User Experience with Adaptive User Interfaces: Comparing
Performance and Preferences

Daniel Gaspar-Figueiredo®™*, Jean Vanderdonckt®, Silvia Abrahao?, Emilio Insfran®

“Universitat Politecnica de Valencia, Valencia, Spain
b Instituto Tecnoldgico de Informdtica, Valencia, Spain
¢ Université catholique de Louvain, Ottignies-Louvain-la-Neuve, Belgium

Abstract

Adaptive user interfaces dynamically change their content, presentation, and behavior to opti-
mize the user experience, which has been primarily evaluated using classic usability measures
but to a lesser extent by using neurological measures. While the perceived preference of specific
user interface elements, such as graphical adaptive menus, has already been studied, no con-
sensus exists regarding their performance and how to substitute a static menu with an adaptive
one. To gain insights into how graphical adaptive menus could influence the user experience and
to identify any correlation between users’ performance and their preferences, we conducted an
experiment in which forty participants used twenty graphical adaptive menus while their brain
activity was captured by employing electroencephalography to derive four measures (i.e., cog-
nitive load, engagement, attraction, and memorization). User performance was measured using
task completion time, specifically the time to select menu items. Statistical analysis suggested
which graphical adaptive menus were significantly better or worse than the static menu, our
baseline. These results are used as the basis to suggest implications for software developers and
researchers to design more effective adaptive user interfaces.

Keywords: Adaptive Systems, User Interfaces, User Experience, Electroencephalogram,
Experiment

1. Introduction

Adapting user interfaces (UI) is an essential practice in the modern development of interac-
tive applications, to create intuitive, efficient, and user-friendly experiences [1]]. Adaptive User
Interfaces (AUISs) [2] have been introduced as a response to users’ changing needs over time and
to preserve the overall user experience (UX) depending on these changes. AUIs adjust the con-
tents (e.g., text, images), presentation (e.g., layout of elements and their selection), and behavior
(e.g., navigation) to user’s preferences and abilities to provide a more personalized experience.
AUISs can be classified into two categories: rule-based and data-driven. While the former relies
on a set of rules and meta-rules to determine how the interface should be adapted, the latter uses
Machine Learning (ML) algorithms to predict these adaptations on the basis of user’s data [1].
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AUISs effectively impact objective measures, such as task completion time and error rate, and
subjective measures, such as user satisfaction [2]]. However, the potential advantages of AUIs are
mitigated by several factors, such as personality traits and cognitive load [3]]. There are also some
potential drawbacks [4]]. For instance, rule-based adaptive systems may be inflexible and unable
to account for all possible user scenarios, and data-driven approaches can be resource-intensive
and require a large amount of user data to train the algorithms.

Although considerable progress has been made as regards how to develop adaptive systems
in general and AUI in particular, there is a need to better understand how people interact with
these systems in order to inform the design of future software systems. While traditional meth-
ods such as surveys, interviews and preference rankings can provide valuable insights into user
preferences, they do not always capture the full UX spectrum, as opposed to neurological data,
such as electroencephalography (EEG), which provide a more objective and insightful way in
which to measure UX, and allow a more comprehensive understanding of how users interact with
AUISs. Unlike traditional questionnaire-based methods, which rely on subjective self-reporting
and are susceptible to biases such as social desirability or memory recall errors, EEG data pro-
vide objective, real-time insights into users’ cognitive and emotional states. By directly measur-
ing brain activity, EEG captures subtle and dynamic responses to adaptive user interfaces that
are often overlooked in self-reported measures. This reliability makes EEG a valuable tool for
understanding the user experience in a quantifiable and reproducible manner. Among various
biometric methods, such as galvanic skin response or eye-tracking, EEG stands out for its ability
to measure multiple dimensions of UX, including cognitive load, engagement, attraction, and
memorization, all of which are used for evaluating the impact of adaptive user interfaces. EEG
provides higher temporal resolution compared to other modalities, allowing us to capture rapid
changes in mental states as users interact with adaptive menus.

The comparison of the performance measures obtained from EEG data, such as cognitive
load, with user preference, makes it possible to gain further insights into how adaptive user
interfaces affect UX. However, the debate regarding performance vs. preference [3] is far from
being resolved. This refers to the question of whether it is more important to develop software
systems that users prefer, even if they do not perform as well, or systems that perform well in
terms of certain measures (e.g., task completion time and rate), even if they are not very much
appreciated by end users. Indeed, an end user may prefer a design option for the interface that is
under-performing. In this case, preference takes precedence over performance: as long as users
are satisfied, they do not consider the performance to be so important. Furthermore, end users
may also wish to be efficient when using the software, even if the design choices do not match
their preferences. Indeed, preferences vary widely from one user to another and taking them all
into account is very complicated. The question of preference vs. performance, therefore, remains
open.

Since studying the effect of a wide range of UI elements on UX may involve significant
challenges, in this paper, we focus on a specific UI element: graphical adaptive menus [6]]. Many
variations of these menus have been proposed and tested, often against the static menu used
as a baseline, and against a few other adaptive menus. Studies often report the advantages [4]]
and limits [[7] of an adaptive menu when compared to a few others, signifying that no overall
conclusion that is valid for all adaptive menus can be inferred. Jointly testing so many different
adaptive menus is impossible because it represents a prohibitively expensive development cost.

In order to address this problem, we conducted an experiment with which to compare the
user experience and performance of forty participants when selecting adaptive menu items while
their brain activity was captured by means of electroencephalography with the preference to use
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these adaptive menus as expressed by a large pool of participants. User experience, which was
obtained through the use of an EEG device, was measured in terms of four measures (cognitive
load, engagement, attraction and memorization), while performance was measured in terms of
completion time, specifically the time taken to select items in the menus. The experiment was
conducted with a diverse group of users with different backgrounds (e.g., software engineers,
mechanical engineers, financial experts, and healthcare professionals) and a wide range of ages.
Our goal was to understand how these menus differ in terms of UX and performance and to iden-
tify the strengths and weaknesses of each type of menu. The research questions used as a basis
were:

RQ: =Do different designs for graphical adaptive menus have different effects on EEG mea-
sures for UX?

RQ» =Do users’ preferences for graphical adaptive menu designs impact task performance and
EEG measures for UX?

This paper builds upon a conference contribution by the same authors [8]], in which a differenti-
ated replication study was recently carried out to provide further evidence for RQ1 (i.e., whether
graphical adaptive menus have a different influence on UX) with a more homogeneous group
of users (see Section 3 for more details). This allowed us to understand whether human factors
(e.g., gender, age, background) affect user experience with different menu types. In particular,
this work presents the results obtained for the first research question (RQ1) for a diverse group
of users and compares these results with those obtained in the replication study. Moreover, we
contribute to the ongoing debate regarding preference vs. performance in UI design (RQ2) by
providing empirical data on the UX of these adaptive menus and by highlighting any trade-off
that may exist between UX/performance and preference. Understanding the influence of graphi-
cal adaptive menus on UX and the relationship between their performance and the preference for
them will make it possible to better inform design decisions concerning adaptive Uls.

The results of our experiment have the potential to inform the design of future graphical
adaptive menus, particularly in terms of usability and UX. By understanding which menu type
is more effective in terms of cognitive load, engagement, attraction, and memorization, software
application developers can make informed decisions about which menu type to use when build-
ing their systems. We additionally wished to gather empirical evidence that could be used by
adaptive systems to make better decisions on which elements to adapt and why to make certain
adaptations.

This paper is organized as follows. Section [2] provides the background regarding graphical
adaptive user interfaces, UX, and EEG, while Section E] introduces the rationale behind the re-
search questions by discussing existing empirical studies on the UX of adaptive user interfaces
and the use of neurological data in Software Engineering (SE) and Human Computer Interaction
(HCI). Section [4] then presents the design and execution of the empirical study, and Section [3]
presents the results obtained and discusses the findings. We also discuss the implications of the
results for user interface design. Section [/| discusses the threats that could affect the validity of
the results obtained, and finally, Section [§| provides a summary of results and presents future
avenues for this work.
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2. Background

The development of AUIs has attracted a great deal of attention, as they provide a more
personalized and efficient UX. Aspects of user experience can be measured by analyzing neuro-
logical measures that represent different human affective states (e.g. pleasure, stress, relaxation)
when performing a particular task. This kind of measure has received increasing attention from
the SE community in the last few years. This section introduces the graphical adaptive user in-
terfaces used as a subject in this experiment, how UX can be measured, and how brain activity
can be measured and interpreted in terms of UX.

2.1. Graphical Adaptive User Interfaces

Adaptive user interfaces are adaptive systems that are capable of adjusting the display, thus
adapting the organization or presentation of the UI functionality in response to certain character-
istics of the user’s context. Various strategies with which to support the adaptation of Uls have
been proposed in the literature. These strategies cover the UI as a whole, or certain elements of
the Graphical User Interface (GUI).

One important aspect of a GUI is its menu system, which provides users with a list of options
and actions that they can take. In a recent study [9]], a set of 49 graphical adaptive menus was
collected which provided a new exploration of a Ul design space on the basis of Bertin’s eight
visual variables (i.e., position, size, shape, value, color, orientation, texture, and motion) [10].
This design space allowed the authors to propose a set of graphical adaptive menus that can be
expanded and compared. Graphical adaptive menus are graphical user interface menus whose
predicted items of immediate use can be automatically rendered in a prediction window (via
a subset of menu items resulting from a prediction scheme). The different graphical adaptive
menus highlight the prediction window to improve users’ efficiency and satisfaction when using
menus. However, experiments with which to assess how different design choices affect the UX
are required.

The importance of graphical adaptive menus lies in their potential to address challenges in
human-computer interaction, such as reducing cognitive load, enhancing task completion effi-
ciency, and increasing user satisfaction. Traditional static menus may overwhelm users with too
many options, making it difficult to find the desired item quickly. By leveraging adaptive mecha-
nisms, these menus dynamically prioritize and present the most relevant options, allowing users
to focus on the task at hand without unnecessary distractions. Additionally, exploring the design
space of adaptive menus contributes to understanding how visual variables such as motion, color,
and shape impact UX.

In this paper, we present an experiment that compares a sub-set of twenty graphical adaptive
menus shown in Fig. [I] The criteria used to select these menus are discussed in Section 4.3. In
particular, we selected 19 menu types proposed in [9]]. For example, the Underlying menu is a
value-changing menu (i.e., a menu that changes the font of the prediction window, underlining
the menu items in order to highlight them), while a Rotating menu is a motion-changing menu
(i.e., a menu that moves menu items to highlight them) and the Leaf menu is a menu that con-
tains unusual shapes. As a baseline, we also selected the Static menu, which does not use the
prediction window and does not highlight any specific menu items.

2.2. User Experience Measurement

User experience (UX) is defined in ISO 9241-210 [11] as a person’s perceptions and re-
sponses that result from the use andfor anticipated use of a product, system, or service. This
4
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Figure 1: The twenty graphical adaptive menus used in the experiment (extracted from [6]).

includes all interface effects on the user, before, during and after use. UX evaluation methods are
divided into subjective methods, such as interviews and surveys, and objective methods, such as
neurological and physiological measures [12]. Subjective methods involve obtaining data con-
cerning a user’s personal opinions and assumptions, whereas objective methods involve obtain-
ing data through observations and measurements. Each approach has its limitations. Subjective
methods can provide biased information, as responses to questionnaires may be influenced by
how users remember their experience rather than the experience itself [13]], or by the Hawthorne
effect [14]], where individuals may alter their behavior due to their awareness of being observed.
Similarly, objective methods have limitations, such as being potentially intrusive or failing to
capture the specific aspects of user experience that subjective reports can provide. However,
objective methods might be preferred in certain contexts because they can offer more consistent
and quantifiable data, which can reduce the impact of personal biases and recall inaccuracies.
For example, biometric data such as neurological measures, eye tracking, among others, can pro-
vide real-time data on cognitive load and emotional responses, offering insights that might not
be accessible through self-reporting.

The challenges related to measuring UX led us to consider alternative methods, such as rely-
ing on biometric data and physiological reactions like blinking, sweating, eye movement, or brain
activity [15)]. UX can be effectively and efficiently measured using neurological and physiologi-
cal measures [12]]. For example, the responses of the Autonomic Nervous System (ANS) reveal
multiple emotions, which are classified as negative (e.g., anger, anxiety, disgust, embarrassment,
fear, sadness) or positive (e.g., affection, amusement, happiness, joy, pleasure, pride, relief) [[16].
Electroencephalography studies have shown that different areas of the brain reveal unique UX
measures. For example, frontal brain activity reveals emotion [17], and the differences between
the left and right-hand sides are associated with positive emotions such as enthusiasm, or neg-
ative emotions such as anger [18]. Furthermore, EEG also provides objective measures of the
users’ cognitive load, attraction, engagement, and memorization. EEG frequency bands, such
as alpha and theta waves linked to cognitive and memory performance [19] and beta bandwidth
indicating user engagement ([20} 21]]), are detailed in Section m The forehead brain activity,
which takes place over the prefrontal cortex, is associated with various human mental states, such
as attention, emotion, and cognition ([22, 23])).

The arousal-valence model of emotions, often used alongside physiological measures, cate-
gorizes emotions based on their arousal (activation) and valence (pleasantness) [24]]. This model
is particularly useful in understanding attractiveness, as it helps to delineate emotions in a two-
dimensional space, where high arousal and positive valence indicate excitement or attractiveness,
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and low arousal and negative valence indicate boredom or displeasure. EEG studies can, there-
fore, be considered a useful and practical method for UX measurement.

2.3. Measurement of Brain Activity using EEG

The communication between cells in the brain, which are known as neurons, is achieved by
the transfer of nerve impulses. These impulses change the electrical charge of the neurons and,
when many neurons send impulses in synchronization, they produce an electrical field that can
be captured using an electroencephalogram device. EEG is a technique that records changes
in electrical activity, also known as brainwaves, generated by the neurons, by using electrodes
placed on the scalp. The electrical activity measured at the electrodes is very small, in the order
of microvolts (uV), thus requiring amplification that is displayed as a sequence of voltage values
over time on a graph. The analysis of brainwaves using EEG has found applications in diverse
fields, such as psychology, medicine, software engineering, and human-computer interaction.
In particular, EEG has been explored in UX research, in which it provides insights into users’
cognitive and emotional states during a particular task [25]. The measurement of brainwave
patterns, allows researchers to obtain information about users’ levels of engagement, workload,
frustration, and other psychological states that are relevant for evaluating the UX, in particular
for distinguishing a bad UI from a good UI [26]. EEG data are analyzed using signal processing
techniques, such as spectral analysis, event-related potentials, and time-frequency analysis, to
identify brainwave patterns associated with different cognitive and emotional processes.

2.3.1. EEG Frequencies

Brainwaves captured by EEG can be classified on the basis of multiple factors such as loca-
tion, amplitude, frequency, morphology, continuity (i.e., rhythmic, intermittent, or continuous),
synchrony, symmetry, and reactivity. The method most commonly used to classify EEG brain-
waves is frequency. Greek letters are used to refer to the different frequencies of each EEG wave,
which are classified into different frequency bands, associated with mental states and activities.
The frequency bands commonly analyzed in EEG are [27]:

e Delta band (6: 0.5 to 4 Hz or less than 4 Hz): is mainly associated with deep sleep mo-
ments and unconsciousness, which may indicate that the participant becomes tired or less
engaged. This band impacts the dependent variable ENGAGEMENT (see Section re-
ported in our study: the higher the value, the less engagement.

o Theta band (6: 4 to 8 Hz): is mainly associated with light sleep, relaxation, and drowsi-
ness, which may represent a thinking period, not acting. This band impacts the variable
ATTENTION (see Section reported in the study: the higher the value, the higher the
cognitive strain, potentially indicating that sustained attention is ongoing.

e Alpha (a: 8 to 12 Hz): is mainly associated with wakeful relaxation, calmness, or mental
load, which may represent a positive sign of good usability. This band impacts the variable
CoaNimive Loab (see Section B.4.2)) reported in the study: the higher the value, the lower
the cognitive load.

e Beta (5: 13to 30 Hz): is mainly associated with active thinking, concentration, and focused
attention, which may indicate an engagement in a complex task. This band impacts the
variable ENGAGEMENT reported in the study: the higher the value, the higher engagement in
complex tasks. An excessively high value of this variable suggests stress or frustration in
user experience.

6



222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

238

239

240

241

242

243

244

245

246

247

248

249

250

251

252

253

254

255

256

257

258

259

260

261

262

e Gamma (y: 30 to 100 Hz): is associated with sensory processing, attention [28]], and high-
level cognitive functions such as perception, memory, and problem-solving, which may
represent an involvement in a learning activity or an awareness. This band impacts the
variables MEmorizatioN (see Sectionf.4.2) and CoNiTive Loap reported in the study: the
higher the value, the higher the memorization or the more important the cognitive load.

In sum, beta and gamma bands directly impact the CocniTIvE Loap, whereas alpha and theta
impact the ENGaGeMENT and the ArTenTION. User’s subjective experience is positively impacted
by the relative power of Gamma band, but negatively by Beta and Theta bands, according to [25]].

Tasks and mental states correspond to various activity patterns in specific frequency bands
that are traced by employing bandwidth filtering of EEG recordings. The changes in potential
in brainwaves measure specific brain activities correlated with multiple functions, such as per-
ception and movement, along with cognitive processes related to attention, learning, and mem-
ory [29]. Brainwave oscillations reflect what is happening in the participant’s information pro-
cessing situation, even if the participant is unaware of changes or is unable to verbalize them
[29,130]]. Cognitive load, concentration, excitement, relaxation, and several other features of the
user’s state are, therefore, measured by detecting changes and oscillations in brainwaves.

2.3.2. EEG Data Acquisition

Electrical activity in the brain is measured using electrodes attached to the scalp by means of
a cap or headset. These electrodes detect the electrical signals generated by neurons in the brain.
The number and placement of electrodes used vary depending on the specific research. There is
a standard for electrode placement (10-10 and 10-20 systems) [31]], which involves measuring
the distance between specific points on the scalp and using this information to place electrodes
accurately. Electrodes can be dry, saline, or gel-based, and each method has its advantages and
disadvantages. The design of the cap, such as its size and shape, also varies according to the
application [32].

In this study, we have used the BitBrain Diadenﬂ headset which captures a raw EEG signal
with a resolution of 24 bits at 256 Hz. This portable non-intrusive dry EEG headset is used in
neuroscience research (e.g., emotion recognition [33]], neuroprosthese [34]]), Brain-Computer In-
terfaces (BClIs) [35] , motor imagery and device control [36]), and HCI [37] (e.g., for measuring
the cognitive load [38] of mobile tasks =[39], tactile interaction [40], detection of driver’s dis-
traction [41]]). This device has twelve dry electrodes (see Fig.[2) placed at positions AF7, Fpl,
Fp2, AF8, F3, F4, P3, P4, PO7, O1, 02, and PO8 according to the international 10-10 standard
[31] and uses the left earlobe (A1, REF) as a reference electrode and the center of the head (Fpz,
GND) as the ground. EEG data is captured using an amplifier, which increases and digitizes
the electrical signals from the electrodes. The specifications of the amplifier also vary, including
the sampling rate, bandwidth, and resolution. The sampling rate determines how frequently the
electrical signals are sampled, with higher sampling rates providing more detailed information
about the electrical activity in the brain. The bandwidth determines the range of frequencies that
can be captured, while the resolution determines the smallest signal change that can be detected.
The EEG data captured are then analyzed to extract features that provide insight into the user’s
cognitive load, emotion, etc.

Uhttps://www.bitbrain.com/neurotechnology-products/dry-eeg/diadem
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Figure 2: The BitBrain Diabem: a) the location map of the 12 electrodes based on the international 10-10 system [31]],
including REF and GND; b) the dry headset and amplifier records an EEG signal at a rate of 256 Hz.

2.3.3. EEG Data Interpretation

Once EEG data have been acquired, an adequate interpretation is required in order to draw
meaningful conclusions about the users’ emotions and feelings. Each individual has different
brain responses in relaxed or stressed situations, which are addressed through the collection of
a calibration sample. This sample serves as a baseline and is obtained when individuals are
in a relaxed state with their eyes closed, thus allowing accurate comparisons to be made with
subsequent measurements. By taking individual differences into account during interpretation,
EEG data provide valuable insights into cognitive processes and mental states which reflect the
UX of different tasks.

3. Related Work

This section discusses previous work on adaptive user interfaces and UX, and the use of
neurological measures in Software Engineering (SE) and Human-Computer Interaction (HCI) as
a means to assess UX. By examining the use of neurological signals in SE and UX research, we
aim to provide a comprehensive overview of the state of the art and highlight the potential for
using neurological data to gain greater insights into the UX of AUISs.

3.1. Empirical Studies on the Performance and UX of Adaptive User Interfaces

Many studies have assessed the influence of AUIs on UX regarding various factors, such as
subjective preference, efficiency, and task completion time [1}42]]. For example, [43]] compared
3 AUIs with a static, non-adaptive control condition. They found that the effect of AUIs on users
varied according to their specific features, and that AUIs that duplicated frequently (rather than
relocating) tended to result in a better UX and subjective satisfaction.

Studying a complete AUI can be challenging owing to the complex interplay of various com-
ponents and the combination of their adaptation capabilities, either taken in isolation or combined
together. As a result, several studies have focused on a specific AUI element, such as graphical
adaptive menus considered as frequent elements [44], in order to precisely delineate the borders
of the impact on UX.

In their work, Bouzit et al. [45] compared two graphical adaptive menus for smartphones so
as to improve their hierarchical navigation, in terms of item selection time and error rate. Al-
though this study provides insights into performance, it lacks a comprehensive analysis of user
preferences and the results may not be applicable to other menus. More recently, Vanderdonckt
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et al. [6]] structured a design space according to Bertin’s eight visual variables (i.e., position,
size, shape, value, color, orientation, texture, and motion) [[10], which enabled a systematical
exploration of how to combine the variables. The analysis show that participants expressed their
preference for graphical adaptive menus: there was a high preference for those menus that pre-
served spatial stability (position and orientation) and tolerated value-changing capabilities, and a
low preference for those menus that changed color or motion or had unusual shapes. While this
study provides valuable insights into participants’ perceived preferences as regards a large num-
ber of adaptive menus, it does not consider UX or the performance achieved by the participants.

In another study, Park et al. [46]] showed that an adaptable menu outperformed two adap-
tive menus and the static menu as regards performance and user satisfaction. The adaptive split
menu confronted challenges when the frequency of selection changed, while the adaptive high-
light menu, which performed similarly to the static menu, was preferred owing to its ability to
help select frequent items. This study considered only item selection time and the number of
errors. Moreover, Findlater and McGrenere [7]] revealed that the static menu was the fastest as
regards efficiency, followed by the adaptable menu, while the adaptive menu was the slowest,
although by very little. Despite being less efficient, the majority of the participants preferred the
adaptable menu to the other two menu types. In another work, Findlater et al. [47] found that
two AUIs consistently led to positive outcomes in performance and user satisfaction. Finally,
Jiang and Chen [48]] evaluated the navigation efficiency of three menu types (i.e., full, collapsi-
ble, cascading) for mobile devices. With regard to large menu breadths, collapsible menus were
more efficient on smartphones, while cascading menus were more effective for smartwatches.
The number of preview items significantly impacts on navigation efficiency, particularly in the
case of smartwatches. While the authors considered both preference and performance for the
first time, the performance was evaluated using a questionnaire, which is considered a static,
self-reported evaluation method.

The aforementioned studies suggest that AUIs, and particularly, graphical adaptive menus,
contribute to UX by providing users with an interface that adapts to their requirements as regards
their context of use. While these studies assessed performance and/or preference via self-report
measures [48]], task-based evaluations [49], and A/B testing [9]], none of them considered neuro-
logical data in order to evaluate the UX.

3.2. Neurological and physiological measures in SE and HCI

The use of neurological and physiological measures is a growing field of research in software
engineering. Neurological data obtained using EEG and functional Magnetic Resonance Imaging
(fMRI), along with physiological data obtained by means of eye tracking and Galvanic Skin
Response (GSR), effectively measure aspects of UX during software engineering tasks such as
code comprehension, code readability, and error detection. For example, Siegmund et al. [50]
used fMRI to determine the cognitive load registered by code comprehension tasks and locate
syntax errors with which to contrast them. They found a different activation pattern in five
regions of the brain related to working memory, attention, and language processing. In another
study, Fakhoury et al. [51] used fNIRS (functional Near-Infrared Spectroscopy) combined with
eye-tracking to explore the effect of poor source code lexicon and readability on developers’
cognitive load. The authors concluded that the presence of linguistic anti-patterns in source code
significantly increases the developers’ cognitive load.

A recent systematic literature review on the use of neurological and physiological measures
in SE [52] revealed that several empirical studies have been conducted in order to measure the
cognitive load in SE activities, such as: code comprehension, code inspection, programming,

9



339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

and bug fixing. However, only a few have reported experiments with which to capture end-user
emotions and feelings. Empirical SE studies should focus on both the developer’s perception
and emotions during the construction of the system and the end user’s perceived use [53]. How-
ever, this perceived use is typically assessed using retrospective methods (e.g., interviews and
questionnaires), thus increasing the bias of self-report [54] and the Hawthorne effect [14]]. For
example, questionnaires with scales decomposed into sub-scales and items [55]], sometimes with
a level of importance, assess user satisfaction, ease of learning, or compliance with expectations,
but these continue to be self-reported measures.

Moreover, cognitive load is traditionally measured using the empirically validated NASA-
TLX questionnaire [56] to correlate it with user satisfaction [S7]], but the participant’s answers
are subject to inaccurate user recall or other subjective factors, thus leading to imprecise mea-
surements ([13} I58]). Since these methods do not capture the UX during the real interaction,
neurological and physiological data can be used to effectively measure UX in real-time. Al-
though these measures are complex to interpret, they are objective [15]], thus explaining why the
SE field is paying more attention to them [59].

In the HCI field, fMRI and EEG are being used to understand how the brain reacts when
users compare alternative designs [60]: the perception of different feelings toward alternative
designs is associated with the frontal and occipital lobes, and the human brain responds sooner
and stronger as regards its perception of bad feelings. The brain states of air traffic controllers
have also been monitored using EEG [61] to discover a high correlation between the cognitive
load calculated using the NASA-TLX and that computed by means of EEG data. Furthermore,
the behavioral, subjective and neural responses of people using two smartphones to complete
three tasks were compared on the basis of EEG signals, and the conclusion was reached that the
higher the UX was, the stronger the activity that was recorded in «, §, and 7y, but the weaker the
activity in 8 and 6 [62].

The aforementioned experiments focused mostly on detecting differences between brainwave
frequencies and cognitive load. While the detection of emotion could also be used to assess UX
in real-time, it is recognized as being less representative [61]]. In this study, we have, therefore,
chosen EEG in order to measure not only the end users’ cognitive load but also their memoriza-
tion effort, attraction, and the engagement produced by the interaction with different adaptive
user interfaces.

To provide a structured overview of the existing studies, we summarize their key contribu-
tions and limitations concerning the research questions. Table [1| presents an evaluation matrix
that maps the studies to relevant quality criteria: Cognitive Load (CL), User Satisfaction (US),
Biometric Data (BD), Adaptive Design (AD), Performance Metrics (PM), and Real-Time Anal-
ysis (RT).

As illustrated in the table, no existing study combines performance metrics with real-time
analysis, indicating a significant gap in the integration of these aspects. Additionally, only one
study [48] addresses cognitive load, performance metrics, and user satisfaction simultaneously.
However, this study does not incorporate biometric data or real-time analysis, further under-
scoring the fragmented nature of prior research. These observations highlight the necessity of
a holistic approach that integrates real-time, biometric, and performance-based evaluations to
comprehensively assess the impact of adaptive user interfaces on user experience. This work
seeks to address these gaps and advance the state of the art in this domain.
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Table 1: Evaluation Matrix for Related Work

Study | CL | US | BD | AD | PM | RT
[43] X 4 X 4 v X
(45] X | x| x| v | vV | X
(46l X 4 X v v X
(7] X 4 X v v X
(471 X | Vv | x| Vv | vV | X
[48] v |/ X v v X
[50] 4 X v X X X
[51] 4 X v X X X
[61] v X v X X v
[62] e A X X v/

4. Empirical study

This section presents the empirical study, which was structured according to Ko et al.’s [63]]
recommendations: the research questions to be addressed and their related hypotheses to be
tested, the context and the subject selection, the experimental objects and stimuli, and the inde-
pendent and dependent variables, the instrumentation, the experimental procedure, and how data
analysis is performed.

4.1. Research Questions

The goal of this study is, according to the Goal-Question-Metric (GQM) framework [64], to
analyze a set of graphical adaptive menus for the purpose of comparing them with respect to
the user experience produced from the point of view of both researchers and software designers
in the context of an end-user group at the Universitat Politecnica de Valéncia and their contacts.

The objective of the study was, therefore, to address the following research questions (RQ):

e RQ,: Do different designs for graphical adaptive menus have different effects on EEG
measures for UX?

e RQ»: Do users’ preferences for graphical adaptive menu designs impact task performance
and EEG measures for UX?

4.2. Context, Participant Recruitment and Selection

The experimental study was conducted in June-July 2022 with 40 volunteers (20 female,
20 male, and O identified as gender variant/non-conforming) with diverse backgrounds (e.g.,
software engineers, mechanical engineers, financial experts, and healthcare professionals). They
were aged from 18 to 64 (M=39.55, S D=15.26, Mdn=41). The volunteers were recruited by
means of an open call for participation at the Universitat Politecnica de Valéncia using a snowball
procedure.

We sent an announcement concerning the study to an email list and also placed flyers in
buildings frequented by students and administrative staff. In order to ensure the voluntary nature
of participation, we emphasized that the participants could leave the experiment at any time. No
compensation was offered. A pre-survey questionnaire was employed in order to verify that each
participant had some experience in using interactive mobile and desktop applications (at least
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two years) and did not suffer from any disability. Once the participants had been selected, we
gave them the informed consent document.

The study protocol was approved by the Institutional Review Board (IRB) of the Universitat
Politecnica de Valencia to ensure ethical compliance. All participants provided informed consent
before participating in the experiment. The consent form emphasized that no personal data would
be collected during the study. In case any data was collected, it would be anonymized, not
published, and securely destroyed after the experiment’s completion. The experiment followed
the university Institutional Review Board protocol.

Note that the number of participants coincide with previous UX studies that have used an
EEG device. It is not, as yet, possible to determine a sample size for UX tests performed with
neurological monitoring, but it has been shown that the median sample size in EEG studies is 18
participants [65].

4.3. Experimental Objects

To the best of our knowledge, the largest list of graphical adaptive menus reported in liter-
ature is composed of 49 types (Table 5, [9]), from which we extracted 19 menus plus the static
menu as the baseline on the basis of the following criteria: their preference percentages belonged
to various intervals and were uniformly distributed (see Fig. 3, they covered the four major cat-
egories (i.e., highly preferred, preferred, not preferred, rejected), they covered Bertin’s variables
in different combinations, and they represented candidates that had already been recognized as
valuable conditions( [47, 49, 144! 9, |6]).

The menus selected consisted of the following adaptive menus shown in Fig. [I}f (1) Static
menu, defined as the baseline condition [7l], (2) Pulsing menu [66l, (3) Bolding menu, [46l,
(4) Temporal menu [67], (5) Morphing menu| (68, (6) Ephemeral menu [49], (7) Underlining
menu [6]], (8) Out-of-context disappearing menu| [69]], (9) Split without replication menu| [[70],
(10) Italicizing menu (6], (11) |Highlighting menu| [46], (12) |Grayscale menu 9], (13) Rotating
menu| [6l], (14) |Leaf menu/ [[11], (15) Twisting menu| [66], (16) Glowing menu [12], (17) Pink
menu [43], (18) Blinking menu [6], (19) Boxing menu [6l, and (20) |Adaptive activation area
menu [[73]].

These menus have different properties (see Table @), and we, therefore, expected that this
spectrum would produce differences in the participants’ performance and UX (measured by em-
ploying EEG variables). The graphical adaptive menus were initially presented in an abstract
manner, e.g., with menultem 1, menultem 2, that was independent of any context of use (Fig.[I).
In order to make them realistic and induce a real interaction, we instantiated the menus to two
popular contexts of use (Fig. [): a mail manager menu and a web browser settings menu. For
both contexts of use, we designed the menus in such a way that they all contained the same num-
ber of items (19), and incorporated them into an interactive presentation such that the participants
could use them as if they were real.

4.4. Variables
4.4.1. Independent Variable
There was one independent variable in this study:

e Menu-TypE: nominal variable with 20 conditions, representing the aforementioned 20
graphical adaptive menus with which to execute commands in the UI of a software sys-
tem, along with the end users’ preference percentage as regards using these menus (see
Fig. [3). Note that these preferences were obtained in a previous study with a larger pool
of participants [6].
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Figure 3: Distribution of our 20 graphical adaptive menus in terms of percentage obtained for preference [6].

a) IV ESEES Browser configuration
New Message New tab
Reply New window
Reply to All 2 New InPrivate window
Forward Zoom
Forward As > Favorites
Edit As New Message History
Open Message Downloads
Open in conversation Apps
Attatchments > Extensions
Tag > Collections
Mark > Print
Archieve Web capture
Move To > > Share
Copy to > Find on page
Move again Read aloud
Create Filter From Message... More tools
Ignore Thread £83 Settings
Ignore Subthread @ Help and feedback
Watch Thread Close browser

Figure 4: The two contexts of use for menu instantiation: (a) the mail manager message menu, and (b) the web browser
settings menu.
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Menu-TypE Spatial | Physical | Format | Temporal

Position [ Orient. | Size | Shape [ Value | Color | Text. | Motion
Static Constant
Split without repl. var.
Bolding var.
Highlighting var.
Morphing var. var.
Adaptive area var. var. var.
Temporal var. var.
Ephemeral var. var.
Out-of-context var. var.
Leaf var. var. var. var. var.
Twisting var. var. var.
Rotating var. var. var.
Pulsing var. var. var.
Colored var.  var
Grayscaling var.
Italicizing var.
Underlining var.
Boxing var. var.
Blinking var. var.
Glowing var. var. var.

Table 2: Graphical adaptive menus selected, sorted by stability property. Light yellow lines depict slightly changing
menus. Peach lines depict menus with motion. Light blue lines depict spatially-stable menus. Green is a color typically
used to represent glowing.
4.4.2. Dependent Variables

The dependent variables can be divided into two types: experience-based and performance-
based variables. Experience-based variables assess participants’ emotional and cognitive re-
sponses objectively. In particular, we used four EEG quantitative measures [74] to assess UX:

e Cocnrmive-Loap: A continuous variable that measures the participant’s neurological focus
or concentration when presented with stimuli or during experiences calculated based on
Antonenko et al. [75]. It represents the use of cognitive resources to carry out a task or
visualize a stimulus. Cognitive load is expressed as a percentage: a value close to 0%
indicates that participants are very distracted, while a value close to 100% indicates that
they are very attentive to the stimulus.

o ENGAGEMENT: A continuous variable that measures the degree of involvement or connection
between the participant and the stimulus or task, calculated based on Lehmann et al. [76].
Engagement is expressed as a percentage: a value close to 0% indicates no connection or
link to the stimuli, while a value close to 100% indicates high engagement with the stimuli
or task.

e ATTRACTION (also known as VALENCE): A continuous variable that measures the affective
quality referring to the intrinsic attractiveness or adverseness experienced in response to
stimuli or a situation, from a positive/pleasant reaction to a negative/unpleasant reaction,
calculated based on Laming and Mason [77]. Attraction is expressed as a percentage:
negative values (from —100% to 0%) indicate that participants had negative emotions while
positive values (from 0% to 100%) indicate that participants had positive emotions.

e MEMORIZATION: a continuous variable that measures the intensity of cognitive processes
related to the formation of future memories during the presentation of stimuli or during
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an experience, calculated based on Noh et al. [[78]]. This variable captures the degree of
storage, encoding, and retention in memory. Memorization is expressed as a percentage:
a value of 0% indicates that the chance that the stimulus will be remembered is low, while
a value close to 100% indicates a high possibility that the stimulus will be retained in the
participant’s memory.

These measures were obtained through the monitoring of brain activity in different areas (i.e.,
pre-frontal, frontal, parietal, and occipital) and at frequencies (i.e., 6, 6, @, ¥, and ). This process
was automated using the Bitbrain service [[79] as follows: data were captured with SennsLab,
decoded with SennsCloud, and analyzed with SennsMetrics, thus covering the entire workflow
of the study. This service used calibration data and brain activity data to compute the four
measures, on the basis of prior research into EEG data analysis (e.g., cognitive load ([[19} [80]),
engagement [21], attraction ([17, [18]]), and memorization([[81} 82])).

Encephalographs can vary greatly based on numerous factors such as task, stimulus, fatigue
state, expertise, and directionality of attention. The standard approach to encephalographic anal-
ysis is as follows:

1. Visualization of all channels across the recording

2. Removal of dead or excessively noisy channels

3. Independent component analysis (minimum 20 components) to remove physiological and
other noise artifacts (e.g., blinks or signal transmission noise).

4. Filtering (1-40 Hz will leave you with the classic bands of ¢, 6, a, 8, and low ).

5. Epoching (always epoch with at least one second before and after your measurement win-
dow of interest to permit time-frequency decomposition)

6. Visual inspection of all epochs and removal of those which are noisy (this is highly sub-
jective, but 100-120 microvolts is often used as a threshold.

7. If event-related potentials are targeted, average across epochs.

8. If event-related perturbation is targeted, one method is to perform Hilbert transform, then
average the resulting envelopes across epochs and standardize according to baseline activ-
ity. Often final averaging over time is appropriate.

9. If connectivity is targeted, compute on each epoch and average across epochs.

10. Source level activity is also possible to estimate, but we believe that this is not feasible
with the device used.

As for cognitive load, engagement, attention, memory processes, etc. Generally, these are
interpreted based on the combination of experimental design/context and the results of the above
processing in comparison with findings in the extant literature.

Finally, we added a fifth dependent variable with which to measure user performance:

o CompLETION-TIME: a continuous variable that measures (in seconds) the time that has
elapsed between the initial state of the task and the final state, when the task is correctly
completed.

CowmpLETION-TIME is an important usability measure that reflects the amount of time that a user
takes to complete a task or achieve a goal using a product or service [38]]. This efficiency measure
has a significant impact on UX: if the completion time is long (i.e., it takes too much time for
users to select an item from a condition menu) or short, the users may become frustrated or
annoyed, which negatively impacts on their subjective satisfaction. However, users may feel that
the menu is efficient and easy to use, which positively impacts on their subjective satisfaction.
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4.5. Hypotheses

The following null hypotheses were proposed in order to verify the first research question
RQ;, namely whether the use of twenty adaptive graphical menus has a different influence on
UX:

e Hy;: There are no significant differences in the users’ CoGNITIVE-LoAD when using a dif-
ferent MeNU-TyPE. H{1=—Hy;.

e Hy,: There are no significant differences in the users’ ENGAGEMENT when using a different
Menu-TypE. Hip=—Hj)

e Hys: There are no significant differences in the users’ ArTrAcTION When using a different
MEeNU-TYPE. Hi3=—H;

e Hy,: There are no significant differences in the users’ MEMoRrizATION When using a different
MEeNu-TyYPE. Hi4=—Hy4

e Hys: There are no significant differences in the users’ CompLETION-TIME when using a
different Menu-TyPE. Hi5=-Hps

We hypothesized that the Menu-Type would have an effect on the four EEG variables and on
the CompLETION-TIME, as some menus have different configurations, presentations and behavior:
the more complex the menu type is, the higher the value of the CoGNITIVE-LOAD, MEMORIZATION
and CompLETION-TIME measures should be.

In order to get a better understanding on these differences, we computed the Dynamic Time
Warping (DTW) distance [83]], a method with which to compare two time series that allows non-
uniform time intervals between measurements. This works by stretching and compressing one
of the time series as required in order to align it with the other time series, and then calculates
the distance between the aligned time series. The computation of this distance makes it possi-
ble to compare time series that may have different lengths, maxima, minima and varying rates
of measurement [84]. The DTW can be computed for two series so as to assess the similarity
or difference between them. A small DTW distance suggests that the two time series are simi-
lar, while a large DTW distance suggests that the time series are different. The DTW distance
is not constrained to the time series scale, and we consequently, proposed the following null
hypotheses:

e Hy_11: There is no significant difference in the DTW distance between the participants’
Coacnrtive-Loap when using the MeNu-Type. Hi_11=—H-1;.

e Hy_12: There is no significant difference in the DTW distance between the participants’
ENGAGEMENT when using the MENU-TYPE. H|_1y=—Hj-1>.

e Hy_13: There is no significant difference in the DTW distance between the participants’
AtTrRACTION When using the MeEnU-TYPE. H|_13=—Hp_13.

e Hy_14: There is no significant difference in the DTW distance between the participants’
MemorizatioN when using the MeNu-TyYpE. H|_14=—H_14.
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Subsequently, in order to verify the second research question RQ,, we hypothesized that
there would be a relationship between the percentage obtained for preference as regards the 20
menu types and their performance and UX expressed through the five measures. The following
null hypotheses were, therefore, proposed in order to investigate whether the preference for a
particular MENU-TYPE was correlated to their performance and UX:

e Hys: There is no relationship between the participants’ CoGNITIvE-LoAD on item selection
and their preference percentage for the MeENu-TyPE. Hig=—Hg.

e Hy;: There is no relationship between the participants’ ENGAGEMENT on item selection and
their preference percentage for the Menu-TYPE . Hj7=—Hyy.

e Hyg: There is no relationship between the participants’ ATTRACTION on item selection and
their preference percentage for the Menu-Type. Hjg=—Hps.

e Hy: There is no relationship between the participants’ MEMORIZATION on item selection
and their preference percentage for the MENU-TYPE. Hi9=—Hg.

e Hy_jo: There is no relationship between the participants’ CompLETION-TIME on item selec-
tion and their preference percentage for the Mexu-TypE. H|_1o=—H-10.

4.6. Study Design and Task

We conducted one EEG session per participant. Participants were instructed to select a menu
item for each of the 20 graphical adaptive menus, half of which were randomly instantiated in
the first context of use and half in the second context (see Fig. ). The menus and the item to
be selected were randomly assigned to obtain a random distribution of context-menu-item. Each
Menu-Type had the same item and context, and they were randomly assigned. Additionally,
the order of usage was randomly assigned to each participant. Our design is a within-subjects
design with 40 participants X 20 menus X 1 menu item X {10 instantiations to context #1 / 10
instantiations in context #2} = 800 trials.

4.7. Experimental Setting and Instrumentation

The experiment was performed in a quiet, controlled environment composed of (Fig. [3):
a table supporting the participant’s display (Apple LED Cinema Display 27°, 2560 x 1440),
which was connected to the experimenter’s station (HP ProBook 450 G8| Intel i7-1165G, 16
GB, Windows 10) in order to control the experiment, present the stimuli and collect data; a
mouse (MSI, Clutch GMO08), and the headset. We used the BitBrain Diadem headset (Fig. Q])
to capture a raw EEG signal with a resolution of 24 bits at 256 Hz. This device is a portable
non-intrusive EEG headset that is used in neuroscience research and Brain-Computer Interfaces
(BCI). Its twelve dry electrodes were placed in positions regulated by the international 10-10
standard [31]], as shown in Fig.[2] so as to optimally estimate emotional and cognitive states (i.e.,
it measures brain activity in the prefrontal, frontal, parietal, and occipital areas of the brain). The
headset was wired to an amplifier that communicated with the experimenter’s personal computer
via Bluetooth in order to minimize the intrusiveness of the device. Possible data loss in the case
of wireless connection failure or fault, was mitigated by storing raw data in a storage device
located in the EEG amplifier. The experimental objects were displayed on the experimenter’s
personal computer on a desktop. This material, along with the scripts, are publicly accessible in
our GitHub repository at https://resquelab.github.io/pages/experiment-1.html.
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4.8. Experimental Procedure

Prior to the experiment, each participant was welcomed, had the process explained to them,
signed a GDPR-compliant consent form on which the regulations and anonymity were explained,
and filled out a demographic questionnaire. They then received instructions concerning the ex-
perimental procedure. The experimenter was also present to answer any question raised by the
participant before the interactive session, but subsequently left in order to mitigate the Hawthorne
effect. Each session started with the placement of the EEG headset, ensuring that the electrodes
were well connected and capturing good signal quality through SennsLab software. This was
followed by the calibration phase (8 min.) so as to establish a baseline brain activity for each
participant in order to accurately acquire the measures:

1.

2.

Calibration task familiarization (1 min.): the participant learned to perform the EEG cali-
bration.

Closed eyes baseline (2 min.): the participant’s brain response was recorded in a relaxed
state, with no other neurological responses such as blinking or eye movements. This was
used to establish a null baseline for EEG data.

. Open eyes baseline (2 min.): the participant’s brain response was recorded in a relaxed

state, also considering other neurological responses such as blinking or eye movements.
This was used to establish a baseline measurement for EEG.

Calibration baseline (2 min.): the participant’s brain response was recorded in a controlled
state of stress. The participant counted backward in intervals of seven, out loud, starting
with a number generated randomly.

. Closed eyes washout (1 min.): in order to have some time to rest before starting the fol-

lowing steps, such that the calibration phase would not influence the following steps of the
experiment.

Once the EEG baseline had been acquired, the participant was able to start the interactive
session itself. The participant performed a practice trial with a menu that was not part of the

Partici-
pant’s
display

BitBrain
Diadem

Figure 5: Setup of the experirgem with its instrumentation.
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subsequent evaluation so as to become familiarized with the graphical adaptive menus. This trial
could be repeated as many times as necessary. Once familiarized, and after a resting phase of
about ten seconds, the participant was able to start the experimental task: select a specific menu
item displayed for each condition. This was composed of three parts:

1. Item selection: a randomly selected condition was presented. The menu was first hidden,
and the participant was prompted with a menu item displayed in a prediction window [85]]
that would be highlighted by the menu. After expanding the menu, all menu items were
displayed and the participant had to select the item prompted.

2. Resting time: the participant closed his/her eyes and did nothing for about ten seconds in
order to maximize rest and washout emotions such as frustration, surprise, angriness, and
impatience.

3. Activation time: the participant opened his/her eyes and went to the first step with the next
condition until all conditions had been completed.

All mouse input and brainwaves were recorded during the entire process. When all the con-
ditions had been completed, the recording stopped, the headset was removed, and the participant
was allowed to go.

4.9. Data Analysis

Bitbrain SennsLatﬂ recorded the EEG signals in real-time, and these were then processed
using SennsCloud in order to compute the four measures regarding the brain zones, brainwave
bandwidth and calibration samples from the EEG data. SennsCloud applies multiple Independent
Component Analysis (ICA) techniques to process the brain signal data, including the removal of
stereotyped eye movements, muscle artifacts, and line noise. We then used SennsMetricsE] [79], a
Jupytelﬂ Notebook script using Python and R Studio, to analyze the data collected so as to even-
tually obtain the CooNITIVE-L0AD, ENGAGEMENT, ATTRACTION, and MEMOR1zATION recorded during
the whole experiment in the form of time series. The Dynamic Time Warping distance [83] was
then computed. Since we expected to have time series with different lengths, as each participant
would interact with the 20 conditions in different ways during a varying period, we proceeded as
follows:

1. We grouped the time series per adaptive menu such that the participants’ data could be
compared.

2. We computed the distance matrix for each adaptive menu and variable (see Fig. [§ for
a reduced example, in which each cell represents the distance between two participants
located on the x-axis and the y-axis. For example, cell (3,1) represents the similarity
between participants #3 and #1).

3. We calculated the mean DTW distance for each participant by averaging corresponding
columns in the matrix. The mean value for the n column represents the mean distance of
participants with ID n with respect to other participants.

4. We repeated this process for all the measures.

Zhttps://ga-eyetracking.ru/bitbrain-sennslab
3https://ga-eyetracking.ru/bitbrain-sennsmetrics
4https://jupyter.org/
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If a participant is recorded with a higher mean distance, this means that the participant’s brain
responses were very different from those of the other participants, while a lower mean distance
means that the brain responses were more similar to the other participants. The results show
which conditions were more different or similar.

After processing the time series and computing the distance matrix, we performed descriptive
statistics, histogram plots, and statistical tests to analyze the data. We accepted a probability of
a=5% of committing a Type-I Error, i.e., rejecting the null hypothesis when it was in fact true.
The data analysis was carried out as follows:

1. We first carried out a descriptive study of the measures for the dependent variables.

2. We analyzed the characteristics of the data in order to determine which test would be most
appropriate. Since the sample size was less than 50, we applied the Shapiro—Wilk test [86]
to test the data normality as this provides a generally superior omnibus measure of non-
normality [87] and the Brown-Forsythe Levene-type test [88] in order to determine the
homogeneity of variance.

3. These results informed the testing of the null hypotheses formulated. When the data
were normally distributed and the variances were homogeneous, it was possible to use
a one-way Analysis of Variance (ANOVA) to analyze the data by considering the MEenu-
TypE as a main factor. When these assumptions were not satisfied, we used the Friedman
non-parametric one-way analysis of variance for matched data [89], since our design was
within-subjects, considered as a repeated measure of each variable for each Menu-TYPE.
When this test returned a significant difference, we used Dunn’s pair-wise comparison test
with multiplicity adjusted p-value. In fact, Dunn’s test performs pair-wise comparisons
between each Menu-TyPE and shows which ones are statistically significantly different at
a level of @=.05.

4. When there was a significant difference for the value of two or more MeNu-TYPEs, we also
computed the effect size: Cohen’s d coefficient when two Mexu-Types had similar stan-
dard deviations and were of the same size (which is our case), and Glass’s A, when each
Menu-Type had a different standard deviation. It was, therefore, possible to compare the
effect size returned by the two coefficients: if they were close to each other, their interpre-
tation would remain the same; if they were far from each other, their interpretation would
be the lowest one. The magnitude of the effect size was assessed using the thresholds pro-
vided by Cohen [90]: d<0.2="very small”, 0.2<d<0.5="“Small”, 0.5<d<0.8="Medium”,
d>0.8="Large”.

In order to investigate any potential correlation between UX (i.e., EEG variables) and per-
formance with the preference for the 20 adaptive menus, the data analysis was performed as
follows:

1. We computed Spearman’s p rank correlation coefficient when the data did not pass the
normality test. This coefficient is the counterpart of Pearson’s r coefficient for the non-
parametric case. We also computed Kendall’s 7 coefficient, a non-parametric test that
measures a relationship using ranked data, which is considered more robust and preferred,
but usually gives smaller values than Spearman’s p.

2. We computed the cosine similarity S ¢ [91] among vectors expressing the participants’ UX
and performance for the five dependent variables and the percentage obtained for prefer-
ence (Fig.[3). Cosine similarity was chosen owing to its simplicity of interpretation and
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Figure 6: The distance matrix is computed from the time series data. We then calculated the mean distance for each
participant with respect to the other participants (as shown in the black box in the first column).

its widespread adoption [92]], along with other properties such as independence from vec-
tors’ length, which makes it independent of the layout size. The measure computes the
cosine of the angle between the vector of UX and performance variables and the vector of
the participants’ preferences. Each vector represents a combination of EEG measures or
performance metrics for each menu type, where each coordinate corresponds to a specific
menu type. A value of 0 means that the two vectors are 90° from each other (orthogonal)
and do not match. The closer the cosine value is to 1, the smaller the angle and the greater
the match between similar vectors (positive co-linear).

3. We complemented the performance-preference analysis by performing an Importance-
Perfor- mance Analysis (IPA) [93], which determined the participants’ satisfaction by
querying their performance with respect to their preference for a set of variables and pre-
senting it on a plot. IPA has recently been used in software evaluation [55] in, for example,
web development [94]. The variables in our case comprised COGNITIVE-LOAD, ENGAGEMENT,
ATTRACTION, MEMORIZATION, with their corresponding DTW distance, and the CoMPLETION-
TIME.

5. Results and Discussion

This section presents and discusses the results of our study, examining the effect of MEnu-
TypE on the five measures considered in the user experience and performance analysis in response
to RQ; (Section [5.1)), and summarizes the results of the UX and performance vs. preference
analysis in response to RQ» (Section [5.2). We conclude by stating which hypothesis has been
supported or rejected. Finally, we discuss the implications of our findings and their significance
for the design and development of user interfaces containing graphical adaptive menus.

5.1. RQ\: Analysis of User Experience and Performance

Fig. El shows the CoGNITIVE-LoAD (@ - see Table for details), ENGAGEMENT (@ - see Ta-
ble [A10] for details ), ArtracTiON (@ - see Table [A.14] for details), MEmorizarion (@ - see Ta-
ble[A-T8] for details), and CompLETION-TIME (@ - see Table [A:23|for details) for each Menu-Type
in decreasing order of averaged value, when compared to the Static menu.
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We used the Coeflicient of Variation (CV), a measure of relative variability calculated as the
ratio of the standard deviation to the mean and expressed as a percentage, to analyze the disper-
sion of participants’ responses. The descriptive analysis showed that the mean of the participants’
CoGNITIVE-LOAD (CVp4i,=37% to CVp14,=55%), ENGAGEMENT (CV4;,=32% to CVp1,x=49%), At-
TRACTION (CVy1i,=298% to CV 14 = 25614%), and MEMORIZATION (CV4i,=18% to CV;,,=38%)
was largely dispersed among the different Menu-TYPES.

Overall, menus with atypical structures (Leaf menu), with different font styles (Italicizing
menu and Morphing menu), menus with movement (Rotating menu) and menus with an in-
creased activation area of menu items (Morphing menu and Activation Area menu) could have
very different influences on users. However, the measures recorded were more similar among
the participants when employing menus that use temporality (Ephemeral menu), color-changing
properties (Colored menu), or both together (Blinking menu and Glowing menu). More specif-
ically, all graphical adaptive menus induced a higher Cognrtive-Loap and MEMoRizaTiON than
the Static menu, which is owing to the changing nature of the adaptive menu as opposed to the
Static menu, which was never altered: i.e., changing any property of the menu to make it adaptive
inevitably deteriorates these measures, but to no great extent.

On the positive side, seven menus were considered more engaging than the Static menu, in
the following order: Italicizing menu, Rotating menu, Boxing menu, Leaf menu, Blinking menu,
Colored menu, and Twisting menu, all of which have striking properties that increased their
average ENGAGEMENT. All the other menus were considered less engaging than the Static menu,
which contradicts the preconceived notion that an adaptive menu requires more attention than
a non-adaptive menu. Eight menus, including the Static menu, received a negative ATTRACTION
mean, thus indicating that the participants did not feel attracted by them. Menus that changed
in color or temporality were considered the most attractive, specifically the Morphing menu,
Temporal menu, Colored menu.

One interesting instance is the emblematic case of the Ephemeral menu, which the par-
ticipants found to be faster than the Static menu and the Highlighting menu [2]. In fact, the
CompLETION-TIME confirms these results, but we also empirically demonstrate that the Ephemeral
menu is slightly less engaging than the Static menu and requires slightly more MEMOR1ZATION than
the Static menu, with much better ArrractioN. These two differences are minimal and could be
considered negligible, thus promoting the EPHEMERAL MENU as an excellent representative adap-
tive menu candidate when compared to the others.

Furthermore, the participants selected the items faster when using the Glowing menu, Col-
ored menu, Ephemeral menu, and Blinking menu, whose CoMPLETION-TIMES were below that of
the Static menu. The highest CompLETION-TME was recorded for the Leaf menu, Italicizing menu,
Activation area menu, and Rotating menu. Using the Static menu as a baseline, the CoOMPLETION-
TmMEe of every menu that uses temporal and color-changing properties or motion-properties (e.g.,
Twisting menu, Pulsing menu) tends to be reduced. This suggests that the more time the partici-
pants need to complete the task, the more differences will emerge in the brain activity as a result
of this.

Homogeneity of group variances was assessed using Levene’s test [88]], which indicated that
all the EEG measures were homogeneous, while CompLETION-TIME was not. None of the de-
pendent variables were normally distributed since they did not pass the Shapiro-Wilk test. For
example, the CoGNITIVE-LoAD passed the normality test for a few conditions (e.g., Activation area:
W=0.98, p=.82, n.s., Grayscaling: W=0.96, p=.22, n.s.), but did not pass for the vast majority
of the other conditions (e.g., Boxing: W=0.91, p=.005"", Colored menu: W=0.89, p=.0009"**).

Since our five dependent variables were not normally distributed, we calculated a Friedman
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Figure 7: Results of the Performance vs. Preference Analysis (part 1/2): @ CocNrTIvE-Loap, @ ENGAGEMENT, @ AT-
TRACTION, @ MEMORIzATION, and @ CompLeTioN-TiME for each MeNU-TYPE in decreasing order of their mean value, in
comparison to the Static menu (dark gray) as a baseline. Error bars show 95% confidence intervals. The preference
distribution represented in ® reproduces the ordering of Fig.|3} Horizontal bars show a statistically significant difference
among conditions, with levels omitted in order to preserve legibility.

Variable Measure Friedman’s Q  p-value  Friedman’s Q" p-value Null hyp.  Conclusion
CooNTTIvE-LOAD Mean 22.00 28, n.s. 1.16 28, n.s. Hy, Supported
DTW 200.07  <.0001*** 13.93  <.0001***  Hy_j Rejected
ENGAGEMENT Mean 18.59 A48, n.s. 0.97 A48, n.s. Hy, Supported
DTW 317.56  <.0001*** 27.99 <.0001"**  Hy_1» Rejected
ATTRACTION Mean 19.10 45, n.s. 1.00 45, n.s. Hy; Supported
DTW 253.41 <.0001*** 19.51  <.0001"**  Hoy_13 Rejected
MEMORIZATION Mean 34.35 .016* 1.84 .015* Hys Rejected
DTW 227.66  <.0001"*** 16.68  <.0001"**  Hy_14 Rejected
CoMmPLETION-TIME Mean 209.01 <.0001**** 14.82  <.0001***  Hpys Rejected

Table 3: Results of Friedman’s test for the mean and the DTW distance of the five dependent variables as regards 20
MEenu-Types, n=40 participants, dfI=19, df2=741.
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Figure 8: Results of the UX/Performance vs. Preference Analysis (part 2/2): @ CoGNITIVE-L0oAD, @ ENGAGEMENT, @
AtTrRACTION, and © MEemorizaTioN, and for each ® Menu-Tyee in decreasing order of their averaged DTW distance, in
comparison to the Static menu (dark gray) used as a baseline. Error bars show 95% confidence intervals. All five variables
are compared to the preference percentage of Menu-Type ©. Horizontal bars show a statistically significant difference
among conditions, with levels omitted in order to preserve legibility.
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test for both their mean and the DTW distance (Table[3). This revealed a significant effect of the
condition Menu-TYPE only on the MEMORIzATION mean (p=.16%), on the ComPLETION-TIME mean
(p<.0001™**), and on all DTW distances (p<.0001"***, all p-values in this paper were Bonferroni
corrected for multiple comparisons). The absence of a significant effect of the condition Menu-
TypE on the mean of the three EEG variables CoGNITIVE-LoAD, ENGAGEMENT, and ATTRACTION can
be explained by the smoothing of the curves located below the time series. Specifically, when
time series data are smoothed, small variations, including peaks and troughs (minima and max-
ima), are averaged out, which can diminish the ability to detect significant differences in these
variables. On the contrary, the presence of a significant effect of the Menu-Type on the DTW
distance among the time series shows that the participants converge in their good, average or
poor performance in terms of item selection, independently of their assessment. The MeNu-TYPE
was found to have an effect on MEMorizatioN for only one condition: the Leaf menu, probably
the strangest condition (the leftmost condition in Fig. [7/®), required significantly more effort to
memorize than the Static menu (the rightmost condition in the same figure).

In conclusion, the fist three null hypotheses related to RQ, i.e., Hy1, Hop, and Hys, are con-
sidered supported, while all others are considered rejected, thus confirming their corresponding
alternative hypotheses, i.e., Hi_14, Hi-15, and Hj_j; to H|_14. In order to better understand the
source of the aforementioned effect, we performed a Dunn’s pair-wise comparison test with a
multiplicity adjusted p-value to determine the differences between groups in the case that an al-
ternative hypothesis was confirmed in terms of: Cognitive-Loap DTW distance (Table[A.9), En-
GaGeMent DTW distance (Table [A.12)), Arrraction DTW distance (Table [A.T6), MEMORIZATION
DTW distance (Table [A.21)), and CompLETioN-TivME (Table [A.24). In each case of a significant
difference being found between two groups, we computed Cohen’s d and Glass’s A size mea-
sures in order to assess the magnitude of the differences between groups. Any such difference is
graphically depicted with a horizontal bar between groups in Fig.[7]and Fig. [8] without reporting
the level of significance so as to preserve the legibility.

After computing and compiling Cohen’s d and Glass’s A effect sizes, very similar results were
obtained. All dependent variables for which a significant difference was identified in Dunn’s test
have a predominantly “large” effect size, which reinforces the conclusion. The distribution of
effect magnitudes for each dependent variable is summarized in Table 4]

Dependent Variable Large Medium Small

Conimive-Loap DTW — 68% (3)  28% (1) 4% (2)
ENGAGEMENT DTW 5% (&) 22% () 3% (&)

AtrTrRACTION DTW 73% (%) 27% (% 0% (%
MEemorizatioN DTW 52% (%) 46% (%) 2% (%)
CoMPLETION-TIME 47% (% 33% (%) 20% (g)

Table 4: Distribution of Effect Sizes for Dependent Variables

Given the wide spectrum of possibilities, with the multiple properties of the menus (e.g.,
differences in position, motion, and shape), it was expected that there would be significant differ-
ences among the menu types. Overall, these results suggest that using different types of graph-
ical adaptive menus can produce statistically and practical significant differences in the users’
UX and performance as regards their cognitive load, engagement, memorization, attraction and
completion time.
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819 In order to confirm or refute these results, we conducted an operational internal replication
a0  study in October-November 2022 [8]. The same experimental protocol was applied to investigate
e21 RQI1 with the same operationalization and experimenters, but to a different population (a more
e22 homogeneous group of users). They were 40 students enrolled on a Master’s degree in Computer
e2a  Science at the Universitat Politecnica de Valéncia. The results obtained in the replication con-
s« firmed the ones obtained in this experiment. This allowed us to find initial evidence that human
es factors (e.g., gender, age, background) do not affect user experience when employing different
a6 adaptive menu types. Nevertheless, this finding needs to be further investigated.

827 On the one hand, these findings suggest that, if more differences among users were obtained
e2s  for a menu, this could indicate that the menu is more subjective and that users have varying
a0 preferences or cognitive styles that affect how they interact with the graphical adaptive menu.
s This finding could have implications for the design of graphical adaptive menus and suggests
s1  that more adaptive interfaces could be beneficial for users with different cognitive styles. On
sz the other hand, if more similarities among the participants were obtained for a menu, this could
s3s  suggest that the menu design is more objective and easier to learn and use. This could be a
s« desirable quality for certain types of menus, such as those that are frequently used or critical for
sss  task completion time. In order to further investigate these aspects, the UX and performance vs.
s preference are analyzed in the following section.

a7 3.2. RQ»: Analysis of User Experience and Performance vs. Preference

838 It is now important to better understand the relationship between preference and the UX/performance
a9 analyzed in the previous section, which is related to our second research question.
840 We first analyzed the correlation between the five UX and performance measures in terms

st of both their mean values (Fig. [7) and their DTW distances (Fig. [§) with the preference for
sz the 20 graphical adaptive menus (Fig. [3). We calculated Spearman’s p correlation coefficient,
as  a statistical measure of the strength of a monotonic relationship between two data series con-
s strained by —1<p< + 1, here the 5 X 2 measures and the preference. Since this correlation
a5 reflects a potential effect size between the two data series, we can interpret its value as fol-
as  lows [90]: |p| € [.00,.20[="very weak”, |o| € [.20,.40[="weak”, |p| € [.40,.60[="moderate”,
a7 |p| € [.60,.80[="strong”, |o| € [.80, 1] =“very strong”. With regard to mean values, all coeffi-
s cients are “very weak” (|omin|=.01 to |0,4x|=.08) for all measures. Kendall’s T values follow the
a9 same trend. With regard to DTW distance, all coefficients are again “very weak’ (|o,uin|=-007 to
850 |Omax|=-07). The same occurs with Kendall’s 7, which suggests that there is no real monotonic
g1 correlation between UX/performance and preference. Whereas the values of these coefficients
ez are in the lowest interval, the cosine similarity shows higher values, thus suggesting that even
esa  if there is no correlation between pairs of variables, these same pairs could evolve in a similar
854 INaANNer.

855 Table[5] shows the correlation coefficients calculated between CompLETION-TIME and the mean
sss and the DTW of the four UX measures, respectively. While the CompLETION-TIME is very weakly
es7 correlated with the mean of the four variables (all |p| € [.00,.20]), their corresponding DTW
ess  1s moderately correlated (all [o| € [.40,.60]) but always very significantly (all corresponding
eso  to p<.001). The correlation between each variable and its corresponding DTW is almost al-
a0 ways very weak, but is weak for MEmoRrization: p=.26""* € [.20,.40]. Indeed, the higher the
st CoMPLETION-TIME needed to select items from a graphical adaptive menu, the more demanding
sz the MEMORIZATION is for the end user.

863 As the correlations calculated are mostly (very) weak, we decided to calculate the cosine
ses  similarity. Fig. [9] shows that the individual values in the user-independent scenario (UT), rang-
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CocnrTive-Loap ENGAGEMENT ATTRACTION MEMORIZATION

Mean «— DTW Mean «— DTW Mean —> DTW Mean —> DTW
Spearman’s p  0.023  0.17***  0.44*** 0.044  0.17%*  0.54** —-0.098** -0.035 047 0.11* 026" 0.45*
Kendall’s 7 0.013 0.11™  0.31** 0.031 0.10™ 0.39*** —-0.059 -0.020 0.34** 0.079***  0.16"* 0.32***

Table 5: Correlation coefficients between CompLETION-TIME and performance measures (Mean and DTW distance).
Double-ended arrows show correlations between each measure and their corresponding DTW.

ing from S ¢(UI)=0.88 to S ¢(UI)=0.93 (last column), are all very high, with the exception of
CompLETION-TIME (S ¢(U1)=0.84), thus suggesting a significant goodness of fit between the par-
ticipants’ UX/performance and preference, expressing their perception of the adequacy of the
same preferences for the corresponding graphical adaptive menus. For example, COGNITIVE-
Loap, ENGAGEMENT, ATTRACTION, and MEMoRrizatioN all received the highest score S ¢(UI)=0.93
with respect to their mean values, slightly less with respect to their DTW distance, meaning that
the angles between the two vectors could be said to be 93% similar. The cosine value averaged
across all conditions is equal to 0.7, which can still be interpreted as a high value given the variety
of the 20 graphical adaptive menus. Since similarities were computed on the basis of averaged
users’ rankings, thus making them user-independent, we also assessed the goodness of fit in a
user-dependent scenario by computing the cosine similarity for each measure on the basis of the
participants’ measures without aggregation and the corresponding preferences. The similarities
obtained (M=0.87, S D=0.04) continue to show a favorable adequacy between the data series.
These similarities are also indicated in Fig. [7] for the mean values and in Fig. [§] for the DTW
distances, respectively.

Fig. [I0] shows that the individual values in the user-dependent (UD) scenario, ranging from
Sc(UD)=0.73 to S ¢(UD)=0.88 (last column of Table , are all very high, with the exception
of CompLETION-TIME (S ¢(UD)=0.55), thus suggesting a significant goodness of fit between the
participants’ UX/performance and preference, and showing their perception of the adequacy of
these same preferences for the corresponding graphical adaptive menus. For example, ATTRAC-
TIoN received the highest score S ¢(UD)=0.88, meaning that the angles between the two vectors
could be said to be 88% similar. In conclusion, despite the similarity between our variables, the
(very) weak correlations between the mean values of our variables led us to reject hypotheses Hog
to Hy_19o. However, the moderate correlations between the DTW distances and the preference,
along with their high levels of significance, support hypotheses Hy_1; to Hy_14.

In order to further investigate why there is no real correlation despite the high similarity, we
now show the results of the IPA. The recommendations for action are derived from the arrange-
ment of the menus in the plot, which consists of four quadrants ([93),195]]) adapted as follows:

1. Quadrant 1 (Q1, in green) corresponds to high-UX/performance values and high-preference
values for menu variables. It is labeled “Keep up the good work™, because the variables of
the menus contained in this quadrant are positively rated by the participants, who acknowl-

User independent Engagement Memorization Attraction Cognitive load Duration Engagement distance Memorization distance Attraction distance Cognitive load distance Preference percentage

Engagement 1.00 0.99 1.00 1.00 0.92 0.94 0.96 0.96 0.98
Memorization 1.00 1.00 1.00 092 094 097 09 097
Attraction 1.00 1.00 091 094 096 09 097
Cognitive load 1.00 0.92 0.94 0.96 0.96 0.97
Duration 1.00 099 098 099 097,
Engagement distance 1.00 098 099 099
Memorization distance 1.00 099 099
Attraction distance 1.00 099
Cognitive load distance 100
Preference percentage

Figure 9: Cosine similarity in the user-independent scenario.
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Figure 10: Cosine similarity in the user-dependent scenario.

edge both their preference and their performance. Designers are encouraged to maintain
current strategies for these variables and retain these menus as ideal candidates.

2. Quadrant 2 (Q2, in yellow) corresponds to high-UX/performance values and low-preference
values for menu variables. It is labeled “Concentrate here”, because the menus that fall
into this quadrant should receive the highest priority. Action should be taken to address
the challenges raised by these menu attributes, because the participants performed well
with these menus but would not prefer to use them for their own purposes. For example,
the participants do not like to be forced to operate efficiently in a continuous manner.

3. Quadrant 3 (Q3, in orange) corresponds to low-UX/performance values and low-preference
values for menu variables. It is labeled “Low priority”, because the menus located in this
quadrant are not essential and do not perform well for the participants, and could be dis-
continued in the design process without any detriment.

4. Quadrant 4 (Q4, in ivory) corresponds to low-UX/performance values and high-preference
values for menu variables. It is labeled “Possible overkill”, because the participants do
not perform well with the menus located in this quadrant, yet perceive them to be highly
preferred.

Our IPA assigns each menu variable to four different quadrants according to a differentiation
provided by the coordinate origin as regards the average value of each individual variable, which
is represented by plain orange lines in the subsequent figures. The Static menu is represented in
bold type in these figures.

Fig.[[T)shows the results of the IPA for the CoGNiTivE-Loab variable (left) and its correspond-
ing DTW distance (right). Those that attained the best score are the Underlying menu, the Boxing
menu, the Morphing menu, and the Split menu without any replication, respectively, which are
again all distant from the Static menu. The superiority of all the adaptive menus when com-
pared to the Static menu in terms of CoGNITIVE-L0AD again seems to demonstrate that adaptivity
increases the participants’ cognitive load with respect to the non-adaptive menu, a suggestion al-
ready made in the case of MEMorization. Candidates with a high preference but which continue
to have a high CoGNITIvVE-LOAD are: the Grayscaling menu, the Highlighting menu, the Activa-
tion area menu, and the Bolding menu. However, their behavior is intrinsically defined, and it
is, therefore, challenging to make them more flexible. With regard to the DTW distance, the
Static menu is, in this case, close to the average point of the quadrants, thus suggesting that the
adaptive menus on its left are more representative and successful at computing their DTW dis-
tance. The best solutions include the Highlighting menu, the Boxing menu, and the Split menu
without replication, respectively. The small DTW distance of these adaptive menus means that
the participants converged as regards having a similar reaction to these menus.

Fig.[12]shows the results of the IPA for the ENGAGEMENT variable (left) and its corresponding
DTW distance (right). The Highlighting menu, the Boxing menu, and the Bolding menu are
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Figure 11: Coagnririve-Loap vs. Preference Analysis: mean value (left), DTW distance (right).

the most engaging and most preferred menus, probably because their common visual variable
is positively affected, which is not the case of the Grayscaling menu and the Underlying menu,
which were not perceived to be engaging. Unusually, the Static menu also belongs to Q1, but
is the least preferred in this category. Q3 covers almost all visually demanding menus, such as
the Glowing menu, the Pulsing menu, the Out-of-context disappearing menu, and the Temporal
menu, all four of which employ animation over time. The participants did not view these types of
animation as engaging, thus confirming that animation should be used carefully only in extreme
situations, and not in usual tasks. With regard to the DTW distance, the Highlighting menu
and the Bolding menu confirm their advantageous position in Q1, while the Morphing menu is
tempting: it is among the most engaging and is fairly well preferred. The Boxing menu and the
Activation area menu also belong to Q1. As occurred with the mean value, almost all the menus
with employing animation are in Q4, and not are considered to be good.

Fig. [I3] shows the results of the IPA for the ArTracTiON variable (left) and its corresponding
DTW distance (right). The Grayscaling menu, the Highlighting menu, and the Bolding menu be-
long to Q1, which makes them simultaneously the most attractive and the most preferred menus.
Q2 contains a wide range of menus whose preference should be improved. A representative
example is the Ephemeral menu, which had a compelling ArTracTION, With a preference that is
fairly close to the average. The Pulsing menu seems to be the most attractive menu, but with a
smaller preference. Note that the Static menu belongs to Q3 and is, therefore, among the least at-
tractive menus, which suggests that the participants perceived all the other adaptive menus, with
the exception of the Blinking menu, to be more attractive than the Static menu. Adaptive menus
are, therefore, usually perceived to be more attractive than rigid static menus. Q4 includes the
Split menu without replication, which was reasonably preferred but eventually attained a mod-
erate performance, probably because the absence of the replicated items forced the participants
to seek the item in the adaptive part. Q4 contains the Underlying menu and the Activation area
menu. The use of menus with movement, such as the Blinking menu and the Rotating menu,
should be reconsidered. With regard to the DTW distance, all of the aforementioned Q1 menus
are replaced with three new ones: the Activation area menu, the Morphing menu, and the Under-
lying menu.

Fig. [T4] shows the results of the IPA for the MEMoR1zATION variable (left) and its correspond-
ing DTW distance (right). Since the goal of memorization is to minimize the amount of data
and functions to be memorized, memorization should be minimized while preference should be
maximized. The quadrants to be considered are, therefore, inverted and their color scheme is
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updated accordingly. The same occurs with the Cognirive-Loap in Fig.[T] The Underlying menu
and the Boxing menu are the first two, followed equally by the Morphing menu, the Activation
area menu, and the Split menu without any replication. Fig.[[4]locates the Static menu, which
is the baseline condition, at the leftmost point in the plot, thus suggesting that the Static menu
induces the lowest memorization, which is natural since there is no mechanism for adaptation,
but it is not as preferred as the aforementioned menus. The potential benefits of adaptive menus,
such as efficiency, therefore inevitably come at the cost of certain amount of increase in mem-
orization. Candidates for improvement as regards memorization are the Grayscaling menu, the
Highlighting menu, and the Bolding menu, all of which all belong to Q4. With regard to the
DTW distance, the Highlighting menu, the Boxing menu, and the Glowing menu maintain their
positions. Candidates for improvement include the Grayscaling menu and the Underlining menu,
along with the Bolding menu, the Morphing menu and the Activation area menu.

Fig. [I5] shows the results of the IPA for the CompLETION-TiME: the Static menu is located
close to the average point of the plot, which suggests that menus located to its left are not only
faster than the Static menu, but also more preferred if located in the top left-hand quadrant. The
Highlighting menu and the Grayscaling menu are about the same in terms of Completion-Time,
but are definitely more preferred than the Static menu. The Boxing menu is even faster, but less
preferred than the Grayscaling and Highlighting menus. The bottom left quadrant (depicted in
yellow in Fig. [TI5) contains 9 menu conditions that have all been shown to be as faster than the
Static menu, sometimes only slightly (as is the case of the Pulsing and Twisting menus) and
sometimes more significantly (as is the case of the Blinking and the Colored menus), but are less
preferred than the Static menu. Three menu conditions are slower and less preferred than the
Static menu: the Rotating menu, the Italicizing menu, and the Leaf menu, which is the slowest.
Four candidates are slower than the Static menu, but are more preferred: the Bolding menu, the
Morphing menu, the Underlying menu, and the Activation area menu.

6. Implications for Research and Practice

The findings of this study provide significant information that can serve as a basis for both
future research and practical applications in the field of user interface design. As we explore the
implications of our findings, we distinguish between recommendations for researchers, who can
build on these findings to advance understanding of how different elements of the user interface
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influence the user experience - and practical guidance for practitioners - who can leverage these
insights to optimise the user experience in software design . This section explores these implica-
tions further and presents an analysis that aims to bridge the gap between empirical research and
real-world application, ultimately improving both the design process and the user experience.

6.1. Implications for Researchers

This experiment provides a starting point for researchers interested in exploring how user
interface elements affect user experience, along with how to quantify user experience using bio-
metric data. While our study utilized EEG to measure cognitive load, engagement, attraction, and
memorization, there are several other neurological and physiological measures that can comple-
ment or expand upon these findings. Researchers can employ methods such as eye tracking,
which can provide data on visual attention and scanning patterns, or facial expression analysis
to assess emotional responses. Galvanic skin response and heart rate variability (HRV) are also
valuable for assessing stress and arousal levels.

Moreover, while we have focused on graphical adaptive menus, there are many other user
interface elements that could be studied, such as forms, text fields, and action buttons. Expanding
the range of interface elements studied will allow researchers to develop a more comprehensive
understanding of how different UI elements impact on user experience.

Furthermore, future studies could also explore how different user groups, such as those with
different ages, cultural backgrounds, or cognitive abilities, respond to different Ul elements.
These studies could lead to the development of more inclusive and accessible software systems.
In fact, we have conducted recently a replication of part of this experiment to understand how
graphical adaptive menus have a different influence on UX (i.e., RQ1), by employing a different
(more homogeneous) user group. As previously reported, the findings of the replication study
confirmed the findings of this experiment.

Finally, as more studies are conducted and more knowledge is gained, it would be valuable
to develop guidelines that UI designers or developers could use when creating effective graphical
adaptive user interfaces. These guidelines could be based on empirical evidence of how different
user interface elements impact on user experience, along with expert opinions, best practices
from industry and industry standards. This can help to make sure that designs are not only
effective but also adhere to widely accepted conventions. This includes following established
design principles like the principles of Fitts’ law for predicting user interaction time, and the use
of familiar UI patterns that users recognize and understand.

Moreover, the development of guidelines should be an ongoing process, incorporating new
research findings and technological advancements. Establishing a feedback loop where designers
and developers can share insights and experiences will help continuously refine and improve the
guidelines. Finally, it is important to increase awareness about the importance of these guidelines
and how to implement them effectively through training programs, workshops, and resources.

Such guidelines would help ensure that UI designers or software developers create interfaces
that are not only aesthetically pleasing, but also functional, intuitive and adapted to the specific
needs of their target users.

6.2. Implications for Practitioners

Using our results as a basis, this section suggests some implications for practitioners, par-
ticularly in the design of graphical adaptive menus, based on the debate regarding performance
vs. preference. Since the UX and performance measures are not correlated with preference, we
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shall distinguish two families of design implications according to priority: if preference takes
precedence over UX/performance, we shall synthesize the results obtained in the IPA, while if a
UX/performance measure takes precedence over preference, we shall compute the score for each
condition using the de Borda method [96]. This method ranks graphical adaptive menus for a
selection based on the results obtained for each measure of UX and performance while taking
the preference into account.

We rank the adaptive menus in ascending order of their standing in the UX/performance
measures combined with their preference rankings. The lowest score is commonly assigned to
the most preferred candidate and the score increases with the ranking. For example, the scores
assigned to preference have the following distribution (Fig.[3): 1 for the GRAYSCALING MENU, the
most preferred menu, 2 for the Highlighting menu, 3 for the Underlining menu, and so on until
the least preferred menu, i.e., 20 for the Rotating menu. The scores assigned to the CoGNITIVE-
Loap follow the order of the mean attained (Fig. : 1 for the menu with the lowest mean, i.e.,
the Static menu, 2 for the Morphing menu, 3 for the Split without replication menu, and so on to
the menu with the highest mean, i.e., 20 for the Leaf menu. The same applies in the case of the
DTW distance. The final de Borda score is simply the sum of these rankings, and the best menus
are those for which this score is minimized.

Fig.[16] graphically depicts the final score by UX and performance measure in order to even-
tually obtain the overall score. For example, the Boxing menu ranks best with respect to the
Coanrtive-Loap, drops to ninth place for ENcageMENT and eighth for ArTrRACTION, but rises to
second place for MEmoRrizatioN and first place for CompLETION-TIME, to finish in fifth place over-
all. One edifying case is that of the Ephemeral menu, which obtains the best overall score, as it
ranks very well in most measures, but is not always in first place: seventh for CogNITIVE-LOAD
and ENGAGEMENT, fifth for ArtrAcTiON, and third for CompLETION-TIME, despite a preference of
42%. The bottom part contains three menus that always receive low rankings and which should,
therefore, be avoided: [falicizing menu, Rotating menu, and Leaf menu. The design implications
are summarized in Table

Moreover, the information obtained in this experiment may be valuable for software design-
ers who wish to create good user experiences. Our experiment provides a way in which to
objectively quantify the user experience of different user interface variants and identify which
ones have a greater impact on users. This knowledge could be used to make informed decisions
when designing user interfaces of software systems, ultimately leading to higher quality software
products.

By using the metrics obtained in this experiment, designers can evaluate the effectiveness of
their designs and make changes that will improve user experience. For example, if the design
of a menu is causing high cognitive load, then the UI designer or developer could simplify the
structure of the menu or change the font style in order to make it easier to read. Alternatively,
if the engagement levels are low, Ul designers could consider adding movement to the menu in
order to make it more interesting.

The data obtained could also be used to adapt the user interface design to particular groups of
users. By analyzing the neurological responses of different groups of users, UI designers could
create interfaces that meet the needs of specific user groups, such as those with different levels
of experience. For example, if the cognitive load is too high for novice users, UI designers could
simplify the user interface element (e.g., a graphical menu) in order to make navigation easier.

Furthermore, Ul designers could use the information obtained in this study to identify trends
as regards which the most popular and effective menus are among different users. This knowledge
could then be incorporated into future Ul designs to in order to create interfaces that are more
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Figure 16: Ranking of the twenty graphical adaptive menus according to their de Borda ranking.

user-friendly and engaging. Designers could use these data in order to ensure that their products
are adjusted to their users’ needs and preferences, leading to higher satisfaction and increased
user retention.

7. Threats to Validity

The threats to the validity of our empirical study are explained in terms of four categories:
threats to internal, external, construct, and conclusion validity [97].

7.1. Internal validity

The learning effect, the understandability of the slides used to represent the menus, and in-
strumentation validity must be considered. The learning effect was mitigated by randomizing
the order in which the menus were used. The understandability of the slides used to repre-
sent the menus was assessed during the experiment, after the calibration phase, as described in
Section .8 Finally, in order to avoid any possible sources of bias, the experimental materials
were evaluated by an experienced researcher in Human-Computer Interaction. We mitigated the
instrumentation validity by using a specific EEG device from a company that researches and de-
velops high-quality EEG devices. The electrodes of this device are located over specific areas
of the brain, according to the 10-10 location system, which is optimal, as regards computing
emotional states, memorization, and cognitive load [98]].
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Table 6: Selection of graphical adaptive menus based on priority.

7.2. External Validity

The representativeness of the results and the size and complexity of tasks that might affect the
generalization of the results must be considered. The representatives of the results could have
been affected by the number of menus compared. We believe that the menus selected for this
study can be considered as a baseline from which to obtain some indications of which properties
attain better results as regards UX and performance. However, they cannot represent the whole
design space of graphical adaptive menus. We plan to conduct more studies with more and
different graphical adaptive menus in order to increase the reliability of our results. With regard
to the size and complexity of the task, we decided to use relatively small tasks in order to enable
the subjects to complete the whole experimental session within 30 minutes. Replications with
different and more complex graphical menus are, nevertheless, necessary in order to study the
effect of the graphical adaptive menus variables on the observed results.

Moreover, regarding the generalizability of the EEG-based findings, we acknowledge that
the reliability of EEG results can be affected by various factors, including individual differences
in brain activity and task familiarity. In this study, we focused on EEG because of its ability to
provide real-time insights into cognitive processes. However, the results may not be fully gener-
alizable to other populations or tasks, which is a common limitation in EEG studies. To validate
the insights gained from EEG, we conducted a replication study [8]] with a different participant
pool. In this replication, we correlated EEG metrics with subjective measures obtained through
questionnaires, and we found significant correlations between the two, strengthening the validity
of our findings. This replication serves as initial evidence that our findings are reliable across
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different user groups, but further replication studies are needed.

Although this study focused specifically on EEG as a biomarker for user experience, we
acknowledge that the generalizability of EEG to other biometric data may be limited. Methods
such as eye tracking, heart rate monitoring, and facial recognition could offer complementary
insights into user engagement and cognitive load, providing a more comprehensive view of the
user experience. EEG, while valuable for real-time insights into cognitive processes, may not
fully capture all aspects of user experience as other biometric methods might. Future studies
should incorporate these additional methods to enhance the reproducibility and comparability of
results.

7.3. Construct Validity

The measures used to obtain a quantitative evaluation of the subjects’ UX (i.e., the metrics
obtained from the EEG data) and the participants’ apprehension about being evaluated must be
considered. We mitigated the threat regarding the measures used by employing the Bitbrain
processing service, in which calculations are based on relevant previous research in EEG data
analysis ([[19} 80 21} {17, (18 [81},182]).

With regard to the participants’ possible apprehension about being evaluated, this was largely
avoided, since the participants were not evaluated as regards their performance using different
menus. The participants were told that the error rate or speed was not being evaluated. In ad-
dition, the bias introduced into the study by expectations on the part of the experimenter was
mitigated by the example menu that the participants used and also by interacting with the partic-
ipants before each session.

7.4. Conclusion Validity

Finally, with regard to conclusion validity, the data collection and the validity of the statis-
tical tests applied must be considered. In order to decrease the threat related to data collection,
we systematically applied the same data-extraction procedure in each session with each partici-
pant. That is, before each session, and during the EEG device placement, we ensured that each
electrode was in contact with the scalp and was placed correctly according to the guidelines [31].
With regard to the statistical tests, the most appropriate tests with which to test the hypothesis
were performed [99]. The statistical tests were selected by considering the design of the experi-
ment and the nature of the variables, and their assumptions. The data collection and the validity
of the statistical tests applied must be considered. In the case of the statistical tests, rigorous tests
were performed in order to statistically reject the null hypotheses. If differences were detected
but were not significant, this was explicitly mentioned.

8. Conclusions

In this paper, we present an experiment carried out in order to obtain biometric data concern-
ing the selection of menu items in a pool of twenty graphical adaptive menus so as to address two
main research questions: RQ;=Do graphical adaptive menus have a different influence on user
experience? and RQ, =Do users’ preferences for graphical adaptive menus relate to performance
and user experience? The monitoring of brainwaves through the use of electroencephalography
made it possible to obtain quantitative measures, such as cognitive load, engagement, attrac-
tion, and memorization, along with completion time, in order to evaluate the performance of the
menus.
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Our findings suggest that menus with atypical structures, different font styles, movement, and
an increased area of menu items may have a more subjective and user-dependent effect on the
user experience, while menus with temporality or color tend to be more objective and easier to
use and learn. In order to contribute clarifying the debate regarding the many graphical adaptive
menus for which no consensus has been reached and there is no common basis for comparison
(e.g., menu X says it is faster than menu Y, but menu Z does not say anything about X or Y but
specifies that it is preferred to menu T'), this experiment combines UX and performance analysis,
embodied in four biometric measures and completion time, with the preferences expressed by
the participants. The result is the ability to deduce which menu can optimize which performance
measure by taking or not taking preference into account, which is crucial, since no significant
correlation was found between UX/performance and preference, although there is some similar-
ity between their parallel evolution.

In conclusion, only memorization and completion time were found to be significantly differ-
ent as regards item selection among the twenty menu types, whereas none of the other measures
did. However, the DTW distance was found to be significantly different as regards item selection
for the four EEG measures, thus indicating that the participants reached some sort of consensus
in the case of appreciating or not appreciating the various menu conditions. A weak or very weak
correlation was found between the preference for and the UX/performance of the twenty menu
conditions, thus showing the need to perform a performance-preference analysis in order to de-
termine which conditions could optimize a UX or performance measure without deteriorating
the corresponding preference.

These results highlight key insights for adaptive menu design: Boxing menus were the most
effective in reducing cognitive load, making them suitable for minimizing mental effort. Glow-
ing menus increased user engagement, though this did not necessarily improve performance.
Highlighting and Ephemeral menus were the most visually attractive and improved memoriza-
tion, suggesting their potential for interfaces that require strong recall. Additionally, Ephemeral
menus yielded the fastest completion times, optimizing efficiency while maintaining UX quality.
These findings reinforce the trade-offs between usability, cognitive effort, and user preference,
offering practical insights for the development of effective adaptive interfaces.
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1515 Appendix A. Descriptive Analyses

1516 Appendix A.l. CoGNITIVE-LoAD

Menu Minimum Maximum Mean Median Std. dev. Coeff. var. Skewness Kurtosis
Activation area 3.49 54.52 28.76  27.92 11.32 39% 0.20 0.04
Blinking 6.82 59.97 26.24 2526 13.52 51% 0.72 -0.13
Bolding 3.21 64.33 29.37  28.56 14.41 49% 0.81 0.49
Boxing 9.67 66.14 2776  24.07 15.09 54% 0.76 -0.33
Colored 6.58 68.09 26.17 23.13 14.45 55% 1.13 0.94
Ephemeral 5.09 72.46 28.57  24.69 15.32 53% 0.90 0.40
Glowing 7.73 69.22 29.16  25.83 14.01 48% 0.88 0.51
Grayscaling 8.13 69.41 29.52  27.77 13.97 47% 0.54 0.23
Highlighting 3.90 53.51 29.32  28.25 11.13 37% 0.14 -0.19
Italicizing 7.35 59.01 2726  26.05 10.46 38% 0.86 1.48
Leaf 10.63 74.62 32.28  30.85 12.23 37% 0.98 2.17
Morphing 6.15 54.69 25.67 26.14 12.12 47% 0.15 -0.47
Out-of-context 8.44 58.31 28.64  26.88 12.89 45% 0.63 0.03
Pulsing 6.85 65.62 28.87 27.81 13.55 46% 0.67 0.19
Rotating 10.00 54.65 2773  25.78 11.63 41% 0.56 -0.26
Split without repl. 1.46 59.46 26.06 23.44 11.65 44% 0.51 0.46
Static 4.73 51.62 2422 2196 12.08 49% 0.47 -0.73
Temporal 3.99 77.2 28.93  26.52 14.17 48% 1.08 2.24
Twisting 6.90 49.06 26.76  26.83 10.67 39% 0.18 -0.16
Underlining 6.68 53.47 26.11  26.98 10.95 41% 0.33 0.12

Table A.7: Descriptive analysis of the CoGNiTive-Loap value for all MENU-TYPE.

Menu Minimum Maximum Mean Median  Std. dev. Coeff. var. Skewness Kurtosis
Activation area 596.66 1522.59 799.98  696.22 226.82 28% 1.7 2.5
Blinking 499.95 1277.42 694.13  649.97 162.35 23% 1.7 32
Bolding 576.91 1681.81 810.30  766.56 234.01 29% 2.3 5.6
Boxing 485.30 1232.15 696.91 663.38 158.34 23% 2.5 1.5
Colored 392.59 1020.74 618.60  564.16 166.81 27% 1.2 0.82
Ephemeral 448.04 1416.50 669.15  602.04 189.79 28% 2.1 5.6
Glowing 451.48 1150.83 652.20  581.93 153.41 24% 1.2 1.2
Grayscaling 605.78 1477.32 810.01 773.22 177.44 22% 2.0 5.0
Highlighting 550.97 1883.38 748.00  661.58 241.66 32% 3.1 12.0
Italicizing 712.42 1940.24 968.47 884.56 262.60 27% 2.0 4.8
Leaf 676.55 1389.39 907.96  857.81 159.32 18% 1.1 0.87
Morphing 566.84 2368.10 786.24  661.02 328.90 42% 33 14.0
Out-of-context 474.20 1126.61 671.22  618.11 160.26 24% 1.1 0.97
Pulsing 544.78 1273.81 721.81 685.69 161.49 22% 1.9 3.9
Rotating 640.08 2692.02 893.53  778.55 346.83 39% 3.9 19.0
Split without repl. ~ 521.58 1251.92 730.05  661.05 190.00 26% 1.5 1.6
Static 491.89 1460.30 749.76  671.76 210.21 28% 1.8 33
Temporal 490.83 1653.98 74448  696.62 220.25 30% 2.5 7.8
Twisting 536.65 2003.14 693.98  641.83 231.96 33% 4.8 27.0
Underlining 566.98 2289.01 823.05 759.38 273.56 33% 4.1 22.0

Table A.8: Descriptive analysis of the CogNiTive-Loap DTW distance for all Menu-TYPE.
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Group 1 Group 2 Rank sum diff.  p-value Cohen’sd Glass’s A Interp.

Activation area  Colored 244.0 .0008*** 0.90 0.79 Large

” Italicizing —205.0 .0203* 0.68 0.74 Medium
Blinking Italicizing -322.0 <.0001*** 1.25 1.69 Large

? Leaf —-298.0 <.0001** 1.33 1.32 Large

? Rotating —228.0 .0031** 0.73 1.23 Medium
Bolding Colored 292.0 <.0001**** 0.93 0.81 Large

” Ephemeral 228.0 .0031** 0.66 0.60 Medium

” Glowing 219.0 .0066™ 0.80 0.69 Large

” Out-of-context 209.0 .0149* 0.69 0.59 Medium

? Twisting 195.0 .0434* 0.49 0.49 Small
Boxing Italicizing -307.0 <.0001™** 1.24 1.75 Large

” Leaf —283.0 <.0001*** 1.33 1.33 Large

? Rotating -213.0 .0108* 0.73 1.24 Medium
Colored Grayscaling -316.0 <.0001™ 1.10 1.14 Large

? Italicizing —449.0 <.0001**** 1.58 2.08 Large

” Leaf —425.0 <.0001** 1.77 1.73 Large

” Rotating -355.0 <.0001*** 1.01 1.64 Large

” Underlining -355.0 <.0001*** 0.90 1.22 Large
Ephemeral Grayscaling -252.0 0004 0.76 0.74 Medium

” Italicizing -385.0 <.0001** 1.30 1.57 Large

? Leaf -361.0 <.0001*** 1.36 1.25 Large

” Rotating -291.0 <.0001*** 0.80 1.18 large

? Underlining -232.0 .0022* 0.65 0.81 Medium
Glowing Grayscaling —243.0 .0008*** 0.95 1.03 Large

? Italicizing -376.0 <.0001**** 1.46 2.06 Large

? Leaf -352.0 <.0001**** 1.64 1.67 Large

? Rotating —282.0 <.0001*** 0.90 1.58 Large

” Underlining -223.0 .0048™ 0.77 1.11 Medium
Grayscaling Out-of-context 233.0 .0020** 0.86 0.82 Large

” Twisting 219.0 .0066™ 0.59 0.69 Medium
Highlighting Italicizing -271.0 <.0001*** 0.87 0.90 Large

? Leaf —247.0 <.0001*** 0.78 0.66 Medium
Italicizing Morphing 260.0 00027 0.61 0.69 Medium

? Out-of-context 366.0 <.0001*** 1.36 1.12 Large

? Pulsing 277.0 <.0001** 1.12 0.93 Large

? Split without repl. 273.0 <.0001**** 1.03 0.90 Large

” Static 271.0 <.0001**** 091 0.82 Large

” Temporal 259.0 00027 0.92 0.85 Large

” Twisting 352.0 <.0001** 1.14 1.04 Large
Leaf Morphing 236.0 .0016** 0.47 0.76 Small

? Out-of-context 342.0 <.0001*** 1.48 1.49 Large

? Pulsing 253.0 .0003** 1.16 1.17 Large

? Split without repl. 249.0 .0005** 1.01 1.12 Large

? Static 253.0 .0003** 0.84 0.99 Large

” Temporal 235.0 .0017** 0.85 1.03 Large

? Twisting 328.0 <.0001**** 1.07 1.34 Large
Out-of-context ~ Rotating -272.0 <.0001**** 1.10 1.39 Large

” Underlining -213.0 .0108* 0.75 0.95 Medium
Rotating Twisting 258.0 .0002*** 0.67 0.57 Medium
Twisting Underlining —199.0 .0322* 0.50 0.55 Medium

Table A.9: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between
Cocnitive-Loap DTW  distances of the various Menu-Type. Interpretation of Cohen’s d [90]: d>0.8=Large,
0.5<d<0.8=Medium, 0.2<d<0.5=Small.
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1517 Appendix A.2. ENGAGEMENT

Menu Minimum Maximum Mean Median Std. dev. Coeff. var. Skewness Kurtosis
Activation area 4.38 55.19 33.18  34.26 10.9 32% -0.33 0.098
Blinking 11.01 70.5 34.16  31.7 13.76 40% 0.98 0.92
Bolding 5.29 59.43 33.85 33.39 14.12 41% 0.053 -0.48
Boxing 9.18 72.44 3533  35.09 13.12 37% 0.43 0.63
Colored 8.12 60.97 3412 32.07 14.64 42% 0.16 -1.04
Ephemeral 11.32 58.86 33.91 36.16 10.97 32% -0.074 -0.47
Glowing 4.42 61.52 30.49  30.51 14.18 46% 0 -1
Grayscaling 4.92 60.45 32.31  30.04 12.41 38% 0.48 0.03
Highlighting 11.09 60.31 33.80 33.5 12.76 37% 0.16 -0.59
Italicizing 15.72 76.04 3576  33.64 12.34 34% 0.94 1.77
Leaf 7.62 60.91 3423 3394 11.67 34% 0.25 0.0069
Morphing 9.50 96.8 32.82  30.28 16.24 49% 2 5
Out-of-context 5.25 54.65 32.00 32.22 11.35 35% —-0.33 -0.036
Pulsing 10.37 50.73 30.76  30.67 9.99 32% 0.14 -0.56
Rotating 12.52 72.73 35.62 347 13.45 37% 0.62 0.28
Split without repl. 13.93 70.55 31.98  30.52 12.61 39% 0.75 0.88
Static 8.55 68.32 34.02  34.67 12.4 36% 0.0099 0.73
Temporal 7.17 54.11 33.04 3244 11.66 35% —-0.0005 -0.36
Twisting 9.74 75.85 34.08 33.32 12.38 36% 0.95 2.49
Underlining 8.48 57.6 3176 30.72 12.32 38% 0.05 -0.52

Table A.10: Descriptive analysis of the ENGAGEMENT value for all MENU-TYPE.

Menu Minimum  Maximum Mean Median  Std. dev. Coeff. var. Skewness Kurtosis
Activation area 567.66 1727.34 821.63  737.20 240.36 29% 2.1 4.6
Blinking 463.42 1135.45 667.80  626.38 135.14 20% 1.2 2.2
Bolding 569.45 1638.70 831.70  763.37 250.81 30% 1.8 3.0
Boxing 461.44 1066.13 641.07  600.67 136.96 21% 1.3 1.8
Colored 417.01 986.77 586.96  558.90 137.77 23% 1.2 1.3
Ephemeral 426.55 856.40 611.11 589.07 108.97 18% 0.27 -0.73
Glowing 446.35 1075.10 628.19  568.75 154.81 25% 1.3 1.3
Grayscaling 495.00 1608.62 720.22  635.77 230.18 32% 2.1 5.0
Highlighting 555.85 1723.18 77326  727.94 212.01 27% 2.7 9.8
Italicizing 661.74 2083.23 959.77 862.65 286.70 30% 2.6 7.3
Leaf 750.24 1488.74 976.27 899.46 203.18 21% 1.0 —-0.035
Morphing 584.86 2529.75 890.78  748.51 382.35 43% 2.7 8.5
Out-of-context 422.01 1167.27 610.03  554.00 154.56 25% 1.9 4.0
Pulsing 475.50 1046.17 65293  610.72 150.78 23% 1.1 0.56
Rotating 609.57 1963.44 843.28  760.01 269.95 32% 2.9 9.0
Split without repl. ~ 479.92 1609.15 695.82  643.30 246.82 35% 2.3 5.8
Static 508.11 1728.06 72798  654.56 254.99 35% 2.8 8.7
Temporal 448.84 1910.51 633.49  580.96 235.54 37% 43 23
Twisting 491.66 1785.27 658.39  603.70 209.21 32% 4.3 22
Underlining 568.15 2244.80 824.80  736.13 288.11 35% 3.5 15

Table A.11: Descriptive analysis of the ENcaceMent DTW distance for all MENU-TYPE.
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Group 1 Group 2 Rank sum diff. p-value Cohen’sd Glass’s A Interp.

Activation area  Blinking 195.0 .0434* 0.79 0.64 Medium

” Boxing 245.0 .0007*** 0.92 0.75 Large

” Colored 322.0 <.0001*** 1.20 0.97 Large

” Ephemeral 271.0 <.0001*** 1.13 0.87 Large

” Glowing 258.0 .0002"* 0.96 0.80 Large

” Out-of-context 289.0 <.0001*** 1.04 0.88 Large

” Split without repl. 201.0 .0277* 0.51 0.52 Medium

” Temporal 271.0 <.0001"** 0.79 0.78 Medium

” Twisting 227.0 .0034* 0.72 0.68 Medium
Blinking Bolding -207.0 .0174* 0.81 1.21 Large

” Italicizing -333.0 <.0001"** 1.30 2.16 Large

” Leaf -363.0 <.0001"** 1.78 2.28 Large

” Morphing -227.0 .0034** 0.77 1.65 Medium

” Rotating -249.0 0005 0.81 1.29 Large
Bolding Boxing 257.0 .0002** 0.94 0.76 Large

7 Colored 334.0 <.0001*** 1.20 0.97 Large

” Ephemeral 283.0 <.0001*** 1.14 0.88 Large

” Glowing 270.0 <.0001*** 0.97 0.81 Large

” Out-of-context 301.0 <.0001"** 1.06 0.88 Large

” Pulsing 249.0 .0005"* 0.86 0.71 Large

? Split without repl. 213.0 .0108* 0.54 0.54 Medium

” Temporal 289.0 <.0001™** 0.81 0.79 Large

” Twisting 239.0 .0012** 0.75 0.69 Medium
Boxing Highlighting -210.0 <.0001"** 0.73 0.96 Medium

” Italicizing —-383.0 <.0001"** 1.41 2.32 Large

” Leaf —413.0 <.0001"** 1.93 2.44 Large

” Morphing -277.0 <.0001"** 0.87 1.82 Large

” Rotating -299.0 <.0001*** 0.94 1.47 Large

” Underlining -239.0 .0012** 0.81 1.34 Large
Colored Highlighting —-287.0 <.0001*** 1.03 1.34 Large

” Italicizing —460.0 <.0001*** 1.65 2.70 Large

? Leaf —490.0 <.0001*** 2.24 2.81 Large

? Morphing —-354.0 <.0001"** 1.05 2.20 Large

” Rotating —-376.0 <.0001™* 1.19 1.85 Large

” Underlining -316.0 <.0001*** 1.05 1.72 Large
Ephemeral Highlighting —-236.0 .0016™" 0.96 1.48 Large

” Italicizing —409.0 <.0001"** 1.60 3.20 Large

” Leaf —439.0 <.0001"** 2.24 3.34 Large

” Morphing -303.0 <.0001"** 0.99 2.56 Large

” Rotating -325.0 <.0001"** 1.26 2.12 Large

” Underlining —-265.0 .0001** 0.98 1.96 Large
Glowing Highlighting -223.0 .0048"* 0.78 0.93 Medium

7 Ttalicizing -396.0 <.0001*** 1.43 2.14 Large

” Leaf —426.0 <.0001*** 1.92 2.24 Large

? Morphing —-290.0 <.0001"** 0.90 1.69 Large

” Rotating -312.0 <.0001"** 0.97 1.38 Large

” Underlining -252.0 0004+ 0.85 1.27 Large

Table A.12: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences be-
tween Encagement DTW distances of the various Menu-Type. Interpretation of Cohen’s d [90]: d>0.8=Large,
0.5<d<0.8=Medium, 0.2<d<0.5=Small. (Part 1/2)
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Group 1 Group 2 Rank sum diff. p-value  Cohen’sd Glass’s A Interp.
Grayscaling Italicizing -285.0 <.0001™** 0.92 1.04 Large

” Leaf -315.0 <.0001*** 1.18 1.11 Large

” Rotating -201.0 .0277* 0.49 0.53 Small
Highlighting Leaf -203.0 .0237* 0.97 0.95 Large

” Out-of-context 254.0 .0003** 0.87 0.76 Large

” Pulsing 202.0 .0256* 0.65 0.56 Medium

” Temporal 242.0 .0009* 0.62 0.66 Medium
Italicizing Out-of-context 427.0 <.0001"** 1.51 1.21 Large

7 Pulsing 375.0 <.0001*** 1.33 1.06 Large

” Split without repl. 339.0 <.0001** 0.98 091 Large

” Static 272.0 <.0001"** 0.85 0.80 Large

. Temporal 415.0 <.0001™** 1.24 1.13 Large

” Twisting 365.0 <.0001"** 1.20 1.05 Large
Leaf Out-of-context 457.0 <.0001™** 2.02 1.80 Large

v Pulsing 405.0 <.0001*** 1.80 1.59 Large

” Split without repl. 369.0 <.0001*** 1.23 1.37 Large

” Static 302.0 <.0001"** 1.07 1.22 Large

. Temporal 445.0 <.0001*** 1.55 1.68 Large

” Twisting 395.0 <.0001"** 1.54 1.56 Large
Morphing Out-of-context 321.0 <.0001"** 0.96 0.73 Large

. Pulsing 269.0 <.0001*** 0.81 0.62 Large

” Split without repl. 233.0 .0020™* 0.60 0.51 Medium

” Temporal 309.0 <.0001"** 0.81 0.67 Large

” Twisting 259.0 .0002* 0.75 0.60 Medium
Out-of-context Rotating -343.0 <.0001™** 1.05 1.50 Large

” Underlining —283.0 <.0001"** 0.92 1.38 Large
Pulsing Rotating -291.0 <.0001*** 0.86 1.25 Large

” Underlining -231.0 0024 0.74 1.13 Medium
Rotating Split without repl. 255.0 .0003*** 0.56 0.54 Medium

” Temporal 331.0 <.0001*** 0.82 0.77 Large

” Twisting 281.0 <.0001"** 0.76 0.68 Medium
Split without repl. ~ Underlining -195.0 .0434* 0.48 0.52 Small
Temporal Underlining -271.0 <.0001*** 0.72 0.81 Medium
Twisting Underlining -221.0 .0056** 0.66 0.79 Medium

Table A.13:

tween ENGaGeMEnT DTW distances of the various MeNu-TYPE.

Dunn’s pair-wise comparison test with multiplicity adjusted p-value:

0.5<d<0.8=Medium, 0.2<d<0.5=Small. (Part 2/2)

Appendix A.3. ATTRACTION
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Menu Minimum Maximum  Mean Median  Std. dev. Coeff. var.  Skewness Kurtosis
Activation area -38.81 46 -3.40 -3.46 20.14 591% 0.37 -0.062
Blinking —48.82 61.34 -4.87 -8.77 24.69 506% 0.57 0.033
Bolding -51.94 66.4 0.868 0.585 26.88 3095% 0.61 0.38
Boxing -53.62 59.43 -5.85 -7.92 26.15 446% 0.50 0.024
Colored -66.71 76.25 4.16 2.23 31.18 749% 0.012 -0.28
Ephemeral =71.77 61.39 2.02 5.97 29.38 1451% -0.61 0.32
Glowing -37.16 58.86 1.50 -0.17 23.54 1564% 0.37 -0.68
Grayscaling —46.08 65.12 1.59 2.68 26.86 1682% 0.22 -0.26
Highlighting -40.77 56.15 3.67 0.29 27.13 737% 0.29 -0.63
Italicizing —44.78 69.28 1.20 —-1.80 23.19 1921% 0.62 1.13
Leaf -41.83 68.94 3.75 -3.29 24.52 653% 0.73 0.44
Morphing -55.97 56.22 8.88 5.11 26.49 298% -0.0218  —-0.058
Out-of-context -59.15 73.32 -1.81 -2.66 28.17 1553% 0.31 0.24
Pulsing —-60.72 73.43 3.53 6.59 26.18 741% -0.209 0.82
Rotating —-61.16 64.15 0417 -2.68 25.86 6194% 0.399 1.05
Split without repl.  —52.8 84.95 -0.421 1.99 32.45 7703% 0.684 0.66
Static -52.55 51.87 -4.58 -0.083 25.35 553% -0.071 -0.46
Temporal -55.73 59.67 4.38 6.97 27.05 617% -0.061 -0.28
Twisting -59.16 83.93 -0.109 -0.21 28.15 25614% 0.44 1.15
Underlining —47.15 50.41 -2.71 -4.16 23.49 867% 0.27 -0.33
Table A.14: Descriptive analysis of the ArTracTION Vvalue for all MENU-TYPE.
Menu Minimum  Maximum Mean Median Std. dev.  Coeff. var. Skewness Kurtosis
Activation area 1224.18 3163.83 1727.61 1611.07 44275 26% 1.8 3.7
Blinking 881.52 2415.34 1310.54 1274.83 275.80 21% 1.8 53
Bolding 1034.34 334243 1530.28 1357.01 484.41 32% 2.3 5.6
Boxing 938.50 2433.97 1324.78 1248.84 323.64 24% 1.8 4.0
Colored 946.54 2402.07 1414.33 1329.55 328.16 23% 1.2 14
Ephemeral 1098.95 2272.67 1420.92 1395.02 255.53 18% 1.6 33
Glowing 959.53 2406.51 1276.95 1190.73 322.20 25% 2.1 4.7
Grayscaling 1012.25 3408.58 1552.75 1450.14 443.01 29% 2.5 5.9
Highlighting 1138.34 2676.80 1498.42 1417.66 355.95 24% 2.0 44
Italicizing 1386.74 3773.39 1914.22 1794.06 505.89 26% 24 6.9
Leaf 1553.64 4651.44 211391 1945.14 557.03 26% 2.8 11.0
Morphing 1223.55 5310.85 1712.95 1574.82 652.45 38% 4.5 25.0
Out-of-context 976.55 2605.88 1457.71 1309.54 388.29 27% 1.5 2.1
Pulsing 1123.10 2520.73 1470.62 1398.27 304.74 25% 1.5 2.8
Rotating 1267.68 3965.37 1724.55 1591.24 484.06 28% 29 11.0
Split without repl.  1142.74 3318.66 1655.05 1497.84 459.64 28% 1.8 3.6
Static 1143.57 3046.27 1519.40 1424.20 434.48 29% 2.3 54
Temporal 991.84 3013.82 1354.62 1271.14 375.12 28% 3.0 11
Twisting 1051.52 3304.44 1498.46 1373.13 451.52 30% 2.5 73
Underlining 1173.02 4857.58 1657.14 1549.97 599.33 36% 4.2 21.0

Table A.15: Descriptive analysis of the Artraction DTW distance for all MENU-TYPE.

Appendix A.4. MEMORIZATION
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Group 1 Group 2 Rank sum diff.  p-value Cohen’sd Glass’s A Interp.

Activation area  Blinking 298.0 <.0001™** 1.12 0.94 Large

” Boxing 299.0 <.0001**** 1.03 0.91 Large

” Colored 245.0 .0007** 0.80 0.71 Large

” Ephemeral 194.0 .046" 0.84 0.69 Large

” Glowing 339.0 <.0001** 1.16 1.01 Large

” Out-of-context 2100 .013* 0.64 0.60 Medium

” Temporal 291.0 <.0001"** 0.90 0.84 Large
Blinking Italicizing -401.0  <.0001"** 1.47 2.18 Large

” Leaf -472.0  <.0001"** 1.82 2.90 Large

” Morphing -255.0 .0003*** 0.80 1.45 Large

” Rotating -296.0  <.0001™** 1.05 1.50 Large

” Split without repl. -242.0 .0009*** 0.90 1.24 Large

” Underlining -241.0 .0010*** 0.74 1.25 Medium
Bolding Ttalicizing -280.0  <.0001"** 0.77 0.79 Medium

” Leaf -351.0  <.0001**** 1.12 1.20 Large
Boxing Italicizing -402.0 <.0001™** 1.38 1.81 Large

” Leaf -473.0  <.0001"** 1.73 2.43 Large

” Morphing -256.0 .0002** 0.75 1.19 Medium

” Rotating -297.0  <.0001"** 0.97 1.23 Large

” Split without repl. -243.0 .0008*** 0.82 1.01 Large

” Underlining -242.0 .0009*** 0.69 1.02 Medium
Colored Italicizing -348.0 <.0001"** 1.17 1.52 Large

” Leaf -419.0  <.0001*** 1.53 2.13 Large

” Morphing -202.0 .0256* 0.58 0.91 Medium

” Rotating -243.0 .0008*** 0.75 0.94 Medium
Ephemeral Italicizing -297.0  <.0001*** 1.22 1.93 Large

” Leaf -368.0  <.0001"** 1.59 2.70 Large
Glowing Grayscaling -220.0 .0061** 0.71 0.85 Medium

” Italicizing -442.0  <.0001"** 1.50 1.97 Large

” Leaf -513.0  <.0001"** 1.83 2.59 Large

” Morphing -296.0  <.0001"** 0.84 1.35 Large

” Rotating -337.0  <.0001"** 1.08 1.39 Large

” Split without repl. -283.0  <.0001"** 0.95 1.17 Large

” Underlining -282.0 <.0001"** 0.79 1.18 Medium

Table A.16: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between ATTRAC-
TIoN DTW distances of the various MeNu-TypE. Interpretation of Cohen’s d [90]: d>0.8=Large, 0.5<d<0.8=Medium,
0.2<d<0.5=Small, d<0.2=Very small. (Part 1/2)

120  Appendix A.5. COMPLETION-TIME
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Group 1 Group 2 Rank sum diff.  p-value Cohen’sd Glass’s A Interp.

Grayscaling Italicizing -222.0 .0052** 0.75 0.81 Medium
” Leaf -293.0  <.0001"*** 1.11 1.26 Large
Highlighting Italicizing -251.0 .0004™* 0.95 1.16 Large
. Leaf -322.0  <.0001*** 1.31 1.73 Large
Italicizing Out-of-context 313.0 <.0001*** 1.01 0.90 Large
” Pulsing 273.0 <.0001"** 1.06 0.87 Large
Static 258.0 .0002** 0.83 0.78 Large
7 Temporal 394.0 <.0001™** 1.25 1.10 Large
” Twisting 277.0  <.0001"** 0.86 0.82 Large
Leaf Morphing 217.0 .0078** 0.66 0.71 Medium
” Out-of-context 384.0 <.0001"** 1.36 1.17 Large
” Pulsing 3440 <.0001*** 1.43 1.15 Large
Split without repl. 230.0 .0026™ 0.89 0.82 Large
. Static 329.0 <.0001"** 1.19 1.06 Large
” Temporal 465.0 <.0001*** 1.59 1.36 Large
v Twisting 348.0 <.0001"** 1.21 1.10 Large
” Underlining 231.0  0.0024xx 0.83 0.82 Large
Morphing Temporal 248.0 .0005** 0.67 0.54 Medium
Out-of-context Rotating -208.0 .0161" 0.60 0.68 Large
Rotating Temporal 289.0 <.0001™** 0.85 0.76 Medium
Split without repl. ~ Temporal 235.0 .0017* 0.71 0.65 Medium
Temporal Underlining -234.0 .0019* 0.65 0.80 Medium

Table A.17: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between ArTrAC-
TIoN DTW distances of the various MeNu-TypE. Interpretation of Cohen’s d [90]: d>0.8=Large, 0.5<d<0.8=Medium,
0.2<d<0.5=Small, d<0.2=Very small.(Part 2/2)

Menu Minimum Maximum Mean Median Std. dev. Coeff. var. Skewness Kurtosis
Activation area 2.3 44 24 24 11 46% 0.09 —0.82
Blinking 3.8 66 22 22 12 55% 1.3 3.6
Bolding 2.1 47 24 26 9.6 39% -0.37 0.23
Boxing 6.1 53 23 18 13 58% 0.84 -0.37
Colored 29 83 23 20 16 68% 1.6 4.4
Ephemeral 2.7 62 21 22 11 52% 1 3.1
Glowing 4 66 26 23 14 54% 0.92 0.68
Grayscaling 4.9 61 26 25 11 43% 0.79 1.4
Highlighting 32 49 24 22 10 43% 0.26 -0.059
Italicizing 11 54 24 23 9.1 38% 1.1 1.8
Leaf 11 64 30 28 13 44% 0.84 0.016
Morphing 3 62 23 20 13 57% 0.78 0.85
Out-of-context 42 77 27 23 14 53% 1.1 2.3
Pulsing 5 56 24 24 11 44% 0.66 0.94
Rotating 54 51 23 22 11 46% 0.66 -0.32
Split without repl. 1.3 59 23 22 12 54% 1 2
Static 3.6 45 20 20 9.8 49% 0.55 0.15
Temporal 3.8 53 25 23 13 50% 0.48 -0.63
Twisting 5.7 49 24 24 10 44% 0.51 0.17
Underlining 4.5 41 24 25 9.4 40% -0.02 -0.78

Table A.18: Descriptive analysis of the MEmorizatioN value for all MENu-TYPE.
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Menu Minimum Maximum Mean Median  Std. dev. Coeff. var. Skewness Kurtosis

Activation area 561.48 1680.57 755.66 650.63 248.80 33% 24 6.3
Blinking 411.89 1167.71 619.97 548.95 170.67 28% 1.7 2.7
Bolding 497.37 1479.91 737.56 676.74 205.82 28% 1.9 4.0
Boxing 478.88 1316.57 654.96 610.48 162.29 25% 22 6.7
Colored 471.96 1379.12 665.48 594.24 200.27 30% 1.8 3.6
Ephemeral 434.37 1130.56 622.91 574.15 166.89 25% 1.5 2.0
Glowing 479.78 1098.80 658.17 617.63 159.72 24% 1.1 0.78
Grayscaling 539.90 1573.49 809.51 769.74 192.08 24% 2.0 5.8
Highlighting 483.57 1798.96 681.69 598.19 243.23 36% 29 11
Italicizing 605.27 1778.64 854.97 796.69 251.11 29% 2.6 7.8
Leaf 785.55 1623.86 1023.88 981.05 194.14 19% 1.5 2.4
Morphing 558.82 2208.74 791.34 706.72 302.04 38% 3.1 12
Out-of-context 485.26 1288.93 685.73 651.35 162.26 24% 2.3 6.5
Pulsing 471.11 1326.10 660.26 561.24 197.21 30% 1.9 32
Rotating 575.40 2529.84 824.35 709.98 340.89 41% 3.6 16
Split without repl. ~ 481.58 1471.51 713.84 657.90 232.18 33% 1.8 3.0
Static 461.36 1377.32 626.55 570.26 193.49 31% 2.6 7.4
Temporal 521.89 1194.05 691.84 663.07 137.41 20% 1.5 3.4
Twisting 464.09 1952.79 646.06 598.44 245.85 38% 4.3 21
Underlining 542.29 2314.29 777.22 724.28 292.09 38% 4.0 20

Table A.19: Descriptive analysis of the Memorizarion DTW distance for all MENU-TYPE.

Group1 Group2 Ranksumdiff. p-value Cohen’sd Glass’sA Interp.
Leaf Static 220.0 .0061" 0.14 0.76 Very small

Table A.20: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between MEm-
ORIZATION values of the various MeNu-TypE. Interpretation of Cohen’s d [90]: d<0.2=Very small.
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Group 1 Group 2 Rank sum diff.  p-value Cohen’sd Glass’s A Interp.

Activation area  Blinking 234.0 .0019* 0.63 0.54 Medium

” Ephemeral 216.0 .0085* 0.62 0.53 Medium

” Leaf -254.0 .0003** 1.20 1.07 Large

” Static 225.0 .0040** 0.57 0.51 Medium
Blinking Bolding -214.0 .0100** 0.62 0.69 Medium

” Grayscaling -321.0  <.0001**** 1.04 1.11 Medium

” Italicizing -359.0  <.0001**** 1.09 1.37 Large

” Leaf -488.0  <.0001**** 2.20 2.36 Large

” Morphing -241.0 .0010" 0.69 1.00 Medium

” Rotating -297.0  <.0001"*** 0.75 1.19 Medium

” Underlining -259.0 .0002** 0.65 0.91 Medium
Bolding Ephemeral 196.0 .0403* 0.61 0.55 Medium

” Leaf -274.0  <.0001**** 1.42 1.38 Large

” Static 205.0 .0203* 0.55 0.53 Medium
Boxing Grayscaling -218.0 .0072* 0.87 0.95 Large

” Italicizing -256.0 .0002** 0.94 1.23 Large

” Leaf -385.0 <.0001"*** 2.06 227 Large

” Rotating -194.0 .0468" 0.63 1.04 Medium
Colored Grayscaling -238.0 .0013** 0.73 0.72 Medium

” Italicizing -276.0  <.0001**** 0.83 0.95 Large

” Leaf -405.0 <.0001**** 1.82 1.79 Large

” Rotating -214.0 .0100™* 0.56 0.79 Medium
Ephemeral Grayscaling -303.0 <.0001"** 1.03 1.11 Large

” Italicizing -341.0  <.0001"*** 0.93 1.23 Large

” Leaf -470.0 <.0001"*** 2.05 228 Large

” Morphing -223.0 .0048** 0.55 0.83 Medium

” Rotating -279.0  <.0001**** 0.62 1.03 Medium

” Underlining -241.0 .0010"* 0.50 0.74 Medium
Glowing Grayscaling -230.0 .0026"* 0.86 0.95 Large

” Italicizing -268.0 <.0001**** 0.93 1.23 Large

” Leaf -397.0  <.0001"*** 2.05 2.28 Large

” Morphing -296.0  <.0001"*** 0.55 0.83 Large

” Rotating -206.0 .0188" 0.62 1.03 Medium

Table A.21: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between Memo-
rizatioN DTW distances of the various Menu-TypE. Interpretation of Cohen’s d [90]]: d>0.8=Large, 0.5<d<0.8=Medium,
0.2<d<0.5=Small, d<0.2=Very small. (Part 1/2)
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Group 1 Group 2 Rank sum diff.  p-value Cohen’sd Glass’s A Interp.

Grayscaling ~ Highlighting 214.0 .0100** 0.58 0.66 Medium

” Pulsing 239.0 .0012** 0.77 0.78 Medium

” Static 3120 <.0001*** 0.95 0.95 Large

” Twisting 275.0 <.0001**** 0.74 0.85 Medium
Highlighting Italicizing -252.0 .0004"* 0.70 0.71 Medium

” Leaf -381.0 <.0001** 1.55 1.40 Large
Italicizing Out-of-context 210.0 .0137* 0.80 0.67 Large

” Pulsing 277.0 <.0001*** 0.86 0.77 Large

” Split without repl. 200.0 .0298* 0.58 0.56 Medium

” Static 350.0 <.0001*** 1.01 0.90 Large

” Temporal 199.0 .0322* 0.80 0.64 Large

” Twisting 313.0 <.0001*** 0.84 0.83 Large
Leaf Morphing 247.0 .0006™* 0.91 1.20 Large

” Out-of-context 339.0 <.00017** 1.89 1.74 Large

” Pulsing 406.0 <.0001** 1.86 1.87 Large

” Split without repl. 329.0 <.0001™** 1.44 1.59 Large

” Static 479.0 <.0001** 2.05 2.04 Large

” Temporal 328.0 <.0001"** 1.97 1.71 Large

” Twisting 442.0 <.0001*** 1.70 1.94 Large

” Underlining 231.0  0.0029#x 0.99 1.27 Large
Morphing Static 232.0 .0022* 0.64 0.54 Medium

” Twisting 195.0 .0434* 0.52 0.48 Medium
Pulsing Rotating -215.0 .0092* 0.58 0.83 Medium
Rotating Static 289.0 <.0001™** 0.71 0.57 Medium

” Twisting 251.0 .0004*** 0.59 0.52 Medium
Static Underlining -250.0 .0004*** 0.60 0.77 Medium
Temporal Underlining -213.0 .0108* 0.37 0.62 Small

Table A.22: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between Memo-
RrizatioN DTW distances of the various Menu-TypE. Interpretation of Cohen’s d [90]]: d>0.8=Large, 0.5<d<0.8=Medium,
0.2<d<0.5=Small, d<0.2=Very small. (Part 2/2)

Menu Minimum Maximum Mean Median Std. dev.  Coeff. var. Skewness Kurtosis
Activation area 1926 24094 6626 4189 5330 80% 1.9 33
Blinking 1340 9183 3432 2954 1709 50% 2.6 1.5
Bolding 1336 26813 5211 2738 6168 118% 2.5 5.5
Boxing 1614 9816 3697 2834 1919 52% 1.5 2.0
Colored 1149 11196 3115 2443 2041 66% 24 6.5
Ephemeral 1254 11934 3336 2498 2087 63% 22 6.3
Glowing 1402 10023 3114 2484 2015 65% 22 45
Grayscaling 1512 29484 4883 3093 5323 109% 34 13
Highlighting 1754 29 695 4736 3533 4578 97% 4.5 23
italicizing 1699 34496 8219 6531 7393 90% 2.3 5.8
Leaf 2199 31786 10387 8195 6447 62% 1.3 1.9
Morphing 1254 50765 5612 3570 8151 145% 4.7 25
Out-of-context 1696 18473 3791 2914 3046 80% 3.6 15
Pulsing 1656 13484 4648 3500 3222 69% 1.8 2.3
Rotating 1941 44281 6519 4088 7658 117% 3.7 16
Split without repl. 1063 22789 4334 2484 4603 106% 2.6 7.0
Static 1430 24 606 4807 3125 5090 106% 3.1 10
Temporal 1426 25312 3895 2873 3907 100% 4.6 24
Twisting 2273 27289 4534 3476 3977 88% 5.1 29
Underlining 1730 45539 5948 3802 7267 122% 44 23

Table A.23: Descriptive analysis of the CompLETION-TIME for all MENU-TYPE.
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Group 1 Group 2 Rank sum diff.  p-value Cohen’sd Glass’s A Interp.

Activation area  Blinking 246.0 .0007** 0.80 0.59 Large

” Bolding 244.0 .0008*** 0.24 0.26 Small

? Boxing 198.0 .0360* 0.73 0.54 Medium

” Colored 338.0 <.0001*** 0.86 0.65 Large

” Ephemeral 263.0 .0001** 0.81 0.61 Large

? Glowing 329.0 .0003*** 0.87 0.65 Large

? Out-of-context 211.0 .0132* 0.65 0.53 Medium

” Split without repl. 264.0 .0001*** 0.46 0.43 Small

? Static 203.0 .0237** 0.34 0.34 Small

” Temporal 228.0 .0033* 0.58 0.51 Medium
Blinking Italicizing -291.0 <.0001*** 0.89 2.80 Large

? Leaf -386.0 <.0001**** 1.47 4.06 Large

” Rotating -205.0 .0203* 0.55 1.80 Medium
Bolding Italicizing -289.0 <.0001**** 0.44 0.48 Small

? Leaf -384.0 <.0001**** 0.82 0.83 Large

” Rotating -203.0 .0237* 0.18 0.21 Very small
Boxing Italicizing -243.0 .0008*** 0.83 2.35 Large

? Leaf -338.0 <.0001**** 1.40 3.48 Large
Colored Highlighting -218.0 .0072* 0.45 0.79 Small

” Italicizing -383.0 <.0001**** 0.94 2.50 Large

” Leaf -478.0  <.0001"*** 1.52 3.56 Large

” Rotating -297.0 <.0001**** 0.60 1.66 Medium

” Twisting -258.0 .0002** 0.44 0.69 Small

” Underlining -257.0 .0002** 0.53 1.38 Medium
Ephemeral Italicizing -308.0 <.0001**** 0.89 2.33 Large

? Leaf -403.0 <.0001**** 1.47 3.37 Large

” Rotating -222.0 .0052* 0.56 1.52 Medium
Glowing Highlighting -210.0 .0143* 0.45 0.80 Small

? Italicizing -375.0  <.0001**** 0.94 2.53 Large

” Leaf -470.0  <.0001**** 1.52 3.60 Large

” Rotating -289.0 <.0001**** 0.60 1.68 Large

? Twisting -250.0 .0005** 0.45 0.70 Small

” Underlining -248.0 .0005** 0.53 1.40 Medium
Grayscaling Italicizing -220.0 .0061* 0.51 0.62 Medium

? Leaf -315.0 <.0001**** 0.93 1.03 Large
Highlighting Leaf -260.0 .0002*** 1.01 1.23 Large
Italicizing Morphing 217.0 .0078*" 0.33 0.35 Small

” Out-of-context 256.0 .0002*** 0.78 0.59 Medium

” Pulsing 195.0 .0434* 0.62 0.48 Medium

? Split without repl. 309.0 <.0001"** 0.63 0.52 Medium

? Static 249.0 .0005*** 0.53 0.46 Medium

” Temporal 273.0 <.0001*** 0.73 0.58 Medium
Leaf Morphing 312.0 <.0001*** 0.64 0.74 Medium

” Out-of-context 351.0 <.0001*** 1.30 1.02 Large

” Pulsing 290.0 <.0001"*** 1.12 0.89 Large

” Split without repl. 404.0 <.0001** 1.08 0.93 Large

” Static 344.0 <.0001"* 0.96 0.86 Large

” Temporal 368.0 <.0001*** 1.21 1.00 Large

? Twisting 220.0 .0061* 1.09 0.90 Large

” Underlining 222.0 .0054* 0.64 0.68 Medium
Rotating Split without repl. 223.0 .0048*" 0.34 0.28 Medium

Table A.24: Dunn’s pair-wise comparison test with multiplicity adjusted p-value: significant differences between
CompLETION-TIME of the various MENU-TYpE. Interpretation of Cohen’s d [90]: d>0.8=Large, 0.5<d<0.8=Medium,
0.2<d<0.5=Small, d<0.2=Very small.
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