSE of 0.94 and an adjusted R2
of 0.174.

3.4.1.4 Random Forest

The fourth model we built is a Random Forest model, which is an ensemble learning
method for regression. This model creates several decision trees on training datasets.
While generating these decision trees, a random sample of m predictive variables is se-

lected from the set of available predictors as a split candidate each time there is a split
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in a tree. Only one of those m predictors is used at the split and a new sample of m

predictive variables is selected at each split (James et al., 2013)).

To put it another way, when creating a random forest, the algorithm is not permitted
to take into account the majority of the predictive variables that are accessible at each
branch in the tree. This procedure can be seen as decorrelating the trees, which reduces
variability and increases the reliability of the average of the generated trees (James et al.,
2013).

When implementing the Random Forest model in R, the first step was to identify the
optimal number of m predictors randomly selected as candidates at each split. Figure
shows that when mitry = 4, which means that 4 predictive variables are chosen at each
split, the model had the lowest out-of-bag (OOB) error, a measure of the prediction error
of the model.
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Figure 3.5: Out-of-bag Error and Test error depending on the number of
predictors considered at each split for the aesthetic Random Forest model.

We then ran the model on the test set using this parameter and obtained a Random
Forest with an RMSE of 0.90 and an adjusted R? of 0.058. Figure illustrates the

Increased Mean Square Error (%IncMSE), which provides the average increase in the
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test dataset squared residuals with randomly permuted variables. This measure is also
called the Mean Decrease Accuracy as it shows how the model accuracy decreases if the
predictive variable is left out. Thus, the higher the %IncMSE, the higher importance of
the variable (Echeverry-Galvis et al., 2014)). Figure also shows the Mean Decrease
Gini (IncNodePurity). This measure indicates the importance of the variable based on
the Gini impurity index. It shows how each predictor contributes to the homogeneity of
the nodes (Pardo, 2020). Based on these results, hsvAvg valStd, hsvAvg avgSat, and
labAvg aStd are the most important variables in the model (see Appendix .
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Figure 3.6: Mean Decrease Accuracy and Mean Decrease Gini measures of
the aesthetics Random Forest model.

3.4.1.5 Gradient Boosting

Finally, the last regression method we used is Gradient Boosting. This model also relies on
decision trees and uses a boosting approach. The algorithm grows trees sequentially: each
tree grows by using information from trees grown previously. Compared to the Random
Forest model we created previously, this model built weak and shallow successive trees

with each tree fitted on a modified version of the original data. Indeed, Gradient Boosting
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is a gradient descent algorithm, which means that it iteratively refines parameters to

minimize a cost function.

We first set seeds for reproducibility and divided our dataset into a training set and
a test set. Then, we used a grid search to find the best hyperparameters combination. We
also used 5-fold cross-validation to improve our results. After running the final model,
we computed an RMSE on the test set equal to 0.866 and an adjusted R? of -0.222.
Finally, Figure[3.7]illustrates the relative importance of each variable. The most important
variables were hsvAvg avgVal, hsv_valStd, and hsvAvg avgSat (see Appendix .

hevayvg_avghval -

havayvg_val3td -

hsvAvg_avagsSat -

hsvlUnigue_nblnigueHue -

wave -

0.0 25 5.0 7.5 10.0 12¢
Importance

Figure 3.7: Most influential predictors of the aesthetics Gradient Boosting
model.
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3.4.1.6 Results and discussion

Hypothesis 1.1.1: All AIM measures predict the perceived aesthetics of websites on mobile

devices.

After building our five models, we compared their quality and identified the most
important predictors. Overall, table shows that all models had an adjusted R? below
0.20, meaning that only a small proportion of the variance of the average aesthetic scores
could be explained by the AIM variables. These mediocre performances can be explained
by the fact that the dependent variable, the average aesthetic score, is based on users’
perception. Users’ judgment is subjective, meaning that it relies on "the influence of
personal beliefs or feelings" (Dictionary, [2022)), which can thus not be quantified by
visual design metrics. That is why the topic of "aesthetics" has been studied in many
fields outside of Human-Computer Interaction, including psychology, engineering, and
philosophy (Zen, 2017).

Model ‘ RMSE Adjusted R?

Multiple Linear Regression 1.018 0.208
Stepwise Regression 0.925 0.203
LASSO Regression 0.940 0.174
Random Forest 0.900 0.058
Gradient Boosting 0.866 -0.222

Table 3.1: Quality measures of the aesthetics models

Despite their poor predictive quality, the models can be used to evaluate hypothesis
1.1.1. To this end, we created a table that gathers all the important variables for each

model, and the impact each of them has on the average aesthetic rating (see Table [3.2]).

These results indicate that we can reject hypothesis 1.1.1. Indeed, only a few
variables were significant in the Multiple Linear Regression, Stepwise Regression, and
LASSO Regression. The variable hsvAvg avgSat seems to be the most important pre-
dictor regarding perceived aesthetics as this metric was important for all five models.
In addition, the measure hsvUnique nbUniqueHue is also a crucial predictor as it was
used in four models out of five. Finally, hsvAvg valStd was significant in three mod-
els, hsvAvg satStd, hsvUnique nbUniqueHSV, and hsvAvg avgVal, in two models and
labAvg aStd and edgeDensity in one model.

Altogether, all the variables, except the edgeDensity, pertain to colour perception.
More specifically, six of these AIM metrics are related to the HSV colour model and one
to the LAB colour space. These results indicate that metrics linked to the design’s colour
scheme should be the main focus of companies when creating a mobile website homepage

as they have a significant impact on aesthetic perception.
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Model ‘ Important Variables Change in aesthetics score

Multiple Linear Regression hsvAvg avgSat Positive
hsvAvg satStd Negative

hsvUnique nbUniqueHue Negative

Stepwise Regression hsvAvg avgSat Positive
hsvAvg satStd Negative

hsvAvg valStd Positive

hsvUnique nbUniqueHSV Positive

hsvUnique nbUniqueHue Negative

edgeDensity Negative

LASSO Regression hsvAvg avgSat Positive
hsvAvg valStd Positive

hsvUnique nbUniqueHSV Positive

hsvUnique nbUniqueHue Negative

Random Forest hsvAvg valStd Not indicated
hsvAvg avgSat Not indicated

hsvAvg avgVal Not indicated

labAvg aStd Not indicated

Gradient Boosting hsvAvg avgVal Not indicated
hsvAvg avgSat Not indicated

hsvAvg valStd Not indicated

hsvUnique nbUniqueHue Not indicated

Table 3.2: Significant and Important variables of the aesthetic models.

3.4.2 Complexity

Research Question 1.2: Do all AIM measures satisfactorily predict the perceived complex-

ity of websites on mobile devices?

In this section, we address the question of the complexity of mobile websites. To evaluate
the following hypothesis, we built five predictive models.
Hypothesis 1.2.1: All AIM measures predict the perceived aesthetics of websites on mobile

devices.

After building five models to understand the predictive power of the 20 selected AIM
measures regarding the average aesthetic ratings, we used the same models to investigate
the predictive power of the AIM metrics on the average complexity ratings. We also
evaluated and compared the models by computing their RMSE and adjusted R2. These
models allowed us to evaluate if all the AIM metrics could be used to predict the average
complexity rating of mobile websites. They also enabled us to identify the most important

predictors.
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3.4.2.1 Multiple Linear Regression

First, we ran a Multiple Linear Regression using all variables. We divided the dataset
into a training set and a test set and used 10-fold cross-validation. The model (see
Figure indicates that five predictive variables were significant at a threshold of
a=0.05 : hsvUnique nbUniqueHSV, hsvUnique nbUniqueSat, edgeDensity, jpegFile-
Size, hsvAvg avgVal, labAvg bStd. Besides, Figure [3.8] also shows that the model had
an adjusted R? of 0.1081. Finally, we computed the RMSE on the test set and obtained
a value of 0.786.

3.4.2.2 Stepwise Regression

We then ran a "backward/forward" Stepwise Regression. The outcomes of the model
(Equation [3.2 see Appendix indicate that four variables were significant: hsvU-
nique_nbUniqueHSV, hsvUnique nbUniqueSat, edgeDensity and jpegFileSize. All these
predictors had a positive impact on the complexity rating except the hsvUnique nbUniqueHSV,
meaning that website homepages with a higher proportion of pixels on the edges, a larger

file size, and a higher number of unique saturation were perceived as more complex. Re-
garding its quality, the model obtained an RMSE of 0.79 and its adjusted R? was equal

to 0.1167.

AverageComplexityRating = 2.631e %" — 1.363e™% x hsvUnique nbUniqueHSV
+ 7.4026e"% x hsvUnique nbUniqueSat
+ 1.591e7% x jpegFileSize (3.2)
+ 4.141 x edgeDensity

3.4.2.3 LASSO Regression

The third predictive model we built was the LASSO Regression Model. As for the previous
LASSO regression (see Section|3.4.1.4)), we first set seeds and randomly divided the dataset
into a training set and a test set. We then used a grid of X\ values and used 10-fold cross-

validation to select the optimal tuning parameter.

Unlike the LASSO regression for predicting aesthetics, we decided to use the value of
A that minimizes the mean cross-validated error (lambda.min) instead of the lambda.lse
because the LASSO with the tuning parameter lambda.1se drove the coefficients of all the

predictors to zero. Using the tuning parameter lambda.min, we obtained the following
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Im(formula = Avg_complexi
Residuals:
Min 1Q Median

-1.7874 -0.5954 -0.1456

Coefficients:

Estimate Std.

ty ~ ., data = train.data)

3Q

Max

0.5349 2.3472

(Intercept) -1.764e+00 2.170e+00
hsvAvg_avgHue -2.980e-04 4.840e-04
hsvAvg_avgsat 5.199e-01 8.766e-01
hsvAvg_satsStd 8.772e-02 1.139%e+00
hsvAvg_avgval 2.223e+00 9.576e-01
hsvavg_valstd -6.785e-01 1.173e+00
hsvUnique_nbUniqueHSV -1.401e-05 3.418e-06
hsvUnique_nbUniqueHue 1.253e-06 9.942e-06
hsvUnique_nbUniqueSat 5.804e-05 2.616e-05
hsvUnique_nbUniqueval 1.913e-03 7.865e-03
labAvg_aMean -2.087e-03 9.892e-03
labAvg_astd 5.366e-03 1.270e-02
labAvg_bMean -9.901e-04 6.903e-03
TabAvg_bstd -2.251e-02 1.032e-02
wave 9.864e-01 1.304e+00
edgeDensity 6.816e+00 2.409e+00
figureGroundContrast -1.287e-01 9.235e-02
nbAlignmentLines -3.912e-05 9.177e-04
jpegFilesize 1.900e-06 7.206e-07
pixelsymmetry -2.861e-02 1.698e-01
whiteSpace -5.915e-01 5.030e-01
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Figure 3.8: Summary of the complexity Multiple Linear Regression model.

model (Equation see Appendix

AverageComplexityRating = 4.853™

)

+ 2.704e™% x hsvUnique nbUniqueSat
+3.603¢% x hsvUnique_nbUniqueVal
— 4.33¢7% x figureGroundContrast

+ 7.339¢%* x nbAlignmentLines
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Adjusted R-squared:

0.

1081

*

3k

3k

3k

— 2.562¢7% x hsvUnique nbUniqueHSV
+ 7.611e7% x hsvUnique nbUniqueHue

(3.3)



Equation indicates that six variables were significant to predict the average com-
plexity rating including the four etrics related to the distinct values present in the HSV
colour space. The metrics hsvUnique nbUniqueHue, hsvUnique nbUniqueSat, hsvU-
nique_nbUniqueVal, and nbAlignmentLines increased the complexity score while hsvU-
nique_nbUniqueHSV and figureGroundContrast both reduced the rating. Finally, the
model had an RMSE of 0.848 and an adjusted R? of 0.0814.

3.4.2.4 Random Forest

We then created a Random Forest model to predict the average complexity rating. After
finding the optimal number of variables randomly chosen at each split, we obtained a
model with an Adjusted R? of -0.017 and an RMSE computed on the test set of 0.832.

Moreover, Figure[3.9[shows that the predictors hsvUnique nbUniqueHue, hsvAvg avgSat,
hsvUnique nbUniqueHSV, jpegFileSize and labAvg aStd were the most important vari-
ables to predict the average complexity score (see Appendix |A.8)).

rf_complexity

hsvUnique_nbUniqueHue hsvUnique_nbUniqueHue 0
hsvAvg_avgSat jpegFileSize o
hsvUnique_nbUniqueHSV labAvg_aStd o
labAvg_aMean figureGroundContrast o
edgeDensity o labAvg_aMean o
hsvAvg_satStd o labAvg_bStd o
nbAlignmentLines o nbAlignmentLines o
hsvAvg_avgVal o hsvUnique_nbUniqueSat o
labAvg_bStd o hsvAvg_satStd o
labAvg_aStd o] hsvUnique_nbUniqueHSV o
hsvUnique_nbUniqueSat o hsvAvg_avgVal o
whiteSpace o edgeDensity o
jpegFileSize o labAvg_bMean o
wave o hsvAvg_valStd o
figureGroundContrast o hsvAvg_avgSat o
labAvg_bMean o] whiteSpace o
hsvAvg_valStd o wave o
hsvAvg_avgHue o hsvAvg_avgHue o
pixelSymmetry o pixelSymmetry o
hsvUnique_nbUniqueVal [0 hsvUnique_nbUniqueVal o
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Figure 3.9: Important variables of the complexity Random Forest model.
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3.4.2.5 Gradient Boosting

Finally, the fifth model we constructed was the Gradient Boosting model. We also used
a grid search and 5-fold cross-validation to find the best parameters. As a result, we
obtained a model with an RMSE of 0.913 and an adjusted R? of -1.669.

Figures [3.10] indicates that the most important predictors were jpegFileSize, hsvU-
nique_nbUniqueSat, nbAlignmentLines, and hsvAvg avgVal (see Appendix |A.9).

jpegFileSize -

hsvUnique_nbUniqueSat -

nbAlignmentLines -

hsvAvg_avgVal -

labAvg_aMean -

labAvg_aStd -

hsvAvg_avgHue -

hsvUnique_nbUniqueHSV -

labAvg_bStd -

hsvUnique_nbUniqueHue -
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Figure 3.10: Most important variables of the complexity Gradient Boosting
model.

3.4.2.6 Results and Discussion

Hypothesis 1.2.1.: All AIM measures predict the perceived complexity of websites on

mobile devices.

Overall, Table [3.3] shows that the quality of the regression models regarding the
prediction of the average complexity ratings was low. The adjusted R? of each model
remained below 0.12, indicating that only a very small proportion of the variance of the

complexity score could be explained by the AIM metrics. The quality of these models was
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even lower than the quality of the models predicting the aesthetic scores (see Table .
This difference in the quality of the models can be explained by the fact that aesthetics
are easier to define than complexity. Indeed, complexity comprises two subsets that
are both often ill-defined. On the one hand, users assess the complexity related to the
number of colours on the homepage. On the other hand, they also evaluate the structural
complexity, which is related to the number of elements on the webpage and how they are
displayed. Altogether, the intricacy of the concept of visual complexity and the lack of

clear definition led to poor predictive performances of the models.

Model ‘ RMSE Adjusted R?

Multiple Linear Regression 0.786 0.108
Stepwise Regression 0.790 0.117
LASSO Regression 0.848 0.081
Random Forest 0.832 -0.017
Gradient Boosting 0.913 -1.669

Table 3.3: Quality measures of the complexity models.

Finally, Table [3.4] which summarizes the significant and most important variables
of the predictive models, allows us to reject hypothesis 1.2.1. Indeed, not all AIM metrics

were useful to predict the average complexity score.

The most important predictors seem to be hsvUnique nbUniqueHSV and jpegFile-
Size as they were included in four models. On the one hand, hsvUnique nbUniqueHSV
reduced the predicted complexity score in the Multiple Linear, Stepwise, and LASSO
Regression. It indicates that a higher number of unique HSV leads to lower perceived
complexity and thus a better impression of visual appeal. On the other hand, the jpeg-
FileSize increased the complexity rating in the Multiple Linear and Stepwise Regressions.
This result was not surprising as the jpegFileSize, which measures the size of the file,
is an indicator of the clutter of the image (Miniukovich and De Angeli, 2014). Another
crucial predictor is the hsvUnique nbUniqueSat. This measure was included in three
models and increased the complexity rating in two of the regressions. It means that a
mobile website with a higher number of unique saturation would be seen as more complex
and thus less visually appealing. Finally, predictors used in two of the models included

hsvAvg avgVal, edgeDensity and nbAlignmentLines.

Overall, contrary to the results obtained for the aesthetic ratings, predictors for the
complexity scores were pertained to both perceptual fluency and colour perception. These
results underline the intricacy of the concept of visual complexity, which is related to the

processing of visual information and the perception of the design colour scheme.
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Model

Important Variables

Change in complexity score

Multiple Linear Regression

Stepwise Regression

LASSO Regression

Random Forest

Gradient Boosting

hsvAvg avgVal
hsvUnique nbUniqueHSV
hsvUnique nbUniqueSat
labAvg bStd

edgeDensity

jpegFileSize

hsvUnique nbUniqueHSV
hsvUnique nbUniqueSat
jpegFileSize

edgeDensity

hsvUnique nbUniqueHSV
hsvUnique nbUniqueSat
hsvUnique nbUniqueHue
hsvUnique nbUniqueVal
nbAlignmentLines
figureGroundContrast

hsvUnique nbUniqueHue
hsvAvg avgSat
hsvUnique nbUniqueHSV

labAvg aStd
jpegFileSize

jpegFileSize

hsvUnique nbUniqueSat
nbAlignmentLines
hsvAvg avgVal

Positive
Negative
Positive
Negative
Positive
Positive

Negative
Positive
Positive
Positive

Negative
Positive
Positive
Positive
Positive

Negative

Not indicated
Not indicated
Not indicated
Not indicated
Not indicated

Not indicated
Not indicated
Not indicated
Not indicated

Table 3.4: Significant and important variables of the complexity models.
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Chapter 4

Experiment 2 - SimilarWeb / AIM

metrics / Resolutions

In this Chapter, we present the second experiment we conducted. The goal of this experi-
ment was to evaluate the impact of one of the mobile devices’ most important features, the
screen resolution, on the prediction of the average aesthetics and complexity ratings. On
the one hand, we assessed the influence of the three different screen resolutions, 375x667,
414x896 and 768x1024, on the quality of the predictive models that we built. On the
other hand, we investigated the effect of screen size on the significance and importance of

the AIM metrics in the predictive models.
Overall, this experiment allowed us to answer to following research questions:

e Research Question 2.1: What is the impact of resolution on the ability of AIM

measures to predict the perceived aesthetics of websites on mobile devices?

— Hypothesis 2.1.1: Resolution has a strong impact on the ability of AIM mea-

sures to predict perceived aesthetics of websites on mobile devices.

e Research Question 2.2: What is the impact of resolution on the ability of AIM

measures to predict the perceived complexity of websites on mobile devices?

— Hypothesis 2.2.1: Resolution has a strong impact on the ability of AIM mea-

sures to predict perceived complexity of websites on mobile devices.

4.1 Experimental method

The experimental method employed in this Chapter is based on the same artefacts as
the previous experiment (see Chapter . First, we used the AIM metrics computed

on the screenshots of the 106 websites from SimilarWeb using UiLab, in three different
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resolutions. Besides, we also used users’ ratings of aesthetics and complexity. However, the
main difference from the previous chapter is that we divided the dataset into three subsets
so that each of them contained the data for a specific resolution (375x667, 414x896 and
768x1024). In this thesis, these resolutions are referred to as small resolution, medium

resolution and large resolution respectively.

Regarding the data cleaning, as we used the same data as in the previous chap-
ter, we decided not to remove any observations from the dataset. Also, to avoid mul-
ticollinearity and facilitate the comparison between the models built in each chapter,
we decided to remove the same predictive variables as in the previous experiment (ie.

labAvg lightnessMean, nbColors, staticClusters, labAvg lightnessStd, and pngFileSize).

Finally, to answer our research questions, we decided to build the predictive models
that obtained the best and the worst adjusted R? in the preceding experience (see Table
and Table . As a result, we based our analysis on a Multiple Linear Regression, a
Stepwise Regression, and a Gradient Boosting model. We ran these models on each subset
and for each predicted variable. Finally, we compared their quality scores as well as the

important predictors.

4.2 Predictive Models

In this section, we outline the results of the models built for each subset. These models
were evaluated by using the same quality metrics, RMSE and adjusted R2. We first
constructed the three regression models to predict the average aesthetics rating on the
three subsets. After assessing their quality and identifying the most important variables,
we reiterated the same process with the average complexity rating as dependent variable.
Overall, by comparing these results with the outcomes of the models that did not take into
account the resolution, this method allowed us to understand the influence of resolution

on the quality of the models and the important predictive metrics.

4.2.1 Aesthetics

Research Question 2.1: What is the impact of resolution on the ability of AIM measures

to predict the perceived aesthetics of websites on mobile devices?

We first decided to focus on the impact of resolution on the prediction of the visual appeal
of mobile websites. We built three predictive models to evaluate the following hypothesis.

Hypothesis 2.1.1: Resolution has a strong impact on the ability of AIM measures to predict

perceived aesthetics of websites on mobile devices.
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4.2.1.1 Multiple Linear Regression

We first ran a Multiple Linear Regression on each subset (see Appendix . The quality
measures presented in Table indicate that the model built on the subset containing
data for the small resolution obtained the higher adjusted R2. On the other hand, the
model with the best RMSE was the large resolution model.

Regarding the significant variables, the small resolution model included only one
significant metric, hsvAvg avgSat. The medium resolution model was the one with the
most significant variables ( hsvAvg avgSat, hsvAvg satStd, hsvAvg valStd) while none

of the predictors were significant in the large resolution linear regression model.

When comparing with the Multiple Linear Regression that did not account for res-
olutions, we noticed that the small resolution model was the one whose variables could
better explain the variance in the average aesthetic ratings. Regarding the important pre-
dictors, hsvAvg avgSat remained a crucial predictor with a positive impact on the aes-
thetic rating in all models except the large resolution model. Furthermore, hsvAvg satStd
was also a significant predictive variable in two models. In both models, this measure was
negatively related to the beauty score. On the other hand, hsvAvg valStd became sig-

nificant only when creating the regression model on the medium resolution dataset.

Resolution ‘ RMSE Adjusted R2

Small 1.807 0.344
Medium 1.201 0.197
Large 0.732 0.107

Table 4.1: Quality measures of the aesthetics Multiple Linear Regression by resolution.

Overall, these Multiple Linear Regressions indicated that, when considering the
resolution, the variables related to the HSV colour model were crucial to predicting the
average aesthetic ratings. More specifically, the most important measures were the ones

analyzing the standard deviation and average value for each value in the HSV color space.

4.2.1.2 Stepwise Regression

We then built a Stepwise Regression model for each subset (see Appendix . The
algorithm we used in R was based on a selection model with a "backward/forward"
direction. Table shows that the Stepwise model built on the small resolution had
a higher adjusted R? that any model previously presented in this thesis. However, the
model with the best RMSE was the large resolution model.

In addition, Table outlines the significant variables in each model. The variable

hsvAvg avgSat remained an important variable in all models except the large resolution
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model. Another crucial variable was still hsvUnique nbUniqueHSV, present in all models
aside from the medium resolution one. Besides, hsvAvg satStd and hsvAvg valStd were
still significant in the medium resolution model and kept the same positive relationship
with the response variable. Finally, while jpegFileSize became a significant variable in

the small resolution model, edgeDensity is no more significant in any model.

Resolution ‘ RMSE Adjusted R?

Small 1.203 0.350
Medium 1.175 0.283
Large 0.692 0.179

Table 4.2: Quality measures of the aesthetics Stepwise Regression by resolution.

Resolution ‘ Significant variables Change in aesthetics score

Small hsvAvg avgSat Positive
hsvAvg avgVal Negative

jpegFileSize Negative

hsvUnique nbUniqueHSV Positive

labAvg bStd Negative

Medium hsvAvg avgSat Positive
whiteSpace Positive

hsvAvg satStd Negative

hsvAvg valStd Positive

labAvg aStd Negative

Large hsvUnique nbUniqueHSV Positive
hsvUnique nbUniqueHue Negative

Table 4.3: Significant variables of the aesthetics Stepwise Regression by resolution.

4.2.1.3 Gradient Boosting

Finally, the last models we created were three Gradient Boosting models. Table dis-
plays the quality of the models we obtained using a grid search and 5-fold cross-validation
to find the best parameters. Results indicate that considering resolution reduced the

capacity of AIM metrics to predict aesthetics ratings.

Table shows that the important predictive variables were different for each res-
olution. nbAlignmentLines, hsvUnique nbUniqueSat, and labAvg aMean were the only
AIM metrics important in two of the models. These results also indicate that only met-
rics related to colour perception were important for the large resolution models, while

the small and medium models both relied on perceptual fluency and colour perception
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Resolution ‘ RMSE Adjusted R2

Small 1.303 -0.254
Medium 1.158 -0.712
Large 1.005 -0.506

Table 4.4: Quality measures of the aesthetics Gradient Boosting models by resolution.

metrics. Finally, these outcomes show that none of the metrics that were crucial in the

Gradient Boosting model built in the previous chapter were still important in these three
models (see Figure [3.7).

Resolution | Most important features

Small nbAlignmentLines
hsvAvg valStd
labAvg aMean

Medium hsvUnique nbUniqueSat
labAvg aMean

nbAlignmentLines

Large labAvg aStd

hsvAvg satStd
hsvUnique nbUniqueSat

Table 4.5: Important variables of the aesthetics Gradient Boosting models by resolution.

4.2.1.4 Results and discussion

Hypothesis 2.1.1: Resolution has a strong impact on the ability of AIM measures to predict

perceived aesthetics of websites on mobile devices.

When comparing the quality measures of the models (see Table to the adjusted
R? obtained in the previous experiment (see Table , a key takeaway is that AIM
metrics were better predictors of the average aesthetics ratings when websites have a
small resolution (375x667). Indeed, both the Multiple Linear and Stepwise Regressions
explained more than 30% of the variance of the aesthetics score when used on the small
resolution dataset. These results indicate that web designers can rely on the AIM measures
when creating visually appealing homepages that have a small resolution. On the other
hand, the performance of the models did not improve when computed on the medium
resolution subset and the quality scores even decreased when large resolution screenshots

were considered.

Altogether, these results indicate that we do not reject hypothesis 2.1.1 as the ad-

justed R2? of the model was positively impacted when the models were used to predict

36



the average aesthetics rating of homepages with a small resolution. Also, looking at large
resolution webpages, results show that considering resolution reduced the ability of AIM

measures to predict perceived aesthetics of websites on mobile devices.

Model ‘ Resolution RMSE Adjusted R?

Multiple Linear Regression Small 1.807 0.344
Medium 1.201 0.197

Large 0.732 0.107

Stepwise Regression Small 1.203 0.350
Medium 1.175 0.283

Large 0.692 0.179

Gradient Boosting Small 1.303 -0.254
Medium 1.158 -0.712

Large 1.005 -0.506

Table 4.6: Quality measures of the aesthetics models by resolution.

Regarding the important variables of the models, Table[4.7shows that the important
AIM metrics to predict the average aesthetic ratings differ depending on the resolution of
the dataset.

For screenshots with a small resolution, eight AIM metrics were significant depending
on the model used. Among these measures, only the hsvAvg avgSat was important in
two of the models. This metric was also the most important one in the models that did
not consider the resolution (see Table . The measure kept a positive impact on the
aesthetic scores in all models. Regarding the seven other variables, three are related to
the HSV colour space, two to the LAB colour model and two to the concept of perceptual
fluency. All in all, similar to the previous experiment, metrics related to the design’s
color scheme, particularly those about the HSV colour space, had the greatest effect on

the aesthetics assessment of screenshots with low resolution.

Regarding homepages with a medium resolution (414x896), outcomes indicate that
three of the submeasures related to the examination of the mean value and standard devia-
tion of value in the HSV colour space (hsvAvg avgSat, hsvAvg satStd, and hsvAvg  valStd)
were crucial to predict the visual appeal of the websites. Indeed, they were significant
in two of the models. Besides, when considering this resolution, the metric whitespace
became important. However, apart from this metric, all the variables important in these

models were related to colour perception.

Finally, all the variables important in the large resolution models were linked to
colour perception. Also, Table [4.7] indicates that these models were the only ones for

which three of the metrics related to the distinct values present in the HSV colour
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space were significant (hsvUnique nbUniqueHSV, hsvUnique nbUniqueHue, and hsvU-
nique_nbUniqueSat).

To conclude this section, by creating three predictive models on the three subsets,
we discovered that taking into account the resolution does not significantly affect the
variables necessary to predict the average aesthetics scores. Indeed, the outcomes we
found suggest that when developing aesthetically pleasing websites for mobile devices,

web designers should primarily concentrate on metrics linked to the HSV color space.

Model ‘ Resolution Important Variables Impact
Multiple Linear Regression | Small hsvAvg avgSat Positive
Medium hsvAvg avgSat Positive
hsvAvg satStd Negative
hsvAvg valStd Positive
Large None
Stepwise Regression Small hsvAvg avgSat Positive
hsvAvg avgVal Negative
jpegFileSize Negative
hsvUnique nbUniqueHSV  Positive
labAvg bStd Negative
Medium hsvAvg avgSat Positive
whiteSpace Positive
hsvAvg satStd Negative
hsvAvg valStd Positive
labAvg aStd Negative
Large hsvUnique nbUniqueHSV  Positive
hsvUnique nbUniqueHue Negative
Gradient Boosting Small nbAlignmentLines Not indicated
hsvAvg valStd Not indicated
labAvg aMean Not indicated
Medium hsvUnique nbUniqueSat  Not indicated
labAvg aMean Not indicated
nbAlignmentLines Not indicated
Large labAvg aStd Not indicated
hsvAvg satStd Not indicated
hsvUnique nbUniqueSat  Not indicated

Table 4.7: Significant and important variables of the aesthetics models by resolution.
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4.2.2 Complexity

Research Question 2.2: What is the impact of resolution on the ability of AIM measures

to predict the perceived complexity of websites on mobile devices?

We addressed the question of the impact of resolution on the prediction of the visual
complexity of mobile websites. We used the same three regression models to answer this
research question and evaluate the hypothesis.

Hypothesis 2.1.1: Resolution has a strong impact on the ability of AIM measures to predict

perceived complexity of websites on mobile devices.

4.2.2.1 Multiple Linear Regression

As in the previous section, we first built three different Multiple Linear Regressions (see
Appendix. Compared to the model that did not take the resolution into consideration
(see Section , all models had a lower adjusted R? (see Table . Regarding the
RMSE, only the medium resolution model performed slightly better.

A key takeaway is that the AIM metric jpegFileSize was the most important predic-
tor of the average complexity rating. All the models confirmed the positive relationship
between the size of the file and the complexity. It ascertains that the larger the file size,
the more complex the homepage and thus the less visually appealing it is perceived. The
jpegFileSize was the only significant predictive variable at a threshold of o = 0.05 in the
small and large models. It was the most significant variable in the medium resolution
model, which also counted wave and hsvAvg avgHue as important predictors. The sig-
nificance of these AIM metrics is surprising as they were not important in any of the other
predictive models regarding complexity (see Table .

Resolution ‘ RMSE Adjusted R?

Small 1.502 0.205
Medium 0.895 0.157
Large 1.037 0.113

Table 4.8: Quality of the complexity Multiple Linear Regression by resolution.

4.2.2.2 Stepwise Regression

We continued our analysis by creating a Stepwise Regression for each resolution (see Ap-
pendix . Table indicates that considering the resolution in the models did not
particularly impact the quality of the models. Indeed, while the small and medium reso-
lution models obtained a higher adjusted R? than the model built on the whole dataset,
their RMSE was worse.
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Resolution ‘ RMSE Adjusted R2

Small 1.033 0.201
Medium 0.611 0.097
Large 0.821 0.010

Table 4.9: Quality measures of the complexity Stepwise Regression by resolution.

Concerning the significant variables, Figure confirms that jpegFileSize is a cru-
cial predictor whether the resolution is considered or not. Another variable significant
in the small resolution model and the model based on the whole dataset is the hsvU-
nique_nbUniqueHSV. This metric was negatively related to the complexity score in both
models. Finally, three AIM metrics appeared to be significant in models considering the

resolution: hsvUnique nbUniqueSat, hsvAvg avgVal, and nbAlignmentLines.

Coefficients: small Resolution

Estimate Std. Error t value Pr(>|t|)
(Intercept) -8.192e-01 6.036e-01 -1.357 0.17843
hsvUnique_nbuUniqueHSV -2.343e-05 9.278e-06 -2.526 0.01348 *
hsvUnique_nbuniqueSat 8.320e-05 2.702e-05 3.079 0.00282 =*=*
jpegFilesSize 1.039e-05 3.180e-06 3.268 0.00158 **

Signif. codes: O ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * * 1

Residual standard error: 1.051 on 82 degrees of freedom
Multiple R-squared: 0.229, Adjusted R-squared: 0.2008
F-statistic: 8.118 on 3 and 82 DF, p-value: 8.482e-05

Coefficients: Medium Resolution

Estimate Std. Error t value Pr(>|t])
(Intercept) -3.219e-01 6.880e-01 -0.468 0.64114
hsvAvg_avgval 1.348e+00 5.641le-01 2.390 0.01911 *
jpegFileSize 4.540e-06 1.491e-06 3.044 0.00312 **

STonif. codess: 10 *#==2 1QuO01, *»&% 0,01 *** Q.05 *,* 04 * ¥4

Residual standard error: 0.749 on 84 degrees of freedom
Multiple R-squared: 0.1179, Adjusted R-squared: 0.09689
F-statistic: 5.613 on 2 and 84 DF, p-value: 0.005152

Coefficients: Large Resolution

Estimate Std. Error t value Pr(>|t])
(Intercept) 1.6211927 0.1539492 10.531 < 2e-16
nbAlignmentLines 0.0023525 0.0007242 3.249 0.00166 **

sighif. codes: 0 “®%%* 0.001; “*%* 0.01. “#° 0.05 “.™ 0L * "1

Residual standard error: 0.7059 on 85 degrees of freedom
Multiple R-squared: 0.1104, Adjusted R-squared: 0.09998
F-statistic: 10.55 on 1 and 85 DF, p-value: 0.001662

Figure 4.1: Summary of the complexity Stepwise Regressions by resolution.
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4.2.2.3 Gradient Boosting

Lastly, we built three Gradient Boosting models to predict the average complexity rating
and identify the most important predictors (see Appendix . Table indicates
that both the models built on the medium and large resolution subsets obtained a better
RMSE than the Gradient Boosting model that did not take the resolution into account
(see Section . Moreover, all the models got a negative adjusted R?, meaning that
they explained less well the variance of the complexity scores than the model built in the

previous experiment.

Resolution ‘ RMSE Adjusted R?

Small 1.534 -1.005
Medium 0.827 -0.271
Large 0.784 -0.362

Table 4.10: Quality measures of the complexity Gradient Boosting model by resolution.

Table displays the most important variables for the models built on each sub-
set. It shows that jpegFileSize was the only variable important in both the small and
the medium models. This metric was also the most important predictor in the Gradient
Boosting model built in the previous Chapter (see Figure . Apart from this measure,
all the other variables were important in only one of the models. Finally, the AIM metrics

included in Table are related to both colour perception and perceptual fluency.

Resolution | Most important features

Small jpegFileSizes
hsvAvg avgHue
labAvg bMean

Medium pixelSymmetry
hsvAvg avgVal
jpegFileSize

Large nbAlignmentLines
labAvg aStd
figureGroundContrast

Table 4.11: Important variables of the complexity Gradient Boosting model by resolution.
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4.2.2.4 Results and discussion

Hypothesis 2.2.1: Resolution has a strong impact on the ability of AIM measures to predict

perceived complexity of websites on mobile devices.

Compared to the quality of the models built in the previous experiment (see Ta-
ble , a key element is the improvement of the quality of the models regarding the
prediction of the complexity rating when the models are built on the small resolution
subset. Indeed, the adjusted R? increased from 0.1167 when using a Stepwise Regression
on the whole dataset to 0.205 using a Multiple Linear Regression on screenshots with
a small resolution. It means that when the regression model is created to predict the
complexity score of small size websites, AIM metrics explain around 20% of the variance
of the complexity rating, a percentage twice as high as when the model is built without
taking the resolution into account. Considering these results, we cannot reject hypothesis
2.2.1.

Model ‘ Resolution RMSE Adjusted R?

Multiple Linear Regression Small 1.502 0.205
Medium 0.895 0.157

Large 1.037 0.113

Stepwise Regression Small 1.033 0.201
Medium 0.611 0.097

Large 0.821 0.010

Gradient Boosting Small 1.534 -1.005
Medium 0.827 -0.271

Large 0.784 -0.362

Table 4.12: Quality measures of the complexity models by resolution.

The most important predictor for the three resolutions is jpegFileSize as the metric
was included in all models except the Gradient Boosting model built on the large resolu-
tion subset (see Table . This result is the same as in the previous experiment (see
Table . It confirms that whether we take into account the resolution, the size of the

file is a crucial indicator of the perceived complexity of the webpage.

For websites with a small resolution, four other variables were important hsvU-
nique_nbUniqueHSV, hsvUnique nbUniqueSat, hsvAvg avgHue, and labAvg bMean.
These metrics are all related to the colour perception and three of them are linked to
the HSV colour space. These outcomes indicate that when considering the complexity of
small resolution websites, special attention should be given to measures related to colours.
When taking into account medium resolution screenshots, this assertion is untrue. In-

deed, even if hsvAvg avgVal was an important predictor as it was considered in two
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of the models, other important variables included wave and pixelSymmetry. These two
metrics are related to how visual information is processed by users. Finally, the main
predictor for large resolution homepages, apart from jpegFileSize, was nbAlignmentLines.
This metric was also important in two of the models built on the whole dataset. Be-
sides, two other variables were important for large resolution websites: labAvg aStd and

figureGroundContrast.

Overall, these outcomes indicate that, even when considering resolution, jpegFileSize
remains a key predictor of the perceived complexity of mobile websites. On the other
hand, hsvUnique nbUniqueSat, which was the other main predictor of the complexity
when considering the whole dataset, is not as important anymore, especially for medium
and large resolution screenshots. Finally, metrics linked to both perceptual fluency and
colour perception are important indicators of the perceived complexity of websites and

should thus be considered by companies when creating their mobile websites.
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Model ‘ Resolution Important Variables Impact
Multiple Linear Regression | Small jpegFileSize Positive
Medium hsvAvg avgHue Negative
wave Positive
jpegFileSize Positive
Large jpegFileSize Positive
Stepwise Regression Small hsvUnique nbUniqueHSV Negative
hsvUnique nbUniqueSat  Positive
jpegFileSize Positive
Medium hsvAvg avgVal Positive
jpegFileSize Positive
Large nbAlignmentLines Positive
Gradient Boosting Small jpegFileSize Not indicated
hsvAvg avgHue Not indicated
labAvg bMean Not indicated
Medium pixelSymmetry Not indicated
hsvAvg avgVal Not indicated
jpegFileSize Not indicated
Large nbAlignmentLines Not indicated
labAvg, Std Not indicated
figureGroundContrast Not indicated

Table 4.13: Significant and important variables of the complexity models by resolution.
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Chapter 5
Conclusion and perspectives

In this Chapter, we discuss our contributions in light of our objectives (see Section |1.2.1])
and research questions (see Section [1.2.2)). We then present the limits of our research and

outline possible directions for further study.

5.1 Summary of the contributions

Through this work, we addressed the lack of knowledge on aesthetic standards for mobile

user interfaces by answering the following research question.

To which extent can resolution and aesthetic metrics be used to measure the

aesthetic and complexity of a website on mobile devices?

We created a first experiment to evaluate the capacity of 25 AIM metrics to predict
the average aesthetics and complexity scores of mobile websites. The AIM measures were
automatically computed by UILAB on the most popular websites of three SimilarWeb
categories in three different resolutions. We also collected users’ judgment of aesthetics
and complexity on the same websites in UILAB. After cleaning the data, we built five
different predictive models (ie. Multiple Linear Regression, Stepwise Regression, Lasso

Regression, Random Forest, and Gradient Boosting).

We first constructed these models with the average aesthetics ratings as dependent
variable. We observed that the AIM metrics could only explain a small proportion of
the variance of the aesthetics scores. We partially explained the poor performance of
the models by the subjectivity of the response variable that can thus hardly be captured
by visual design metrics. However, these models allowed us to identify hsvAvg avgSat
as the most crucial variable regarding visual appeal. Besides, we found out that hsvU-
nique_nbUniqueHue and hsvAvg valStd were also important predictors of aesthetics. Fi-

nally, we discovered that when developing a mobile website homepage, businesses should
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place the greatest emphasis on metrics related to the colour scheme of the design, and
more specifically to the HSV colour space, since they have a large influence on how people

perceive aesthetics.

We then built the same models with the average complexity ratings as outcome
variable. The results we obtained showed that AIM metrics were poor predictors of the
complexity scores. The low performance of our predictive models can be explained by the
intricacy of the notion of visual and structural complexities and the absence of precise
definition of these concepts. Nevertheless, the various models allowed us to identify the
variables hsvUnique nbUniqueHSV and jpegFileSize as the most important predictors of
complexity. These results indicate that a greater number of distinct HSV values results in
a perception of simplicity of Uls and a consequent improvement in visual attractiveness.
Overall, the achieved results outlined that important predictive metrics of the complexity
ratings were related to both perceptual fluency and colour perception, which underlines

the intricacy of the concept of visual complexity.

In our second experiment, we took into consideration the resolution of the websites.
To this end, we divided the dataset used in the previous experiment into three subsets,
each containing data for a specific resolution (375x667, 414x896 and 768x1024). These
screen sizes were referred to as small, medium and large resolutions. We then built
several predictive models (i.e Multiple Linear Regression, Stepwise Regression, Gradient
Boosting) and compared the quality of these models, as well as the most important

variables, to the results obtained in the previous experiment.

We first addressed the impact of the resolution on the prediction of the average aes-
thetics ratings. A key finding of this experiment was that AIM metrics were particularly
good predictors of the aesthetics score of low resolution Uls. Indeed, both the multiple
Linear Regression and the Stepwise Regressions obtained an adjusted R? around 35%.
These findings suggest that when developing aesthetically appealing homepages with low
resolution, companies may rely on AIM measures. On the other hand, the models’ per-
formances were not enhanced when computed on the medium resolution subset, and the

quality scores even fell when large resolution screenshots were considered.

We also discovered that hsvAvg avgSat was the most important aesthetics predic-
tor on small resolution websites and that metrics related to the design’s color scheme, in
particular those referring to the HSV color space, had the biggest impact on the aesthet-
ics evaluation. Besides, the models showed that measures related to colour perception
were also crucial for homepages with medium and large resolutions. For the small reso-
lution, the most important metrics were those associated with the mean value and stan-
dard deviation of value in the HSV colour space (hsvAvg avgSat, hsvAvg satStd, and

hsvAvg valStd), while measures linked to the distinct values present in the HSV colour
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space were crucial for large resolution websites. These outcomes indicate that considering
the resolution does not impact the significant AIM metrics to predict aesthetics scores as

measures related to colour perception remain the most important ones.

Finally, we reiterated the experiment with the complexity score as dependent vari-
able. We found out that the performance of the Multiple Linear Regression and Step-
wise Regression models strongly increased when built on the small resolution dataset.
Concretely, it suggests that companies may rely more on AIM metrics to evaluate the
complexity of their websites when creating web pages for small resolution devices than

when building medium or high resolution homepages.

Additionally, results showed that jpegFileSize was the most significant predictor
of complexity for all three resolutions. It illustrates that the perceived complexity of the
webpage is directly linked to visual complexity of the interface, influencing directly the size
of the file by the mean of the image compression algorithm. On the other hand, results
indicated that when considering resolution, hsvUnique nbUniqueSat was no longer as

crucial, especially for medium and large-resolution screenshots.

We also found out that when considering the complexity of low resolution websites,
special attention should be paid to colour perception metrics and in particular to the HSV
colour space. We learned that this claim was false when medium resolution screenshots
were taken into consideration. Key factors for this resolution included the perceptual
fluency-related variables wave and pixelSymmetry. Finally, nbAlignmentLines was the
most significant predictor for large resolution web pages, aside from jpegFileSize. Overall
findings showed that metrics related to perceptual fluency and colour perception were
significant predictors of perceived complexity and should thus be properly considered by

businesses when developing their mobile websites.

5.2 Managerial aspects

The insights provided in this thesis are particularly relevant for companies aiming to
strengthen their online presence by improving their mobile website aesthetics. Our find-

ings can be implemented by several business functions besides website designers.

For instance, marketing and communication specialists can use our results to improve
consumer acquisition, engagement, and retention on their mobile websites. Our research
indicates that to compete with rival stores, the marketing department should improve the
aesthetics of their homepage and mobile marketing campaign by focusing on the colours
they decide to use. Regardless of website resolution, marketers should concentrate on the
number of colours they use and the shade of these colours. Finally, marketing experts

should not disregard the importance of simplicity when designing their campaigns. This
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thesis shows that the size of the jpeg file can be a good complexity indicator that could
be easily employed by marketers.

These indicators can also be used by project managers to measure the beauty and
simplicity of the project they supervise. Our research reminds them of the importance
of aesthetics when working on mobile website projects. It shows them that visual ap-
peal should be considered and assessed during the whole project, and made one of the

evaluation criteria of the final deliverable.

Finally, our research could also benefit end users. Indeed, by carefully implement-
ing our findings and thus improving the visual aspect of their website, companies could

facilitate mobile shopping and enhance the overall online user experience.

5.3 Benefits and limits

Through this study, we were able to better grasp the connection between aesthetic metrics
and users’ perceptions of complexity and aesthetics of mobile websites. We assessed
the AIM metrics’ capacity to predict the average aesthetics and complexity ratings and
determined which metrics were most crucial. Overall, this thesis highlights the variables
affecting human judgment. It helps businesses understand the key factors they should
take into account when developing a website that is aesthetically appealing for mobile

devices. However, our research faces several limitations.

The first limit of this thesis is related to demographics. The experiment aimed
at collecting users’ ratings of aesthetics and complexity was only advertised in our own
network, restricting the range of participants and thus reducing the socio-demographic
diversity of the respondents. For instance, all the respondents were based in Belgium,

limiting the scope of our research.

Another drawback related to respondents’ sociological characteristics is the inabil-
ity to capture several factors that might have influenced users’ judgment. For instance,
we were unable to record the participants’ gender during the subjective experiment, pre-
venting us from assessing how this variable affected the aesthetics and complexity scores.
Furthermore, we did not consider the Internet-savviness of the respondents, although this

factor could greatly influence users’ ratings.

In addition, the scope of our thesis was also limited by several hypotheses. First,
we only investigated perceived aesthetics and complexity of websites on smartphones,
leaving out other devices such as tablets and smartwatches. Furthermore, we restricted
our research to only three specific smartphone resolutions and did not consider other
factors, such as screen orientation. Indeed, our research was only conducted on screenshots

taken in portrait mode. Besides, we studied the aesthetics of websites from three specific
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categories, limiting the robustness of our results. Lastly, the models built in this thesis

strongly relied on AIM metrics, omitting other aesthetic criteria.

Finally, the use of AIM metrics imposes another limitation on our research. AIM
measures are low-level variables that are complex and difficult to comprehend, which
restricts the actionability of our insights. Given the intricacy of these aesthetic measures,
businesses might struggle to concretely implement our findings in the absence of HCI and

MUT expertise.

5.4 Future work

For future research, we encourage broadening the scope of research on MUIs aesthetics and
complexity to increase the robustness of the findings and make results more representative
and useful for businesses. To this end, we also advocate for an investigation of the
extraction of more understandable and implementable high-level factors from the low-
level AIM variables.

Firstly, future studies might investigate other form factors of mobile phones, includ-
ing different resolutions, orientations or shapes. For instance, the smartphone market
is constantly evolving, with new devices being released continuously. These new smart-
phones differ in features, including screen sizes. It is thus crucial to increase the scope of

study to provide companies with up-to-date insights.

Secondly, further research could be conducted on other mobile devices, such as
tablets and smartwatches. Given the increasing penetration rates of these mobile devices,
performing analysis on perceived aesthetics and complexity of various equipment could

give more representative information to businesses.

Another avenue for future work consists in investigating other aesthetic criteria. On
the one hand, the relationship between perceived aesthetics and other visual measures
such as metrics computed on Quality Estimator using Measures (QUESTIM) could be
examined. On the other hand, latent, high-level factors could be extracted from the low-
level AIM metrics used in this study to enhance the interpretability and actionability
of our findings. Identifying these high-level concepts underlying complex AIM measures
would give businesses a better concrete understanding of how to improve the visual appeal

of their mobile website.

In a context similar to this thesis, there are ongoing investigations regarding the
extraction of underlying high-level features from AIM metrics. A preliminary study was
conducted by Burny and Vanderdonckt using UILAB to collect data from websites listed
by SimilarWeb. After computing 53 AIM metrics on the screenshots and removing some

of them to avoid multicollinearity, a Principal Component Analysis (PCA) was performed
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to make a preliminary decision about the number of factors to keep, based on the Kaiser
rule. However, the study advises the use of Factor Analysis instead of PCA because factor
analysis finds latent constructs that characterize the interdependencies among observed
variables (Joreskog, 1983). On the other hand, PCA just extracts factors that are corre-
lated to most of the variables in the dataset, making the interpretation of these factors

difficult.

Factor Analysis was thus used to reduce observable measures to a smaller set of
latent factors. More specifically, Exploratory Factor Analysis (EFA) was utilized since
this method is very useful for identifying the factors affecting variables and for discovering
groups of related variables. Furthermore, the study relied on oblimin rotation as it led to
the simplest structure for interpretation. Rotations are crucial as they allow to prevent
cross-loadings, which happens when a certain variable is associated simultaneously with
several factors (Li et al., 2020). Besides, oblique rotations, such as oblimin, were preferred

to orthogonal rotations as it provides simpler extracted structures.

Finally, based on the Kaiser criterion, seven underlying factors were retained: Col-
orfulness, Color complexity, Analogous color schemes dissimilarity, Primary hue, Light-
ness deviation, Complementary colors dissimilarity, and Structural simplicity. Overall,
this study enabled the extraction of high-level concepts that are simpler to comprehend,
possibly making research findings in the area of MUIs aesthetics more actionable for

businesses.
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Appendix A

Experiment 1

A.1 Isolation Forest

Data point ‘ Anomaly score

44 0.683
43 0.679
45 0.653
138 0.634
28 0.633
16 0.628
198 0.627
18 0.625
97 0.625
214 0.622
286 0.622
240 0.621
o8 0.619
287 0.617
92 0.616
72 0.615
265 0.615
216 0.614
215 0.613
137 0.613
243 0.611

The Isolation Forest algorithm computed an anomaly score for each data point. The table
presents the 21 data points with the highest anomaly scores. A score around 0.5 indicates
that the point is likely to be a normal value while a score close to 1 signals a point likely
to be an anomaly.
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A.2 Variance Inflation Factor (VIF)

> vif(riml)

hsvAvg_avgHue hsvAvg_avgsat hsvAavg_satstd
1.816306 20.901156 6.038281
hsvunique_nbuniquesat hsvunique_nbuniqueval TabAvg_lightnessMean
3.863964 1.361336 453.183558
Tabavg_bstd nbColors pngrilesize
3.506377 76.737620 12.939711
nbAlignmentLines jpegrilesize pixelSymmetry
1.891128 7.008250 1.518885
hsvAavg_avgval hsvAvg_valstd hsvunique_nbuUniqueHSV hsvunique_nbuUniqueHue
351.709931 17.321981 71.811474 13.954770
Tabavg_Tlightnessstd TabAvg_aMean Tabavg_astd Tabavg_bMean
16.090069 11.850413 2.773546 3.702505
staticClusters wave edgeDensity figureGroundContrast
16.667410 3.270862 4.252333 1.041293
whitespace
6.173054

A VIF score above 10 indicates high multicollinearity. Outcomes show that 11 AIM
variables have high multicollinearity.

vif(riml)
hsvAvg_avgHue hsvAvg_avgsat hsvavg_satstd hsvavg_avgval hsvavg_valstd
1.726829 5.256986 3. 513606 8.422243 2.248200
labavg_astd labavg_bMean labAvg_bstd wave edgeDensity
2.581184 1.992474 2.954163 2.401372 3.591467
hsvunique_nbuniqueHsv hsvunique_nbuniqueHue hsvunique_nbuniquesat hsvunique_nbuniqueval TabAvg_aMean
2.968331 3.623531 3.594395 1.299215 2.179293
figureGroundContrast nbAlignmentLines jpegrilesize pixelsymmetry whiteSpace
1.026501 1.826654 2.943258 1.398967 5.403376

After removing variables with a high VIF one by one, we obtained a model composed of
20 variables with a VIF below 10.
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A.3 Aesthetics - Stepwise Regression

Pri=|t|)
{(Intercept) < 2e-16 #w*
hsvAvg_avgsat 4.23e-07 #w=
hsvAvg_satstd 0.005555 *=*
hsvavg_valstd 0.000360 #*=

hsvunique_nbuniqueHsv 0.000658 ***
hsvunique_nbUniqueHue 0.000118 ##%*
edgeDensity 0.002839 **
signif. codes:
0 f®==' 0,001 ‘**' 0.01 **' 0.05
S TR R |

Residual standard error: 0.8883 on 311 degrees of freedom

Multiple R-squared: 0.22, Adjusted R-squared: 0.2049
F-statistic: 14.62 on & and 311 DF, p-value: 1.04e-14

Summary of the final aesthetics Stepwise model. Outcomes show that five variables are
significant.
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A.4 Aesthetics - Random Forest

call:
randomForest(formula = Avg_aesthetic ~ ., data = Aesthetic_test,
mtry = best.m, importance = TRUE, ntree = 500)
Type of random forest: regression

Number of trees: 500

No. of variables tried at each split: 4

Mean of squared residuals: 0.8319541
% var explained: 11.75

> importance(rf2)

%INCMSE IncNodePurity

hsvAvg_avgHue 1.73963675 3.0029986
hsvAvg_avgsat 5.06017844 4.1210658
hsvAvg_satstd 0.80563735 2.9169585
hsvAvg_avgval 3.64935458 6.3670604
hsvAvg_valstd 7.46550511 5.6203385
hsvUnique_nbUniqueHSV 1.32922135 2.8960167
hsvUnique_nbUniqueHue 2.57116421 3.9410173
hsvUnique_nbUniqueSat 3.17924632 3.1003779
hsvUnique_nbUniqueval -0.07746442 0.5186153
TabAvg_aMean 1.44751148 3.1551476
TlabAvg_astd 4.01995114 4.4885728
TabAvg_bMean 1.54082421 2.9329650
TabAvg_bstd 1.09666358 2.5401157
wave -1.62175553 3.8314422
edgeDensity 3.19073745 5.5275062
figureGroundContrast -2.50765643 1.7423696
nbAlignmentLines 3.76290682 5.0775229
jpegFileSize -0.62654963 3.3169098
pixelSymmetry -0.38560994 2.6263847
whiteSpace 2.79685738 3.5350931

Summary of the final aesthetics Random Forest. To build this model, four variables were
tested at each split and 500 trees were built. Outcome show the contribution of each

variable to the increase in MSE and to the node purity.
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A.5 Aesthetics - Gradient Boosting

var rel.inf
hsvAvg_avgval hsvAvg_avgval 11.9123122
hsvAvg_valstd hsvAvg_valstd 9.9090123
hsvAvg_avgsSat hsvAvg_avgSat 6.9385352
hsvUnique_nbUniqueHue hsvUnique_nbUniqueHue 6.8918576
wave wave 6.6892001
TabAvg_bstd TabAvg_bStd 6.4187916
pixelSymmetry pixelSymmetry 5.9572499
jpegFileSize jpegFileSize 5.6958405
hsvUnique_nbuUniqueHSV hsvUnique_nbUniqueHSV 5.5579734
whiteSpace whiteSpace 5.0961311
edgeDensity edgeDensity 4.8132230
hsvAvg_avgHue hsvAvg_avgHue 4.5038623
hsvUnique_nbUniqueSat hsvUnique_nbUniqueSat 4.2321814
TabAvg_bMean TabAvg_bMean 3.8823091
TabAvg_aMean TabAvg_aMean 2.9791189
TabAvg_astd TabAvg_astd 2.4031810
hsvAvg_satStd hsvAvg_satStd 1.8305971
figureGroundContrast  figureGroundContrast 1.7996788
nbAlignmentLines nbATignmentLines 1.7210810
hsvUnique_nbUniqueval hsvUnique_nbUniqueval 0.7678635

Relative influence of each variable in the aesthetics Gradient Boosting Model. Results
show that metrics related to the HSV colour space are the most important in this model.
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A.6 Complexity - Stepwise Regression

call:
Im(formula = Avg_complexity ~ hsvUnique_nbUniqueHSV + hsvUnique_nbUniqueSat +
edgeDensity + jpegFileSize, data = train.data)

Residuals:
Min 1Q Median 3Q Max
-1.5280 -0.6053 -0.1520 0.5996 2.6510

Coefficients:

Estimate Std. Error t value Pr(>|t]|)
(Intercept) 2.631e-01 3.021e-01 0.871 0.38460
hsvUnique_nbUniqueHSV -1.363e-05 3.016e-06 -4.518 9.63e-06 ***
hsvUnique_nbUniqueSat 7.402e-05 1.557e-05 4.753 3.38e-06 **=*

edgeDensity 4.141e+00 1.540e+00 2.689 0.00765 **
jpegFilesize 1.591e-06 5.497e-07 2.895 0.00412 ==
Signif. jcodes: .0 ***xX 0,001 **=¥ 0,01 %** 0,05 .7 @1 = = QL

Residual standard error: 0.8871 on 250 degrees of freedom
Multiple R-squared: 0.1306, Adjusted R-squared: 0.1167
F-statistic: 9.386 on 4 and 250 DF, p-value: 4.398e-07

Summary of the complexity Stepwise Model using a "backward /forward" algorithm. Four
AIM metrics are significant in this model, two related to the HSV colour space and two
to perceptual fluency.
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A.7 Complexity - LASSO Regression

21 x 1 sparse Matrix of class "dgcMmatrix"

(Intercept)
hsvAvg_avgHue
hsvAvg_avgsat
hsvAvg_satstd
hsvAvg_avgval
hsvAvg_valstd
hsvUnique_nbuUniqueHsSV
hsvUnique_nbuUniqueHue
hsvUnique_nbUniquesat
hsvUnique_nbuUniqueval
TabAvg_aMean
TabAvg_astd
TabAvg_bMean
TabAvg_bstd

wave

edgeDensity
figureGroundContrast
nbATlignmentLines
jpegFileSize
pixelSymmetry
wh1iteSpace

Summary of the complexity LASSO Model using a "backward/forward" algorithm. Six
variables are significant while the coefficients of all the other AIM metrics have been set
to zero. Four of the important metrics are related to the number of distinct values in the

HSV color model.

66

4.

WNNN

-4,
7

sl
852822e-01

.562288e-06
.611501e-06
.703809e-05
.602693e-03

329781e-02
339444e-04



A.8 Complexity - Random Forest

call:
randomfForest(formula = avg_complexity ~ ., data = Complexity_noresolution,
E, ntree = 500)
Type of random forest: regression
Number of trees: 500
No. of variables tried at each split: 3

Mean of squared residuals: 0.7822012
% var explained: 5.46
> importance(rf)
%INCMSE IncNodePurity

hswvAvg_avgHue 3.008716 10.748536
hswvavg_avgsat 5.695094 12.984174
hsvavg_satstd 3.669798 11. 806831
hswvavg_avgval 6.749426 12.678212
hsvavg_valstd 3.847070 11.095092
hsvunique_nbUniqueHsv 8.976137 11. 916280
hsvunique_nbUniqueHue 9.829781 15.539599
hsvunique_nbUniquesat 7.818782 13.630254
hsvunique_nbuUniqueval 1.148371 2.273913
Tabavg_aMean 6.309630 15. 230064
Tabavg_astd 5.181544 16.283473
Tabavg_bMean 2.345327 10. 007714
Tabavg_bstd 5.617616 12.662557
wave 5.518860 10.603329
edgeDensity 7.621545 12.249968
figureGroundContrast 3.937946 13.285915
nbalignmentLines 6.009606 13.187947
jpegFilesize 4.644221 17.445964
pixelsymmetry 1.476713 9.832375
whitespace 4,.628933 10.716705

Summary of the importance of each AIM metrics in the complexity Random Forest model.
Three variables as split candidate at each split and the model was built using 500 trees.
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A.9 Complexity - Gradient Boosting

gb variable importance

Ooverall
jpegFileSize 100.00
hsvUnique_nbUniqueSat 89.53
nbAlignmentLines 77 .32
hsvAvg_avgval 76.07
labAvg_aMean 73.11
labAvg_astd 72.46
hsvAvg_avgHue 62.08
hsvUnique_nbUniqueHSV 43.06
labAvg_bstd 35.06
hsvUnique_nbUniqueHue 31.57
hsvAvg_valstd 28.76
hsvAvg_satsStd 27.33
edgeDensity 27 .22
pixelSymmetry 23.40
hsvAvg_avgSat 22.00
wave 17.30
wh1iteSpace 13.11
labAvg_bMean 12.54
figureGroundContrast 11.39
hsvUnique_nbUniqueval 0.00

Importance of each AIM metric in the complexity Gradient Boosting model.
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Appendix B

Experiment 2

B.1 Aesthetics - Multiple Linear Regressions by reso-

lution

Residuals:
Min 1Q Median 3Q Max
-1.86127 -0.59384 -0.01712 0.57748 1.95193

Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 9.632e+00 5.013e+00 1.921 0.0591 .
hsvAvg_avgHue 7.274e-04 9.839%e-04 0.739 0.4624
hsvAvg_avgsat 3.702e+00 1.820e+00 2.034 0.0460 *
hsvAvg_satstd -9.474e-01 2.382e+00 -0.398 0.6921
hsvAvg_avgval -3.636e+00 2.125e+00 -1.711 0.0918 .
hsvAvg_valstd 1.207e+00 2.943e+00 0.410 0.6830
hsvUnique_nbUniqueHSv 1.297e-05 1.821e-05 0.712 0.4790
hsvUnique_nbUniqueHue 4.512e-06 2.391e-05 0.189 0.8509
hsvUnique_nbUniqueSat 4.172e-06 5.065e-05 0.082 0.9346
hsvUnique_nbUniqueval -1.092e-02 2.157e-02 -0.506 0.6144
labAvg_aMean 1.642e-02 2.107e-02 0.779 0.4388
labAvg_astd -2.260e-02 2.465e-02 -0.917 0.3627
TabAvg_bMean 8.990e-03 1.310e-02 0.687 0.4948
labAvg_bstd -2.993e-02 1.991e-02 -1.503 0.1376
wave -3.616e+00 2.666e+00 -1.356 0.1797
edgeDensity 2.618e+00 1.001le+01 0.262 0.7945
figureGroundContrast 3.649e-01 2.212e-01 1.650 0.1039
nbAlignmentLines -1.893e-04 2.988e-03 -0.063 0.9497
jpegFileSize -1.026e-05 6.876e-06 -1.492 0.1407
pixelSymmetry 4.280e-01 3.277e-01 1.306 0.1962
whiteSpace 1.166e+00 1.108e+00 1.053 0.2964
Signif: «codesi @ fFxE! 0:001 *#*% 0.01 ! 0.05 %% 0.1 ¢ %71

Residual standard error: 0.9869 on 65 degrees of freedom
Multiple R-squared: 0.4985, Adjusted R-squared: 0.3442

Summary of the aesthetics Multiple Linear Regression built on the small resolution
dataset. hsvAVg avgSat is the only significant variable and the model has an adjusted
R? of 0.3442.
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Coefficients:
Estimate Std. Error t value Pr(>|t]|)

(Intercept) 9.325e-01 3.196e+00 0.292 0.771400
hsvAvg_avgHue 7.029e-04 8.914e-04 0.788 0.433275
hsvAvg_avgsSat 6.749e+00 1.807e+00 3.736 0.000397 =#==*
hsvAvg_satstd -4.965e+00 2.266e+00 -2.191 0.032051 *
hsvAvg_avgval -2.721e-01 1.838e+00 -0.148 0.882794
hsvAvg_valstd 5.226e+00 2.229e+00 2.345 0.022099 *
hsvUnique_nbUniqueHSV -7.620e-07 9.353e-06 -0.081 0.935317
hsvUnique_nbUniqueHue -1.022e-05 1.906e-05 -0.536 0.593637
hsvUnique_nbUniqueSat 1.350e-05 5.151e-05 0.262 0.794126
hsvUnique_nbuUniqueval 6.403e-03 1.041le-02 0.615 0.540770
TabAvg_aMean 1.075e-02 1.924e-02 0.559 0.578129
TabAvg_astd -3.059e-02 2.172e-02 -1.408 0.163773
TabAvg_bMean -6.163e-03 1.464e-02 -0.421 0.675087
TabAvg_bstd 6.780e-03 1.913e-02 0.354 0.724168
wave -2.882e+00 2.151e+00 -1.340 0.184972
edgeDensity -2.880e+00 6.175e+00 -0.466 0.642482
figureGroundContrast 5.810e-02 1.130e-01 0.514 0.608908
nbAlignmentLines 1.701e-04 1.622e-03 0.105 0.916801
jpegFileSize 1.242e-06 3.087e-06 0.403 0.688599
pixelSymmetry -8.119e-01 5.092e-01 -1.594 0.115710
whiteSpace 1.647e+00 9.666e-01 1.704 0.093149 .
Signit. codes: 0 *#%%2 0,001 *=%¥ Q.01 **? 0.05 %7 Q.1 €1

Residual standard error: 0.8575 on 65 degrees of freedom
Multiple R-squared: 0.3861, Adjusted R-squared: 0.1973
F-statistic: 2.044 on 20 and 65 DF, p-value: 0.01613

Summary of the aesthetics Multiple Linear Regression built on the medium resolu-
tion dataset. Three predictors are significant: hsvAVg avgSat, hsvAvg satStd, and
hsvAvg valStd. The adjusted R? of the model is 0.197.
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Coefficients:
Estimate Std. Error t value Pr(G|t])

(Intercept) 4.488e+00 3.938e+00 1.140 0.2586
hsvAvg_avgHue 2.409e-04 8.029e-04 0.300 0.7651
hsvAvg_avgsat 8.391e-01 :1.467e+00 0,572 0.5692
hsvAvg_satstd 1.584e+00 1.865e+00 0.849 0.3988
hsvAvg_avgval -2.659e-01 1.851e+00 -0.144 0.8862
hsvAvg_valstd -5.608e-01 2.373e+00 -0.236 0.8140
hsvUnique_nbUniqueHSV 5.379e-06 4.474e-06 1.202 0.2336
hsvUnique_nbUniqueHue -2.022e-05 1.531e-05 -1.320 0.1914
hsvUnique_nbUniqueSat -1.786e-05 4.911e-05 -0.364 0.7173
hsvUnique_nbUniqueval -4.598e-03 1.241le-02 -0.370 0.7123
labAvg_aMean 3.456e-04 1.605e-02 0.022 0.9829
TabAvg_astd -5.770e-03 2.176e-02 -0.265 0.7917
TabAvg_bMean -1.426e-02 1.179e-02 -1.209 0.2311
TabAvg_bstd -4.196e-04 1.572e-02 -0.027 0.9788
wave -2.388e+00 1.967e+00 -1.214 0.2292
edgeDensity 9.319e+00 5.286e+00 1.763 0.0826 .
figureGroundContrast 2.246e-01 2.267e-01 0.991 0.3254
nbATignmentLines 1.049e-03 1.015e-03 1.034 0.3051
jpegFileSize -1.794e-06 1.633e-06 -1.099 0.2760
pixelSymmetry 1.826e-01 2.900e-01 0.630 0.5311
whiteSpace 2.452e-01 9.928e-01 0.247 0.8057
SigniT. icodes: O Sead jQo00F, R @01 @08 5 9.1 ¢ Y A

Residual standard error: 0.7604 on 65 degrees of freedom
Multiple R-squared: 0.3177, Adjusted R-squared: 0.1077
F-statistic: 1.513 on 20 and 65 DF, p-value: 0.1073

Summary of the aesthetics Multiple Linear Regression built on the large resolution
dataset. No variable is significant and the adjusted R? is lower the one of the models
built on the small and medium resolutions.
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B.2 Aesthetics - Stepwise Regressions by resolution

call:
Im(formula = Avg_aesthetic ~ hsvAvg_avgSat + hsvAvg_avgval +
hsvUnique_nbUniqueHSV + TabAvg_bsStd + jpegFileSize, data = train.data)

Residuals:
Min 1Q Median 3Q Max
-2.05877 -0.63962 -0.08099 0.57577 2.12195

Coefficients:

Estimate Std. Error t value Pr(G|t])
(Intercept) 5.514e+00 1.032e+00 5.343 8.4e-07 **=*
hsvAvg_avgsSat 2.462e+00 9.292e-01 2.650 0.00970 ==
hsvAvg_avgval -2.188e+00 8.739e-01 -2.504 0.01432 =
hsvUnique_nbUniqueHSV 2.963e-05 1.152e-05 2.573 0.01194 *
TabAvg_bstd -3.657e-02 1.580e-02 -2.314 0.02321 *
jpegFileSize -1.105e-05 3.531e-06 -3.131 0.00244 **
Signif.. codes: 0 “#=%*X 0,001 “*%? Q.01 *** 0.05 *.7 0.1 % ¥4

Residual standard error: 0.9822 on 80 degrees of freedom
Multiple R-squared: 0.3887, Adjusted R-squared: 0.3504
F-statistic: 10.17 on 5 and 80 DF, p-value: 1.445e-07

Summary of the aesthetics Stepwise Regression built on the small resolution dataset.
The model has the highest adjusted R2 of all the aesthetic models built in this thesis.
Regarding the significant variable, four are related to the HSV colour space.

72



call:
Im(formula = Avg_aesthetic ~ hsvAvg_avgSat + hsvAvg_satstd +
hsvAvg_valstd + labAvg_astd + whiteSpace, data = train.data)

Residuals:
Min 1Q Median 3Q Max
-1.65191 -0.45458 -0.04572 0.48437 1.92881

Coefficients:
Estimate Std. Error t value Pr(G|tl|)

(Intercept) 0.84544 0.59419 1.423 0.158669
hsvAvg_avgsat 6.37469 1.25441 5.082 2.4e-06 ***
hsvAvg_satstd -4.55767 1.54351 -2.953 0.004132 **
hsvAvg_valstd 3.86700 1.46202 2.645 0.009831 **
TabAvg_astd -0.03345 0.01501 -2.229 0.028646 *
whiteSpace 1.99360 0.57479 3.468 0.000846 ***

Signif. codes: @ **%*% 0,001 “== Q.01 *** 0.05 .7 0.1 * * 1

Residual standard error: 0.8103 on 80 degrees of freedom
Multiple R-squared: 0.3253, Adjusted R-squared: 0.2831
F-statistic: 7.713 on 5 and 80 DF, p-value: 5.827e-06

Summary of the aesthetics Stepwise Regression built on the medium resolution dataset.
The model has an adjusted R2? of 0.283 and four out of five significant predictor are related
to colour perception.
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call:
Im(formula = Avg_aesthetic ~ hsvUnique_nbUniqueHSV + hsvUnique_nbuUniqueHue,
data = train.data)

Residuals:
Min 1Q Median 3Q Max
-1.62693 -0.55793 -0.05107 0.46187 1.75294

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) 2.512e+00 1.824e-01 13.771 < 2e-16 ***
hsvUnique_nbUniqueHSV 9.275e-06 2.322e-06 3.995 0.000139 =*#=
hsvUnique_nbUniqueHue -2.464e-05 7.267e-06 -3.391 0.001068 **

signif. Codess Q) %% 0001, “*+2 (.01 ** 0.05 =.>04 % *4
Residual standard error: 0.7294 on 83 degrees of freedom

MuTtiple R-squared: 0.1984, Adjusted R-squared: 0.1791
F-statistic: 10.27 on 2 and 83 DF, p-value: 0.0001035

Summary of the aesthetics Stepwise Regression built on the large resolution dataset. Only
two variables are significant and they are both about the number of HSV unique values.
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B.3 Aesthetics - Gradient Boosting models by resolu-

tion

nbAlignmentLines -

hsvAvg_valStd -

labAvg_aMean -

hsvAvg_avgHue -

hsvAvg_avgSat -

hsvUnique_nbUniqueSat -

labAvg_aStd -
wave -
jpegFileSize -
edgeDensity -
' ' ' ' '
0 25 50 75 100
Importance

Summary of the most important variables of the aesthetics Gradient Boosting built on
the small resolution dataset.



hsvUnique_nbUniqueSat -

labAvg_aMean -

nbAlignmentLines -

hsvAvg_avgSat -

figureGroundContrast -

hsvUnique_nbUniqueHue -

hsvAvg_avgHue -

hsvAvg_avgVal -

labAvg_bStd -

hsvAvg_satStd -

1
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Summary of the most important variables of the aesthetics Gradient Boosting built on
the medium resolution dataset.
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labAvg_aStd -

hsvAvg_satStd -

hsvUnique_nbUniqueSat -

edgeDensity -

wave -

hsvUnique_nbUniqueHSV -

nbAlignmentLines -

whiteSpace -

pixelSymmetry -

labAvg_aMean -

1 1
50 100
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Summary of the most important variables of the aesthetics Gradient Boosting built on
the large resolution dataset.



B.4 Complexity - Multiple Linear Regressions by reso-

lution

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) -3.656e+00 3.804e+00 -0.961 0.3401
hsvAvg_avgHue 1.190e-03 1.043e-03 1.141 0.2580
hsvAvg_avgsat -1.204e+00 1.753e+00 -0.687 0.4948
hsvAvg_satstd 3.036e-01 2.624e+00 0.116 0.9083
hsvAvg_avgval 6.861e-01 2.007e+00 0.342 0.7336
hsvAvg_valstd -2.875e+00 2.762e+00 -1.041 0.3017
hsvUnique_nbUniqueHSV -1.547e-05 1.490e-05 -1.038 0.3031
hsvUnique_nbUniqueHue -1.083e-05 2.482e-05 -0.436 0.6641
hsvUnique_nbUniqueSat 1.022e-04 5.548e-05 1.842 0.0701 .
hsvUnique_nbUniqueval 1.419e-02 1.341e-02 1.058 0.2938
TabAvg_aMean 2.704e-03 1.974e-02 0.137 0.8915
TabAvg_astd 2.324e-02 2.297e-02 1.012 0.3153
TabAvg_bMean 2.693e-02 1.535e-02 1.754 0.0841 .
TabAvg_bstd -1.527e-02 2.098e-02 -0.728 0.4693
wave 1.641e+00 2.592e+00 0.633 0.5290
edgeDensity -9.426e+00 7.304e+00 -1.291 0.2014
figureGroundContrast -3.203e-01 2.243e-01 -1.428 0.1580
nbATignmentLines -2.232e-03 2.826e-03 -0.790 0.4326
jpegFileSize 1.475e-05 6.076e-06 2.428 0.0180 *
pixelSymmetry -6.538e-01 6.387e-01 -1.024 0.3098
whiteSpace -1.837e+00 1.097e+00 -1.674 0.0990 .
Signif. codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 * ’ 1

Residual standard error: 1.048 on 65 degrees of freedom
Multiple R-squared: 0.3919, Adjusted R-squared: 0.2047
F-statistic: 2.094 on 20 and 65 DF, p-value: 0.0134

Model summary of the complexity Multiple Linear Regression built on the small resolution
dataset. The model has an adjusted R? of 0.205 and the only significant predictor is
jpegFileSize.
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Coefficients:
Estimate Std. Error t value Pr(>|t|)

(Intercept) -3.471e+00 2.744e+00 -1.265 0.2103
hsvAvg_avgHue -1.944e-03 7.449e-04 -2.610 0.0112 =
hsvAvg_avgSat -6.866e-01 1.657e+00 -0.414 0.6800
hsvAvg_satsStd 1.615e+00 2.059e+00 0.785 0.4354
hsvAvg_avgval 1.070e+00 1.897e+00 0.564 0.5745
hsvAvg_valstd -3.165e+00 2.191e+00 -1.444 0.1534
hsvUnique_nbUniqueHSV -8.705e-06 8.405e-06 -1.036 0.3042
hsvUnique_nbUniqueHue -4.323e-06 1.594e-05 -0.271 0.7871
hsvUnique_nbUniqueSat 4.154e-05 4.422e-05 0.939 0.3510
hsvUnique_nbuUniqueval 1.789e-03 9.055e-03 0.198 0.8440
labAvg_aMean -2.582e-02 1.659e-02 -1.556 0.1245
TabAvg_astd 2.395e-02 1.789e-02 1.339 0.1852
labAvg_bMean -9.377e-03 1.182e-02 -0.793 0.4303
labAvg_bstd -2.100e-02 1.478e-02 -1.420 0.1602
wave 4.180e+00 2.015e+00 2.075 0.0419 =
edgeDensity -1.962e+00 6.883e+00 -0.285 0.7765
figureGroundContrast -1.009e-01 8.893e-02 -1.135 0.2605
nbAlignmentLines -2.503e-03 1.461le-03 -1.713 0.0914 .
jpegFileSize 9.521e-06 2.764e-06 3.444 0.0010 ===
pixelSymmetry 4.167e-01 2.691e-01 1.549 0.1262
whiteSpace 5.563e-01 8.160e-01 0.682 0.4978
Signif. codes: 0 ‘*%**’ 0.001 ‘**’ 0.01 ‘*’ 0.05 “.” 0.1 * ' 1

Residual standard error: 0.7236 on 66 degrees of freedom
Multiple R-squared: 0.3531, Adjusted R-squared: 0.1571
F-statistic: 1.802 on 20 and 66 DF, p-value: 0.03889

Model summary of the complexity Multiple Linear Regression built on the medium res-
olution dataset. The most significant predictor is jpegFileSize, followed by wave and
hsvAvg,vgHue.
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Coefficients:
Estimate Std. Error t value Pr(>|t]|)

(Intercept) 3.203e+00 3.562e+00 0.899 0.3719
hsvAvg_avgHue -9.603e-04 6.909e-04 -1.390 0.1692
hsvAvg_avgsat 1.207e+00 1.424e+00 0.848 0.3996
hsvAvg_satstd -2.129e+00 1.673e+00 -1.273 0.2076
hsvAvg_avgval 1.135e-01 1.823e+00 0.062 0.9506
hsvAvg_valstd -6.683e-01 1.661e+00 -0.402 0.6887
hsvUnique_nbUniqueHSV -5.725e-06 4.151le-06 -1.379 0.1725
hsvUnique_nbUniqueHue -4.555e-06 1.307e-05 -0.348 0.7287
hsvUnique_nbuUniqueSat -2.685e-06 4.481e-05 -0.060 0.9524
hsvUnique_nbUniqueval -1.430e-02 1.146e-02 -1.247 0.2167
labAvg_aMean -2.623e-02 1.858e-02 -1.412 0.1627
TabAvg_astd 3.592e-02 2.018e-02 1.780 0.0797 .
TabAvg_bMean 2.369e-04 1.013e-02 0.023 0.9814
TlabAvg_bstd 5.396e-03 1.702e-02 0.317 0.7522
wave 1.484e+00 1.693e+00 0.876 0.3840
edgeDensity -8.958e-01 4.947e+00 -0.181 0.8569
figureGroundContrast 1.381e-01 1.930e-01 0.715 0.4769
nbAlignmentLines 1.067e-03 9.425e-04 1.132 0.2617
jpegFileSize 3.432e-06 1.489e-06 2.305 0.0243 =
pixelSymmetry -1.036e-01 2.589e-01 -0.400 0.6904
whiteSpace 1.144e+00 8.393e-01 1.363 0.1774
Signif. codesy @ == 0 001 “***0.01 ** 0.05 *." 0.3 * "3

Residual standard error: 0.7008 on 66 degrees of freedom
Multiple R-squared: 0.3192, Adjusted R-squared: 0.1129
F-statistic: 1.547 on 20 and 66 DF, p-value: 0.09513

Model summary of the complexity Multiple Linear Regression built on the large resolution
dataset. The model obtained an adjusted R? of 0.095. The only significant variable is
jpegFileSize.

80



B.5 Complexity - Stepwise Regressions by resolution

Coefficients:

Estimate Std. Error t value Pr(>|t|)
(Intercept) -8.192e-01 6.036e-01 -1.357 0.17843
hsvUnique_nbUniqueHSV -2.343e-05 9.278e-06 -2.526 0.01348 *
hsvUnique_nbUniqueSat 8.320e-05 2.702e-05 3.079 0.00282 =**
jpegFileSize 1.039e-05 3.180e-06 3.268 0.00158 **

Signif: codes: O “#¥*° 0.00L “=*" 0.0l “#" 0.05 “.” 0.1 * " %

Residual standard error: 1.051 on 82 degrees of freedom
Multiple R-squared: 0.229, Adjusted R-squared: 0.2008
F-statistic: 8.118 on 3 and 82 DF, p-value: 8.482e-05

Summary of the complexity Stepwise Regression built on the small resolution dataset.
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Coefficients:

Estimate Std. Error t value Pr(G|t])
(Intercept) -3.219e-01 6.880e-01 -0.468 0.64114
hsvAvg_avgval 1.348e+00 5.641le-01 2.390 0.01911 =
jpegFileSize 4.540e-06 1.491e-06 3.044 0.00312 ==

SignifT. codes: 'O *===¥ Q.001 *~=% 0.01 **? 0.05 “.* 0.1 * * 14
Residual standard error: 0.749 on 84 degrees of freedom

Multiple R-squared: 0.1179, Adjusted R-squared: 0.09689
F-statistic: 5.613 on 2 and 84 DF, p-value: 0.005152

Summary of the complexity Stepwise Regression built on the medium resolution dataset.
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Coefficients:

Estimate Std. Error t value Pr(>|t])
(Intercept) 1.6211927 0.1539492 10.531 < 2e-16 ***
nbAlignmentLines 0.0023525 0.0007242 3.249 0.00166 **

SighifT. codes: 0 “®===* Q.00 “#&F* 0.01. “®° 0.05 “™* 0. “ "X
Residual standard error: 0.7059 on 85 degrees of freedom

Multiple R-squared: 0.1104, Adjusted R-squared: 0.09998
F-statistic: 10.55 on 1 and 85 DF, p-value: 0.001662

Summary of the complexity Stepwise Regression built on the large resolution dataset.
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B.6 Complexity - Gradient Boosting by resolution

jpegFileSize -

hsvAvg_avgHue -

labAvg_bMean -

hsvAvg_satStd -

hsvUnique_nbUniqueHSV -

hsvAvg_avgVal -

figureGroundContrast -

hsvUnique_nbUniqueSat -

hsvAvg_avgSat -

hsvUnique_nbUniqueHue -
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Summary of the complexity Gradient Boosting model built on the small resolution dataset.
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pixelSymmetry -

hsvAvg_avgVal -

jpegFileSize -

hsvUnique_nbUniqueHSV -

hsvAvg_satStd -

hsvAvg_avgHue -

edgeDensity -

labAvg_bStd -

hsvAvg_valStd -

nbAlignmentLines -

25 50 75 100
Importance

o-

Summary of the complexity Gradient Boosting model built on the medium resolution
dataset.



nbAlignmentLines -

labAvg_aStd -

figureGroundContrast -

hsvAvg_avgHue -

hsvAvg_valStd -

hsvAvg_avgSat -

hsvUnique_nbUniqueHSV -
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Summary of the complexity Gradient Boosting model built on the large resolution dataset.

85



Influence of the Mobile Device Screen Resolution on
Aesthetics of Web Sites

Resume

The increasing importance of e-commerce represents a signif-
icant opportunity for businesses looking to expand. However, to
increase their online presence and gain market shares, companies
face fierce competition. To achieve a competitive edge, companies
must consider the aesthetics and visual complexity of their Graphical
User Interfaces (GUIs), as they strongly influence users’ behaviors.
Our research focuses on the perceived aesthetics and visual complex-
ity of mobile phones as smartphones are being more and more used
for online economic activities. Furthermore, this study also investi-
gates the influence of screen resolution on perceived aesthetics and
complexity, as this element is one of the most distinguishing factors
between desktops and mobile devices. Besides, few studies exist in
the literature regarding this specific field of research. Overall, the ob-
jective of this thesis is twofold. On the one hand, it aims to fill the
vacuum in the literature. On the other hand, it seeks to assess the

relevance of Aalto Interface Metrics (AIM) regarding the evaluation

of aesthetics and visual complexity of Mobile User Interfaces (MUIs)

and to evaluate the influence of screen resolution by the mean of sta-
tistical models. We discovered that, whether considering resolution,
measures related to both colour perception and perceptual fluency
were significant to assess the visual complexity of MUIs, while only
colour perception metrics should be considered when measuring per-
ceived aesthetics. Finally, our study demonstrates that AIM metrics
are particularly relevant to evaluating visual appeal and complexity
of websites with a 375x667 resolution but are less appropriate for

larger resolutions.
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