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Abstract

Over-plotting and screen size are issues that challenge tindriate data visualization,
even on large displays. Large datasets make scrolling thghudata tedious, and pose
di culties in isolating data points. Multivariate dataset s can require displaying mul-
tiple graphs, which incurs cognitive load for the user wheroatext switching between
graphs. A hybrid tablet + augmented reality(AR) interface can visualize large data in
AR beyond the boundaries of the conventional screen, which ynpermit e ective mul-
tivariate data visualization. In this research | designedrad evaluated a hybrid tablet
and head-worn AR interface to visualize multivariate Braincomputer Interface(BClI)
time-series data. | explored two techniques for combining fzead-worn AR display
with a tablet display for information visualization: rendeing 2D AR content in layers
above the tablet display, and rendering 2D AR content aroundral on the same visual
plane as the tablet display. | conducted a controlled withirsubjects experiment to
comparatively evaluate the above display and around displéAR interfaces against a
tablet-only interface. In the above-display experiment, mitivariate time-series data
is presented in four AR layers above the display. In the aroundisplay experiment a
long duration time series extends beyond the edges of themas. | collected task ac-
curacy and time to complete tasks as primary measures. Sestitictured interviews,
self-reported usability and task load scores, and custom egtionnaire responses are
collected for interface feedback. Above display AR yieldedgsii cantly higher task
accuracy but more time taken for task completion than the talet only interface when
looking through the four horizontal AR layers in a standing psition. Around display
AR yielded signi cantly higher task accuracy than the tabletonly interface and sim-
ilar time taken to complete tasks. Still, participants expessed numerous reservations
about the hybrid setup, including higher task load and loweperceived usability vs.
the tablet only con guration.
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Chapter 1

Introduction

For visualizing longer duration and multivariate time serés data, conventional dis-
plays such as tablets, personal computers and large inteti#ge displays have limita-
tions due to screen size, portability and over-plotting [48 For visualizing such data,
a hybrid interface that combines conventional display andummented reality can be
leveraged. In such displays, a user can perceive large antsusf data without such
limitations. In our research, we designed tablet + AR with lagring and focus+context
techniques to address data congestion due to screen size. iliplemented layering
and focus+context techniques in two separate interfaces ltd above display visual-
ization of data (AbVD) and around display visualization of datg ArvD) . In AbVD

interface, AR content is presented in four horizontal layerabove the tablet display.
In ArVD, the AR content extends the visualization on the tablet fom close to the

edges of the display.

There are di erent types of displays for presenting data sicas laptops, tablets
and phones, split screen displays, large screen displaysl aaurved screen displays;
though not all displays is suitable for every type of data psentation. These conven-
tional displays with limited screen size could impact certa types of data visualization
[1] such as poor visibility or interpretation of plots when gb-trends are overlapped.
Such limitations cannot be overcome using larger screensedio portability [4]. The
bene ts of focus+context and overview+detail displays in ARproved to be e ective
to support data visualization and overcome the di culty of screen size. Also, AR can
extend the data visualization by presenting additional caent of the visualization
beyond the physical screens [1].

In earlier research, data visualization using Tablet and aymented reality is demon-
strated by Langner et al.[1] and Reipschlager et al. [3]. MARS [1] and DesignAR

1
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[3] demonstrated the extension of visualization beyond thablet screen through AR
and manipulating the AR contents from the tablet. Langner et & [1] and Reip-
schiager et al. [3] have not explored the bene ts of a tablefAR interface through an
experiment of comparing tablet+AR with a tablet only interface. Such a comparative
evaluation could have revealed the bene ts and limitation®f visualizing multivari-
ate data in a tablet+AR interface. In this research we improwed by exploring the
bene ts of tablet+AR through a controlled within-participa nts study against tablet
only interface.

We visualized Brain Computer Interface (BCI) time-series ata in AbVD and
ArVD. Finding salient data points from multiple related time-series data and from
time-series data recorded for a longer duration are our usases for AbVD and ArVD,
respectively. In data comprehension context, when time+ses data is visualized for a
longer duration, it will be challenging to isolate data poits in a single screen. If the
content is zoomed, users have to swipe multiple times to ngate through the data.
Use of focus+context view in ArVD leverages in nite screen spacto present large
data without screen size limitation. Also, when multiple owdaid time-series graphs
are viewed in a single screen, there is a challenge to isolatdient data points due
to graphs overlapping with each other. Use of layering in AbVD t@resent multi-
ple related time-series plots provides better visibilityhat would otherwise be di cult
when those plots are overlaid on each other in physical scneéur interface supports
perceiving complex BCI data (longer duration valence and ausal data up to 7000
epochs) and multiple time-series data that represents faaes involved in calculation
of valence and arousal. An epoch is a slice of EEG signal for aespc duration
representing time and frequency. Time-based epoching (Oapoch is equal to 0.625
ms) is used in BCI to create slices of signals over a period ohe that is large enough
to process the signals.

In our research, we evaluated our interfaces by comparingetm with tablet only
interface for similar tasks in two controlled within-participants experiments. Tablets
have toggling, zooming and panning features to analyze la&@nd multiple data visu-
alizations. A comparative evaluation of interfaces helpeds to nd answers if ArvVD
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enhances comprehension of long-duration time series plofsBCI data, compared to
zooming and panning on a tablet. A similar comparative evaation helped us to nd

whether AbVD enhances comprehension of individual time sesiglots of BCI data
presented on separate horizontal layers in AR and shows thdatonship with each
other, compared to presenting them all on a tablet display. Arough our experiments,
we are also able to point out strengths and limitations of AbVD ad ArVD in terms

of system usability, cognitive load and user experience.

In my thesis | explore two research questions. The rst resezh question(RQ1)
that is connected to AbVD is: Can presenting individual time series plots of
BCI data on separate horizontal layers in AR enhance comprehension of
each plot and of how they are related to each other, compared to present -
ing them all on a tablet display? . Data comprehension in specic context to
AbVD means how participant interpret the features involved incalculating valence
and arousal data by nding salient data points in each featwe presented in layers
and comparing the values of the data points i.e valence andoarsal, the alpha/beta
frequencies of F3 and F4 presented as layers in AbVD interface.

In a controlled study we test a hypothesis (HA), which is a moreanstrained and
testable form of RQL1.

HA1l) Placing time-series data in AR layers above a display leads taster ac-
quisition of salient data points when the data is oversample when compared to
presenting all layers on a single physical display. and

HA2) Placing time-series data in AR layers above a display leadsnwore accurate
selection of salient data points when the data is oversamplewhen compared to
presenting all layers on a single physical display.

For our testable hypotheses HA1l and HA2, the respective null hypgeses are
as follows: HOA1) Placing time-series data in AR layers above a display does not
lead to faster acquisition of salient data points when the da is oversampled, when
compared to presenting all layers on a single physical diggl and HOA2) Placing
time-series data in AR layers above a display does not lead tane accurate selection
of salient data points when the data is oversampled, when cpared to presenting all



layers on a single physical display.

The second research questidiiRQ2) that is connected to ArVD is: Can extend-
ing the boundaries of the tablet screen using AR enhance comprehension
of long-duration time series plots of BCI data, compared to zooming and
panning on a tablet? . In ArVD, data comprehension means to interpret salient
data points i.e valence and arousal values presented as agenduration time-series
data(i.e 0-7000 epochs/5.5 minutes) in focus+context view

Our related hypothesis(HB) is a constrained form of RQ2:

HB1) Presenting long duration time series data in its entirety byextending a
tablet display using AR will permit faster identi cation of salient data points than
when using zoom and pan on a tablet display. and

HB2) Presenting long-duration time series plots of BCI data by e&nding a tablet
display using AR will permit more accurate identi cation of @lient data points than
when using zoom and pan on a tablet display.

For our testable hypotheses HB1 and HB2, the respective null pgtheses are as
follows: HOB1) Presenting long duration time series data in its entirety byxtending
a tablet display using AR will not permit faster identi cation of salient data points
than when using zoom and pan on a tablet display. anHOB2) Presenting long-
duration time series plots of BCI data by extending a tablet play using AR will
not permit more accurate identi cation of salient data poirs than when using zoom
and pan on a tablet display.

We measured task accuracy and time taken for testing HA and HBrf&RQ1 and
RQ2. Task accuracy and time taken are some of the measures $gstem usability
for a speci c task using two or more interfaces [4]. The usdity of AbVD and ArvVD
in identifying salient data points in AR layers and focus+cotext display can be in-
dicated by relevant measures such as accuracy and time takencomplete the task.
There are other measures for comprehension, which we disaain the limitations.
In our research, we are con dent in picking task accuracy anime taken as measures
for AbVD and ArVD.
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Our AbVD results indicated that in terms of accuracy (HA2) in locding salient
data points in layers, there is a signi cant di erence betwen AbVD and tablet only in-
terface favoring AbVD. Though time taken is signi cantly higher in AbVD than tablet
only interface thus not favoring (HA1). In ArVD, there is no signicant di erence in
terms of time taken favoring (HB1), although we found signi ant di erence in terms
of accuracy for nding salient data points in focus+contextview (HB2). Our research
ndings would bene t future research and development of hytid tablet+tAR HMD
interfaces and for people who work in neuroscience and othelds when analysing
BCI data.

Overall, our research on AbVD and ArVD contributed to the hybrid nterface re-
search speci cally by demonstrating the bene ts of using aytrid interface to present
complex BCI data. Our AbVD and ArVD interface added value to the inmersive
analytics eld, showing the use of immersive technologiesich as AR/VR/MR to
visualize and explore the data. Conventional interfaces &u as personal comput-
ers, tablets, large screen displays, and curved displayshgaresent a variety of data.
However, the performance comparison between the conventbrinterface and hy-
brid interface can lead to an indication of aspects where thieybrid interfaces can
perform better than tablets and also indicates their limitéions. Our within-subject
experiment compared AbVD and ArVD with the tablet-only interface to explore the
areas where the tablet+AR interface is bene cial for data vigalization and analy-
sis. Through our study, we gained insights into participar# experience using the
tablet+AR interface and their behavior for di erent tasks, such as tasks involving
di erent head orientations and resting positions. Our resach also indicated aspects
of future improvements for the tablet+AR interface for BCI dda.

My thesis chapters describe the background work and motivanh behind tablet+AR
research. The system overview chapter presents the desigrtidions, motivation from
earlier work, the prototyping stage, and knowledge gathedefrom our pilot studies.
The evaluation section describes our controlled-withinubjects study that compared
AbVD and ArVD interfaces with the tablet. The data analysis chaper illustrates
the qualitative and quantitative data analysis and answers our hypotheses HA and
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HB. The conclusion and discussion chapter portray the ressland knowledge gained
from this research and its relevance to earlier works.



Chapter 2

Research background

The primary focus of our work is on three areas, augmented kg brain computer in-
terface (BCI), and hybrid interfaces. Our work is also relad to immersive analytics,
speci cally information visualization in augmented realy. In brain computer inter-
face, we process EEG signals and visualize in handheld iiéee such as tablet+AR
interface. Some of the prior research related to this areaeapresented in following
sections.

2.1 Augmented reality

Augmented reality is the method of superimposing graphicalaments in our view of
the real world. Augmented reality is used in general indust applications such as
data visualization, manual assembly of circuits, and traing (e.g., [24, 26]). AR is
also useful in the entertainment industry, such as sportsiféraining and performance
monitoring of athletes (e.g.,[27]). AR us also used in advésement, and marketing
areas (e.g.,[27]). Augmented reality evolved over decades presenting contextual
information to the user in the real world. Tatham et al. [16] @monstrated a system
that superimposed graphical elements in the real world. Theots of head-mounted
displays(HMDs) can be traced back atleast to late 1968 when tBerland et al. [14]
demonstrated the use of head-mounted displays to project 3Dages. Earlier research
by Caudell et al. [15] illustrates the use of head mounted gy called "HUDSET" in
industrial applications such as aviation. Recent technofpcal advances in augmented
reality paved the way for many commercial and industrial apjpcations for providing
contextual information in public places like museums [29]or training and education
purposes [30], and entertainment such as gaming (e.g.,[28]). AR applications are
getting increasingly popular such as Pokemon Go, a persuasiAR game app for
mobile devices [25].
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Using augmented reality, we can present contextual informiain or cues about the
subject that can aid in perceiving the details and enhance ¢huser experience. Unal
et al. [73] demonstrated the use of location based augmenteslity to superimpose
digital recreation of historical site over the real one. A dme is used to capture the
real world coordinates and render the digital 3D model acadingly on top of the
site [73]. Recent research in augmented reality shows thabrgextual information
visualization in AR helps the viewer to gain background infanation of paintings and
historical artifacts in museums(e.qg.,[23, 29]). Park et gR9] conducted a study to
explore impacts of age and motivation in viewing abstract ARantent for artifacts
in museum, results indicated higher age can lead to lower sdaction and positive
motivation comes with addition of more features i.e taking iptures, leaving reviews.

AR is also used in visualizing information related to tasks imndustrial environ-
ment. Satkowski et al. [24] conducted a user study to analyzBe impact of the
external environment on data analysis tasks in an industrizenvironment. The re-
sults indicated that the background had no signi cant impaton the user's perception
of AR content and task performance. Satkowski et al. [24] algwinted out that task
completion time might vary depending on complexity and disaction in the environ-
ment, but the impact is not signi cant. The research in augmeted reality. Yoo et al.
[23] developed a project that provides contextual inform&n paintings in museum
by slicing the image target and presenting abstract informteon about the component
i.e person in the painting. ([23, 29, 24]) gave us valuablesights about impact of di-
versity, environment and data visualization that helped ugo consider above aspects
designing our study to evaluate AbVD and ArVD.

2.2 Limitations of conventional displays

Screen size and resolution can limit how displays can e eedly support di erent data
visualizations. Pavanatto et al.[4] conducted a user studghat compared physical,
virtual, and hybrid monitors in di erent aspects such as tak performance, accu-
racy, comfort, and preference. Augmented reality can be antatnative to adding
or enlarging displays to project additional content. Reipshlager et al. [3] created
a workstation for designing 3D objects called DesignAR thatombines a tablet and
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augmented reality. Reipschlager et al. [3] stated that AR ojects placed close to
the display and around the edges of the display have a strongagial connection

to the display. DesignAR [3], and MARVIS [1] show that extendinglisplays using
tablet+AR can be helpful for data analysis tasks involving derent kinds of visual-

izations, including maps and charts. The design of AbVD and ArVDsi motivated

by MARVIS [1], DesignAR [3], and personal augmented reality fdarge interactive

displays [48], where they projected AR content above and anod the display.

Pavanatto et.al's[4] compared conventional computers andrtual monitors mo-
tivated our selection of aspects that are bene cial to compa, e.g. accuracy and
preference. DesignAR's research by Patrick Reipschiaget al.[3] introduced the
concept of "augmented display”. As per Patrick Reipschiageet al.[3], Augmented
displays extend the content displayed in physical monitorsito 2D or 3D space in AR.

In immersive analytics, visualizing data in di erent viewscan lead to di erent
perspectives on data. Earlier research [64] demonstratduetcreation of di erent vi-
sualizations through toolkits in immersive space. Cordedt al.[64] created a toolkit
called IATK for generic data visualization and exploration In IATK, the user can
select data, pick X and Y axis parameters, and create line ahg, scatter-plots, and
scatter-plot matrices [64]. Cordeil et al. [97] created armimersive system called
ImAxes to explore multivariate data. In ImAxes, the axis paramters and data vi-
sualization can be changed to get di erent perspectives ofath. Buaschel et al. [2]
portrayed visual data analysis of user trajectories and enedata in mixed reality
and conducted an expert feedback session to gain insightsoab data analysis. The
expert feedback highlighted key challenges such as limitezld of view and physical
constraints when wearing the HoloLens 2 for a long time.

In the IATK toolkit [64], 2D/3D connected dots visualization where multiple
graphs overlaid on top of each other in 2D and spread apart inD3is one design
motivation we explored for layering. Similar to the expertéedback study by Baschel
et al.[2], we decided to recruit 5 participants from neurognce to gain insights into
their experience with our interface and get expert feedbaakn the possible future
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applications of the interface in neuroscience.

2.3 Brain computer interface

The Brain computer interface (BCI) is a system that interprés brain activity and
converts it into computer commands. The BCI terminologies sed in our research
are alpha and beta frequencies, valence and arousal. Alph&td, theta, gamma and
delta are ve frequency bands/rhythms observed in the humanortex. Brain activity
can be measured by electroencephalogram (EEG). EEG is the thhed of measuring
the electrical activity of neurons in the brain through a potable BCI device. Beta
rhythm is associated with increased alertness or focusedaition, and alpha rhythm
is associated with a relaxed state [134]. F3 and F4 are electesdin an EEG device
pointed to a specic scalp region. We visualized epoch-fregncy plots, otherwise
called time-series plots, for our interfaces. They denoteefjuency values for each
epoch (1 epoch = 0.625 ms) from speci c electrodes i.e., F3 aRd.

BCl is coined in early 70s when Vidal et.al [66]. EEG is widelysed in several re-
search for emotion recognition and neurofeedback (e.g,, 16 9, 10, 13]). The features
extracted from the EEG signals will help in identifying paterns in brain activity.
Consumer grade BCI devices like OpenBCI [41], Neurosky [4GldaEMOTIV[39] are
more commonly available in market. Though data from consumelevices are more
prone to packet loss. The EEG data is also used in previous easch for evaluating
player task engagement when playing video games e.g.([6])710penVibe [18] can
visualize the brain signal data in live and recorded formatand there are also other
scienti ¢ tools like Matlab, tableau, Python to visualize and analyze the recorded BCI
data. Such visualization tools can help present data in dimnt ways, e.g., charts,
graphs, and multiple-linked visualizations. They have dierent features to interact
with data, e.g., linking, brushing, zooming and panning. Ahough, limitations in
terms of screen size and tting large visualization or manyelated in a single physical
screen is a challenge.

Neurofeedback includes collection of EEG data in a controtlesetting where a
person is tasked to do perform an operation that can activateertain regions of
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brain[72]. Ryan Hubbard et al.[65] demonstrated that neureedback could help en-
hance the learning experience in a virtual reality environent through feedback from
EEG signals on the state of the learner's mind. Cavazza et [@2] described three
levels of neurofeedback system, rst is the target brain aae EEG is each brain area
is connected to speci c functions of the brain. The second ike sensing device that
can capture the brain activity of the target brain area, The hird is presenting the
signals to the user as an perceivable information.

BCl is also used in medical and industrial elds. Shih et al38] in the review high-
lighted the typical applications of BCI in the medical eld. There are three types of
BCI, Invasive BCI, Non-Invasive BCI, and Semi-Invasive BCIThey are non-invasive
techniques using Electroencephalogram (EEG) are more comnty used for BCI ap-
plications to capture brain signals and convert them into aomands (e.g.,[36],[37]).
Non-invasive BCI is in commonly used headsets such as EMOTI\g]3 OpenBCl[41],
and Neurosky[40] by placing the device over the scalp of a pamsand sending the
raw EEG signal data from individual electrodes placed in thBCI device to the com-
puter. The platforms such as OpenVibe can connect and receil#=G signal data
from the BCI headset[18]. The OpenVibe platform Iters the EE> signals using box
processing features to eliminate noise and extract specifoequency bands such as
alpha, beta, and delta frequencies([6, 18]). ElectrodesBCI device are positioned in
di erent areas of the scalp as per Brodmann's Area to captureréin activity in spe-
ci c areas[22]. Our background review on applications of BGnd signal processing
of EEG (e.qg.,[36,?, 37, 38]) encouraged us to use signal processing and extrsoe-
ci c features namely alpha, beta, valence and arousal from@ data for visualization.

In OpenVibe [18], the interaction with data is challenging @., seeing salient
data points and screen size limiting the portion/number of datures e.g., multiple
frequencies from sensor nodes. Tablet+AR interface can hdlpvisualize the overall
duration of data and navigate through the salient data poirg. In ArvVD and AbVD,
we can nd a range of salient data points in longer duration ah points of interest in
multiple related graphs can be viewed in layers.
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2.4 Time series analysis in EEG

Time series data means visualizing EEG data as the time-fregncy decomposition of
one or more frequency bands. In the context of analysis of terseries data that are
recorded for a longer duration, one practical application wiwund is seizure localiza-
tion in epilepsy. It requires large-scale artifact analysito detect patterns and locate
seizure-related features. Lehnertz et al. [141] conductadstudy on 300 EEG record-
ings, and non-linear analysis in EEG helped to locate seias in di erent cerebral

regions in 80 percent of patients. Koenig et al. [142] mentied that spontaneous or
sporadic EEG activity might not be su cient to isolate areasin data that describe

shorter-duration events. Koenig et al. [142] also mentiodethat time markers are

needed to describe attributes related to an event that chaeg over time. A microstate
means quantifying EEG signals into smaller duration data,of example, representing
100ms as a single epoch [143]. Konenig et al. [142] also destrated creating an

arti cial signal by combining three signals of di erent frequencies and times. Kaur
et al. [144] reviewed several techniques to analyze EEG sfg1 One of the most
e cient ways for discrete and continuous EEG analysis is waalet transform, i.e., the

conversion of the signal from time to frequency domain leads the localization of

signal patterns.

2.5 Valence and arousal

Valence and arousal are essential features that determingoarson’s emotional state.
Slupnska et al.[7] highlighted the use of The valence, ausal, and engagement factor
formula in human behavior. The research also mentioned thakuroscience measure-
ments such as valence, arousal, and engagement factors sty the participants’
experience during the VR experiment. The paper by Slupnsket al.[7] is very useful
for our research, and we used valence and arousal to extrastvalues in the openVibe
platform. The research also gave us insights into applyingearoscience concepts in
controlled experiments.

The valence and arousal values can be calculated from EEGrsgs using the for-
mula that uses alpha and beta frequencies of F3 and F4 nodes,r&dlo et al. [115]
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though it has to be accompanied with appropriate windowingral classi cation al-
gorithms to get accurate values free of noise. There are canger grade devices such
as Neurosky that can portray direct values such as attentionnal meditation [145].
EMOTIV epoch plus also can portray metal states such as sads® anger and joy to
the user [145]. We want our AbVD and ArVD interfaces to support dierent types of
EEG analysis in longer duration and multiple time series datnot limited to valence
and arousal. Hence we did not use consumer-grade devices tijige direct indication
of emotion states in our research.

Valence and arousal attributes to di erent emotions. Therare research that uses
di erent frequency bands and electrode positions but oursias per Gilrado et alP].
Alpha and beta are frequency bands in EEF aid in emotion classation. Dabas et
al.[21] demonstrated the classi cation of emotions from E& signal frequencies us-
ing machine learning algorithms. Dabas et al.[21] also pt&d out that alpha, beta,
theta, and delta frequencies are associated with speci cages, i.e., Alpha frequencies
are associated with relaxed states, and Beta frequencie® associated with active
thinking or concentration.

We further reviewed other research that used the valence aratousal formula.
McMahan et al.[6] conducted a study that used the valence anarousal formula
to calculate players' task engagement when the participasitplayed a video game.
Though the valence and arousal formula in [6] is derived frofd15]. The alpha and
beta signals ratio is used to nd the di erent states of brainactivity, such as task
engagement, when a participant is exposed to a particularestario, Kamila Slupnska
et al.[7]. Chen et al.[10] created a model to process EEG sagralongside the user
pro le for better emotion recognition. Previous researcmiBCI eg., [6, 7, 10, 21] that
demonstrated EEG signal processing and extracting frequegnbands, mainly alpha
and beta, application of valence and arousal formula is bengl to our research in
terms of calculating valence and arousal values.
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2.6 Feature extraction and data visualization in brain computer
interface

EEG technique is non-invasive, means the data can be captdr&om scalp of head
by using pointed electrodes in BCI device. The captured sigls from EEG device
can be visualized as live or o ine data in software platform.In the openVibe plat-
form, the EEG data can be displayed as live or o ine as time s&s graphs (epoch-
frequency plots, i.e., epochs on X axis and frequencies ore thf axis [18]. The wave
patterns in EEG data can help understand the person's mentatate. In previous
research, data analysis and information visualization of & data have been done for
various purposes, such as concentration and meditation wh@erforming activities
like studying and playing a video game [19]. In previous remeh, popular datasets
like the DEAP dataset from the publicly available repositores are used for research,
e.g.,[21]. Previous research employed di erent methods tmwllect data useful for
di erent experiments. These include instructing a partigpant to do a speci ¢ task
such as presenting a music video to di erent users [21], Askjrihe users to perform
guided eye movements, and viewing di erent images and larcpes [20]. Machine
learning algorithms are applied to nd patterns in EEG featues and train models,
e.g. ([20, 21]). . The research ([19],[20],[21]) gave irggyabout popular datasets for
BCI, types of study conducted in BCI and popular tools e.g(f],[40]) for BCI data
collection.

2.7 Frequency composition, windowing and ERP signatures in BCI

In BCI signal processing, the most common way to analyze EE@&gals is to decom-

pose the signal into individual frequency bands, e.g., Alphg-12 Hz), Beta (13-30

Hz), Theta (1-3 Hz) and Delta (4-7 Hz) [126]. The changes in freqocy bands can
be monitored over a particular time window, e.g. speci ¢ milseconds intervals, to

analyze event-related simulations in individual frequerycbands [126]. The changes
in frequency bands can be visualized and analyzed using a éffrequency plot that

motivated us to use time-series plots for presenting our dat Saby et al.[126], in the
review paper, summarized several works that portray freqney changes in infants,

e.g. [127, 128, 129].
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Event-related potential (ERP) is another research area in 8l where stimuli-
invoked changes or waveform patterns are investigated. ERf2an be measured using
EEG signals[131]. Stimuli can be any type, e.g., auditory misual. Waveform changes
in response to stimuli within the particular time window areanalyzed to get insights
about event-related changes. Saby et al. [131] reviewed es&l works investigating
EEG analysis in Rett syndrome. Saby et al. [131] mentioned d&h spectral analy-
sis is among the common approaches to analyze resting EEG ietRsyndrome. In
spectral analysis, EEG signals are decomposed into bande,,i alpha, beta, theta,
delta and gamma [131]. Sur et al.[130] described about thepgs of ERP waveforms
are P50, N100, N200 P200, N300, P300, N400, P600 and Movemerdatesl cortical
potentials(MRCPSs).

Signal windowing in EEG is one of the signal pre-processingegs where the
signals are divided into segments based on speci c time imals and frequencies.
Covantes-Osun et al. [132] mentioned windowing functions.e., Barlett, Kaiser,
Blackman, Hanning, Hamming and, Rectwin and presented a tecigue to nd the
best windowing function with less signal scattering by ndag the euclidian distance
between convoluted and non-convoluted signals. Augmenteeality is the method of

superimposing graphical elements in our view of the real wdr

2.8 BCI with augmented reality and other applications

We reviewed past research that included BCl and Augmented r@g to nd the
applications that uses BCI data in AR. EEG data is used in di eent domains such
as medicine, gaming, industry etc. In terms of previous woskhat used brain signals
in AR/VR/XR applications, we found several interesting appliations of BCI and
AR in medicine. The BCI data has been used with augmented reiglito promote
hands-free interaction with the system, which is used in daans such as healthcare
and industry, e.g.[32, 33]. Kohli et al. [32] reviewed applations of BCI signals and
pointed out that BCI with XR is used in robotics and home system. Hands-free
interaction through BCI is one of the BCI applications releant to Human Computer
Interaction. Angrisani et al.[33] proposed a system that ineded BCI and Augmented
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reality for industrial monitoring. The proposed system by Agrisani et al.[33] includes
interaction with the menu items using BCI signals through tle gaze. Zhou et al.[34]
demonstrated that BCI signal data is also used in areas of tual reality, such as

desktop VR ight simulation[34]. BCI is increasingly used inneuro-engineering to
address motor impairments through BCI-driven robotics[35 Based on the recent
research e.g., [32, 33, 34, 35], we found that BCI data is used neurofeedback that

helps di erent applications in AR and VR. However, the earlier esearches mentioned
about did not point to a hybrid platform that helps user to visualize BCI signals and

analyze data in more self-explanatory nature irrespectivef duration and number of

features.

2.9 BrainZebo - A neurofeedback project

In previous work by one of the researchers in our lab for thegect called \BrainZebo"
encouraged us to explore interfaces that are suitable to ualize BCI data. BrainZebo
is a neurofeedback project in which the EEG signals capturdd/e/recorded from
OpenBCl device is processed using SVM classi ers to extracélence and arousal
values and stream them through sockets using OSC (Open Sou@dntrol) and to
VR application. The valence and arousal is visualized in VR inofm of light blobs.
The color of the blobs, light intensity and music e ects chages according to the va-
lence and arousal values. In BrainZebo a separate script in \épplication processes
EEG signals and computes wave means, max values and left aight means and use
them for visualization. Max platform receives FFT (Fast Fourer Transform) values
from OpenBCI and converts it to music amplitude for VR applicéion.

During my work in BrainZebo, as a part of preliminary work | eplored di erent
ways to compute valence and arousal values directly from ttsggnal processing plat-
form in o ine using recorded data and visualize them in more @adable fashion when
compared to abstract visualization of valence and arousal BrainZebo. During liter-
ature review | read about, Gilrado's et al [115] to compute Vance and arousal and |
used that formula in OpenVibe to create a signal processingchitecture to compute
valence and arousal values. The valence and arousal formidaalso used in research
by McMahan et al. [6] More information about this implementéion is presented in
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sec[3.3.1]. Platforms that can process and visualize the Bdata through time-series
graphs are desktop apps such as openVibe. In OpenVibe, we fo@xamples of game
applications that uses BCI data for controlling a game objedn virtual reality [77].

2.10 Physical displays

Conventional displays such as curved screens have their bdéa. They can oer
greater immersion, but portability is limited, e.g., a destop computer with curved
screen. Previous research also pointed out works that comed di erent displays
in terms of user experience. Zannoli et al. [133] ran a studydt compared at
screens with curved displays in terms of eld of view, and theesults indicated that
curved screens could o er better immersion by increasing ¢h eld of view. When
di erent types of displays had its own benets, we chose HMD &., HoloLens 2 for
extending our display in AR. HoloLens 2 has a better eld of viewIn AR devices
such as HoloLens 2, the in nite screen space in AR and portaityl can be leveraged.
There are also options in Virtual reality (VR) where we can visalize data and the
position of content can align themselves according to heaadgition of the user called
simulated head parallax e.g., FishTank VR [139]. But it might equire complex head
movement tracking architecture and user has to be in total imersion in VR. Cubelos
et al. [140] proposed a methodology to analyze quality of esqgence during motion
parallax using multiple video view in VR, and one of the resudt pointed out user's
movement speed can a ect the perception of content in VR. We ose AR because
the user need not be total immersion with digital surroundigs all the time and AR
can act as a natural extension to the contents presented in ysical display.

Transparency is one of the advantages of using Holographispliays, and through
transparency, the user will not sense the presence of a plygdiscreen when perceiving
the visualization [134]. We used HoloLens 2 for the same behea fully functional
holographic display without the aid of an HMD device is stillm the early stages of
development. Nakamura et al. [134] developed a small 360-desgy cylindrical and
transparent holographic display for realistic 2D images. drge displays can o er im-
mense screen space to visualize the content and interactigptions to manipulate the
data. Ardito et al. [135] pointed out that large screen displgs are generally placed
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in xed public settings and can also aid in visualizing datasts and enable the user to
get new perceptions of data. However, the larger screen simxjuces device's porta-
bility. Smartphones are easily portable, though they o erimited support for visual

data exploration. Urushiyama et al. [136] proposed screentemsion technique for
smartphone screens where the focus region and the smartpésno -screen contents
are presented in the external display. Despite o ering poable options and utilizing

an external display for o -screen data, the external disphais a physical display that

is limited to use in meeting rooms and desktop computers.

2.11 Hybrid interfaces

. The hybrid interfaces connect di erent types of devices tperform a task. Hybrid
interfaces exchange data among themselves to perform a taske reviewed several
works in the past to know more about interaction between mulple devices that assist
in performing a task. Research by S.Satao and Harihara [42]mdenstrated a tablet
application that uses CT data to visualize tumors in augmemd reality during liver
dissection. The hybrid environment can enable the user to mwol the virtual objects
presented in the head-mounted display. Research by Wang akd. Lindeman [43]
demonstrated Tablet + HMD to control virtual objects presentd in the display. The
same task can be performed simultaneously with two or morelladorating applica-
tions in a hybrid environment, such as desktop and virtual @ity, when they share
similar data visualization and code closely coupled to workynchronously [44].

Some examples of hybrid interfaces in educational applitans, e.g., iVRNote [46],
demonstrated a hybrid interface to assist in practical scamios such as taking notes
in a virtual learning environment. In iVRNote [46], the tabletdevice can work syn-
chronously with notes displayed in VR and adjusts its positio based on the tablet
position. When the student takes notes in the VR session, he sittaneously inter-
acts with the note in the VR and Tablet. The technique they appkd to achieve
the synchronization is through electromagnetic sensors the tablet that communi-
cates the position and orientation of the stylus to the VR. In MARVIS and DesignAR,
tablet computers work synchronously with Hololens in respae to touch surface from
tablets e.g.,([1, 3]). MARVIS uses websockets to communicate 2D visualizations
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projected n Hololens in response to touch events from tablet.

The previous works on hybrid interfaces, i.e. [42, 43, 44]\gaus some idea on
communication between two applications on di erent deviceto perform a task. Our
research uses the tablet touch surface and its user interéato communicate to aug-
mented reality layers in the Hololens application. Among thetber previous relevant
research MARVIS [1] design was preferable in our research fonamunicating between
a tablet and AR device through websockets.

2.12 Extended physical displays using augmented reality - Relevant
works and challenges

The idea of using mixed reality with displays for creating hyrid distributed user
interfaces was rst explored in the 1990s by Feiner and Shasta [8]. Integrating
physical and augmented workspace to perform 3D modeling ngia tablet + HMD
was explored in DesignAR [3]. In DesignAR [3], the researchersed the tablets above
and around the display to generate 3D models in response taethser's hand drawings
on the tablet screen using pen and touch techniques. The othecent research out-
lines the potential design space for using the above and armluthe display for data
visualization with the help of use cases. However, it does nevaluate the usability
of the study using controlled experiments[1]. In MARVIS, the esearchers projected
additional AR content with the tablet display, enabling the wser to better understand
speci c visualizations with the additional AR context provided above, around, and
between tablet displays [1]. MARVIS also demonstrated the sedess integration of
AR and tablet display in extending visualizations from tablé display through AR
and manipulating AR visualization and tablet visualizationsimultaneously from the
tablet [1]. Our research compares tablet computers and tadil+ HMD for data anal-
ysis and comprehension. Benjamin Bach studied the e ectimess of data exploration
in augmented reality with immersive tangible AR with other m¢hods such as analyz-
ing the data in tablet AR and desktop computers through a contlled experiment [47].

The study by Benjamin Bach also showed that immersive AR wittangible mark-
ers perform better in terms of accuracy and time for tasks thhaequire precision and
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interaction [47]. We also incorporated a set of training t&s to train participants
before starting the primary set of experiments. Training taks can help participants
coordinate AR and interaction perception [47]. Over-plottig is also an issue even
with a larger display when displaying a large volume of data&, 49]. In our research,
to view extensive time-series data, we project a large pash of time series data in
augmented reality around the tablet display with a portion & visualization presented
on the tablet. One of the existing methods to overcome the diky of complex data
is by using focus + context displays which can zoom in on the lseted focus area
through an interactive lens [50].

2.13 Data visualization in extended displays

In conventional displays, The amount of information displged simultaneously is im-
pacted by technological limitations such as screen size,igi, and fashion [58]. Dis-
tinguishing important information from other information is di cult when the whole
visualization is presented [58]. In MARVIS the researcherstexded the visualization
beyond screen in augmented reality [1]. Some earlier resgaes used in map applica-
tion in mobile used focus+context and overview+detail disjay techniques to project
large map data in a concise way, highlight important informgon and enable better
navigation through data. Such as the research by Cockburn whmentioned inter-
faces such as Google maps using overview + detail, zoomingddocus + context
to view map information [58]. Our research used focus pointe navigate through
extensive time-series data. We used touch interaction witine tablet to interact with
the contents in the tablet and manipulate visualizations irthe tablet and AR. Touch
is a prevalent mode of interaction o ered by tablet devicesral an important design
consideration when designing an interface [60]. It is moreitable for our tablet +
HMD interface.

Limitations of the screen size of the devices can also maksualizing of essential
portions of data challenging, especially when we zoom in andvigate through them.
Some earlier approaches to address the screen limitation evhwe zoom in are o -
screen visualizations such as Wedge [51] and Halo [52], whadn clip important
information to the edges of the screen when the map content wes. The situated
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and embedded visualization in augmented reality can alsosualize a portion of data
close to the data referent, adding more context to the visuahtion by displaying
additional information adjacent to the data visualization

2.14 Spatial alignment of AR displays

Combining conventional displays with augmented reality add help in viewing com-
plex data. Reipschlager et al. [48] demonstrated the use afigamented reality to
present contextual visualizations for information visuatation in large displays. Reip-
schlager et al. [48] also pointed adopted spatial alignmeaof AR data in front of the
display and edges of the display that made us believe abovedasbove display could
help present complex data visualization limited due to scem size. Besides smaller
displays, there are signi cant shortcomings even for largalisplays in terms of the
volume of data displayed on the screen. Increasing the sizetloe screen might not
always be a good option to present large data [48]. Willett etl.a[53] demonstrated
situated and embedded AR visualization using spatial attribtes adjacent to the phys-
ical spaces that could help analyze the data better.

In our research, The alignment of AR content is on top of the tdbt screen for the
above display interface. Whereas, the alignment of AR conterd closer to the edges
of the tablet screen. P. Reipschlager and R. Dachselt [3] ded the spatial proximity
of AR content close to the display and around the edges of thesgiay in DesignAR.
AbVD and ArVD are designed with the notion that the content we presnt in aug-
mented reality should demonstrate a strong connection andgxision to the physical
display. Reipschlager et al. [48] pointed out that connecn and precision are es-
sential aspects of better spatial alignment and placement &R on the center, left,
right, top, and bottom of the screen for extended data visugations. Incorporating
augmented reality in the central zone can provide additionapatial dimension to the
visualization [48]. In our above display, we project four igers of AR above the tablet
display to visualize di erent BCI time series data. We beliee the spatial position
of AR in above and around display is important to perceive the nitivariate data in
augmented reality. Earlier researches pointed out that thepatial positioning of AR
content in the center, left, right, top and bottom is proper &en for smaller screens[48].
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The spatial alignment of AR layers in research involving physal displays and
AR HMDs (e.g.,[1, 48]) motivated us to use the above display anaround display
paradigms for our research. The MARVIS [1] and DesignAR [3] remehes gave us
indepth understanding about the tablet + AR HMD interfaces anduse case scenarios
of augmented displays that in uenced our work.

The common issue in visualizing large and complex data is oy@otting when we
try to tin more data into visualization that makes it di cul tto read([48, 49]). Some
approaches in AR such as projecting the data in layers could ke&the data more
readable, and the elements projected in the layers could peh data comparison [48].
To make the AR layers clearer, controlling the transparencyra toggling between
layers whenever necessary can make the user read the conteetter [48]. Colors
play an important role in distinguishing layers, and In our esearch, we used only
primary colors with background transparency which can digtguish a layer clearly
from the others. The color quality of AR is lower when comparei other conventional
displays such as computers, and the background might impatite e ectiveness of
visualization [54]. Augmented reality is useful to visualz relationships and compare
di erent visualizations [48, 59]. Our research compares hkance, arousal, and Alpha
and Beta frequencies of F3 and F4 sensor nodes. The challengat tinay arise when
comparing visualizations is the size of the items compared the complexity of the
items [59]. In our research, we compare four visualizations the above display and
study the interface's strengths.

2.15 Immersive analytics

Immersive Analytics, in general, is multi-disciplinary tha combines popular domains
such as AR, VR, HCI, and tabletop for exploring design interfacesuitable for better
data visualization and comprehension [55]. The most impa@mt bene t of immersive
analytics is making use of the physical spaces e ectively@aind the user to visualize
the data when compared to viewing the data in at 2D surfaceske computers [75].
In order to understand the e ectiveness of immersive inteates, we need to under-
stand the experience of the user when they perform di erenasks using the interface.
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Accuracy and time taken to complete the tasks are some importameasures that will

portray the task e ectiveness of the visualization [75]. Qoparative studies between
the two immersive interfaces provides more insights abouh¢ ideal environment for
the users to perform the tasks. Bo Sun et al. [76] compared tygpes of immersive
interfaces that vary on visualization, mode of interactiorand navigation indicated

that immersive setting involving limited physical movemets and interaction through

gestures is a good setting for small spaces for everyday ushe research by Bo Sun
et al. [76] also motivated us to adopt an ideal setting for thexperiment i.e seated
with limited movement to navigate through the data.

Exploring the feasibility of using the same interface for deérent types of domains
for immersive analytics is also a suitable research area tlaan be explored [55]. Our
research used two types of data: BCI and Space syntax. Theesglon, navigation,
changing, and Itering tasks are among the core modalitiesf ammersive analytics
[56]. The interaction types we are motivated to use in our rearch are selecting the
AR visualizations from the tablet, toggling ON/OFF one or more &yers, navigating
through the data, and selecting speci ¢ focus points.

Earlier research demonstrated the e ectiveness of using ard-held device to
manipulate data underlying visualizations presented on &rnal displays, such as the
research by Louis-Pierre et al. [62]. The interaction and mégulation of digital
objects projected on a distant screen from the smartphonerttugh gestured called
ASP (Around the smartphone) technique [62]. In the same resehr([62], two other
techniques to manipulate digital elements in distant displys called OSP (On the
smartphone) using ngers and WSP (With the smartphone) usinghe rotation of
the device compared to which audience preferred using the W$&thnique. In our
research, we manipulate the 2D AR layers using touch and swip@eractions from
the tablet.

2.16 Existing tools and platforms to visualize BCI data

When there are tools to process and visualize data in physiadisplays, visualizing
BCI data in hybrid platforms such as tablet+AR gives new perspctives during data
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analysis. Looking at BCI data present in AR layers from di er@et head orientations

and resting positions when the features related to valencadarousal can aid in iso-
lating a speci ¢ data point/peak, say valence, and check thealues of other features
alpha/beta values of F3 and F3 at the same point. When a large timrageries data un-
hindered by physical screen size is displayed, that can hele user to nd a number

of data points within a speci ¢ range, and we can see the wholésualization clearly.

In OpenVibe or OpenBCl when we run the program to visualize sigls, separate
windows or single window visualizing the signals will be gayed and it gives us an
overview of the signals and its di cult to understand related features and identifying

individual data points.

Other analytical platforms such as Tableu [94, 95] can helpeating visualizations
for BCI such as line graphs for time-series data and we can using, brushing and
clicking on individual data points to read the values and presat individual line charts
in single window, Though as discussed in introduction scresize limitation depending
on device type still persists. It motivated us to create a théybrid environment
combining tablet+AR to visualize BCI signals as time-seriegraphs and through
layering and focus+context technique we can present BCI daterespective of duration
and number of features. Our approach combines brain-computinterface and hybrid
displays that can potentially bene t brain-computer interface domain by opening
doors that enhances the perception of BCI data using hybridigplays. Our work can
be rst step to motivate future work to use hybrid interface sich as tablet+AR to
visualize and analyse BCI data.

2.17 Design choices

Tablet + AR

The design choices for AbVD and ArVD is adopted from MARVIS [1] and Dxg-
nNAR [3]. The tablet is portable and the previous research [1]nd [3] that utilized

focus+context displays demonstrated that the augmented adity can be used to ma-
nipulate and extend visualizations beyond the boundariesf dablet by using aug-
mented reality from HMDs i.e HoloLens 2. Our choice for using ARsito leverage
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in nite screen space, and users need not be in total immersioe.g., VR, to explore
the time-series data. AR can act as a natural extension to tadd screens, which made
us choose AR over other technologies.

Suitable placement of AR contents in AbVD and ArvVD

When we present contextual information in AR in addition to phical display, the
position of the AR content relevant to the content displayedn physical monitor plays
an important role to demonstrate its relation to the visualzation in physical display.
For example in [48] the context information in AR about a bar chrt is placed in a
vertical position close to the bar chart in physical displayo illustrate that the AR
content points to this speci ¢ bar chart in large screen[48]In MARVIS[1] the use
case scenarios portrayed the placement of AR content +(chajt above the display
and close to edges of display (map extensions) that are udefior our research to
position contents in AbVD and ArVD. In MIRIA, the visualization of user's position
and interaction data in AR is visualized in close proximity tothe content displayed in
interactive surfaces[2]. In ArVD to visualize a longer duratin time-series data, using
AR to extend the focus region in the tablet is a suitable visuaation paradigm to
portray entire time-series graph to the user. In AbVD when we pte the AR layers
close to each other above the display it can help us adjust obead-orientation and
view data from di erent angles to get di erent perspectives

Interaction techniques

Tools such as IATK [64] served as a reference for analyzingthata visualizations in
immersive space i.e., Line charts. Fisher et.al.,[]96] poatt out three principles of vi-
sual representation(adopted from [102]), appropriatengsnaturalness and matching
principles. In addition to visual representation, Fisher eal., [96] also pointed out
interaction technique is important to create a meaningful idlogue between visualiza-
tion and researcher. Time-series data is suitable to visue valence, arousal recorded
for longer duration as per matching principle. Selection,avigation and nding loca-
tion of data are some of the common tasks in context of time+ses data in immersive
analytics [90]. Tablets can act as interaction surface fromvhere contents in AR can
be manipulated [1]. We adopted selection and navigation tesiques in AbVD and
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ArVD to manipulate AR content. We adopted extended visualizabn of map path
from MARVIS [1] and DesignAR [3] as a baseline for layering and dos+context
techniques.

2.17.1 Why BCI data?

Our motivation to use BCI data is tied to the previous work doe on BrainZebo that
portrayed abstract visualization of valence and arousal ithe form of light blobs. In
our research, we are motivated to present data that lead to écalculation of valence
and arousal more generically, i.e., time-series, to helpeatusers perceive the data,
e.g., nding the highest peak in time-series data, compargnthe graphs and isolating
the data points. We acknowledge that time-series is more gt and applicable to
di erent domains, which allows us to use AbVD and ArVD for dierert types of
time-series data. In addition, the long-term goal of ARTIV reearch is to compare
di erent data visualization techniques in AbVD and ArVD for di e rent types of data,

i.e., BCI, Space syntax and geospatial visualization.

2.17.2 Resting position

Our AbVD and ArVD interfaces are portable, and we have a QR code orh¢ side
of the tablet that can place the AR layers closer to the physit¢aisplay. With the

continuous tracking feature, AR layers can move with the talett. In our study, the

participants performed most of their tasks in the seated pd®n, and we made ob-
servations if they were tempted to move around to explore datfor any task. We
tested only evaluated AbVD and ArVD interfaces is di erent restng positions, e.g.,
stand up and look down, seated view from an angle and seateddamse single layer,
though we did not have any speci c tasks that speci cally askd the participants to
pick up the tablet and move around to explore the data.

2.18 Summary of background work

Previous research MARVIS [1], MIRIA [2], DesignAR [3], and Peamal augmented
reality for information visualization [48] provides evidace that physical computers
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with augmented reality can aid in data visualization and dad analysis tasks. Align-
ment of AR content are motivated from the works [1, 2, 3, 48] thtdead to placement
of AR layers in AbVD and ArVD. Interaction techniques in AbVD are motivated from

[90, 91]. Previous work in brain computer interface of usinBEG data to compute
valence and arousal [6] encouraged us to compute valence amaliaal from recorded
BCI data. The comparative study performed in [4] encourageds to compare AbVD
and ArVD with physical monitors. Recruitment random participants from di erent

background, level of experience with AR/VR and 5 expert partipants from neuro-
science will mitigate bias in our study. In next chapter we Wlilearn about system

design process.



Chapter 3

System overview

In this chapter we present design and implementation of AbVD ahArVD interface.

3.1 Overview of AbVD and ArVD in ARTIV-BCI

Our interfaces AbVD and ArVD consist of Microsoft surface Pro 3 talet and HoloLens
2 device. Tablet comprises of a web application to visualitiee BCI data and commu-
nicate with AR layers. In AbVD, we can toggle on/o and switch time-series graphs
in AR layers from the tablet. In ArVD similar to AbVD we can toggle ard switch
the graph. In addition we can use focus points and shift-léghift-right to navigate
the time series graph. In ARTIV-BCI we have menu to select AbVD or AVD visu-
alization and a toolbar to turn on/o QR tracking to anchor th e AR layers close to
tablet.

We used pre-recorded EEG data from OpenVibe, processed the &Eignals and
visualized them as time-series graphs, i.e., line graphsAbVD and ArVD. In AbVD,
alpha and beta frequencies from F3 and F4 sensor nodes, valeacd arousal values
derived from alpha and beta frequencies of F3 and F4 are presshtin four AR
layers. In ArVD, A longer duration valence and arousal value0¢7000 epochs) are
displayed in AR. The AbVD supports nding salient data points in di erent layers
and comparison of data points in each layer. User can view andalyse the graphs
in di erent resting positions i.e., seated position from armangle, stand up and look
through the AR layers, and toggle on/o layers in AbVD. The ArVD supports nding
multiple data points across the range of time-series data ing focus+context view
by clicking a speci c epoch from the focus point.

28
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Figure 3.1: Overview of AbVD

Tablet

Figure 3.2: Overview of ArVD
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3.2 Design

In our research group ARTIV (Augmented Reality + Tablet Information Visualiza-
tion), three researchers were involved in implementing Tédt+AR interface to explore
three types of data. | (Hariprashanth Deivasigamani) implemnted AbVD and ArvVD
for BCl data. Other researchers, Ramanpreet Kaur and Hubert Himplemented sim-
ilar technigues for space syntax and geospatial data visuadtion using tablet+AR.
Each researcher was responsible for collecting data withspect to their domain.
Throughout the system design phase, We collaboratively brestormed ideas using

Miro board [104], created Ul sketches and evaluated designs.

3.2.1 Initial brainstorming

We used Miro board for brainstorming ideas for software plearms, design ideas,
features that can be presented, challenges and ndings frgonevious works on hybrid
interfaces. The brainstorming phase helped us to exchanger adhoughts and ideas.
This phase also allowed us to discuss freely and gather feadbto further re ne our
ideas for sketching the AbVD and ArVD interfaces. A snapshot dbrainstorming

from miro board is presented in Figure 3.3.

3.2.2 Ul sketching

In this phase we drew Ul sketches (paper and pencil prototypeas can be seen in
Figure 3.4. In the sketching phase, we speci cally consider¢he previous work done
in tablet+AR interfaces and ideas regarding our interface nited to our research
objectives. We came up with design sketches of AbVD and ArVD. Walso derived
use cases to explore user interaction with our applicatiomnd considered di erent

placements of AR layers.

3.2.3 Low- delity prototype

The initial prototype phase involved creating BCI visualiations and presenting them
on HoloLens 1 device. We explored initial ideas for visualimy BCI data in the
tablet+AR interface as can be seen in Figure 3.5(a) and 3.5(b)We also explored

multi-monitor concept to visualize time-series data (Figu 3.5(c)). To arrive at a
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Figure 3.3: Brainstorming using Miro board
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(a) User logs in to application (b) User select the data

(c) User selects above display (d) User selects around display

Figure 3.4: Ul Sketching
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(a) Visualizing Alpha/Beta values of F3 and

F4 with valence and arousal values (b) Deploying BCI data in Hololens emulator

(c) Multiple monitor concept for shared visualization

Figure 3.5: Low- delity prototype

standard design for AbVD and ArVD, We started with prototype skething, followed
by creating a time-series visualization using the D3 packagn JavaScript. We de-
ployed the web application using Webviews on the HoloLens. Weanted to compare
AbVD and ArVD against a common portable con guration (i.e., a tablet on its own),
and this allowed the same seated con guration, screen regtbdn, and Ul controls in
all experimental conditions. After the low- delity prototy ping phase, we had clearer
ideas about how to design and implement AbVD and ArVD.
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(a) ArVD (b) AbVD

Figure 3.6: High- delity prototype

3.2.4 High- delity prototype

During low delity prototyping for AbVD and ArVD, we derived desi gn decisions to
present four layers of time-series data in AbVD and a longer dation time series data
in ArvVD. We built a stable AbVD and ArVD interfaces with basic functions such as
moving the time series data, changing the alpha and beta vas in the layers, and
toggling the layers. In anticipation of the comparative evaation presented in the
following chapters, we re ned the use-cases for the AbVD intiarce to focus on di er-
ent features involved in calculating valence and arousal &éisne series visualizations
on di erent AR layers. In the ArVD interface, we consider a longeduration of time
series data that extends from the tablet's edges using augnted reality. A snapshot
of AbVD and ArVD interfaces at this phase is presented in Figure 3.6

3.2.5 Design Testing and Feedback

We conducted pilot tests with four HCI grad students and facty members who pro-
vided feedback regarding the tablet+AR and tablet-only inteface. We made upgrades
to the interface after each pilot test. The evaluators expesed that if the time-series
data is of longer duration, i.e., 0-7000 epochs, then tableAR can be bene cial in
terms of adding more context to the screen through AR than a tdét-only interface to
view a longer duration time-series graph. For the above digy interface, participants
mentioned that if the time series graphs are visually distguishable using di erent
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colors and thickness of the lines, that will add to better infonation perception. In
the above display, we presented multiple time-series grapfrom 0-2000 epochs with
axis labels on each layer.

3.3 Implementation

The data we used to create visualizations is pre-processednm the openVibe plat-

form. The BCI signal data is pre-recorded data freely avaitde in the openVibe

platform for development and research [18]. The pre-recad data is available in

GDF format. The BCI signals from the pre-recorded data are picessed in openVibe
using box processing [18].

3.3.1 BCI data collection using OpenVibe

We used a pre-recorded sample dataset named "real-hand-raments.gdf* available
for free in the openVibe platform created by INRIA. We treat thisdata set as black-
box. The dataset comprises of low-level data(raw frequers) from a 9-electrodes (F3,
F4, C3, Cz, C4, P3, P4, O1, 02) that allowed us to derive mediutevel data(alpha
and beta frequencies) from F3 and F4 nodes and then to high-lédata(valence and
arousal values). We picked frontal nodes F3 and F4 as per the asyetric frontal
activity hypothesis in Gilardo et al. [115] work, where leffrontal activation and right
frontal activation are associated with negative and posite emotions.

We used time-based epoching (1 epoch = 0.625ms) to capture mgadata points
for our time-series visualization. The epoch setting is deed from BrainZebo project
which gives continuous neurofeedback throughout the duian the participant is
wearing the BCI headset. We applied channel selectors to sel F3 and F3 sensor
nodes and bandpass Iters to discard unnecessary frequeseciand to capture alpha
(8-12 Hz) and beta (12-30 Hz) frequencies. We averaged the sigmto epochs (1
epoch = 0.625ms). The epoch window is very small in our casec@ we wanted to
extract around 7000 data points. To perform a simple calcuian in the alpha and
beta frequencies, We applied valence and arousal formulasnfi Gilardo et al.[115]
mentioned below in a simple DSP signal processing box and geated the valence
and arousal values. Our signal processing architecture ieepented in Figure 3.7.
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arousal = (bF3 + bF4) / (aF3 + aF4)
valence = (aF4/bF4) - (aF3/bF3)
a = alpha frequency,b = beta frequency

We did not perform logarithmic power representation to comyte the power of
alpha or beta within a speci ¢ window, as proposed by Ansari el.[118] since our
data is recorded for longer duration. We applied the valena@nd arousal formula to
each epoch, i.e., 0-2000 epochs in AbVD and 0-7000 epochs in Ar@Dd visualized
the data in the form of a time-series. The rationale for this gproach is not to con-
vince BCI researchers to take this approach to compute valem and arousal but to
demonstrate how the higher level values are derived from rasignals.

We acknowledge the limitations regarding accuracy in valee and arousal values
and pre-processing steps e.g., windowing, isolating panis with stimuli, application
of algorithms, to get cleaner values for valence and arousigrivations that are free
of noise artifacts. There are other forms of valence and amal derivations possible
that require other sensors. We also acknowledge the use ohsamer devices to get
direct emotion values e.g., Neurosky that gives attention ahmeditation values and
EMOTIV EPOCH+ that displays emotions. Though values from cosumer devices
are not suitable for our research since we would like to dengirate the EEG signal
analysis from raw frequencies and visualize the time-sexi@ AbVD and ArvVD. Some
details from this dataset are missing, such as the scenariben recorded, timestamps
of stimuli. However, this stands as example to generate vatsmand arousal values
from raw signals. Our research in this phase is more about B@ata visualization in
AbVD and ArVD interface than an more speci c use E.g., in a medicahpplication.
We acknowledge the limitation of not using classi ers suchsesSVM [113, 107], Logistic
regression [111, 112] and LSTM [109, 110] to identify accteavalence and arousal
guadrant or distinction between high/low valence and highbw arousal. However
using classi ers and measures to remove noise artifactsrradata are attributed to

future work.
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Figure 3.7: Signal processing architecture in openVibe to dape alpha, beta fre-
guencies of F3 and F4, valence and arousal values
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3.3.2 Visualizing BCI data on the tablet and HoloLens 2 using D3 js

We created the time-series visualization of BCI data in a welpplication using the
D3.js [61]. We used the Edge browser to run our web applicatioThe X and Y axes
are labelled in the web application according to the featurgisualized. In ArVD,
a portion of a time-series graphs in the focus region is remdd on tablet and the
remainder of time-series graph is rendered in AR. In AbVD, fourirne-series graphs
are presented in AR. D3.js is used to visualize time-seriesaghs on the AR layers
(Webviews). On the tablet display we have radio buttons to sitch between Alpha
and Beta values of F3 and F4 and toggle buttons to toggle on/o th AR layers. We
used Unity 3D to build ARTIV-BCI application for HoloLens 2. We designed the AR
layers using Webviews and visualized BCI data for the AbVD and AMD. Webviews
is an asset in Unity 3D that can render a webpage in HoloLens 2.

3.3.3 Communication between the tablet and HoloLens 2 applications

An XAMPP server [98] is used to run the web application. The Pagéke software [99]
is used to create URLs for the web application. The connectidbetween the tablet
web application and the HoloLens 2 application is establiseising Websockets [100].
The websocket port will listen to the IP address of the web apipation to monitor
incoming broadcast messages between the tablet and HoloLé&ns

3.3.4 Aligning AR content with the tablet

We used QR tracking package from Nuget [103] in Unity 3D to scan @R code
attached to the right side of the tablet (Figure 3.8). QR code &n the AR content
with the tablet. The QR toolbar in the HoloLens 2 application tas a button to start
and stop QR tracking. AR content move with the tablet when the @ tracking is
enabled. QR code attached to tablet as seen in Figure 3.8.

3.3.5 Transparency in AR layers

In the design phase we decided to make the AR layers transpar@morder to enable
the users to see through layers of time-series graphs withabstruction. We used
canvas and made the background of web pages black in AR layerseMiew has a
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Figure 3.8: QR code attached to the tablet to align the AR contds

feature to make the black background transparent in HoloLen®, and ensured that
this allowed the layers to become visually integrated by wéng them from above.
The background was also transparent for ArVD, as doing so madbed AR content
appear to be more integrated with the tablet focus region.

3.3.6 Deploying HoloLens application

To deploy the application to the HoloLens 2 we built the UWP (Univesal Windows
Platform) solution in Unity 3D and deployed the application va Visual Studio 2019
when the HoloLens 2 was connected. Once the application waspldyed to the
HoloLens 2 and executed, a menubar appears as seen in Figure\@®@re we can
select AbVD or ArVD using an air-tap gesture. We can turn on QR traking from

the toolbar to scan the QR code and anchor the AR content to theablet's position

and orientation. The size of the AR layers in AbVD is equal to the ithensions of the
tablet screen. In ArVD the height of the AR layers is the same as ¢htablet screen
but the width extends to 6.25 feet to left and right of the tabét to support visualizing

longer duration data. Menu to select AbVD and ArVD along with QR tracking is as
seen in Figure 3.9.

3.3.7 AbVD

This section [3.3.7] and the next section [3.3.8] give a dé&al description of AbVD
and ArVD, respectively. AbVD is comprised of a tablet and four AR lgers above the
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Figure 3.9: Menu for above and around display with QR tracking

tablet display [Fig 3.10]. In each layer a separate BCI time ges data visualization is
presented. Projecting data above the display is demonsted in MARVIS for tablets
by Langner et al.[1] and for large interactive displays by Rgschlager et al.[48]. The
topmost layer in AbVD represents alpha and beta frequencies B8, the second layer
from the top represents alpha and beta frequencies of F4, thiird layer represents
arousal and the bottom layer represents valence. Each timerges graph (F3, F4,
valence and arousal) is presented from 0 to 2000 epochs. Thmehsions of each AR
layer are equal to the size of the tablet display. The QR code position the AR
layers close to display as described in sec [3.2.4].

User interface of AbVD

In AbVD four AR layers are controlled by the web application on tke tablet comprising
of buttons, radio buttons and check boxes as seen in Figure @.(b). The user can
toggle on and o individual layers, and switch between displying the features of alpha
and beta in the F3 and F4 layers. We represented each time-sergraph in di erent
colors to help participant visually distinguish the graphs The AbVD interface with
all 4 layers is illustrated in Figure 3.10.

Using AbVD

In AbVD, the user can perform data analysis tasks from di erentresting positions
and head orientations. Users can perform data analysis tasksa seated position by
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(a) AbVD - Viewing in a seated position (b) AbVD - Viewing in a standing position

(c) AbVD - User clicks on toggle o (d) AbVD after toggle o

Figure 3.10: AbVD interface
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adjusting their head orientation by leaning back to view AR Igers from an angle such
that the layers do not overlap, toggling on and o one or morealers, or standing up

and looking down to view all layers integrated together. Fige 3.10 also represents
viewing angles and toggle operation in AbVD.

3.3.8 ArvD

ArVD includes tablet and HMD. AbVD includes one large AR layer that pesents
time series data on both sides of the tablet display, as shownFigure 3.11, continuing
the time series presented on the tablet. Continuation of datin the context of ArvVD
means, For example, given a time series data of 7000 epochgheé portion of the
time-series graph on the tablet presents 3000-4000 epoabis,the AR visualization
right presents data from 0-2999 and on AR visualization on thkeft presents 3999-
7000 epochs (Figure 3.11(a)). ArVD uses the focus + context vietw present the
large time series data. Focus+context means keeping a pani of the focus region on
the tablet and the remaining portion in AR.

User interface for ArvVD

The large time series data is controlled using tablet as shown Figure 3.11. The user
can select between valence and arousal data using the butsopresent in the tablet.
The small-axis representing the epoch is presented belowettime-series graph on
the tablet to enable the user to click on a speci ¢ epoch whicbhifts the time-series
so that tablet screen is centered on that epoch. The Zoom in @Zoom out button
is present in the menu bar to physically expand and shrink théme series data as
shown in Figure 3.11 (a),(b),(c),(d). The size, position, ah range of the time-series
data shown in AR is synchronized with the tablet display suchhat the data appears
to be a single time series graph that extends past the boundes of the tablet display.

Using ArvVD

In ArVD, We can adjust the focus point of the time-series data byclicking on a
speci ¢ epoch presented on the smaller-axis on the tabletha the whole time series
data will bring nearby data points onto the tablet. We can lo& at both sides of the
AR visualization to identify data points within a speci ¢ epoch range and switch the
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(a) ArvVD - When we click zoom in (b) ArVD - When we click zoom out

(d) ArVD - Time series graphs physically ad-

(c) ArvD - User clicking on focus point justs the view

Figure 3.11: ArVD interface
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visualization to valence or arousal depending on the task. &\tan also use shift-left
or shift-right to bring nearby data points onto the tablet or zoom out to view more
data points on the tablet. The axis labels can be used to lo@tiny point along the
entire time-series.

3.3.9 Summary of implementation

To summarize, implementation of AbVD and ArVD started with brainstorming, pro-
totype design, and pilot studies that helped to re ne AbVD and ANVD into fully
functional interfaces ready for evaluation. We encountedeand mitigated some cru-
cial challenges, such as achieving transparency, anchgriAR layers, and making the
long-duration time-series data move in sync with the portio of data displayed on the
tablet. Building a tablet Ul self-explanatory for rst-time users is also a key chal-
lenge we faced. More information about the challenges, ngéition, and takeaway is
presented in the discussion chapter. After successful pilstudies, we evaluated our
interface through a controlled within-subject study. The gidy design for AbVD and
ArVD is illustrated in the next chapter.



Chapter 4

Comparative Evaluation of AbVD and ArVD vs.

Tablet-Only Interfaces

This chapter focuses on study design for AbVD and ArVD. We presemur research
guestions and hypotheses, recruitment strategy, target palation, pre-screening pro-
cess, tool we used for collecting data, and AbVD and ArVD experimes. A summary
of data preparation is also presented in end of this chapter.

4.1 Research questions

We restate our research questions and hypotheses here.

41.1 AbVD
Research question 1 (RQ1):-

Can presenting individual time series plots of BCI data on garate horizontal layers
in AR enhance comprehension of each plot and of how they areateld to each other,
compared to presenting them all on a tablet display?.

Hypotheses for RQ1

HA1) Placing time-series data in AR layers above a display leadsfster acquisition
of salient data points when the data is oversampled, when cpared to presenting all
layers on a single physical display.

HOA1) Placing time-series data in AR layers above a display does retd to faster
acquisition of salient data points when the data is oversargd, when compared to
presenting all layers on a single physical display.

HA2) Placing time-series data in AR layers above a display leads toore accurate
selection of salient data points when the data is oversamplewhen compared to pre-
senting all layers on a single physical display.

45
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HOA2) Placing time-series data in AR layers above a display does netad to more
accurate selection of salient data points when the data is essampled, when com-
pared to presenting all layers on a single physical display.

Task accuracy is a primary indicator for HA2 and HB2. Time takens a primary
indicator for HA1 and HA2. Task load ratings, system usability rings and custom
guestionnaire ratings are collected for user experienceddack. We have four task
groups in AbVD experiment to test HA1 and HA2. Each belongs to di eret resting
position and viewing angle:Group 1:- Seated and toggleGroup 2:- Seated and
view from an angle,Group 3:- Stand up and look through AR layers andsroup 4:-
Use your own approach (Perform tasks in any way with what you ha learnt with
interface).

4.1.2 ArVD
Research question 2 (RQ2):-

Can extending the boundaries of the tablet screen using AR esafice comprehension
of long-duration time series plots of BCI data, compared toaoming and panning on
a tablet?.

Hypotheses for RQ2

HB1) Presenting long duration time series data in its entirety byextending a tablet
display using AR will permit faster identi cation of salient data points than when
using zoom and pan on a tablet display.

HOB1) Presenting long duration time series data in its entirety by>dending a tablet
display using AR will not permit faster identi cation of salient data points than when
using zoom and pan on a tablet display.

HB2) Presenting long-duration time series plots of BCI data by @é&nding a tablet
display using AR will permit more accurate identi cation of @lient data points than
when using zoom and pan on a tablet display.

HOB2) Presenting long-duration time series plots of BCI data by e@&nding a tablet
display using AR will not permit more accurate identi cation of salient data points
than when using zoom and pan on a tablet display.
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We have two task groups to test HB1 and HB2:Group 1:- Using focus+context
feature and identify salient data points from entire time-sries graph andGroup 2:-
Use your own approach to identify salient data points in timeseries graph.

4.2 Study overview

The purpose of this study is to test hypotheses HA1l, HA2, HB1 and HB2We
conducted a controlled-within participants study with 48 m@rticipants. The evalua-
tion involved two experiments, AbVD and ArVD. Each experiment iscompared with
similar tasks using tablet-only interface. | was respondi for running AbVD and
ArVD study for BCI and another co-researcher was responsiblerf Space Syntax.
Semi-structured interview was conducted by both researatseand they were respon-
sible for asking probing questions relevant to their data (Bl and Space Syntax)
to the participants. In data analysis phase, individual resarchers who conducted
study with BCI and Space Syntax data are responsible for re@ving questionnaire
sheets, interaction logs from Surface Pro, gaze data and @ recordings from the
HoloLens 2. Statistical tests on measures are performed bylividual researchers for
BCIl and Space Syntax. We performed thematic analysis on sestructured inter-
view data and Inter-rater reliability (IRR) analysis on video observations together as
ateam. The participants who took part in study are students sDalhousie University.

We recruited participants with and without prior experiene using immersive head-
worn displays (AR/VR). The combination of naive and experiened users of HMDs
is to mitigate selection bias in our study. As per the recommeation by experts
method [63]. We also recruited 5 expert Neuroscience pargiants from neuroscience
school to gain insights about their user experience. We cathsr our interface generic,
and users with any level of experience with BCI or immersivethnologies can use our
interface, hence during AbVD and ArVD evaluation, we did not targt only expert
participants from a speci ¢ domain. We divided the partici@nts into eight groups in
total following counterbalancing. As part of the exclusion riteria, we will excluded
the population with color blindness owing to the type of visalizations and tasks.
We represented each time-series graph in di erent colors teelp participant visually
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Figure 4.1: Recruitment, consent and pre-screening process

distinguish the graphs. Though visualizations in the AbVD andArVD require the
participants to properly distinguish the graphs and idenfiy data points. During the
pilot study, it was observed that it would not be possible foparticipants having color
blindness to perform tasks. The recruitment and pre-scregry process is as seen in
Figure 4.1

4.2.1 Study notice

We sent a study notice email through Dalhousie internal emlaserver cs-jobs@kil-Isv-
2.its.dal.ca and csgrads-bounces@cs.dal.ca. The emadlfdis attached in Appendix
A. When participants expressed their interest through email, scheduled a time-slot
for the study. The participant was scheduled for two time-sits for both AbVD and
ArVD experiments.
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Figure 4.2: AbVD and ArVD Experiments

4.2.2 |Initial screening of participants

Participants were asked about their familiarity with usingHead-Mounted Displays(HMD)
in the pre-screening questionnaire. We have eight groupstotal based on the coun-
terbalancing of the task order.

4.2.3 Consent and brie ng

The participants informed consent using the consent form(Agendix B) when they
arrived at the location. Participants were scheduled for tav sessions (maximum 90
minutes each) at the Mona Campbell building 4th oor VR and Grahics Lab. Upon
arriving, we gave participants sheets describing the taskand one of the investigators
verbally explained the purpose of the study and described g¢htasks to them. The
participants were instructed to ask for clari cation at any point during the study.
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4.2.4 Software tools and devices used

Microsoft HoloLens 2 and Microsoft Surface Book 3 were used participants in the
study. We used built-in video recorder in HoloLens 2 to recorthe participants' ac-
tions during the study. JavaScript logs captured interactins with the tablet. The
interviews were recorded through audio recorder softwar&Ve used HoloLens com-
panion app [83] to monitor the participants actions during e study. We also recorded
participants' gaze data from HoloLens 2.

4.2.5 Setting up the study room

In the study room we marked the location where the tablet wasl@ced with tape.
We attached the QR code to the right edge of the tablet and kephe tablet in the
marked region on the table. The researcher sat at a distancatside the study room
ensured that participants were shown the intended contenta interface conditions by
monitoring with the remote HoloLens Companion app. Questioraires were arranged
in condition order for each participant. We kept wipes, mask and hand sanitizer
in the room in case participants required them. As per COVID procols, distance
between facilitator and participant was maintained and mass were worn by facilitator
and researcher. We sanitized HoloLens 2 and Microsoft SuaPro 3 using wipes
before and after the experiment. The study venue is as seenhigure 4.3(a) and
Figure 4.3(b) represents placement of tablet in a marked lottan on the table.

4.2.6 BCI introduction video

At the outset of the study participants watched an introducton video about BCI that
described the features explored in the study. The video proled a short 5 minutes
introduction to BCI, EEG signals, devices that capture EEG mgnals, the OpenVibe
platform, representation of EEG signals in OpenVibe, Alpharad Beta frequencies,
and features involved in calculating valence and arousal. t&f showing the video
participants were given an opportunity to ask questions befe proceeding to the
experiments.



51

(a) Study room with tablet placed on the (b) Tablet placed in marked area with QR
marked area code attached to tablet on right

Figure 4.3: Study venue

4.3 Experiments

Two experiments were conducted as a part of the study, one f8bVD and another
for ArvVD for BCI data. The experiments included the ArvVD and AbVD interfaces |
developed for BCI, but also included tasks and interfacesrfa di erent domain (space
syntax). | only report on BCI results in this thesis as the spee syntax conditions
were managed by another student. The ow of experiment is agan in Figure 4.2

4.3.1 Counterbalancing of experiments

This is a within-subjects study with three factors (Data Donain, Platform, and In-
terface), each with two levels (BCI and Space Syntax, TableHMD and Tablet Only
interface, AbVD and ArVD, respectively). Interface is the ouérmost factor, and the
two levels are treated as separate experiments, each withufaonditions{this is be-
cause the interactions, visualizations, data, tasks, remeh questions and hypotheses
are di erent for the AbVD and ArVD interfaces. The Data domain fador is nested
within platform, and with counterbalancing this gives the bllowing four orderings per
experiment:

Tablet+HMD (Space Syntax, BCI), Tablet(Space Syntax, BCI)

Tablet+HMD (BCI, Space Syntax), Tablet(BCl, Space Syntax)

Tablet(Space Syntax, BCI), Tablet+HMD(Space Syntax, BCI)
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Tablet(BClI, Space Syntax), Tablet+tHMD(BCI, Space Syntax)
Figure 4.4 represents the counterbalancing order with 8 grps and also presents

Figure 4.4: Counterbalancing of experiments

counterbalancing as per two data domains (BCl and Space sy).

4.3.2 Experiment 1. AbVD

In AbVD experiment, we evaluated AbVD against the tablet-only iterface. The
participants were briefed about the experiment, includinghe tasks they needed to
perform. The participants were asked to explore data and iatact with the visual-
izations presented on the display and in AR layers above thesgilay for BCI. The
researcher verbally dictated the tasks step-by-step to thearticipants, and they car-
ried out operations to complete the tasks described in the s& sheet. Participants
were asked to \think aloud" as they completed the tasks(Appeatix C). Each task
set comprised of subset of ve tasks, which were completedstr and in the same



53

Activity Duration(Max)(in mm:ss)

Study overview/review, answer questions 5:00
Describe experiment 5:00

For each condition x4 (72:00 total)
Complete training tasks 5:00
Complete task set 10:00
Custom questionnaire 3:00
Final questionnaire and semi-structured interview 8:00

Table 4.1: Estimated time for each task in the study

order across all conditions for all participants. These t&s are used to familiarize
the participants with the interface, the data domain, and is visualization and to get
used to the think-aloud protocol.

After completing the training tasks, the participants perfemed the main tasks.
The main tasks in AbVD were divided into 4 groups based on the hearientation
and the resting position. In Group 1, participants were askkto be seated and toggle
on or o individual layers to perform the tasks. In Group 2, the participant viewed
the data from an angle where the AR layers do not overlap and dermed the tasks.
In Group 3, participants stood up, looked through all AR layes, and answered the
guestion. In Group 4, the participant can use their own appmch to complete the
tasks. If a participant expresses concern about not compileg a task, they were asked
to continue trying until the maximum time is reached.

Once all tasks were completed (or abandoned/timed out) for given condition,
an interface questionnaire(Appendix D), System usability westionnaire(Appendix
G) and NASA-TLX questionnaire(Appendix H) were given to the partcipants. Once
the participant nished both tablet and AR task sets, a post-ondition questionnaire
(Appendix E) were administered. Once the whole experimentif@bove display was
done, a semi-structured interview (Appendix 1) was conducte Table 4.1 presents
estimated time for the tasks.

AbVD tablet-only interface

For tablet only baseline condition we asked the participastto perform similar task
but with slightly di erent values in tablet only interface. In tablet-only interface we
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Figure 4.5: Tablet only interface for comparison with AbVD

presented all the four time series graphs together in the thdi. The users can interact
with the tablet to switch between the time series graphs andogggle on and o one
or more graphs. There are no specic instructions for head ientation or resting
positions, the users can perform the tasks normally in the wahey use the tablet.
Tablet only interface as seen in Figure 4.5.

4.3.3 Experiment 2: Around Display

In ArVD experiment, we evaluated ArVD against tablet only interface. Experiment
2 followed the same format as Experiment 1, di ering only innterface and task sets,
and required the same amount of time. It is a within-subjectexperiment with two

factors (Data Domain, Interface), each with two levels (BCand Space Syntax, Pla-
nar and Planar+3D Highlighting, respectively), giving four conditions. The Data
Domain factor are nested within Interface, and with countdyalancing this gives the

following four orderings:
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Planar+3D (SpaceSyntax, BCI), Planar (Space Syntax, BCI)
Planar+3D (BCI, SpaceSyntax), Planar (BCIl, Space Syntax)
Planar (SpaceSyntax, BCI), Planar+3D (Space Syntax, BCI)
Planar (BCI, SpaceSyntax), Planar+3D (BCI, Space Syntax)

ArVD experiment had a similar format as AbVD. In the ArVD experiment we
gave participants a set of training tasks to help them fam#irize themselves with
the interface. Once training tasks were completed, we gavbet participants the
main tasks. The main tasks had two groups. In Group 1, partipants used fo-
cus+context to complete the tasks. In Group 2, participantsused their own ap-
proach to perform the tasks. We provided the participants wi an interface ques-
tionnaire(Appendix F), System usability questionnaire(Appadix G), and Task load
index questionnaire(Appendix H) after each condition. Afterampletion of the ArvVD
and tablet-only experiment, we gave a post-condition quaetnaire(Appendix F) to
the participants. Then we conducted a semi-structured inteiew(Appendix I) with
the participants to learn about their feedback.

ArVD tablet-only interface

ArVD was evaluated against the tablet-only interface. The useinterface is similar
to the ArVD, just without augmented reality. The users had to svipe left and right
to navigate through the data. We can use focus points and shléft and shift right

functions, in addition, to swipe left and swipe right to nawyate the BCI data. There
are no speci c instructions for head orientation or restingosition for the physical
monitor condition of the ArVD. Tablet only interface that is used for comparison
with ArVD is as presented in Figure 4.6.

4.4 Preparing the data for data analysis

4.4.1 Data collection

Questionnaire data: We gathered responses from consent forms and participant's
initial screening data. We collected participants' respaes to interface questionnaire,
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Figure 4.6: Tablet only interface for comparison with ArVD

post-condition questionnaire, SUS and TLX questionnaire. fie diversity of partici-
pants who took part in the evaluation are presented in AppendiK.

Audio recorder: The audio logs of semi-structured interview was retrieveddm
the audio-recorder and is later used for transcribing and fiearmation collection pur-

poses.

HMD video recorder (HoloLens 2): The HMD has an in-built video recorder

which can record the participant's actions and audio.

Software logs: Javascript logs from the tablet application, recorded timgamped
data of user interactions in a log le that is later used to chek events and its times-

tamps.

HMD tracking data: the HMD records timestamped head position and orienta-
tion, eye gaze, and hand position data. Participants wore HMior both tablet+AR

and tablet only tasks.
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4.4.2 Preparing the data

Important measures to answer HA1, HA2, HB1 and HB2 are task accuractme
taken to complete tasks for each groups. We collected taskcacacy and time taken
for each group in AbVD and ArVD experiment. We analyzed JavaScriptolgs, video
logs and audio transcripts to obtain accuracy and time-takefor the tasks. For per-
ceived interface feedback, we require system usability ses, task load ratings and
custom questionnaire. We collected video and audio logs footh experiments for
behavior analysis. The video and audio analysis provided ussights about the par-
ticipant's experience and categorize their behaviours theatically. We also analyzed
JavaScript logs from the tablet to obtain thick descriptionsof how each participant
completes the task. For qualitative data analysis we analgd audio transcripts of
semi-structured interview data for constructing the feediick thematically.

We structured our during data preparation that portrayed masures of related
groups i.e., time taken, accuracy for individual task grouga We wanted to compare
our measures for signi cant di erence only for relevant grops that help answering
our research questions e.g., Task accuracy for Group 1: Tég@gn AbVD and tablet
only interface. Structuring the data according to relevangroups helped us to elim-
inate comparing di erent groups that are not related and/ordid not help answering
our research questions. We also applied error correctioncacding to the number
of comparisons we performed. Summary of data preparation cdranalysis plan is
described below.

Custom post-condition questionnaire

The post-condition questionnaire contains participant'sesponses that compared AbVD
and ArVD to tablet-only interface. We gathered the responsesd complied them in

a spreadsheet as seen in Tablet 4.2. The data is ordinal, herwee used Mann-Whitney
U test to nd signi cant di erence between the responses rearded in Experiment 1:
AbVD and tablet only interface and Experiment 2: ArVD and tablet anly interface.
Epsilon squared test was used for nding e ect size. We alsgplied Bonferroni error
correction to mitigate type | error.
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A sample from custom questionnaire data recorded in spreddet
Question Interface| SA A N D SD
Viewing large time series data ArVD 18 28 L L 0

Tablet 23 22 1 1 0
Panning time-series data ArVD 27 18 L 0 0
Tablet 36 11 1 0 0

Table 4.2: Data from custom questionnaire spreadsheet (SAStrongly agree, A-
Agree, N - Neutral, D - Disagree, SD - Strongly disagree)

Data analysis plan for accuracy and time taken

To nd signi cant di erence between measurestime taken and accuracy we used
Kruskal-Wallis  for AbVD, ArVD and its respective tablet only interface to test
HA1, HA2, HB1 and HB2. In order to validate using Kruskal-Wallis for nding sig-
ni cant di erence between the measures we usefihapiro-Wilk test . Shapiro-Wilk
test indicates if the data distribution is normal. If the digribution is normal then we
proceeded to use Kruskal-Wallis otherwise ANOVA can be used fading signi cant
di erence. We did not use ANOVA for any in the results since the dta distribution is
not normal. We then used Bonferroni correction to mitigateytpe | error and Epsilon
squared test to nd e ect size.

AbVD To test hypothesis HB1 we use task accuracy as measure. We diésd
about four scenarios or tasks groups where participants permed the tasks in AbVD
followed by similar tasks with slightly di erent values in tablet only interface in the
study overview section. We performed hypothesis testingrf@ach task group i.e.,
Group 1: Seated and toggle tasks, Group 2: Seated and viewnfr@n angle tasks,
Group 3: stand up and look through the AR layers tasks and Groug: use your own
approach tasks in AbVD experiment. Through statistical testasve compare the task
accuracy of each group in AbVD with its counterpart group in taket only experi-
ment and identi ed whether tasks performed in AbVD is signi caitly accurate than
the tablet only interface. For HB1, our dependent variable for each task set
(Groups) is task accuracy and independent variable is platform i.e., AbVD
and tablet only interface.
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To test hypothesis HA1, we use time taken as measure. Similar HB1 we have
four task groups and we compute time taken to complete the tls in each group and
using statistical tests we identi ed whether time-taken tocomplete tasks in AbVD
is signi cantly lower compared to the tasks in tablet only inerface. For HA1, our
dependent variable for each task set is time taken and independent vari -
able is platform i.e., AbVD and tablet only interface.

ArVD To test hypothesis HB2 in ArVD, we used task accuracy as measurin
study overview we described about two task groups where pmipants performed
tasks i.e., focus+context and use your own approach. We contpd task accuracy
for each group and using statistical tests we identi ed whéter the task accuracy for
each group in ArVD is signi cantly higher than its counterpart groups in the tablet
only interface. For HB2, our dependent variable for each task set is task
accuracy and independent variable is platform i.e., ArVD and tablet only
interface.

To test hypothesis HA2, we used time taken as measure for eaclskagroups in
ArVD experiment. To identify whether time taken to complete the tasks in ArVD is
signi cantly lower than the similar tasks in tablet only interface we performed sta-
tistical tests for signi cant di erence between measuresor HA2, our dependent
variable for each task set is time taken and our independent variable i S
platform i.e., ArVD and tablet only interface.

NASA-Task Load Index(TLX)

We collected responses for the perceived task load scoresrirthe TLX question-
naire. We tabulated scores of mental demand, physical dentgrtemporal demand,
performance, e ort or frustration data in a spreadsheet aseen in Table 4.3. The
scale for each aspect ranges from 0-100. We calculated therall TLX score for each
participant using NASA-TLX spreadsheet[87] that computes ovall task load scores
from the scores of individual task load factors[86].

The appropriate statistical tests for ordinal data such asikert scale is debated[119].
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Mircioiu et al.[119] stated that the choice of statistical ésts for Likert-scale data
largely depends on the objective, research question and logpesis. Our objective
is to present cognitive workload for AbVD and tablet only inteface from rst ex-
periment and ArVD and tablet only interface from second expement as interface
feedback. We visualized individual scores that contributéo task load i.e., men-
tal demand, physical demand, temporal demand, performance ort and frustration
[122, 123]. We mention in our results the signi cant di eremes between the scores
given by the participants. NASA-TLX is ordinal data hence we usnon-parametric
test, i.e., Mann-Whitney U test to identify signi cant di er ence between the scores,
e.g., signi cant di erence between scores of physical deméin AbVD and tablet only
interface. Our dependent variables are overall TLX score hgsical demand, mental
demand, temporal demand, performance, e ort and frustratin and our independent
variable is platform. We used Bonferroni error correctiond mitigate type | error
and r-statistic to nd e ect size. We acknowledge the limitdions of this approach
especially other types of statistical tests that could be esl on ordinal data.

A sample from NASA TLX data recorded in spreadsheet
Task load factor Response | Participant | Group Overall
score
Mental demand 60
Physical demand 20
Temporal demand 0
Performance 80 P1 Group 1 30
E ort 30
Frustration 0

Table 4.3: Data from NASA TLX spreadsheet

System Usability Scale(SUS)

Participants' responses to each question in the SUS questi@ire were compiled in a
spreadsheet and using SUS scale we calculated the total SUSecdhe scores from
responses are recorded on the scale of 5-1 i.e, 5-stronglseag4-agree, 3-neutral, 2-
disagree, 1-strongly disagree. SUS score calculator[85)ssd to record the responses
and the it contains the formula to calculate the overall SUS sce. The SUS formula
has three steps. (A) Sum all the responses to odd number quess and subtract
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by 5, then (B) sum all even number questions and subtract thealue from 25, and
nally (C) Calculate the sum of A and B and multiply the value by 2.5. The SUS
formula is presented in the SUS score column of the spreaddheeseen in Table 4.4.

In our research we treated we gathered SUS data for perceiveshhility feedback[124,
125]. In results we visualized system usability scores faxperiment 1: AbVD and
tablet only interface and experiment 2: ArVD and tablet only inerface. We men-
tioned the grade of SUS overall scores e.g., 76 (Acceptable’}B25]. SUS is ordinal
data, hence we performed non-parametric tests i.e., Mann-Wihey U test to nd sig-
ni cant di erence between the scores e.g., signi cant di @ence between SUS scores
of AbVD and tablet only interface. Our dependent variable is aerall SUS score and
independent variable is platform. We used r statistic to nde ect size.

A sample from SUS calculation recorded in spreadsheet
Participant | Q1| Q2| Q3| Q4| Q5| Q6| Q7| Q8| Q9| Q10 SUS Score
P1 2 4 2 |4 2 |4 2 |4 2 |4 25
P2 3 |3 |3 |3 |3 |3 |3 |3 |3 |3 |60

Table 4.4: SUS calculation spreadsheet

Audio recordings

Our audio data is comprised of audio logs recorded during exfiment and semi-
structured interview data. The log contains responses of éhparticipants about their
overall experience and their feedback about our technique#/e transcribed the audio
data to text using Microsoft Cognitive Services[89] and pfarmed thematic analysis
(described below) on the data. This method helped us in our glitative and quanti-
tative ndings. Audio logs also helped to make observationsnotask accuracy based
on their verbal responses to tasks and time-stamp data for @athe tasks[89].

Once we transcribed the audio logs we performed thematic dysis. Our thematic
analysis is motivated from Virginia and Braun[78] that portays six steps for thematic
analysis. However we acknowledge limitations in our apprdasvhen compared to
[78], since our approach comprised of only four steps and withe audio data we
had, we are only able to re ne the themes only to certain exténhat can distinguish
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Figure 4.7: Codebook

the category of data. First, utterances during the experimerand interview responses
were broken down into data segments such that each segmeriereed to a single idea,
need, action, or object. Second we grouped similar data inbbns (e.g., feedback on
neck pain, ergonomic issues, head-ache etc.). Third, thesngere de ned based on the
type of data present in the bins (e.g., the theme for neck pairrgonomic issues, and
head-ache is "Physical Constraints"). Fourth, similar thenes are connected to a high
level theme (e.g., Tablet bias, physical constraints conated to user experience). The
themes are derived by three researchers together who tookrfpa the whole process

is as seen in Figure 4.7. In our thematic analysis data relateéd both BCI and space

syntax are grouped into bins as seen in a nity diagrams (Figue 4.8-4.17). We only
present results from themes relevant to BCI in this researctWe performed the whole
process in a Miro board tool.



Figure 4.8: A nity diagram - user experience (Layering advanages)
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Figure 4.9: A nity diagram - user experience (Visual distinction and big picture view
in AR)
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Figure 4.10: A nity diagram - user experience (Physical constints and engaging
experience)



Figure 4.11: A nity diagram - user experience (Layering advatages)
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Figure 4.12: A nity diagram - implementation (Number of layers)
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Figure 4.13: A nity diagram - implementation (Resolution)
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Figure 4.14: A nity diagram - implementation (Toggle and color blending)
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Figure 4.15: A nity diagram - implementation (Grid and hybrid interface)
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Figure 4.16: A nity diagram - future applications (Generic applications)
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Figure 4.17: A nity diagram - future applications (Live data)
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Video recordings

The video data is collected from the HoloLens 2 for AbVD, ArVD and thlet-only
interface. In the video we recorded participants using theablet+AR and the tablet-
only interface performing the tasks. We used inter-rater hability (IRR) to analyze
the video data. The IRR process to analyze the video data inl@d two researchers
analyze the video logs of each participant. After analyzing video logs and agreeing
upon the codes that we can use for further analysis, we stadt@oting the number
of each observation of event relating to the code for each @al and its time-stamps.
When the researchers are done, for video we divided the numhzdrsimilar codes by
each researcher within a given time-frame with total numbeof codes assigned by
each researcher for a participant's video. We continue to dbe video analysis until
we met acceptable IRR score i.e., above 0.70. Table 4.5 regymets the method of
IRR calculation performed by both researchers and the codebk for IRR is as seen
in Table 4.6.

IRR calculation
Researcher| Participant | Time Code Group | IRR
score
6:25-6:30 | Participant came close
1 P1 to AR layers 2 1
6:44-7:05 | Participant came close
to AR layers
7:20-7:35 | Participant came close
to AR layers
6:26-6:32 | Participant came close
2 P1 to AR layers 2 1
6:46-7:05 | Participant came close
to AR layers
7:20-7:35 | Participant came close
to AR layers

Table 4.5: IRR calculation

JavaScript logs from the tablet:-

We captured interaction logs from the tablet using JavaScrip Interaction logs cap-
tured number of clicks and swipes and recorded each one witi@estamp is as seen
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Figure 4.18: Interaction logs from tablet

in Figure 4.18.

Task accuracy:- We calculated task accuracy by examining where the particmts
clicked in the JavaScript logs from tablet, and reviewing thédoloLens 2 video logs
and audio transcripts for a given time-frame. Audio logs arehecked to observe par-
ticipants' verbal responses to the tasks to calculate acany. For example, in the
task \Click on 1000 epoch from arousal and report its value'yve observed the partic-
ipant's click on arousal button, verbal response of the vatuand through video logs
showing what is displayed.

Time taken to complete the task:- We calculated time taken to complete each
task by looking at the time-stamps recorded in interactiondgs on when the par-
ticipant stopped interacting, and adjusted using the HoloLies video logs and audio

logs.



IRR codebook

Code Group Interface

Participant clicked on focus point and looked 1 and 2 ArvVD

at entire time-series data visualization

Participant stood up and moved from loca{ 1 and 2 ArvD

tion

Participant did not use shift left or shift right | 1 and 2 ArvD

Participant used zoom in or zoom out to 2 ArvD

identify data point

Participant used a combination of shift and| 2 ArvD

focus points

Participant moved closer to salient data 1 and 2 ArvD

point in seated position to read the value

Participant swiped in tablet to identify | 1 and 2 Tablet-

salient data points ArvVD

Participant moved close to AR layer, used 1 and 2 ArvD

nger to match X and Y values

Participant came close, adjusted head orien-1 and 4 AbVD

tation as per layer and identi ed the data

point

Participant used nger to match X and Y | 1, 2, 3 and| AbVD

value 4

Participant leaned forward closer to AR layer| 2 and 4 AbVD

to identify data point

Participant stood up and looked down to| 3 and 4 AbVD

identify salient data point

Participant used toggle feature to isolate lay{ 1, 2, 3 and| AbVD

ers 4

Kept all 4 layers on when completing the 1, 2, 3 and| AbVD

tasks 4

Participant used multiple layers only for| 1, 2, 3 and| AbVD

comparison tasks 4

Participant used toggle to isolate graphs 1, 2, 3 and| Tablet-
4 AbVD

Participant used nger to match X and Y | 1, 2, 3 and| Tablet-

value 4 AbVD

Technical confusion: what is meant by epoch Generic ArvD

intervals ?

Logical confusion: what is meant by exten: Generic ArvD

sion of time series data ?

Table 4.6: IRR codebook
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Chapter 5

Data Analysis and Results

In this chapter we present data analysis and results. We pre# results of hypothesis
testing using associated measures: task accuracy, time eéak To validate HA and
HB, task accuracy and time-taken should return signi cant reults for AbVD and
ArVD. User experience is unweighted NASA TLX, System Usability(SUSnd custom
guestionnaire responses. Qualitative ndings on semi-sictured interview data and
behavioural analysis are presented in this chapter as well review of ndings in
relation to our research questions RQ1 and RQ2 presented #tet end of this chapter.

5.1 Study population

Based on the demographic questionnaire, 20 females and 28ewdook part in our
study and among them 33 participants were familiar with AR/VR. 15 participants
stated that they have used an augmented reality applicatiobefore (e.g., Pokemon
Go). The diversity of participants are presented in (Appendi K).

5.2 Statistical data analysis results for AbVD

In this section, we present results for statistical tests oprimary measures: task ac-
curacy and time taken to reject HOA. We also present statisti¢aesults for perceived
task load scores, system usability scores and custom-queshaire. Qualitative anal-

ysis results i.e., semi-structured interview and behavial analysis results i.e.,video
observations and think aloud are presented in later portiaof this section. Task
accuracy and time taken are as presented in Table 5.1.

5.2.1 Accuracy - Testing hypothesis HA1

Task accuracy and time taken for each group in AbVD experimentqgstrayed in 5.1.
In subsequent sections we present results of statisticakts. Figures 5.1, 5.2, 5.3, 5.4
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portrayed visual summary of task accuracy data as box plots.

Above display
Platform Task type Average Accuracy
time taken
(MM:SS)
Tablet + Training tasks 03:10 -
AR
Seated and Toggle 02:40 0.82
View from an angle 02:20 0.65
Stand up and look down 02:06 0.68
Use your own approach 02:02 0.68
Tablet Training tasks 02:13 -
only
Group 1 02:03 0.82
Group 2 01:45 0.63
Group 3 01:37 0.51
Use your own approach 01:36 0.68

Table 5.1: Average time taken for each tasks in above display

Accuracy for tasks with single layer - seated and Toggle tasks

This is task accuracy for Group 1 in AbVD i.e., Accuracy of the tdss where par-
ticipants are asked to identify values of alpha, beta, valee and arousal values on
each layers in a seated position. Shapiro-Wilk test indicadethat the distribution is
not normal (W = 0:93p < :001). Hence non-parametric test has to be performed
to check statistical signi cance. The Kruskal-Wallis testis performed to signi cant
di erence between AbVD and tablet only interface for seated ahtoggle tasks. The
simple main e ect analysis indicated that there was no sigmant di erence in the
accuracy for seated and toggle tasks f = 0:16;p = 0:69,df = 1) with negligible

e ect size (?=0.002). The mean and standard deviation of AR and tablet aresa
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follows, AR(M = 0:82 SD = 0:14) and tablet (M = 0:82SD = 0:11). After Bon-
ferroni correction, v = 1. This task set is performed with single layer on and 42
participants used the toggle feature to turn on and o the lagrs speci c to the task.

Figure 5.1: Accuracy for seated and toggle tasks

Accuracy for tasks with multiple layers viewed from an angle in seate d
position

This is Group 2 tasks where the participants are asked to viethe AR layers from
an angle in tablet+AR tasks and view all the graphs together irtablet-only tasks.
The tasks are to nd alpha, beta, valence and arousal values @ speci ¢ epoch when
all the AR layers or graphs are toggled on. Shapiro-Wilk test famormality indicated
that the data deviated from normal distribution and non-paametric tests should be
performed to check the statistical signi cance\(V = 0:95,p = 0:002).The Kruskal-
Wallis test showed that there was no signi cant di erence in ask accuracy in Group
2 tasks between AbVD and tablet only interface (> = 0:17;p = 0:68 df = 1) with
negligible e ect size(?=0.002). The overall mean and standard deviation for AR and
tablet are as follows, AR M = 0:66,SD = 0:19). tablet (M = 0:63,SD = 0:17).
After Bonferroni correction, ew =1
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Figure 5.2: Accuracy for view from an angle tasks

Accuracy for tasks with multiple layers and viewed in a standing positio n
- stand up and look down tasks

This is Group 3 tasks where they are asked to stand up and looll ghe 4 AR
layers together as a single visualization. In tablet-onlynterface, the participants
viewed all the graphs together in tablet for the same group. fié tasks are to identify
alpha, beta, valence and arousal values at a speci ¢ epochhd Shapiro-Wilk test
for normality indicated that the distribution is normal hence parametric tests can
be used to nd statistical signi cance W = 0:97,p = 0:02).The Kruskal-Wallis test
indicated a signi cant di erence in task accuracy for Group3 tasks between AbVD
and tablet only interface ( 2 = 17:738p < :00Ld = 1;) with relatively strong
e ect size (2=0.19). The mean accuracy of tablet+AR when a participant stod
up and analysed the AR layers together was signi cantly highiehan tablet-only for
the tasks where the participants analyzed all the time-se$ graphs overlapping in
a single visualization. The mean and standard deviation of ARNd tablet are as
follows, AR (M =0:67,SD =0:17). tablet (M =0:51; SD = 0:20). After Bonferroni
correction, new =< :001. In this group, 40 participants did not use toggle feater
when performing the task, they performed the tasks with allayers on.

Accuracy for nding data points using own approach tasks

We calculated accuracy for Group 4 tasks where the participacan use their own
approach to nd alpha, beta, valence and arousal values at gacic epoch. The
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Figure 5.3: Accuracy for Stand up and look down tasks

Shapiro-Wilk test for normal distribution indicated that th e distribution is not normal(W =
0:94;p < :001) and non-parametric test should be performed to nd thetatis-
tical signi cance of platform over accuracy. The Kruskal-Vdllis did not indicate
any signi cant di erence in task accuracy between AbVD and taket only interface

( 2=0:04p=0:84d = 1) with negligible e ect size( ? =0.0004). The mean and
standard deviation for AR and tablet are as follows, AR = 0:68 SD = 0:20).
tablet (M = 0:68,SD = 0:23). After Bonferroni correction, ey = 1.

Figure 5.4: Accuracy for use your approach tasks
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5.2.2 Time-taken - Testing hypothesis for HA2

In this section, we present statistical results for overatime taken in AbVD and time
taken for individual tasks. The visual summary of time takendata is as seen in
Figures 5.5, 5.6, 5.7 and 5.8

Time Taken for seated and toggle tasks

For Group 1 tasks, the Shapiro-Wilk test for normality showedhat sample is not
normally distributed (W = 0:87;p <:001). The non-parametric Kruskal-Wallis tests
revealed that there was a signi cant di erence in time takenbetween AbVD and
tablet only interface for seated and toggle tasks € = 9:63;p = 0:002d = 1) with
moderate e ect size (>=0.10). The time taken to perform tasks in seated position in
tablet+AR is signi cantly more than tablet-only interface. The mean and standard
deviation for AR and tablet are as follows, AR M = 2:52SD = 1:09). tablet
(M =1:87,SD = 0:66). After Bonferroni correction, e, = 0:008.

Figure 5.5: Time taken for seated and toggle tasks

Time Taken for view from an angle tasks

For Group 2 tasks, The Shapiro-Wilk test indicated that data$ not normally distributed(W =
0:84,p = 7:391e 09). Non-parametric Kruskal-Wallis tests indicated that tme

taken in AbVD was signi cantly higher than tablet only interface, ( 2= 12:247.p <

:00L df = 1) with moderate e ect size ( 2=0.13). Tablet (M =1:60,SD = 0:63), AR

(M =2:14;,SD = 0:92). After Bonferroni correction, ey = 0:002.
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Figure 5.6: Time taken for view from an angle tasks

Time Taken for stand up and look down tasks

For Group 3 tasks, the Shapiro-Wilk test indicated that data $ not normally dis-
tributed (W = 0:78 p < :001). The non-parametric Kruskal-Wallis test indicated
that time taken in AbVD is signi cantly higher than tablet only interface, ( 2 =

131%p < :00Ld = 1) with moderate e ect size (?=0.14). Mean and standard
deviation are as follows, AR M = 1:90,SD = 0:81), tablet (M = 1:45,SD = 0:46).

After Bonferroni correction, ey = 0:001.

Figure 5.7: Time taken for stand up and look down tasks
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Time Taken for use your own approach tasks

For Group 4 tasks, the Shapiro-Wilk test indicated that data $ not normally dis-
tributed (W =0:79,p <:001). The non-parametric Kruskal-Wallis test revealed tha
time taken in AbVD is signi cantly higher than tablet only inte rface ( 2=7:179p=
0:01d = 1) with moderate e ect size ( ?>=0.14). Mean and standard deviation are as
follows AR (M = 1:87,SD = 0:84), Tablet (M = 1:45,SD = 0:50). After Bonferroni
correction, pew = 0:03.

Figure 5.8: Time taken for use your own approach tasks

5.2.3 Custom questionnaire analysis for AbVD

Since the data is ordinal, we used non-parametric Mann-Whigy U test to compute
signi cant di erence in responses. We assigned weights rgimg from 5 to 1 for the
responses: Strongly agree-5, Agree-4, Neutral-3, DisagBeand Strongly disagree-1.
The responses for questionnaire are presented in Figure 5rdaFigure 5.10. The
statistical results for custom questionnaire are portragebelow in Table 5.2.

5.2.4 NASA TLX

The NASA-TLX scores are unweighted, and we have individual asgts of task load
namely mental demand, physical demand, temporal demand, nff@mance, e ort,
and frustration. During video analysis, we observed that ptcipants had di culty

reading the values of the data points in AR and they adjusted #ir head orientations
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Figure 5.9: AbVD custom questionnaire
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Figure 5.10: AbVD custom questionnaire (Continued)
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Statistical analysis on custom questionnaire - AbVD

Question w p new AbVD Tablet 2
(Mdn) | (Mdn)

Viewing 868.5 0.03 0.02 4 4 0.04
multiple
graphs

together

Visual dis- 903 0.06 0.30 4 4 0.03
tinction of
layers

Determining 792 0.01 0.03 3 4 0.07
X and Y
values

Isolating 925 0.05 0.27 4.5 5 0.03
layers us-
ing toggle
feature

Understanding 1161 0.94 1 4 4 <.001
alpha,

beta, va-
lence and
arousal

Table 5.2: AbVD Statistical analysis results on custom questnnaire responses

close to the data point to read its value. However, the partipants did not felt the
need to change their head orientation or resting position itablet-only tasks. The
participants looked into the tablet, interacted with the interface, and answered the
questions. Task load factors and overall NASA TLX score for AbVIand tablet only
interface is as seen in Figure 5.11. Data distribution of indidual task load factors
in AbVD and tablet only interface are visualized in Figure 5.12.

Mann-Whitney U test indicated that there is a signi cant di e rence between the
overall NASA TLX score of AbVD and tablet only interface YV = 1467;p = 0:02)
with small e ect size (r = 0:23). Mann-Whitney U test also indicated that AbVD
has signi cantly higher perceived physical demand with maetate e ect and e ort
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(a) AbvD (b) Tablet only interface

(c) Task load comparison

Figure 5.11: AbVD NASA-TLX

with low e ect size. Our e ect sizes are as per r-statistic. @blets have signi cantly
higher performance scores with low e ect size. Statisticaésults of Median, p-value,
e ect size(r) and sum of the ranks(W) are portrayed in Table 3.

5.2.5 System Usability Scores(SUS)

The self-reported system usability scores for AbVD is 66 whighoints to marginal
rating of 'C' , and tablet-only interface is 76 which points b acceptable rating of
'B'. During the interviews and prior screening of participats, they mentioned that
they had not used a hybrid interface before. They also expsexl that they are more
familiar with tablet computers. Eleven participants repoted in their responses that
they might need a help of a technical person to use the inteda, which outlines their
non-familiarity with the interface. Thirty-six participa nts reported that the system is
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(a) Physical demand (b) Temporal demand
(c)Eort (d) Performance
(e) Frustration (f) Mental demand

Figure 5.12: AbVD - Comparison of TLX factors
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Statistical analysis on perceived task load
Task W p AbVD Tablet E ect new
load (Mdn) (Mdn) size

(r)

Mental 1403 0.07 60 40 0.18 0.42
demand
Physical 1639 <.001 36 10 0.37 0.01
demand
Temporal 1350 0.15 20.5 20 0.15 0.9
demand
Performande 756 0.003 70 80 0.29 0.02
E ort 1459 0.02 50 30 0.23 0.12
Frustration 1367 0.11 30 10 0.16 0.66

Table 5.3: NASA TLX - Perceived task load summary for AbVD

easy to use, and 39 participants found that various systemriations are easy to use.
28 participants also expressed that they felt very con dentising it. The self-reported
system usability scores of physical monitors are higher a6.7 SUS scores of AbVD
and tablet only interface is as seen in Figure 5.13.

The Mann-Whitney U test on the system usability ratings showe that there is a
signi cant di erence between scores of AbVD and tabletsW = 748; p = 0:003) with
negligible e ect size ( = 0:03). The system usability ratings of tablet-only interface
(Mdn = 75) is signi cantly higher than the tablet+AR interface (Mdn = 67). There
is no change to p-value after Bonferroni since there is no niple comparisons for
system usability scores.

5.3 Behaviour analysis for AbVD

5.3.1 Video observations

We observed how the participants performed each set of taskstablet and in aug-
mented reality from the video logs. We looked into speci ¢ ggerns of behaviour by
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Figure 5.13: System usability scores comparison

each participants and made a note of them. The summary of eatdsks are illustrated
below.

Finding data points in single layer - Toggle On and O tasks

The set of tasks requires the participants to toggle on one ARer at a time and
perform the tasks. The participants in a seated position atygzed the data in two
ways. In the rst one, they came closer to the AR layers until tley felt the ticks'
numbers were visible. Then they used their nger to match a da point in X-Axis
(Epoch) to the Y-Axis (Frequency/value) and read the values. Te second way is
that the participants came close to the AR layers, adjustingtteir head orientations
as needed to see the layer, and found the data point values. & participants during
the interview session referred to seated and toggle tasks essy since the number
of layers is less. They also felt that \Having control over theaumber of AR layers
is helpful.” The average time taken by participants in AbVD forthe toggle tasks(in
mm:ss) is 2:40 seconds, and the accuracy is better, with acof 0.82. We identi ed
the key strengths of toggling on and o from the interview daa and the video logs.
The participants can have substantial control over the AR lagrs, and they preferred
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to have fewer layers that they felt relevant to the task. The Hitations of this ap-
proach with AR are clarity of the font size of the ticks and redation of AR.

In AbVD the toggle the layers tasks 44 participants correctly aggled the feature
asked by the researcher during the task. 4 participants exggsed confusion when
switching between F3 and F4 layers. In tablet 40 participantsaggled the feature
correctly and 4 expressed logical confusion on switchingtiveen alpha and beta in
F3 and F4.

On the other hand, physical monitors had a slight advantageniterms of head
orientation and resting position. The participants perfomed the tasks on tablets and
answered the questions without adjusting their head orieation. The participants
used their ngers and pointed over the data point over the smec epoch mentioned
in the task list and hovered their ngers over the Y-axis to idetify the frequency
or value of valence and arousal. The participants also loakeat the tablet and said
the value without using their ngers to match it. The accuray yielded by the toggle
tasks are same as AR, which is 0.82, and the average time takentim:ss) is 2:03.
The participants had prior experience using the tablet comper, which left them
with just the necessity to learn about the user interface antypes of time series data.

Finding data points in a seated position from an angle - View from an
angle tasks

The set of tasks requires the participants to lean back to wethe augmented reality
layers from an angle where they do not overlap. All the AR layerare toggled on
during the whole task set. The participants used their nges similar to the toggle
task and matched the X and Y values to answer the question in ¢htask list. Despite
leaning back and viewing from an angle, the participants adgted their head orien-
tation a little closer to the AR layers since they had to make se the frequency and
epoch values were correct due to the limitations in resolath and font size of the tick
values. The participants mentioned that working with four AR layers together was
challenging in the interview. The X and Y axis values are hartb read when layers
overlap.
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The average accuracy of this set of tasks is 0.65, and the age time taken(in
mm:ss) is 2:20. The accuracy was impacted by the number of émg and the over-
lapping layers. The strength of the viewing from an angling ethod is the ability to
visually distinguish di erent layers in Augmented reality when compared to viewing
all the graphs together on the tablet. The limitations are reolution, font size of the
tick values, and some e orts put by the participants to adjus their head orientation
to perform the tasks. On the tablet, the participants perfomed the tasks without ad-
justing their head orientation though viewing all the grapls together simultaneously
on the tablet is challenging to read the data peaks since alhe graphs overlapped
each other. The accuracy of 0.63 is lower than the AR accuracy ©.65, and the
average time taken by participants in tablet only interfacGn mm:ss) is 1:45. The
participants' familiarity with the tablet helped them perform the tasks faster than
the AR, though overlapping multiple line graphs resulted indwer accuracy.

When the researcher was describing the tasks the participantnderstood to toggle
all the layers on in both tablet+AR and tablet interface. 30 paticipants leaned close
to tablet+AR since the tick values are small when viewed fromraangle. During
interviews a signi cant number of participants mentioned bat if the font size of the
tick values are larger it could make the values easier to reddm an angle. When the
participants came closer to view the layers, the ticks andnles overlapped that caused
some additional e ort to read the values. One participant PQ with slight experience
using AR stated in interview, \Its quite hard to see when the lgers overlap with each
other". Another participant P34 with slight experience usig AR said, "Tasks should
be accompanied with additional features such as grid or séidfor reading the values

easier.

Finding data points by looking through the AR layers in a standing
position - Stand up and look down tasks

The task list requires the participant to stand up and look tlmough the AR layers to
answer the questions. Participants said, \It is di cult to see the bottom-most layer
in AR during the interviews." Though the participant liked the visual distinction of
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layers, the accuracy of 0.68 is better than the tablet accucg of 0.51. The partici-
pants spent more time(in mm:ss) of 2:06 seconds compared #blet's 1:37 seconds.
The participants said it was di cult to analyze the data with four layers toggled on
during the interviews. In video analysis, we found that paitipants bent down to
come closer to the AR layers to read the values, especially whperforming tasks
in the bottom layer close to the display. The participants sa that it is challenging
to read the values further down due to overlapping layers. Ehkey benet of this
approach to analyzing the data is the ability to visually dignguish the layers and
compare the values in the layers.

In video analysis and audio transcripts from think-aloud, & found that partici-
pants quickly distinguished the layers using the colors artie legend. The size of the
line graphs in the bottom layers presenting valence and arsal are thick to enable
better visual distinction and readability. The visual distinction also helped in better
comparison between the layers. The main limitation of thisgproach is the number
of layers and the font size of the tick values. The resolutioof AR is also a limitation
when analyzing multiple graphs simultaneously. Many partipants expressed that
having control over the number of layers and a grid to enableelter readability of
the graphs could help analyze the time series data better.

Out of 48 participants, 45 stood up and looked at the AR layerssdm the top
and the participants distinguished the layers using colorgOne participant said that
"Valence, then | have to look at blue color line" and observethe values accordingly.
27 participants informed tablet+AR are visually distinguishable than in tablets. In
the tablet-only interface participants performed the task by looking into all 4 graphs
that are overlaid on top of each other. A participant P46 durig the tablet-only tasks
said "Its hard to see when multiple graphs overlap at the sam@oint".

Use your own approach tasks

The participants can use their approach in the task list. Theparticipants preferred
toggling the layers o and keeping only the layers necessatyg perform the tasks.
Video analysis and interview data showed that the most prefexd way to accomplish
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the tasks is seated and toggle on and o the AR layers approacfihe participants
preferred a seated position and worked the best with little hysical e ort in head
orientation and resting position. The task accuracy in AR anghysical monitors is
similar, with a value of 0.68. The participants took averag@ mm:ss) of 2:02 seconds
in AR and 1:36 seconds in the tablet. The strengths of this appach are adequate
to control given to the participants. The familiarity with t he interface at this point
proved to be helpful for the participant in choosing which aproach suits them best
for them. The visual distinction of layers and legends and ffailiarity with the tablet's
user interface made the participants perform tasks withoudny guidance on the head
orientation or the resting position. During the interview, the participant said that
controlling the number of layers and spacing between the lagewould bene t data
analysis.

A learning e ect was observed in terms of participant usingtteir preferred way to
perform the tasks. In above display we can perform the tasky Iboggling the layers
on or o, keeping all the layers on and viewing the layers frorany angle when seated
or standing. 20 participants used multiple layers only fora@amparison tasks such as
nding the greater value of alpha or beta in F3 and F4 layers. 3 pacipants kept all
4 layers on during the tasks. During interviews participarg expressed if they have
more control over the number of layers displayed and spacibgtween the layers then
it would make the tasks easier. In tablet-only interface 12gsticipants used multiple
layers only for comparison tasks and 30 participants useddhoggle feature to keep
only one layer on at a time and performed the tasks.

5.3.2 Think-aloud

We used retrospective probing during the interview to ask low up questions based
on participants' experience.

Impact of layering in BCI data comprehension

We probed the participants on how the layering(HA) helped in tens of data com-
prehension in your perspective. Participants felt layerigp helps to get di erent per-
spectives of BCI data. 7 participants said layering helps tget di erent perspectives
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of data by looking at the layers. One way is to look at the laysrin di erent angles
and the other is visually distinguishing each data preserdein layer which reduces
complexity.

10 participants said that the layering has positive impactn terms of data com-
prehension. Participant P3 mentioned that layering has a sitive impact depending
on the task since it reduced the number of times we interact thi the tablet and
click on toggle button and bring up the data. The number of lagrs do not matter
if we have means to easily read the data. Participant P1 withx@erience using AR
devices quoted during interview, \Number of layers do not m&r if movable axis or
grid is present to tell what X and Y is". The participants alsofelt that if the data is
complex having di erent layers can help keep track of the derent data. Participant
P37 quoted by saying "It is useful have a third dimension likéAR for visualizing
complex data in di erent layers and keep track of them".

5.4 Qualitative data analysis AbVD - interviews

5.4.1 Visual distinction of data in AR

The participants felt that the peaks and lows of time seriesata are clear and easily
identi able AbVD. During interviews 10 participants said that the layers are more
distinguishable in AR than in the tablets in above display.

5.4.2 Advantages of AR layers

During the interviews when we asked the participants on advéages of layering(HA),
The participants felt that visual distinction of four layers in BCI helped them iden-
tify individual features and perform data analysis tasks. 7 participants said that
distributing the data in di erent layers helped them compae the values, and ob-
serving the layers from di erent angles helped them get dient data perspectives.
Layering also helped participants quickly identify valuesn individual layers, which
is problematic on a tablet due to overlapping two or more grdys at the same point.



5.4.3 Toggle feature and number of layers

Participants expressed that four layers are a bit challengg to match X and Y values,
especially when they adjust their head orientation which ecacause the graphs to
overlap. 30 participants mentioned that working with 4 layes is di cult and two
layers can be used instead. 30 participants said they prefier have control over the
number of layers displayed in accordance to the task. 5 pasipants felt that the
number of layers might not matter if values could be determad without requiring

alignment with the ticks on the X and Y-axis.

5.5 Summary of Data Analysis - AbVD

We present the summarize the ndings from data analysis in Tde 5.4.

AbVD - Summary of data analysis

Measure Outcome

Accuracy The AbVR interface yielded more accuracy than tablet
only interface in tasks where participants identi ed data
points in each layer i.e., F3, F4, valence and arousal in
a standing position.

Time Participants took signi cant more time in all four task

taken groups of AbVD than tablet only interface due to more
time required to adjust their head and read the X and
Y values in AR.

System us- SUS scores of the tablet only interface are signi cantly

ability higher than those of AbVR. Participants felt the number
of layers made it complex to read X and Y values.

TLX TLX scores of AbVD is signi cantly higher than tablet
only interface.

Custom Participants signi cantly rated tablet only interface

question- higher than AbVD for nding X and Y values and view-

naire ing multiple graphs together

Table 5.4: AbVD - Summary of data analysis




5.6 Statistical data analysis results for Around display (ArVD)
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In this section we present statistical test results for prirary measures of ArVD: Task

accuracy, time taken for tasks in Group 1 and Group 2. To reje&lOB both accuracy

and time taken must return signi cant results. We present namal distribution results

and statistical results for task accuracy, time taken, sysim usability scores and task

load scores. Similar to AbVD, we present behavioral analysigsults from video

observations and think aloud data. Qualitative analysis ults of semi-structured

interview and a summary of data analysis on ArVD is presented ilater portions of

this section.

5.6.1 Accuracy - Testing hypothesis HB1

We performed statistical tests on Group 1 where participantsised focus+context

feature and Group 2 where participants used their own approh to complete the

tasks. Task accuracy and time taken for Group 1 and Group 2 tks are presented in

Table 5.5. The visual summary of task accuracy for both grogpare as seen in Figure

5.14 and 5.15.
Around display

Platform Task type Average Accuracy

time taken
(MM:SS)

Tablet + AR Training tasks 05:02 -
Use focus points and look 06:05 0.86
both sides
Use your own approach 04:48 0.82

Tablet only Training tasks 05:02 -
Focus point and swipe 06:05 0.81
Use your own approach 05:05 0.80

Table 5.5: Average time taken for each tasks in around display
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Identifying data points using Focus+context tasks

The Group 1 tasks required the participants to adjust the vier of time series data
based on the specic focus point i.e., Epoch clicked in the bdet. The participant

then looked on both sides of the tablet to nd the valence andrausal value from
a speci c range. We calculated task accuracy for Group 1 andegormed test for
normality using Shapiro-Wilk test. The results W = 0:96; p = 0:01) did not indicate
normal distribution The Kruskal-Wallis test indicated a signi cant di erence between
ArvVD and tablet only interface in task accuracy ( 2 = 11:82,p <:00L df =1;) with

moderate e ect size (>=0.12). Task accuracy in ArvD (M = 0:86;,SD = 0:05)
is signi cantly higher than the tablet (M = 0:8L1,SD = 0:06). After Bonferroni

correction, pew = 0:01

Figure 5.14: Accuracy of focus+context tasks

Find data points using own approach - Use your own approach tasks

We calculated accuracy for Group 2 tasks where the participts are asked to use their
own approach to nd valence and arousal values in longer duran time-series graph.
The Shapiro-Wilk test did indicate a normal distribution (W =0:97,p=0:04). The
Kruskal-Wallis test did not indicate any signi cant di ere nce between ArVD and
tablet only interface in terms of accuracy(? = 0:18,p=0:67,df = 1) with negligible
e ect size (?=0.002). The mean and standard deviation of AR and tablet aresa
follows, ArvD (M = 0:81,SD = 0:1) and tablet (M = 0:80,;SD = 0:1). After

Bonferroni correction, pew =1
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Figure 5.15: Accuracy your use own approach tasks

5.6.2 Time taken- Testing hypothesis HB2

We performed statistical tests on time taken for both group &nd 2 from ArVD ex-
periment. The following subsections will present the redsl from statistical analysis.
The visual summary of task accuracy for both groups are as sei@ Figure 5.16 and
5.17.

Focus points and look around tasks

We calculated time taken for focus+context tasks(Group 1) d the Shapiro-Wilk test
for normality indicated that data is not normally distributed (W = 0:93 p < :001).
The Kruskal-Wallis test indicated no signi cant dierence in time taken between
ArVD and tablet only interface for Group 1 tasks (2 = 0:32p = 0:57,d = 1)
with negligible e ect size(2=0.003). The mean and standard deviation of the time
taken in AR and tablet are as follows, ArvD M = 5:90,SD = 1:51) and tablet
(M =5:91,SD = 2:16). After Bonferroni's correction, ey = 1.

Use your own approach tasks

We calculated the time taken for the task set that requests pacipants to use their
own approach to nd valence and arousal values. The Shapikilk test for normality
indicated that the data is di erent from normal distribution (W = 0:96603p =
0:01365). The Kruskal-Wallis did not indicate any signi cantdi erence in time taken
between ArVD ( 2 = 0:08,p = 0:78 d = 1) with negligible e ect size ( ?=0.001).
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Figure 5.16: Time taken for focus+context tasks

The mean and standard deviation for time taken for Group 2 t&s are as follows,
ArVD (M = 4:65SD = 1:19) and tablet M = 4:92,SD = 1:76). After Bonferroni

correction, pew = 1.

Figure 5.17: Time taken for use your approach tasks

5.6.3 Custom questionnaire analysis ArVD

We used statistical tests similar to AbVD custom questionna@ analysis for ArVD.
The responses for questionnaire are presented in Figure 5d&l Figure 5.19. The
statistical results are presented in Table 5.6



101

(@) (b)
(©) (d)
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Figure 5.18: ArVD custom questionnaire
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Figure 5.19: ArVD custom questionnaire (Continued)
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5.6.4 NASA TLX

In the ArVD experiment, the di erence between AR's task load(TLX) and physical
monitors is not signi cantly high. In terms of indiviual aspects of ArVD, participants
ratings pointed out physical demand signi cantly higher inArVD than the tablet
only interface. In around display AR, we had only one AR layer; dnce it was easy
for the participants to keep track of changes and identify ta values. The unweighted
TLX score for AR is 40.45 and for the physical monitors is 39.18

Mann-Whitney U test did not indicate a signi cant di erence between overall
TLX scores of ArVD and tablet only interface W = 1323:5; p = 0:2099) with small
e ect size(r = 0:12). Through video analysis it is observed that participarg had
di culty reading the values of data points that are located far away and they have to
adjust their position to see the data point and read its valueStatistical analysis on
individual factors of task load e.g. Mental demand, physitalemand etc., indicated
that there is no signi cant di erence in the scores of indivilual factors between AbVD
and tablet only interface. Statistical results of NASA TLX areas seen in Table 5.7.
The data summary for each task load factor is as seen in Figure25h.

5.6.5 System usability score

The system usability score of the Augmented reality is 69 whicpoints to marginal
rating of 'C' and the physical monitors is 73 which points to aceptable rating of 'B-".
During video analysis we observed that in physical monitorthe participants used
more swipes to navigate through the data and shift left and g right feature is not
used extensively.

The self-reported system usability score for the ArVD interfee and the tablet-
only interface are tested signi cant di erence using Mann¥hitney U test, (W =
1038 p = 0:40) with negligible e ect size ¢ = 0:08). The results did not indicate
any signi cant di erence between system usability scoresf@rvD (Mdn = 73) and
tablet only interface (Mdn = 73). SUS scores of ArVD and tablet only interface are
as seen in Figure 5.22.



104

(&) ArvD (b) Tablet only interface

(c) Task load comparison

Figure 5.20: ArVD NASA-TLX
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(a) Physical demand (b) Temporal demand
(c)Eort (d) Performance
(e) Frustration (f) Mental demand

Figure 5.21: ArVD - Comparison of TLX factors
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Figure 5.22: System usability score comparison

5.7 Behaviour analysis for ArVD

5.7.1 Video observations

Finding data points using focus+context view - Focus points and look

around tasks

We made observations from the video logs on speci ¢ actiorsjch as how the par-
ticipant performed the focus points tasks. The participard looked at both sides of
the augmented reality, moved their ngers to match the X and Yaxis values, and an-
swered the questions. In the nd values between longer rantgsks, When the X and
Y axis values are far, the participants adjusted their headreéntation, moved closer
to the data point, and answered the question. The resolutiom augmented reality
is less when compared to tablets. Hence participants put sormeeort into reading

the values. The font size is not large enough for them when tlgata point is far.

Hence they moved their head closer to the data point to ensuredhvalues. During
the interviews, most participants liked the data represemition around the display.
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The task accuracy of the participants in augmented realitysi greater than the phys-
ical monitors for the focus points tasks. The participants>d¢ensively used swipe for
tablets, and in AR, they looked at both sides of the extended splay and answered
the questions. The average time taken in ArVD(in mm:ss) is 6:0&8nd tablet only
interface is 6:05.

In the focus+context tasks, 42 participants clicked on thedcus point instructed
by the researcher and looked at the extended time series dateAR from both sides
of the tablet and identi ed the data points. The 42 participants did not use shift-
left/shift-right feature to adjust the view of data. 5 participants moved around both
sides of the AR in seated position to nd the data points. 10 pdicipants stood up
and walked closer to the data points in AR and read the values. r@ participant P12
during the interview stated "The values are hard to read if & far away". Another
participant P1 stated \The graph in AR sometimes go through tle wall if shifted
to extreme left and the data points are far away". In the tableonly interface the
participants swiped using the nger, matched the value to te Y-axis and identi ed
the value. One participant P5 stated "It is di cult to swipe f or long time to reach the
data point". In tablet-only interface 40 participants usedswipe to navigate through
the data and identify the data points. 2 participants used rgers in both hands to
swipe the data on both sides.

In terms of logical confusion when performing the tasks thatquires the partici-
pant to click on a focus point and identify data points withina certain epoch intervals,
25 participants asked the researcher \What is meant by epocimtervals?" and the
researcher clari ed it during the training tasks before mowg to the main task sets.
When performing the task that requires the participant to lo& both sides of AR to
identify the extend of time-series data, 20 participants &&d "What do you mean by
extent of time-series data?" and the researcher clari ed i the participants.
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Use your own approach tasks

In use your own approach tasks, 31 participants clicked onétfocus point and looked
both sides of the AR to identify the data point, 42 participans did not use the shift-
left and shift right feature. 10 participants stood up and wked closer to the AR and
identi ed the data points. 5 participants moved closer to tle data point in AR in a

seated position and identi ed the data points. Only 3 partigpants used the combina-
tion of focus-points and shift features to identify data paits. In tablet-only interface

40 participants used swipe to navigate to the data point anddentify the value. We

also observed 5 participants used the zoom-out feature toeidkify the highest peak
in the time series data.

The participants preferred clicking on the focus-point andooking both sides of
the AR and nding the data point in use your own approach tasksOne participant
P40 who had occasional experience with AR stated, \It is beneial to see the whole
time series data and navigate through it synchronously wittablet and AR." A key
observation is that the participants decide when to use thexeended display (Zoom
in) and when to use just the tablet by zoom-out in use your appiach tasks. During
the interview, participants said that a grid or a sliding Y-axs could be helpful to
read the values better. The average time taken by participas for tasks(in mm:ss)
in ArVD is 4:48 and tablet only interface is 5:05

5.7.2 Think-aloud

Similar to AbVD, we used retrospective probing during internaw and we received
inputs from the participants regarding their experience wh ArVD.

ArVD reduced interaction with tablet

When we asked the participants on how focus+context(HB) helgkin terms of data
comprehension, participant felt ArvVD reduced the number of the we interact with
the tablet to infer from the data. 10 participants said ArVD redices interaction with
tablet when working with large data. The participant P3 when pobed regarding the
ArVD interface mentioned he liked moved his head to look aroundnd read from
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data than interacting with the tablet. The participant P48 during the interview said,
in case if someone does not want to spend time reading or irgeting, presenting the
whole data helped them to comprehend the data better.

5.8 Qualitative data analysis - ArVD interviews

5.8.1 Impact of focus+context view in terms of data comprehension in
BCI

When we asked the participants on how focus+context(HB) helgkin terms of data
comprehension, participants felt ArvD can support visualizig large data without
screen size limitation. 34 participants said that ArVD helpsa view large time-series
data. Participant P27 who is familiar with AR stated, \ArvVD made use of the in nite
screen space to present the BCI data and many devices have Breereens to visualize
such data". Another participant P3 stated \I see the peaks in alence and arousal
data clearly in around display". On the other hand, the tablé display has display
limitations due to screen size. Hence participants expresssthat AR is very bene cial
for viewing extensive time-series data that can extend frommoth sides of the tablet.
In terms of data analysis, 12 participants expressed that ARsibene cial since AR
helped them analyze data by just turning their head left or ght to nd the values.

5.8.2 ArVD required limited interaction

In semi-structured interviews, 8 participants said ArVD redges the need to scroll
the data multiple times to reach from one point to another. Intablet-only interface,
participants had to swipe the screen multiple times to navege through the time
series data. 4 participants also expressed that Tablet + HMD ARnterface is very
interactive in navigating from one end of time-series dataotanother and switching

between valence and arousal time series data.

5.9 Summary of Data Analysis - ArVD

We present the summary of data analysis of ArVD in Table 5.8.
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Statistical analysis on custom questionnaire - ArvVD

Question w p new AbVD Tablet 2
(Mdn) | (Mdn)

Viewing 1051 0.40 1 4 4 0.01
large time
series data
clearly

Panning 928 0.05 0.3 5 5 0.04
longer
duration
time-series
data

Expand 1044 0.38 1 4 4 0.01
the time-
series data
physi-
cally using
Zoom in

Shrink the 1049 0.40 1 4 4 0.01
time-series
data physi-
cally using
zoom out

Determining 898 0.06 0.36 3 4 0.04
X and Y
values

Understanding 1237 0.50 1 4 4 0.004
valence
and

arousal

Table 5.6: ArVD - Statistical analysis results on custom queinnaire responses
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Statistical analysis on perceived task load

Task W p ArvD Tablet E ect new
load (Mdn) (Md) size

(r)
Mental 1270 0.07 375 40 0.08 0.42
demand
Physical 1440.5 0.03 22.5 10 0.21 0.20
demand
Temporal 1142 0.94 20 25 <.001 1
demand
Performande 1071.5 0.54 72.5 80 <.001 1
E ort 1245 0.50 47.5 40 0.07 1
Frustration 1240 0.51 20 17.5 0.07 1

Table 5.7: NASA TLX - Perceived task load summary for ArvD

ArvD - Summary of data analysis

Measure Outcome

Accuracy ArVD yielded more accuracy than tablet only interface
in tasks that involved nding data points in longer du-
ration time-series data in focus+context view.

Time In ArVD there is no signi cant di erence in time taken

taken for the tasks in ArvD and tablet-only interface.

System us- Through SUS scale the scores, there is no signi cant

ability di erence in scores of ArvD and tablet-only interface.

TLX There is no signi cant di erence between self reported
TLX scores of ArVD and tablet only interface

Custom There is no signi cant di erence between ratings of

question- ArVD and tablet only interface.

naire

Table 5.8: ArVD - Summary of data analysis
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5.10 Thematic analysis results from semi-structured interviews

Based on the semi-structured interviews with the participats. We performed the-
matic analysis and divided the participants' feedback intahemes as follows.

5.10.1 User experience
Tablet bias

The participants are generally comfortable using the tabtecomputer due to their
previous experience using the tablets. During interview, 21l participant informed
about the tablet bias. One participant from architecture pogram stated "Maybe |
prefer using tablet because | am familiar using it". The exp&nce of using AR plays a
signi cant role in performance, and some signi cant expeence using the interface will
help the participants perform tasks better for rst-time users. The new participants
in AR felt that the experiment is very engaging. The patrticipats felt that AR has
excellent potential to demonstrate complex terminologiesnd relationships in science
better. Having both tablet and tablet with augmented realityvisualization could help
the researcher gain di erent data perspectives.

Advantages of AR layers

The participants expressed layering gave them new perspiees of data and seeing the
graphs separately in layers made each graphs visually digjuishable. Participants

also expressed viewing angle is important when viewing miplie graphs in layers to

perceive the salient data points in the plot.

First time AR users

Four rst time AR users among the participants said; experiece using the interface,
acumen and technical know-how plays a role in both completintasks and adapting
to using hybrid interface.
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Task di culty

The participants felt that the tasks were more similar and we easy to understand
and keep track of the ow. Most of the tasks in the BCI above thedisplay are
comparing di erent layers and identifying values. 4 partigpants in interview said
that tasks are repetitive ( nding data points). For the around the display is to nd
speci ¢ points within di erent ranges. The participants expressed that the above and
around display interface design is good, and it helped therdantify the tasks better.

Advantages of viewing large time-series in AbVD

In semi-structured interview, we asked participants abouthe perceived advantages
of viewing longer duration time-series in ArVD, participantssaid it was bene cial to
see the entire time-series graphs and identifying salienath points by simply turning
their head left or right.

Physical constraints

The patrticipant felt that the HMD weighed more at time for specc tasks such as
stand up and look down and adjusting the head orientation. \Weing the headset for a
longer time also caused ergonomic issues. 12 participantsntioned in interviews that
HMD feels heavy on their neck. Some participants expressedatithey experienced
neck pain when they wore headsets for a longer period of timPue to the physical
constraints the participants felt that if they have to use aninterface in order to
perform data analysis tasks for a longer duration, they feliablets are better.

5.10.2 Implementation
Resolution

The resolution of the visual elements presented in augmedteeality is low compared
to the content presented on the tablet. The participants felthat numbers are hard

to read if they are far. The resolution of the time-series gpd in AR could be better,

and the font size could be larger for the axis ticks. Howeverhé colors blended well
for the above display, which has tasks for seeing through thiene-series graphs from
the above. The resolution for the HoloLens is a known limitadin.
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Grid to identifying X and Y values

The participants felt that in order to read the graphs better a grid can be introduced
in above display AR and around display AR. During interviews 1articipants re-
ported that if there is a grid or slider added to the time-sedas graphs then it would
be easier to nd the data points. In ArvVD AR, a movable Y-axis that @n be con-
trolled by the tablet will be bene cial to read the peaks beter if the data point is
far. The tick marks in the X and Y axis looked smaller when a pécipant is in a
seated position and looked at a data point that is far away ontleer's end.

Challenges with number of AR layers

When asked about the experience using AR layers, participangspressed that work-
ing with 4 layers is challenging when layers overlap with elaother. They also said
that working with minimum number of layer i.e., 2 layers was &sier. The partici-
pants expressed that in addition to having control over the umber of layers using
the toggle feature, provided that they have an option to adjst the space between the
AR layers, it could help perform the tasks better with multipe layers. During inter-
view we asked the participant if they wish to have control ovethe spacing between
layers and number of layers. 30 participants reported thatdving control over the
spacing between layers is bene cial according to the task.n® participant P35 who
is familiar using AR stated \It is bene cial to have spacing ifl want to adjust the
layers according to my height". They also felt that in specic tasks such as standing
up and looking down, and viewing from an angle if they have arption to control
the spacing between the layers could be very bene cial. Cemt spacing we used is
0.85 in Unity.

Calibration issues

We used a QR code to anchor the visualization to the tablet. 3gpticipants mentioned
about calibration issues when the tablet is moved when the mtinuous QR tracking
is disabled. For the most part, the alignment of AR layers is gml. However, few
participants felt that in BCI times, the calibration is not p erfect and the AR layer's
position is slightly o at times, and the tablet has to be manally adjusted a little
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bit.

5.10.3 Future applications
Live BCI data

We had 5 participants from neuroscience school in our studywWhen asked about
the potential applications of AbVD and ArVD, the participants expressed live data
visualization as time-series from a BCI device in the intemtes will be one potential
future application.

General applications

We asked the participants to know what are the potential apptations of AbVD and

ArVD according to their thoughts. Participants expressed thatime-series is generic
and can be applied in di erent areas e.g., in a mathematicabarse in school, studying
variations in time-series, bone morphology :- visualizingj erent layers in tissue using

AR layers.

5.11 Review of ndings in relation to the research questions

We recorded and analysed accuracy, system usability, TLX drtime taken to com-
plete the tasks for above display and around display. We tesd our hypothesis for
individual tasks, time taken for individual tasks and indivdual components of TLX.
In terms of TLX and System usability we did not nd signi cant impact that shows
AR is better than tablets though they revealed important obse/ations on what as-
pect could possibly make AR better in future. In terms of TLX the participants put
more e orts into AR especially in above display due to the numér of layers and chal-
lenges in reading X and Y values due to font size, resolution AR and overlapping
layers. In around display the participants are comfortablavith single layer of AR
though reading the values became a challenge if the value® aituated further from
the participant for example,if the tablet is centred at 1500epochs, values at 5500
epochs are challenging to read.
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5.11.1 Above display

Research question 1(RQ1)

From the AbVD experiment we are able to nd answers to RQ1. Rests from hy-
potheses testing are presented below

Hypothesis

To reject hypothesis HOA1 we took time taken as indicator and fdiypothesis HOB2
we took task accuracy as indicator. Statistical results onask accuracy indicated
that participants performed signi cantly more accuratelyin AbVD when compared
to tablet-only interface for the tasks where participants toeod up and looked through
the AR layers. In terms of time taken our statistical results mdicated that par-
ticipants took more time in AbVD when compared to tablet-only nterface. Hence
Hence only HOB2 can be rejected

User experience:

Perceived task load scores and system usability scores gaseinsights about user
experience with AbVD. Statistical results on perceived syste usability indicated
that participants preferred tablets to AbVD. Scores of indivilual factors in the task
load indicated that physical demand and e ort is signi canty higher in AbVD when
compared to tablet only interface. Performance scores indlaload indicated that par-
ticipants are more con dent using tablets-only interface Wwen compared to AbVD.
Answer to RQ1:

We did not nd any signi cant di erence in time taken with res pect to HA1 though
we managed to nd signi cant di erence in terms of task accuacy for HA2 favour-
ing AbVD. To summarise the overall AbVD experiment to answer RQ1lLayering
in AbVD helped participants locate salient data points signicantly more accurately
than tablet-only interface for tasks where participants siod up and looked through 4
AR layers to perceive data points. 40 participants did not usthe toggle feature in the
stand up and look down task set. As a part of interface feedbgggarticipants rated
tablet only interface signi cantly higher than AbVD for system usability. In terms
of task load ratings, participants rated AbVD higher in terms étask load. Based on
gualitative data from interviews, participants appreciaed the AbVD for presenting
di erent data layers more clearly than in physical monitorswhere the graphs tend
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to overlap. 17 participants expressed that layering the BCdlata has its advantages
in terms of comparing values between two graphs. 10 partieipts also expressed
layers helped to distinguish the features clearly when coraped to tablet only in-
terface. One participant P17 with slight familiarity in AR stated, \Layering helped
me to distinguish each graph clearly in augmented reality. Though 30 participants
expressed working with 4 layers is challenging in terms of tehing X and Y values of
salient data points in the axes, 15 participants said that msence of the grid in each
layer could be bene cial in future to match X and Y values of d&nt data points.
As a part of future improvements, 15 participants said if thez is a feature to reduce
spacing between the layers in future it will be helpful for tm to adjust the spacing
according to their height. Having considered all the ndingsrom the AbVD exper-
iment, to answer RQ1 in a nutshell, presenting time-seriedqts in layers can help
locate salient data points with limited interaction and identify relations accurately
than tablet only interface in a speci ¢ viewing angle suitale to perceive data points
without any obstruction such as layers overlapping to read Xnd Y axes values.

5.11.2 Around display
Research question 2(RQ2)

From the ArVD experiment we are able to nd answers to RQ2. Restd from hy-
potheses testing are presented below

Hypotheses

To reject hypothesis HOB1 we used time taken as primary indit& and to reject
HOB2 we used accuracy as primary indicator. Our statisticalessults did not indi-
cate any signi cant di erence in time taken between ArVD and téblet only interface.
However we found that participants' performed signi cantlymore accurately in fo-
cus+context tasks when compared to tablet only interfaceélence only HOB2 can
be rejected

User experience: Statistical analysis on perceived system usability scorelsd not
indicate a signi cant di erence between ArVD and tablet only interface. Overall
NASA-TLX scores and scores of individual factors i.e.,Mentaleinand, physical de-
mand, temporal demand performance, e ort and frustration @l not indicate signi -
cant di erence between ArVD and tablet only interface.
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Answer to RQ2:-

We did not nd any di erence in time taken with respect to HB1 though we nd

a signi cant di erence in terms of accuracy for HB2 favoring AVD. To summarise
the overall ArvVD experiment as an answer to RQ2, The ArVD interfae using ArvVD

helped to locate salient data points signi cantly more acaately in a longer dura-
tion BCI time-series data in focus+context view. 41 partigtants did not use the
shift-left or shift-right feature presented to them in the bcus+context tasks. In the
tasks where the participant could use their own approach, 4#rticipants did not use
shift-left/shift-right to move the data for identifying th e data points. One of the par-
ticipants P37 from neuroscience program stated in interwes, \I felt good observing
the entire time series in ArVD and observing the data move froneft to right in sync

with the focus portion of data in the tablet.".

In the interview, participants expressed that AR is very beneial to view the
whole time series data all the time, which is otherwise not gsible on tablets due to
screen size limitations. The number of participants who repted tablet-only interface
is better to nd X and Y values is signi cantly higher than tablet+AR. The 15
participants expressed that a grid in AR or an adjustable slier could help read
the X and Y values in AR better. In tablet+AR, 10 participants stood up and
moved closer to the data point. For feedback about future imprvements in the
interview, a participant P42 from neuroscience program sted, \If there is a 360-
degree visualization of the time-series data, then it woulde easier to look around
and nd data points". Having considered all the ndings from the ArVD experiment,
to answer RQ2 in a nutshell, extending the boundaries of thablet screen using AR
helped participants to locate salient data points in time-aries data more accurately
than zooming and panning in tablets when participants peroeed the whole duration
of time-series data in focus+context view with limited/almost no interaction with
tablet for navigating the data.



Chapter 6

Discussion

In this chapter we discuss implications of the ndings from or research and its
relevance to previous work. We also summarized the contritton of our research,
summary of limitations and future work in this chapter.

6.0.1 Lessons learnt from our research
Viewing angle is important to perceive values of the data points

The important contribution of our AbVD and ArVD research is the proof that AR
can help to present speci c challenging visualizations ugj tablet+AR. Tablet+AR
performed better than tablets in terms of accuracy in AbVD for aspeci c viewing
angle in standing position. On the other hand, the tablet cdd only present all four
graphs together in the tablet, which overlap with each otherHence presenting data
in di erent layers when dealing with multivariate data is hdpful for data comprehen-
sion in terms of accuracy. In the interview, participants fom neuroscience background
gave several examples of presenting the data in di erent lays. With adequate con-
trol in spacing between layers and the number of layers digiyled simultaneously, the
tablet+AR could present complex visualizations better. In AWD, when we deal with
extensive data such as a time series data from 0 to 7000 epo¢hablet+AR could
present the whole time series data better. The focus pointsdture to adjust the view
of data and analyze the data by looking at the extended AR disgy from both sides
of the tablet helped to perform the data analysis better tharthe tablet. When par-
ticipants dealt with nding data points over a long range on te tablet, they swiped
many times, and nding data points and remembering it was cHeenging. When the
participant switched between time series data, the tabletidplay with the support
of AR showed the entire graph. The participants also said it igisually engaging to
see one time series graph changed to another, and observihg thanges in peaks
of entire time series data when switching between valencedaarousal data is very
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helpful.

In earlier research, MARIVIS[1] and augmented reality for laye interactive displays[48],
the researchers demonstrated the use of augmented reality iresent complex visu-
alizations. Our contribution to research in presenting coplex data through AR is
the adoption of the display paradigms of extended displaysnd focus+context to
present the brain computer interface data. Our approach isi @érent in terms of the
number of layers in the above display and the extended AR digy's length around
the display. The immersive analytics of BCI data using a novéybrid tablet+AR
interface is a new approach that did not exist in previous resrch in BCI.

Tasks performed in AR took more time than the ones in physical
monitors

The participants mentioned in the interview that with adequate practice and expe-
rience in tablet+AR they could perform the tasks faster. Our esults revealed that
participants took more time in AR than in physical monitors. The accuracy is slightly
more in augmented reality than in tablet though the partici@nts took more time in
augmented reality tasks. The main challenge is reading thalues of the data points
due to number of layers and smaller font size of the X and Y vadg. The participants
look more time in looking at the data points, used their nges to match the X and Y
axes values. In tablets the participants can use the touch gace to navigate through
the data and nd the values that took less time. The future deign should have more
features to read the X and Y values of the data points such a gti Our research
contribution in comparing the accuracy and timestamp of thagablet+AR with the
baseline tablet only condition is novel. The tablet is bettein terms of time taken to
complete the tasks, though there is a huge potential in taltteAR interface in terms
of innovative ways to analyse the data better. The accuracynd timestamps for each
tasks are presented in Figure 6.1 and 6.2.
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Figure 6.1: Above display - Time taken and Accuracy

Figure 6.2: Around display - Time taken and Accuracy
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Learning e ect in AbVvD and ArvVD

The patrticipants during the training tasks took more time toget familiar with the
AR layers above the tablet. The training tasks in the ArvD took(n mm:ss) 3:10,
and ArVD took 5:02 seconds. When the participants performed thtoggle tasks,
they learned about each AR layer and how to compare the layersich nd which
value is more than the other. The clear distinction of each yar helped them perform
the stand-up, look down, and view from an angle tasks bettetn ArVD, the use of
focus points and look at both sides task yielded good accuyaand the participants
managed to analyze the time-series data by looking at bothdgis of the tablet. In
using your own approach tasks, the participant took less timthan the focus points
tasks, which shows their increasing familiarity with the iterface. The AbVD use your
own approach tasks are completed within 2:00, and participts preferred to perform
these tasks using the toggle, thereby turning o the layers enever necessary. Their
preference to control the number of AR layers displayed on tayf the tablet is evident
in the interviews when they expressed that working with foutayers simultaneously
demands increased mental e ort. The resolution of AR posesrse challenges in
reading the numbers in graphs, and This can explain the timei drence between
AR tasks and physical monitor tasks. In ArVD use your own approdctasks, we
observed 8 participants moved from their seated position dnlooked at the data
point. During identifying the largest peak in the whole timeseries data tasks, we
observed 10 participants zoomed out and answered the questiinstead of looking
around and nding the peak. Other participants looked at boh sides of the time series
data in AR and answered the question. We observed participaniasking questions
about the AR layers and interface during the training tasks. @ce the training tasks
were completed, the participants got familiar with the inteface and areas to look into
when they performed the tasks.

Overall performance of AbVD and ArVD against tablet

AbVD and ArVD is signi cantly better than tablets in terms of accuracy though
participants took more time in AR than in tablets. The participants performed
better in terms of accuracy for focus points + look around tds in around display
and stand up and look through AR in around display. The partiggants preferred



123

AR to tablets in viewing large time series data and they liked avigating through the
data using focus points. The participants also liked to obséng changes in entire
time series graphs when switching between valence and am@um around display.
In AbVD experiment participants preferred AR to tablets for viually distinguishing
di erent layers of data and viewing multiple graphs togethe The TLX data showed
that task load in AR is high than in tablet, which explains why marticipants took more
time for the AR tasks. The participants' familiarity with a ta blet computer can be
seen in the system usability scores, In which the SUS score ablets is higher than
AR. In interviews, the participant felt that though the Above and around display
interface is engaging for rst-time users, they can perforrtasks better in the tablet
+ HMD AR interface with adequate training. The lesser resolutin in AR also posed
some di culties in above and around display AR to read numberson the X and
Y axis far away. The resolution caused a signi cant amount ofime taken in AR
tasks. The participants, however, were able to perform taskwell just by looking
at both sides of the tablet. Hence in the interface questionita and interviews,
participants mentioned that looking at both sides and analging the time-series graph
in ArVD interface is better than swiping multiple times on a tabet. In AbVD, the
participants liked presenting the data in multiple AR layers which is visually easy to
distinguish. The participants also liked to view data by stading up, looking through,
viewing from a certain angle, and adjusting their head ori¢ation to analyze the AR
layers. The participants took slightly more time to performthese two tasks than on
physical monitors, but accuracy is better than tablets. Onhe tablet, when working
with multiple graphs simultaneously, the graphs overlap e other. In interviews,
participants mentioned that on the tablet, the graphs ovedp, making it challenging to
nd the values when all graphs are on. The AbVD and ArVD helped to aalyze data
better in challenging visualizations such as viewing muile graphs simultaneously
and performing data analysis on extensive time-series dagxtending through AR.
With some reasonable level of training in using the tablet+ARnterface and a few
improvements such as a grid or a movable slider to read the uak better.
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Takeaway ArVD and AbVD implementation

Some key takeaway from implementation is that it is not alway about the number
of Ul operations we have to manipulate the data; it is about howoncise they are to
support the visualization. To elaborate on concise Ul, we hagkveral buttons for each
function during the initial pilot studies. Then later, we madi ed the user interface to

be more precise and self-explanatory. AR visualization inyars and focus+context
view should appear native to the tablet, i.e., color and sizeimilar to the tablet

display. The main challenge was AbVD implementation is achigwy transparency
and enabling ArVD time-series data to move in sync with the talgt. Both challenges
were overcome at one point after extensive trials. In AbVD, wehanged the alpha
value of Webviews and made changes to the code to make the kgckind of the
layers transparent. In ArVD, introducing a smaller axis to adjist the view precisely
in focus+context display helped us mitigate the challenges

Impact of Above display and Around display in participant perspectives

During the interview, we asked the participants how they félabout the display in
terms of data analysis and data comprehension of BCI data. f@rticipants felt that
AbVD and ArVD interfaces created a positive impact in terms of dat comprehen-
sion. The participants felt that time series is generic andan be easily applied to
visualizations outside BCI. The participants felt that the interface addressed some
core visualization challenges, such as viewing extensivaeé-series data and present-
ing the data in layers. The participants also felt that they ould understand valence
and arousal and how they are derived through the experimentitlv interface. The
interview with neuroscience participants revealed that thy could apply this interface
to support data analysis in some areas of neuroscience.

Interviews with Expert Neuroscience Participants

We had 4 participants with neuroscience backgrounds, and dng the interview, we
asked them about some potential areas in neuroscience wheuve above display and
around display interface can be used. They felt the interfaccould be applied in
analyzing timelines to see cell structure changes for speciunctions compared to
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others to see how it is a ected and how it a ects the other oneThe AR layers could
be changed to cell layers, for example, the retina, which hasultiple layers of cells
and add or remove the layers to see what happens. The graphse generic and can be
used in di erent applications in neuroscience, the axon elgation of the neurons, and
see the cell body. Move the cell body through the axon and seeedent parts like
the cell body and dendrites. Layering could be applied in ahaing the strength of
connections between di erent agents and networks betweegents. One participant
felt the number of layers did not matter and provided a way to rake it more precise
for analyzing the values. The around display could be reladeto one application for
pressure data visualization, which could help to pinpointdcations where pressure is

more or less.

ArvVD and AbVD has a potential to be used in interdisciplinary domains
for presenting data

We had participants from di erent domains such as architeatre, chemistry and inter-
disciplinary studies. The participants mentioned that ArVD has a positive impact
when we probed them regarding their experience with ArVD andstpotential bene ts
of integrating them with their domain. Participant P48 who is from interdisciplinary
studies said that ArVD interface has a positive impact in termsf bias and the
interface has a strength to be integrated to the interdisclimary domains as social
systems to present data to large population E.g Populationna addiction statistics,
Micro-regression, Macro-regression and insights aboutcsety. P48 further added, for
patients in audiology how psycho-acoustic music helps calnerves and those have
particular waves data can be visualized in ArVD. When a music isgard, to identify
the regions of the brain that are activated in response to migsand its frequency in
a speci c epoch. One of the participants P37 from electricangineering said that
the interface can be used in electrical drawings that can maluse of extended space
especially in ArVD.

We believe our research contributed to hybrid interface rearch that explores the
bene ts of multiple interfaces to perform a task or to addres a complex visualiza-
tion i.e., presenting data recorded for longer duration and uttiple related data. Our
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method to present complex visualizations using augmentedsglay for better data
understanding of data and better data analysis have the patéal to overcome screen
size limitations in conventional tablet display. Our user taidy provided substantial
data to understand the tablet+ AR HMD better, which lacked in previous researches
such as MARVIS[1], MIRIA[2], DesignAR[3] and Personal augmerdeeality for large
displays by Satowski et al.[48]. In brain computer interfacdomain, our research bring
valuable addition to immersive data analytics of BCI data ad exploring di erent in-
terfaces to visualize BCI data better.

The previous research in extending the displays with augmieal reality from inter-
active surfaces such as tablets is explored in DesignAR, waéhe researchers created
a 3D modeling workstation using tablets and augmented reglj3]. Due to the lack
of standard tools to project multivariate data in augmentedreality[64], visualizing
graphs with large data with more than 5000 data points in ouresearch was challeng-
ing to build and slow to render in AR. In ARTIV, we used 2D in augmeted reality,
and our AR display is through Webviews and it was faster to depy on HoloLens 2.

The evidence that interactive surfaces such as tablets pex to be an excellent
platform to explore extended displays in AR is seen in previsuesearch MARVIS[1]
and DesignAR|[3]. The strong aspects of using the Microsoft Bace Pro 3 in ARTIV
research are the detachable screen and touch interaction§he surface pro can be
placed on the table, and touch interactions with the tablet e smooth to manipulate
the data presented in the tablet and the AR. Augmented reality @rs certain advan-
tages to extended displays; one primary advantage is that dosts less space[4]. In
ARTIV ArVD, we enlarged the time-series data to 12.5 feet, proding evidence that
AR can help present extensive data without a sizeable physladisplay. Pavanatto
et al.[4] conducted a user study that compared conventiondisplays against virtual
displays in a user study to explore the bene ts of virtual diglays in terms of per-
formance and productivity. In ARTIV, we compared the hybrid teblet+AR HMD
interface with tablet-only conditions for understanding he data and performing data
analysis tasks. Our results showed that extended displayseaindeed helpful for vi-
sualization challenges due to screen size and the nature atal
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MARVIS[1] and Personal augmented reality for large interactie displays[48] did
not have a user study that compares tablet+AR interface with pysical monitors.
MARVIS[1] and MIRIA[2] have expert user feedback to evaluate #ir interface.
Our study is extensive and comprised of two domains BCI and 8pe syntax. Fo-
cus+context technique was explored in [58] and it was apptien MARVIS[1]. Com-
parative study of interfaces was performed in [4]. In our rearch we recruited 48
participants, and 4 among them were from neuroscience backgnds(encouraged by
[1, 2]). Our work is unique in terms of data type and visualizéon problem i.e.,
screen size limitation and our techniques i.e., Layering drfocus+context to address
the problem when compared to previous researches.

6.0.2 Contributions and related works

ARTIV-BCI compared to previous research that used tablet+AR

Overall, in ARTIV BCI, we created the extended AR displays abo® and around
the tablet, using the focus+context method to present the da visualization to the
user. Our interface diers from earlier relevant works suctas MARVIS[1] by the
scale of data presented in AR around the display and the numbef AR layers above
the display. MARVIS did not explore the interface specic for éta but focused on
techniques that demonstrate above, around, between dispfavisualization. As far
as we know, no earlier research demonstrated a hybrid intace for exploring Brain
Computer Interface data.

DesignAR [3] is another work that demonstrated tablet+AR for éta visualization
that motivated our research. When DesignAR mostly deals with[3 modelling using
combined tablet and augmented reality, whereas our work iglated to 2D visualiza-
tion. Both MARVIS [1] and DesignAR [3] demonstrated tablet andAR can be used
for data analysis.



128

Reuvisiting over-plotting and screen size limitation

The research problems of ARTIV-BCI are over-plotting and scen size. Reipschlager
et al. [48] presented sub-trends from visualizations in arlge interactive display
using AR. MIRIA [2] also demonstrated the user trajectoriemi AR that extend from
a large screen. A large screen might not always be a soluticor displaying large
visualization with thousands of data points and multiple r&ated visualizations, such
as di erent sub-trends from data. Urushiyama et al. [136] deonstrated that portable
devices such as smartphones can extend their displays usamgpther physical display
to present focus region in the phone and o -screen contentk [136], we still require
another physical display. ARTIV-BCI demonstrated two techngues, 1) layering and
2) focus+context, that portrayed how AR can be used as an alteative to extend
physical screens. The bene ts are, however, not limited toMo techniques. Several
other techniques, such as 360-degree around the tablet d&spAR visualization, can
be a potential future work.

Comparison of hybrid interface with conventional interface

Comparing conventional interfaces such as tablets and peral computers with a
hybrid interface such as tablet+AR can measure the usabiiitof a hybrid interface

for a particular research problem. Pavanatto et al. [4] condted a comparative
study on hybrid, physical and virtual interfaces and meased the usability using

task accuracy, time taken and perceived usability. Craig al. [140] also compared
two learning environments: tablet augmented reality and red-mounted displays.
Our motivation to compare tablet+AR with a tablet-only inter face is mainly from

work by Pavanatto et al. [4]. Similar to [4], We conducted ouinterface evaluation in

a lab, and the evaluation of AbVD and ArVD under real-world circunstances could
be a potential future work.

Contributions to BCI research

In our research, we treat our dataset as a black box. The lacK su cient pre-
processing to reduce noise and algorithms to extract accteavalence and arousal
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values is acknowledged. Combining BCI with augmented reiglihas been demon-
strated in [33, 34]. However, they are industry-speci ¢ applations that use live BCI

signals to perform a task in AR applications or visualize BCl @a. As far as we
know, our research is the rst to demonstrate BCI data visuatation and exploration

in a tablet+AR interface. Through our layering and focus+comext technique, we
inferred some bene ts of AbVD and ArVD in identifying salient cata points. There

is scope for future work, such as large-scale artifact anaiy for ERP data running for
data recorded for a longer duration using focus+context anchultiple artifact analysis

using the layering technique.

6.0.3 Summary of Limitations

Grid or slider to read X and Y values:-

In the current implementation of AbVD, the user can only read tle X and Y values
by looking at the graph, adjusting the head orientation, andnatching the X and Y
values using the nger and identifying the values. In AbVD, paticipants felt that

they should be given an option to toggle one or more layers on @ in all types of

tasks. The participants felt that if there were a grid in eachAR layer, it would be
helpful to read the values.

Identifying values of salient data points that are located far away -

In around display, the participants felt challenged to comare the value of a data point
if the Y-axis is far. In the Around display AR interface, we proviled three Y-axis,
one on the tablet and the other two on both sides of the time-ses data. If a data
point is for the participant, either uses ngers to match thedata point to the Y-axis

or moved close to the data point and read the values. Hence inettabove display
AR interface, the number of layers and their overlapping caesgl some di culties in

reading X and Y-axis values. In ArVD, due to the size of the time sies data, it was
challenging for participants to read the Y-axis data pointsiiat are located far away.
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Resolution of AR visualization in HoloLens 2:-

The resolution of AR in HoloLens is less when compared to a tablevhich posed
some signi cant challenges in reading the values. The pactpants felt that wearing
the headset for a long time caused some neck pain and ergornoissues. The spacing
between layers is mostly ne. However, participants felt thiathe spacing could be
adjusted between the layers, which better suits the partipant's height. The swipe
feature is ruled out due to challenges in making the sync insualization between
tablet and WebViews when the user swipes the tablet to move thame series data.

Swipe accuracy due to touch sensitivity:-

In our current ArVD implementation we navigated the time-seres by clicking on focus
points in the tablet. We initially attempted to implement swipe feature to move the
time-series data from the tablet, however touch sensitiwit of tablet is more than
Webviews where the portion of AR visualization is presentedhiHoloLens 2. Hence
we are unable to achieve accurate swipe that places the adter continuity of data
in the AR from the tablet. To mitigate this we gave the participant to click on focus
points to adjust the view of time-series and shift-left andhsft-right feature to shift
the data towards left or right from the tablet UI.

Methodology limitations

The duration of our study is longer due to combined BCI and Sga& Syntax experi-
ments i.e., average of 2 hours and 30 minutes. Participanteiformed the experiments
in both BCI and Space Syntax in the order after counterbalameg. In order to miti-
gate fatigue we requested the participants to inform the resrchers if they need some
break after each experiment for water, restroom or to simplgemove the HMD and
rest for sometime/take a walk before proceeding with othexperiment. We acknowl-
edge the limitations due to fatigue having conducted a studyhat comprised two
di erent data i.e., BCl and Space Syntax. Our combined studgxomes under broader
research perspective of ARTIV to answer research questiomsfuture that evaluates
whether the interface is suitable for a speci c type of datarodi erent types of data.
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The primary indicators used in our research are task accuraand time taken to
complete the tasks. Both indicators helped us evaluate ounterface's usability for
speci c tasks, i.e., correctness in identifying salient da points and time taken to ac-
complish the task. However, to measure data comprehensionamy other indicators
can be used along with task accuracy and time taken to measwemprehension e.g.,
Pavanatto et al. [4] visual attention and head orientationsvhich we acknowledge as
a limitation.

In our experiments, we asked the participants to perform thtasks seated except
Group 3 in AbVD, where participants stood up and looked down athte AR layers.
Our study is a lab based study, we kept the tablet at on the suiace and noted in
observations if the participant moved from their position.However, we acknowledge
that we did not have a scenario where the participant pickedputhe tablet, moved
around and performed the task. We also did not have a scenamndiere the tablet
screen is positioned in di erent viewing angles and see howet participants perceive
the AbVD and ArVD visualization. Both scenarios could be areas dtiture work.

6.0.4 Future work

Hybrid interfaces have excellent scope for handling compleisualization challenges
due to the screen limitations of physical monitors. Duringnterviews, when we asked
the participant if the hybrid interface (AbVD and ArVD) impacted the data analysis
and data comprehension positively, 40 participants felt th hybrid interface positively
impacted analyzing the data. The participants felt that if the user were given an
option to switch between the tablet visualization and the AR isualization, it would
help them get di erent perspectives. In terms of feature, IfAbVD and ArVD in-
terfaces are upgraded with features to adjust space betwethe layers, increase or
decrease the font size, and switch colors that are more sudta for the user to view
the data, it might further enhance the task accuracy and usesxperience. In AbVD
interface adding a grid to AR layers to read the X and Y values hter.

In ArVD, a movable Y-axis that can slide through the AR display is oe future
improvement that can be added to read X and Y values better wihea data point
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is far. Another essential improvement to the ArVD interface is lte precise swipe
feature that could enable both tablet and AR to move the time gsés data in sync.
One participant gave feedback for ArVD regarding a curved diguy for time series
data. In Webviews, a curved display is possible with exterhassets that can bend
the canvas. Curved AR display for longer duration time-sersedata is a possible
future upgrade for ArVD. In the current setup, we use BCI data akady processed
in OpenVibe. There is also good scope to create visualizatoonsing live data from
OpenVibe, stream them to the interface, and create a live timgeries visualization.
In terms of BCI, evaluating AbVD and ArVD for a speci ¢ medical use ases for
example long duration EEG data analysis for identifying seure patterns in patients
can explore the usability of interface even further. We did at evaluate tablet+AR
in comparison with a pure virtual monitor setting which coudl potentially evaluate
the bene ts of data exploration in a tablet+AR interface versis AR only interface.
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Conclusion

In ARTIV BCI, we designed AbVD and ArVD interfaces for compreheding BCI
data. We learned to develop a hybrid tablet+AR interface usig design paradigms
and earlier works that supported visualizing data using tdlet and augmented real-
ity. We successfully implemented two techniques in our intiace, layering and fo-
cus+context techniques to present BCI data. We evaluated olAbVD and ArVD in-
terfaces through within-participants study. Our results ndicated signi cantly higher
task accuracy in nding the salient data points in individud graphs presented on lay-
ers and extended view of time-series supported HA2 and HB2 hypeses in AbVD
and ArVD. In terms of time taken, Tablets took signi cantly lesser time than AbVD
interface. Our qualitative data analysis indicated sevetareas of future work, lim-
itations and lessons learnt during the development AbVD and ArVDOverall, our
research provides evidence that hybrid interfaces such aabtet+AR are bene cial
for exploring BCI data. Our research also provided evidendhat comparing a con-
ventional display with a hybrid interface can lead to intersting ndings in terms of
the strengths and limitations of the interface in visualizig data. Our study that
compared hybrid interface with conventional displays is e cial in nding answers
to how visualizing the data using layering and focus+contéxn AbVD and ArVD is
better compared to a tablet-only interface. Our work can matate future researchers
to use tablet+AR in di erent domains to visualize complex dag.
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Appendix A

Recruitment notice to students

Figure A.1: Recruitment notice to students
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Appendix B

Consent form for the participants

Figure B.1: Consent form
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Figure B.2: Consent form(Cont)
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Figure B.3: Consent form(Cont)



Appendix C

Task list for Above display and Around display

Figure C.1: Training tasks for Above display and physical motors
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Figure C.2: Task-set 1 Above display
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Figure C.3: Task-set 1 Above display Cont.
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Figure C.4: Task-set 2 Above display
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Figure C.5: Task-set 2 Above display Cont.
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Figure C.6: Training tasks for Around display and physical maitors
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Figure C.7: Training tasks for Around display and physical maitors Cont.
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Figure C.8: Task-set 1 Around display
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Figure C.9: Task-set 1 Around display Cont.
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Figure C.10: Task-set 2 Around display



163

Figure C.11: Task-set 2 Around display Cont.



Appendix D

Questionnaire for Hololens familiarity and Participant

background

Figure D.1: Hololens familiarity questionnaire
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Figure D.2: Participant background questionnaire
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Figure D.3: Participant background questionnaire cont



Appendix E

Above display - Interface and post condition questionnaire

Figure E.1: Above display
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Figure E.2: Above display cont.
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Figure E.3: Above display cont.
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Figure E.4: Above display - Physical monitors cont.
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Figure E.5: Above display - Physical monitors cont.
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Figure E.6: Above display - Physical monitors cont.
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Figure E.7: Above display - Post condition questionnaire
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Figure E.8: Above display - Post condition questionnaire cont
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Figure E.9: Above display - Post condition questionnaire cont
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Around display - Interface and post condition questionnaire

Figure F.1: Around display - Interface questionnaire
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Figure F.2: Around display - Interface questionnaire cont.
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Figure F.3: Around display - Interface questionnaire cont.
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Figure F.4: Around display - Interface questionnaire cont.
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Figure F.5: Around display Physical monitors - Interface queginnaire
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Figure F.6: Around display Physical monitors - Interface queginnaire cont.



182

Figure F.7: Around display Physical monitors - Interface queginnaire cont.
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Figure F.8: Around display Physical monitors - Interface queginnaire cont.
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Figure F.9: Around display - Post condition questionnaire
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Figure F.10: Around display - Post condition questionnaire can
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Figure F.11: Around display - Post condition questionnaire can



Appendix G

System Usability Scale(SUS)

Figure G.1: System usability questionnaire
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Figure G.2: System usability questionnaire cont.



Appendix H

Task Load Index(NASA-TLX)

Figure H.1: NASA-TLX questionnaire
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Figure H.2: NASA-TLX questionnaire cont.



Appendix |

Debrie ng and interview

Figure 1.1: Debrie ng and interview
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Appendix J

Checklist for study

Figure J.1: Study checklist
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Appendix K

Participants diversity

Figure K.1: Participants diversity
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