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Abstract

An increasing number of interactive devices is finding their way into our everyday

lives. People own several devices and find creative ways to combine them. Research

has found interest in these Ubiquitous Computing environments and pushed the

boundaries of technological possibilities by sophistically blending devices together –

following a “the more the merrier” approach – a common theme in Human-Computer

Interaction research that is often better at proposing new technologies than at vali-

dating them – leading to a fragmented research landscape and a need for evaluation.

This dissertation addresses this need for evaluation by studying Complementary In-

terfaces as representatives for Ubiquitous Computing environments using controlled

lab-based experiments that serve as design-informing activities – guided by the gen-

eral research question of how to design and evaluate Complementary Interfaces.

Building on the theoretical foundations of Mark Weiser’s vision of the computer for

the 21st century and related research on Cross-Device Interaction, Hybrid User In-

terfaces, and Multimodal Interaction, the concept of Complementary Interfaces is

defined as meaningful combinations of interfaces that support users in their current

task at hand. As part of this dissertation, three use cases of Complementary Inter-

faces are empirically studied using experimental methods. The selection of these use

cases allows us to investigate the influences of variants of output modalities, input

techniques, and their interaction – by focusing on different knowledge activities as

well as combinations and dependencies of components. Specifically, the presented

Complementary Interfaces allow us to study the role of a shared interactive surface

on collaborative activities, the influences of a set of meaningful combinations of input

and output modalities on spatial memory, and the effects of interaction techniques

on the utilization of components.

The experimental designs for each Complementary Interface purposefully integrate

typical components for experiments in Human-Computer Interaction to frame the

empirical research, which allows the use of experiments as design-informing activi-

ties for future research and design of Complementary Interfaces.

As prior research has identified the influences of handling multiple devices and modal-

ities on cognitive workload, a spotlight is placed on current and past measurements

of cognitive workload – a potential dependent variable in experimental settings for

Complementary Interfaces.

This dissertation closes with an extension of the concept of Complementary Inter-

faces towards new dimensions by showcasing how the presented ideas for the design
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and evaluation can be applied to meaningful combinations of heterogenous devices

and modalities – eventually opening up research opportunities for highly dynamic

collaborative Complementary Interfaces – emphasizing the need to study the utility,

relevance, and role of each piece of the puzzle to eventually create a symbiosis of

interfaces.
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Kurzfassung

Immer mehr interaktive Geräte halten Einzug in unseren Alltag. Dabei nutzen wir

Smartphones, Tablets und Co. einzeln oder auch auf kreative Art und Weise kombi-

niert. Diese Kombinationen sind auch Gegenstand aktueller Forschungsarbeiten im

Bereich Mensch-Computer-Interaktion. Hier werden zum Beispiel durch ausgeklügel-

te Techniken mehrere Geräte nahtlos miteinander verbunden, um dabei die Grenzen

des technischen Möglichen auszuloten – getreu dem Motto “je mehr, desto besser”.

Dabei wird allerdings oft die Evaluation dieser interaktiven Systeme vernachlässigt,

was zu einer eher fragmentierten Forschungslandschaft führt, wodurch die Notwen-

digkeit an empirischen Evaluationen steigt.

Diese Dissertation befasst sich mit dieser Notwendigkeit an Evaluationen, indem sie

Complementary Interfaces, stellvertretend für Ubiquitous Computing Umgebungen,

durch kontrollierte laborbasierte Experimente untersucht, um dadurch Einsichten für

das weiterführende Design und die Evaluation dieser interaktiven Systeme zu er-

zielen. Dabei stellt die allgemeine Forschungsfrage, wie Complementary Interfaces

designt und evaluiert werden können, im Vordergrund.

Aufbauend auf den theoretischen Grundlagen von Mark Weisers Vision des Compu-

ters für das 21. Jahrhundert und verwandten Arbeiten zu Cross-Device Interaction,

Hybrid User Interfaces und Multimodal Interaction wird das Konzept zu Comple-

mentary Interfaces definiert: Sinngebende Kombinationen von Eingabe- und Ausga-

beschnittstellen, die dazu beitragen, dass Benutzer in ihrer Arbeit unterstützt wer-

den. Im Rahmen dieser Dissertation werden dafür drei Anwendungsfälle von Com-

plementary Interfaces empirisch durch Experimente untersucht. Die Auswahl dieser

Anwendungsfälle ermöglicht es, die Einflüsse von unterschiedlichen Varianten von

a) Ausgabemodalitäten, b) Eingabetechniken sowie c) deren Interaktion zu untersu-

chen. Dabei werden verschiedene Tätigkeiten im Bereich Wissensarbeit, Kombinatio-

nen von interaktiven Komponenten und deren Abhängigkeiten in Betracht gezogen.

Im Einzelnen erlauben die vorgestellten Complementary Interfaces Untersuchungen

zur Rolle von geteilten interaktiven Oberflächen für kollaborative Aktivitäten, den

Einflüssen einer Reihe von sinngebenden Kombinationen von Eingabe- und Ausgabe-

modalitäten auf das räumliche Erinnerungsvermögen, sowie die Auswirkungen von

Interaktionstechniken auf die Nutzung interaktiver Komponenten. Die einzelnen Be-

nutzerstudien setzen gezielt verschiedene typische Komponenten für Experimente in

der Mensch-Computer-Interaktionen ein. Dabei fungieren die jeweiligen Experimen-

te als sinngebende Methoden für weiterführende Arbeiten für Design und Evaluation

von Complementary Interfaces.
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Da frühere Forschungsarbeiten gezeigt haben, dass die gleichzeitige Nutzung von

mehreren Geräten und Modalitäten zu einer erhöhten kognitiven Arbeitsbelastung

führen können, wird ein Schwerpunkt auf aktuelle und frühere Messmethoden der

kognitiven Arbeitsbelastung gelegt – eine mögliche abhängige Variable für Studien-

designs zur Untersuchung von Complementary Interfaces.

Die Dissertation bietet zudem einen Ausblick auf mögliche Erweiterungen des Kon-

zepts der Complementary Interfaces, indem gezeigt wird, wie die vorgestellten Ide-

en für Design und Evaluation auf sinngebende Kombinationen heterogener Geräte

und Modalitäten angewandt werden können, was schließlich Forschungsmöglichkei-

ten für kollaborative Complementary Interfaces eröffnet. Dabei wird Notwendigkeit

hervorgehoben, den Nutzen, die Relevanz und die Rolle einzelner Puzzleteile von

Complementary Interfaces weiter zu untersuchen.
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1
Introduction

“the real power [...] comes not from any one of these devices;
it emerges from the interaction of all of them.”

Mark Weiser, 1991
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Over the last few years, we have seen an increasing number of interactive devices

finding their way into our everyday lives. We employ a smartphone while on the go,

a laptop computer in our offices, and, increasingly, an augmented (AR) or virtual real-

ity (VR) head-worn device for immersing ourselves into virtual worlds. Clearly, each

device class possesses unique properties that makes it suitable for different contexts

and activities.

Despite potential opportunities, most of our workflows are constrained to a single

device: Instead of benefiting from an entire device ecology for a given task in a

specific context, we often hesitate to incorporate more devices into our workflow

and perform entire tasks on a single device, regardless of its suitability for each sub-

task [316]. The reasons for this constraint are numerous, as to achieve an effective

combination of devices for a particular task many factors must be considered, such

as the affordances for interaction provided by each device, the continuity of data,

or user representations. Therefore, much research has been dedicated to studying
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these multi-device ecologies. For example, the field of Cross-Device Interaction [50]
examines different constellations of splitting a task across different devices. Even

for the nascent field of mixed reality, the area of Hybrid User Interfaces [97] argues

for the use of head-worn devices in combination with more common devices (e.g.,

smartphones or tablets). But what makes these multi-device ecologies worthwhile?

Simply adding more devices can be counterproductive, as it might not fit to users’

workflow or current activity [316].

1.1 The Need for Evaluation

Recent research streams in Human-Computer Interaction (HCI), such as Cross-Device

Interaction [50], Multimodal interaction [394], and Hybrid User Interfaces [97] show

parallels to Mark Weiser’s famous vision of the computer for the 21st century: “spe-

cialized elements of hardware and software, connected [. . . ], will be so ubiquitous

that no one will notice their presence.” [409]. The technological advances within

the last decades allow researchers and designers to study and design new interaction

paradigms beyond the boundaries of a single device and modality, leading to various

combinations of interfaces that can be used seamlessly in concert.

Indeed, people own several devices [82], and they creatively combine them to “do the

UbiComp” [295], but sharing content between nearby devices often results in sending

mails, presenting slides on a shared screen fails due to missing display adapters, and

heterogenous operating systems lead to improvised setups and a never-change-a-

running-system approach – questioning if today’s off-the-shelf devices (e.g., tablets)

should be a bit less like Swiss army knives – multi-purpose tools with an abundance

of possibilities – leading to an overwhelming presence but more “specialized” and

“suited to a particular task” as envisioned by Weiser [409].

Similarly, recent research has shown that handling multiple devices can increase cog-

nitive load [325], leading to high transaction costs [153], and users are often not

aware of the benefits of including additional devices into their workflow [316].

A potential reason for these issues is that HCI often is “much better at proposing new

technologies than at validating them” [149] – especially if novelty is an expected key

contribution1. Indeed, Brudy et al. [50] highlight the need for validation and eval-

uation of multi-device environments, as many contributions “re-envision and push

the boundaries of interaction possibilities” from a technical perspective, yet they are

often “disconnected from findings using empirical studies”, leading to a fragmented

research landscape.

1https://sigbed.org/2022/08/22/the-toxic-culture-of-rejection-in-computer-science/ – last accessed
01.11.2023

2 Chapter 1. Introduction

https://sigbed.org/2022/08/22/the-toxic-culture-of-rejection-in-computer-science/


1.2 Research Goal

The overarching goal of this thesis is to address this need for evaluation [50, 149] by

studying complex Ubiquitous Computing (UbiComp) environments in controlled lab

experiments that guarantee for a high internal validity to cope with the elaborated

interactions that exceed standardized user study settings [353].

With this, experiments serve as design-informing activities [296] for future UbiComp

environments (including Cross-Device Interaction, Multimodal Interaction, and Hy-

brid User Interfaces) – based on meaningful combinations of input and output com-

ponents that establish Complementary Interfaces, a symbiosis of interfaces, where

each component purposefully increases the quality of interaction and further sup-

ports users in their current activity, as “the real power [...] comes not from any one

of these devices; it emerges from the interaction of all of them.” [409]

�
In Chapter 2, I will put a spotlight on a variety of UbiComp environ-

ments (e.g., Cross-Device Interaction, Hybrid User Interfaces, or Mul-

timodal Interaction) that lead up to the concept of Complementary

Interfaces.

Research presented in this thesis uses typical components of experiments in HCI (see

Figure 1.3) as framing regarding the experimental situation itself (e.g., tasks and

settings), factors regarding the structure of experiments (e.g., procedures and study

designs), and dependent variables (e.g., qualitative and quantitative measurements).

In total, three use cases for Complementary Interfaces and a meta-analysis of as-

sessment methods of cognitive workload (as a potential dependent variable of ex-

perimental settings for Complementary Interfaces) are presented in this thesis (see

Research Objectives 1 and 2).

Addressing this research goal will contribute to and foster our understanding of inter-

action with Complementary Interfaces and UbiComp environments in general, which

will inform their design [296] and evaluation methods [149] likewise.

1.3 Research Questions and Research Objectives

The overall research question is defined as follows:

¬ How can we design and evaluate Complementary Interfaces?

1.2. Research Goal 3



To cover a variety of possible situations for the research goal and research question,

this thesis intentionally creates a spectrum of Complementary Interfaces that repre-

sent the first research objective: RO1 – Studying Complementary Interfaces, with

a focus on multi-user (Chapter 3), multimodal (Chapter 4), and multi-device inter-

action (Chapter 5). This thesis focuses on Complementary Interfaces for knowledge

work activities using similar device classes (e.g., tablets). Complementary Interfaces

that include immersive components (e.g., head-worn devices as in Hybrid User In-

terfaces [155]) are not core elements in this thesis.

Specifically, RO1 will be addressed by three experiments studying three use cases of

Complementary Interfaces. These experiments will be guided by the following use

case specific general research questions (RQ1-3):

¬

RQ1: What are the influences of the size of a shared interactive

surface on collaboration in a Complementary Interface? (Chapter 3)

RQ2: What are the influences of embodiment (represented as

meaningful combinations of input and output modalities) on spatial

memory in a Complementary Interface? (Chapter 4)

RQ3: What are the influences of interaction techniques on users’

working behaviors and utilization of components (e.g., devices) in a

Complementary Interface? (Chapter 5)

As research has shown the influences on cognitive workload in multi-device [325]
and multimodal environments [439], a particular focus is placed on understand-

ing RO2 – Measuring Cognitive Workload by a meta-analysis of relevant related

work (Chapter 6) – serving as a potential dependent variable in experimental set-

tings.

Therefore, RO2 will be addressed by a literature survey on measurements of cognitive

workload in HCI in general. The literature survey will be guided by the following

general research question (RQ4):

¬ RQ4: How to measure cognitive workload? (Chapter 6)

The three use cases for Complementary Interfaces (Chapters 3,4, and 5) each further

address individual use case specific research questions based on the general research

questions. Here, different design alternatives (e.g., meaningful combinations of in-
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put and output components) serve as independent variables for each use case. This

allows us to study their effect on general (e.g., time and error) and use case specific

dependent variables, such as communication behavior, spatial memory, or utilization

of devices – allowing us to focus on the effect, influence, and utility of each mean-

ingful combination, beyond a technical perspective [50]. For RO2, the meta-analysis

puts a spotlight on measuring cognitive workload, including its theoretical roots,

current assessment methods, and challenges for future research. RO1 and RO2 with

their individual use cases (RO1) and insights (RO2) are depicted in Figure 1.1.

Figure 1.1: Research Objective 1 focuses on Studying Complementary Interfaces,

and Research Objective 2 addresses Measuring Cognitive Workload.

I introduce research approaches and methods applied for this thesis in the following.

Then, I give a brief overview of my research that attributes to the above-mentioned

research objectives and questions, and conclude this introduction with my research

path.

1.3. Research Questions and Research Objectives 5



1.4 Research Approaches and Methods
Research in this thesis follows a multi-layered structure and procedure, combining

deductive and inductive reasoning as proposed by Mackay and Fayard [251], as a

standard approach for research in HCI. Figure 1.2 illustrates this approach and maps

the procedure to the four consecutive stages: Analysis, Design, Empiricism, and Syn-

thesis. In general, for each Complementary Interface that is presented in this thesis

(see Chapters 3, 4, and 5), this approach and procedure was followed. The meta-

analysis of cognitive workload metrics (see Chapter 6) excludes the design and em-

piricism steps – focussing on the in-depth analysis of related work and theories to

synthesize key findings.

Figure 1.2: Research approach followed in this thesis (based on [251], extended

for this thesis).

As shown in Figure 1.2, research on Complementary Interfaces in this thesis (see

Chapters 3, 4, and 5) starts with the analysis phase of studying related theories and

related work, and identifies research opportunities based on the concept of Comple-

mentary Interfaces. In a subsequent design phase, this knowledge is transferred and

applied to an experimental prototype that allows studying e.g., design alternatives.

Within the following empiricism phase, the experimental prototype is used within

a controlled lab experiment to answer use case specific research questions derived

from related work and theories. In a concluding step, the knowledge gained via the

lab experiment is synthesized to provide insights and implications on research and

design, using experiments as design-informing activities [296].

In this thesis, several typical components of experiments in HCI as described by Horn-

bæk [149] (see Figure 1.3) were used as a framing of the presented research: The

different design alternatives of each Complementary Interfaces (e.g., differently sized

output devices as in Chapter 3) served as independent variables that were opera-

tionalized each in an individual experimental situation (including various character-
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Figure 1.3: Typical components of experiments in HCI (adapted from [149]). Re-

search objectives of this thesis (RO1 and RO2) were added to represent

their coverage and allocation of research objectives to components.

istics of participants, tasks, and settings) and studied and analyzed based on use case

specific dependent variables (i.e., quantitative or qualitative measurements) to in-

form the design and provide implications [296] for future research of Complementary

Interfaces. The research carried out in this thesis purposefully “experimented” with

various components of experiments to avoid the trap of becoming a “one method

man” [317]. Instead, this resulted in a broad knowledge base for designing, con-

ducting, and analyzing experiments and their outcomes. Additionally, a spotlight

was placed on a selected metric (i.e., constituting a potential dependent variable):

The in-depth meta-analysis of cognitive workload measurements. The typical com-

ponents of experiments in HCI will be further depicted in Chapter 2, and all research

presented in this thesis will be described accordingly in their chapters.

1.5 Research Ethics

All user studies reported in this thesis were granted ethics approval by the Ethics

Committee of the University of Konstanz2. Participants received a welcoming and in-

formed consent sheet for each user study, including descriptions of the experiments

in everyday language, the course of study, collected data, their rights to abort the

user study, and their compensation. The data collection did not start before partici-

pants signed the informed consent. All participants were recruited at the University

of Konstanz using printed flyers and a social media bulletin board. Participants were

2https://www.uni-konstanz.de/en/university/administration-and-organisation/
university-bodies-and-committees/university-bodies-for-scientific-integrity/ethics-committee/–
last accessed 01.11.2023
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compensated for their participation. All presented user studies were conducted as

laboratory experiments. The assignment of participants for all user studies to spe-

cific conditions and orders was done based on the individual user study design (e.g.,

via counterbalancing). For user studies involving dyads (see Chapter 3), I carefully

assigned participants to their study partner based on pre-assessed demographics.

1.6 Context and Research Path

The overall context of this research is provided by my work as a research assistant

and PhD student in Harald Reiterer’s Human-Computer Interaction Group at the Uni-

versity of Konstanz and further framed by the research project SFB-TRR 161 (SFB)

“Quantitative Methods for Visual Computing”. The SFB is a collaborative research

center connecting research teams across universities (University of Stuttgart, Uni-

versity of Konstanz, LMU Munich, and Ulm University) and disciplines (e.g., HCI,

Information Visualizations, or Cognitive Psychology). Within project C01, “Quanti-

fying Interaction” / “Evaluating Mixed Reality Experiences”3 we set out to measure,

understand, and improve the quality of interaction in visual and immersive analyt-

ics environments. This provided me unique opportunities to experiment with experi-

ments, collaborate with peers within and across space and disciplines, and apply, test,

and finally present the gained knowledge.

During the time of research for this thesis, fortunate circumstances brought many

fellows into my life that supported me personally and professionally, and – driven

by my curiosity, interest, and a missing ability to say “no” – I was able to also help

them e.g., by applying my knowledge to support them in conducting their research.

Luckily, helping others further helped me to gain knowledge, e.g., how to design,

conceptualize, and evaluate their apparatus – this eventually allowed me to further

refine, extend, and test the concept of Complementary Interfaces beyond the research

presented in this thesis. With this, research related to the core of this thesis and

parallel activities can be regarded as complementary to each other and further helped

to avoid the trap of becoming a “one method man” [317]. Section 1.6.6 presents a

selection of these collaborations – it is not meant to take any credit away from the

tremendous work of my dear fellows, but instead, allow the reader to understand

which thesis-related or less related topics attracted me along the way.

The core research journey of this thesis was guided by three use cases for Comple-

mentary Interfaces and an in-depth meta-analysis of cognitive workload measure-

ments (Chapter 6). The three use cases are unified in the concept of Complementary

Interfaces [433, see Chapter 2] that builds one of their theoretical foundations. I

processed the use cases consecutively, starting with the design and evaluation of a

3The project title was purposefully expanded during the runtime of the project to reflect its research.
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multi-user environment (Chapter 3), followed by the use case of multimodal inter-

action (Chapter 4), and finally the use case of multi-device interaction (Chapter 5).

The selection of these use cases is based on several rationales: First, the use cases

complement each other as they focus on different kinds of activities, different combi-

nations of components, and various dependencies of components. Secondly, the use

cases allow us to investigate the influences of variants of output modalities [428],
input techniques [432], and their interaction [430]. This allowed to design a variety

of Complementary Interfaces; and also offered many possibilities to evaluate them in

study designs that e.g., prevent or purposefully encourage learning effects between

conditions with carefully selected tasks – eventually leading to complementary eval-

uation techniques. The research is complemented by a meta-analysis of current and

past measurements of cognitive workload – a potential dependent variable in exper-

imental settings studying Complementary Interfaces – as prior research has shown

the effects of multi-device [325] and multimodal environments [439] on cognitive

workload. Next, I will briefly outline the conducted research and conclude this sec-

tion with an overview of collaborations.

1.6.1 Complementary Interfaces

With increasing complexity in visual computing tasks, a single device may not be

sufficient to adequately support users’ workflows. Here, current research streams that

run in parallel to the vision of Ubiquitous Computing (e.g., Cross-Device Interaction,

Hybrid User Interfaces, or Multimodal Interaction) allow to distribute activities across

multiple devices – potentially each dedicated to a specific role. But what makes

these multi-device ecologies compelling? This question leads to the establishment of

the concept of Complementary Interfaces – meaningful combinations of input and

output modalities that support users in their current activity and thereby increasing

the quality of interaction.

¯

Johannes Zagermann*, Sebastian Hubenschmid*, Priscilla

Balestrucci, Tiare Feuchtner, Sven Mayer, Marc O. Ernst, Albrecht

Schmidt, and Harald Reiterer. 2022. Complementary Interfaces for

Visual Computing. it - Information Technology 64, no. 4-5, 145-154.

DOI: https://doi.org/10.1515/ itit-2022-0031 *contributed equally

to this research.
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1.6.2 Studying Multi-User Interaction

Tablets allow for mixed-focus collaboration [128, 387] where users frequently tran-

sition from tightly-coupled collaboration to loosely-coupled parallel work, e.g., for

reading a document. Here, a complementary shared interactive workspace can greatly

benefit tightly-coupled activities. Yet, large surfaces are costly and need space, rais-

ing the question of to what extent the physical size of shared horizontal surfaces pays

off. To analyze the suitability of smaller-than-tabletop devices (e.g., tablets) as a low-

cost alternative, we studied the effect of the size of a shared horizontal interactive

workspace on users’ attention, awareness, and efficiency during collaboration.

In our user study, 15 dyads performed a sensemaking task with two individual tablets

and a complementary horizontal shared display of varying sizes, representing three

conditions. Our findings show that different sizes lead to differences in participants’

interaction with the shared surface and in dyads’ communication styles. We found

that larger surfaces do not necessarily improve collaboration, as they can divert users’

attention away from their collaborators and towards the shared display.

¯

Johannes Zagermann, Ulrike Pfeil, Roman Rädle, Hans-Christian

Jetter, Clemens Klokmose, and Harald Reiterer. 2016. When Tablets

Meet Tabletops: The Effect of Tabletop Size on Around-the-Table Collab-

oration with Personal Tablets. In Proceedings of the 2016 CHI Confer-

ence on Human Factors in Computing Systems (CHI ’16), ACM, San

Jose, California, USA, 5470-5481. DOI: https://doi.org/10.1145/
2858036.2858224

1.6.3 Studying Multimodal Interaction

People’s ability to remember and recall spatial information can be utilized to improve

navigation and search performance. Recent research has shown that both, input and

output modalities influence users’ spatial memory and navigation performance [e.g.,

179, 304, 324]. As previous studies investigated input and output modalities sepa-

rately, the question arises of how meaningful combinations influence spatial memory.

We investigated how complementary combinations of display size and input modal-

ity influence spatial memory, especially in relation to efficiency and user satisfaction.

Based on an experiment with 28 participants, we analyze the effect of three input

modalities and two display sizes on participants’ ability to navigate to spatially dis-

tributed items and recall their positions. Our findings show that the impact of input

10 Chapter 1. Introduction
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modality and display size on spatial memory is not straightforward but characterized

by trade-offs between spatial memory, efficiency, and user satisfaction.

¯

Johannes Zagermann, Ulrike Pfeil, Daniel Fink, Philipp von Bauer,

and Harald Reiterer. 2017. Memory in Motion: The Influence of

Gesture- and Touch-Based Input Modalities on Spatial Memory. In Pro-

ceedings of the 2017 CHI Conference on Human Factors in Computing

Systems (CHI ’17), Association for Computing Machinery, Denver, Col-

orado, USA, 1899-1910. DOI: https://doi.org/10.1145/3025453.

3026001

1.6.4 Studying Multi-Device Interaction

Research on multi-device environments is based on the idea that users easily interact

with multiple devices, not recognizing the connected devices as single entities but

perceiving them as components of the same underlying system. Recent work has

shown the benefits of including complementary devices in users’ workflows while

various interaction techniques allow transferring content across devices. However,

users are only reluctantly using multiple devices in combination. At the same time,

research struggles to find a frame of reference to compare these techniques or sys-

tems.

This research addresses these challenges by studying the interplay of interaction tech-

niques, device utilization, and task-specific activities in a user study with 24 partici-

pants from complementary angles of evaluation using an abstract task, a sensemaking

task, and three interaction techniques. We found that interaction techniques have a

lower influence than expected, that device utilization depends on the task at hand,

and that participants value specific aspects of Complementary Interfaces.

¯

Johannes Zagermann, Ulrike Pfeil, Philipp von Bauer, Daniel Fink,

and Harald Reiterer. 2020. ”It’s in My Other Hand!” – Studying the

Interplay of Interaction Techniques and Multi-Tablet Activities. In Pro-

ceedings of the 2020 CHI Conference on Human Factors in Computing

Systems (CHI ’20), Association for Computing Machinery, Honolulu,

HI, USA, 1-13. DOI: https://doi.org/10.1145/3313831.3376540
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1.6.5 Measuring Cognitive Workload

The ever-increasing number of computing devices around us results in more and

more systems competing for our attention, making cognitive workload a crucial fac-

tor for the user experience of interfaces. Research has used various metrics to deter-

mine users’ mental demands. However, there needs to be a systematic way to choose

an appropriate and effective measure for cognitive workload in experimental setups,

posing a challenge to their reproducibility. To address this challenge, we present

a literature survey of past and current metrics for cognitive workload. By initially

exploring what cognitive workload resembles in the HCI context, we derive a cate-

gorization supporting researchers in selecting cognitive workload metrics for system

design and evaluation. We conclude with three following research gaps: (1) defin-

ing and interpreting cognitive workload in HCI, (2) the hidden cost of the NASA-TLX,

and (3) HCI research as a catalyst for workload-aware systems, highlighting that HCI

research has to deepen and conceptualize the understanding of cognitive workload

in the context of interactive systems.

¯

Thomas Kosch*, Jakob Karolus*, Johannes Zagermann*, Harald

Reiterer, Albrecht Schmidt, and Paweł W. Woźniak. 2023. A Survey on

Measuring Cognitive Workload in Human-Computer Interaction. ACM

Computing Surveys 55, 13s, Article 283 (December 2023), 39 pages.

DOI: https://doi.org/10.1145/3582272 *contributed equally to this

research.

1.6.6 Overview of Collaborations

Research presented in this thesis focuses on Complementary Interfaces using ho-

mogenous classes of devices (e.g., a combination of multiple handheld devices). In

line with this, I was able to contribute to an in-the-wild user study in a primary

school in Scotland – with Construct-A-Vis, we studied individual and collaborative

visualization-related activities of school children [37]. The in-the-wild user study

was an essential aspect of this work and further contributed to my methodological

knowledge of conducting user studies beyond classical lab experiments. Similarly,

in a longitudinal user study that was conducted as part of the lecture “Interactive

Systems” at the University of Konstanz, I was able to contribute to the exploration of

collaborative programming practices using computational notebooks [42].
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From a technological point of view – beyond my own specific research – I was in-

terested in how immersive technologies (e.g., mixed reality4) can support individual

and collaborative activities. Here, I was involved in a lab experiment studying collab-

orative, co-located 3D object manipulation techniques [414] with augmented reality

tablets. In line with this, we used tablets to systematically analyze the influence of

level of immersion (i.e., augmented vs. virtual reality) and spatial dispersion (i.e.,

co-located vs. remote) on collaborative activities [277]. Covering remote collabora-

tion, I was involved in conceptualizing and studying a solution approach to enrich

remote collaboration with qualities of co-located collaboration (e.g., spatial aware-

ness) using head-worn augmented reality [100]. Lastly, I helped in exploring the

design space of immersive analytics to analyze brain data in virtual reality [173].

Combining the research on handheld and head-worn modalities, I was involved in

the conceptualization and evaluation of multiple Complementary Interfaces that in-

clude immersive and non-immersive components: With STREAM, we studied the

suitability of combining spatially-aware tablets for precise input and head-worn aug-

mented reality for close-to-unlimited output for immersive analytics [69, 154, 155].
With IDIAR, we studied a multimodal interaction concept and combined a spatially-

agnostic smartphone for familiar input with interactive dashboard visualizations in

head-worn augmented reality [402]. In “ARound the Smartphone” [159], we used a

head-worn augmented reality device to virtually extend the screen space of a smart-

phone to study the influence of the size of these extensions on participants’ spatial

memory.

Finally, I was able to contribute my knowledge of evaluating user interfaces to the

mixed-immersion visual analytics evaluation framework RELIVE [157]. RELIVE is an

evaluation framework that combines in-situ and ex-situ visualizations for the holis-

tic analysis and exploration of mixed reality user study data. RELIVE can be used

by individual analysts asynchronously [156] or potentially by multiple analysts syn-

chronously, resulting in a collaborative Complementary Interface across and within

different levels of immersion – leading to possible research directions that are further

outlined in Chapter 7.

1.7 Contributions

With this research approach and applied research methods, this thesis provides a

solid foundation for designing and evaluating Complementary Interfaces. To ad-

dress my research objectives, I divided research into smaller projects and prototypes

instead of developing an overarching research application. This was important to

avoid confounding factors and achieve valid results; additionally, it allows for the

4including both, augmented and virtual reality [365]
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generalization of research findings. In detail, this thesis disseminates five types of

contributions that are relevant to the HCI community [417]: 1) empirical, 2) arti-

fact, 3) theoretical, 4) methodological, and 5) survey. All contributions are published

as part of several publications [e.g., 217, 428, 430, 432, 433].

Empirical Contributions: This thesis provides insights into the benefits of different

design alternatives of Complementary Interfaces on aspects such as task completion

times and error rates, collaborative behavior, or utilization of devices. In addition,

this thesis further investigates trade-offs resulting from different meaningful com-

binations of Complementary Interfaces. Design alternatives are set as independent

variables for each experiment. In total, three experiments studying three use cases

of Complementary Interfaces are presented in this thesis.

Artifact Contributions: As enabling technologies for each empirical contribution, ar-

tifact contributions represented as experimental prototypes were designed and im-

plemented. Different design alternatives allowed the study of their individual effects

and influences within their specific use case.

Theoretical Contribution: This thesis contributes the concept of Complementary In-

terfaces, one of the theoretical foundations of the presented research in this thesis.

Complementary Interfaces aim for meaningful combinations of interfaces that sup-

port users in their current task at hand and can be considered as an umbrella term

for a set of UbiComp environments.

Methodological Contributions: For most of the research conducted and presented in

this thesis, existing research methods had to be altered, and new research methods

and approaches had to be developed. Particularly, the methodological approach of

integrating the study task as an independent variable in Chapter 5 led to comple-

mentary evaluation techniques.

Survey Contribution: As cognitive workload is an important aspect when interact-

ing with multiple interactive components, an in-depth meta-analysis of current as-

sessment methods of cognitive workload was conducted that resulted in a survey

contribution that identified gaps for future research.

1.8 Chapter Preview

The following paragraphs provide an overview of all chapters, including brief sum-

maries of their contents. In general, this thesis is structured in 7 chapters, including

this introduction chapter. While the first part of this thesis covers the motivation,

procedure, and theoretical foundations of this work (Chapters 1 and 2), the second
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part provides insights into the design and evaluation of Complementary Interfaces

for multi-user (Chapter 3), multimodal (Chapter 4), and multi-device interaction

(Chapter 5). The third part puts a spotlight on understanding cognitive workload

measurements (Chapter 6). The thesis concludes with a summary of contributions

and an outlook on open research directions in Chapter 7.

Chapter 2: Theoretical Background provides a deeper understanding of the theo-

retical background that guided this research: This includes the way from Ubiquitous

Computing towards Complementary Interfaces, an overview of relevant related work

for the use cases of Complementary Interface; and a focus on the components of ex-

periments in HCI, emphasizing experiments as design-informing activities.

Chapter 3: Studying Multi-User Interaction presents the design of a Complementary

Interface to study collaborative activities. Here, an experiment was used to investi-

gate the influences and effects of the size of an interactive shared surface on collab-

orative sensemaking activities.

Chapter 4: Studying Multimodal Interaction presents the design of a Complementary

Interface to study a variety of meaningful combinations of input and output modal-

ities. The experimental situation shed light on their influences on spatial memory

and how different meaningful combinations of devices can lead to trade-offs e.g.,

regarding their usability.

Chapter 5: StudyingMulti-Device Interaction presents the design of a Complementary

Interface to study multi-device interaction. The experiment includes a methodolog-

ical approach of treating the experimental task as an independent variable, which

leads to complementary evaluation techniques.

Chapter 6: Measuring CognitiveWorkload provides an understanding of applied mea-

surements of cognitive workload as a potential dependent variable of experiments

for Complementary Interfaces and HCI research in general. Additionally, this chap-

ter shows opportunities for guiding researchers to understand the role of cognitive

workload in HCI.

Chapter 7: Conclusion summarizes the contents, integrates findings, and reflects on

them. It concludes with research opportunities for future work.
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2
Background

“. . . the whole computing experience is more
than the sum of its individual devices.”

Chris Harrison et al., 2010
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This chapter provides the theoretical background that informed the work in this the-

sis. In a first step, the theoretical roots of Ubiquitous Computing environments are

presented, which brings us to an overview of related work in the areas of Cross-Device

Interaction, Hybrid User Interfaces, and Multimodal Interaction. These streams of re-

search are then combined into the concept of Complementary Interfaces. Finally, and

in a second step, empirical research methods with a special focus on experiments in

HCI will conclude the background chapter.

The theoretical background for measuring cognitive workload is highly interwoven

with current ways to assess this construct and part of the literature survey; therefore,

Chapter 6 is self-contained.
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2.1 Towards Ubiquitous Computing

Before starting to dig deeper into the topic of Ubiquitous Computing, the historical

developments in hardware (e.g., the sheer size) and software (e.g., interaction con-

cepts) – that go hand in hand with the relationships between computers and their

users – are shortly presented: From large (1) mainframe computers that fill entire

buildings, to (2) personal computers for offices and homes, to (3) mobile comput-

ing in our pockets, to the (4) ubiquity area, described by Harper et al. [131] as four

computing eras, as shown in Figure 2.1.

Mainframe Era Room-filling mainframe computers dominated this era. To oper-

ate these computers, multiple trained technicians were needed to orchestrate punch

cards, magnetic tapes, and printouts. Batch processing allowed for a sequential use

of these devices; time-sharing allowed for a more efficient use of the computational

capacities using multiple terminals simultaneously. Harper et al. [131] describe the

dominant use of computing devices as a one computer per many users relationship.

Personal Computer Era The personal computer era brought computing devices into

people’s homes and offices. The personal computer changed the relationship towards

a one-to-one relationship between computers and individuals (or often families).

Personal computers became commodity devices, and they were heavily influenced

by one of their primary purposes: Office work activities that required word proces-

sors or spreadsheets. Here, the desktop metaphor with its folders and documents in

combination with the “WIMP” (windows, icons, menus, and pointer) interface can be

seen as their key to success. Using a keyboard and a mouse, users could interact with

graphical objects on screens. Although this combination of the desktop metaphor and

WIMP interfaces dates back to the early 1980s, it is still used in various ways today.

Figure 2.1: Four computing eras as described by Harper et al. [131]: (1) Mainframe

era, (2) Personal computer era, (3) Mobility era, and (4) Ubiquity era.
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Mobility Era The mobility era brought computing devices another step closer to

their users. While mainframe computers were room-filling and PCs colonized desk-

tops [410], the advent of mobile devices such as PDAs (personal digital assistants),

mobile phones, tablets, laptops, and other portable computing devices led to an-

other shift of interaction paradigms and relationships between computing devices

and its users. Here, users often own several devices with different form factors and

capabilities, allowing for their use while on the go. Their size and portability re-

quired new ways to interact with them, from input via (soft) keyboards or styluses

to (multi) touch or gestures.

Ubiquity Era The ubiquity era expresses another radical shift not only regarding the

number, types, and physical or virtual representation of computing devices but also

concerning the interaction paradigms. While the form factor and especially the size

of computing devices decreased heavily across the previous eras, the ubiquity era

highlights that interactivity is not restricted to the physical boundaries of a device,

but computing becomes ubiquitous – from smart devices to virtualized computing

components that interact with each other and augmented users’ spatial surround-

ings. With this, new interaction concepts are needed that allow for gestural interac-

tions, combinations of explicit and implicit user input, or even physiological sensing

– moving an abundance of “computers” even closer to their users.

From today’s technology perspective, Harper et al.’s [131] vision for Human-Computer

Interaction in the year 2020 was almost accurate. With the advent of more and more

off-the-shelf devices that allow for interaction in mixed reality1 (e.g., Apple’s Vision

Pro [12]), the technological foundations for the ubiquity era are under heavy devel-

opment. However, although potential hardware is available, the current limitations

of these devices, e.g., technical aspects (e.g., limited field of view), low wearing

comfort, or interaction techniques restrict their use cases (e.g., to immersive visu-

alizations or entertainment) but open up the space for future research at the same

time.

The ideas behind the two eras Mobility and Ubiquity have their roots in Mark Weiser’s

famous vision of the computer for the 21st century: “specialized elements of hard-

ware and software, connected [. . . ], will be so ubiquitous that no one will notice

their presence.” [409]. During the high time of the PC era in the late 1980s and early

1990s, Mark Weiser and colleagues at XEROX Parc defined their ideas that resulted

in a counterpart to the Personal Computer: Ubiquitous Computing.

1including both, augmented and virtual reality [365]
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The following sections will further dive into the topic of Ubiquitous

Computing (Section 2.2), then split into related research that shows

parallels to Weiser’s vision on Cross-Device Interaction (Section 2.3),

Multimodal Interaction (Section 2.5), and Hybrid User Interfaces (Sec-

tion 2.4) – leading up the concept of Complementary Interfaces (Sec-

tion 2.6). The chapter concludes with an overview of experiments in

HCI (Section 2.7).

2.2 Ubiquitous Computing

Indeed, the vision for the computer for the 21st originates from a “. . . radical answer

to what was wrong with the personal computer: too complex and hard to use; too

demanding of attention; too isolating from other people and activities; and too dom-

inating as it colonized our desktops and our lives.” [410]

Mark Weiser’s answer is described in his vision of the computer for the 21st century:

“Specialized elements of hardware and software, connected [...], will be so ubiqui-

tous that no one will notice their presence.” [409]

This introducing sentence can be unraveled into three components: (1) “no one will

notice their presence”, (2) “will be so ubiquitous”, and (3) “Specialized elements of

hardware and software, connected [. . . ]”.

(1) “no one will notice their presence” – Mark Weiser anchors his vision for Ubiquitous

Computing not only as an answer to the Personal Computing Era but also in relation

to other information technologies (i.e., writing) and psychology. Here, he especially

highlights writing as a technology available at any place and any time (i.e., ubiqui-

tous), while not necessarily acquiring active attention and being in the background.

Similarly, based on ideas e.g., from psychology and philosophy, Weiser describes this

“disappearance” as an ultimate consequence of mastering a technology – absorbing

information without active or conscious application of it. Weiser envisions using

computers comparable to the way that a “well-balanced hammer ’disappears’ in the

hand of a carpenter” [410] – leading to so-called calm computing, a state of mind

that eventually allows to establish a flow state, instead of “mental gymnastics” [409]
to use computers. With this, “they weave themselves into the fabric of everyday life

until they are indistinguishable from it”, eventually releasing cognitive resources to

focus on the task at hand.
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(2) “will be so ubiquitous” – While the Mainframe and PC era focused on the many-to-

one and later one-to-one relationship of users and computers, Weiser envisioned that

computing will be freed from its manifestations of expensive, bulky boxes to – again

comparable to technologies such as writing – a high availability and affordability of

computing technologies. These cheap computers can then be part of an abundance

of everyday objects, tools, and accessories; usable wherever and whenever needed.

This eventually implies that there is no need to bring your own device(s), but to use

available computing devices ad hoc e.g., in office spaces like sheets of paper.

Figure 2.2: Mark Weiser and colleagues showcasing

Ubiquitous Computing with tabs, pads, and

a board [409].

(3) “Specialized elements of
hardware and software, con-
nected . . . ”– Similarly as the of-

fice environment inspired the

desktop metaphor, Mark Weiser

also proposed a set of devices

(see Figure 2.2) that can make

the vision come true: Small-

scale tabs that resemble sticky

notes, medium-sized pads that

come at the size of sheets of

paper, and large boards that

are equivalent to blackboards

or whiteboards – each of them

with dedicated purposes. The

core of this device ensemble

is in its quantity. Weiser sug-

gested that office spaces will

typically provide access to tens

and hundreds of small and

medium-sized devices – lead-

ing to usage patterns known

from using “scrap paper” – in-

stead of bringing a portable computer to e.g., a meeting, these pads are just available

to use everywhere. Weiser argues that the concept of windows allowed to bring mul-

tiple applications synchronously to the desktop computer but that these novel devices

are counterparts to windows that bring the applications to the real desk, which allows

for interactions known from working with paper: Sorting, piling, or reminding. Their

interconnectivity further allows them to “seamlessly” sense their users, authenticate

them, or share content between and across computing devices.
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More than 30 years later, one could ask: Was Weiser right? Or even “are we there

yet?” [354]

Weiser’s vision heavily inspired numerous practitioners and researchers. Technol-

ogy has come a long way from the early 1990s to present-day computing devices.

Mobile devices entertain us on the go, allow us to work in basically any environ-

ment, and network technologies (e.g., Wifi or Bluetooth) enable the synchronization

of computing devices. The Internet of Things [110] makes artifacts in our environ-

ment smart: From the food-ordering fridge to smart toothbrushes, or self-regulating

heating systems. Similarly, interactive tangibles [169] bring computing power to

everyday objects, almost weaving “themselves into the fabric of everyday life until

they are indistinguishable from it” [409]. Although the desktop computer still has its

right to exist, it is still quite often a personal device, yet embedded in slightly differ-

ent circumstances: The personal computer (e.g., today, often laptops) isn’t the only

device we use in our daily activities. It is rather a whole ecology of personal devices

that complement each other for different purposes. These computing devices can be

related to Weiser’s tabs, pads, and boards: While today’s smartwatches and smart-

phones serve similar purposes as Weiser’s tabs and come at similar physical sizes,

pads are almost directly resembled by tablets (e.g., Apple iPad), and boards found

their way e.g., into our office spaces as shared devices to present and collaborate.

Devices within the same ecosystem (e.g., Apple devices, logged in via an Apple ID)

further facilitate the transition of data and activities across devices. Yet, they are not

abundantly used as envisioned. Individuals own several different devices [82], but

not in the numbers as Weiser thought of. Harrison et al. [132] attribute this to the

fact that people rather have fewer devices with more capabilities (i.e., quality com-

puting) instead of using a large number with fewer capabilities each (i.e., quantity

computing) – a trend that is seized by industry by equipping devices with more and

more sensors, memory, and capabilities, enabling its users to do more with fewer

devices. Although Mark Weiser heavily argued against Virtual Reality [409], today’s

mixed reality devices (in this case primarily Augmented Reality) can allow for ubiq-

uitous interfaces in combination with immersive technologies, which is depicted by

Newman et al. [283] in their Milgram-Weiser Continuum that allows to e.g., classify

interactive systems based on their degree of immersion as well as their quantitative

person-computer relationship.

A research stream that strongly parallels Weiser’s vision can be seen in today’s multi-

device and Cross-Device Interaction. Research on Cross-Device Interaction is based

on the idea that users easily interact with multiple devices, not recognizing the con-

nected devices as single entities but perceiving them as components of the same un-

derlying system. Typical devices include smartphones, tablets, or larger interactive
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surfaces that can be used seamlessly in concert. General and more specific literature

on Cross-Device Interaction will be part of the following Section 2.3.

2.3 Cross-Device Interaction

Brudy et al. [50] provide a comprehensive overview of research on cross-device com-

puting. Their goal is to unify research that “transcends the individual device and user”

by creating a taxonomy, unraveling the design space, and offering insights into open

challenges for this research stream. This section is not meant to report on their tax-

onomy extensively but to provide the reader with information related to cross-device

computing that not only informed the apparatus and research questions for two use

cases of Complementary Interfaces (see Chapters 3 and 5) but also to understand

their influence on the concept of Complementary Interfaces (see Section 2.6).

Brudy et al. [50] divide the historical development of cross-device computing into

three areas: (1) Although research on Cross-Device Interaction often refers to Weiser’s

vision of Ubiquitous Computing, early work on Multi-Monitor Workstations starting

in the early 1980s, is already considered as part of the historical roots. Here, unlike

Weiser’s vision, these workstations extend or mirror the screen space of personal com-

Figure 2.3: Combining multiple mobile devices into a typical office workspace fa-

cilitated by the ideas of Cross-Device Interaction.
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puters by adding one or more additional screens. Setups like this are pretty common

in present-day office spaces – yet these setups are usually static, e.g., with a single pri-

mary device and additional extensions. Research in this thesis does not further inves-

tigate this area. (2) The second area targets Multi-Device Environments and Spaces

that are directly inspired by Ubiquitous Computing. Here, research investigates envi-

ronments that combine a variety of device types such as tablets and large interactive

surfaces (cf. Weiser’s pads and boards), as well as interaction techniques that cross

device boundaries (e.g., Rekimoto’s Pick-and-drop technique [333]). These multi-

display environments allow for the spatial or logical distribution of user interfaces.

The term Distributed User Interfaces [90] was often used to describe and classify

these environments before the term “Cross-Device Interaction” was born. Chapter

3 further investigates the meaningful combination of tablets and shared interactive

surfaces, and Chapter 5 studies interaction techniques that cross device boundaries.

Finally, (3) the third area is framed by Ad hoc, Mobile Cross-Device Use. In contrast

to the other areas, this work concentrates e.g., on the flexible and spontaneous com-

bination of devices. Here, scenarios include highly dynamic setups often facilitated

by tracking technologies. This research strives towards larger device ecologies that

can be arranged and incorporated to fit the task at hand. Chapter 5 investigates the

usage of tablets – yet excluding additional hardware tracking.

The tracking of devices (e.g., their position or rotation) and the data exchange be-

tween and across devices (e.g., to share application states) is a basis for Cross-Device

Interaction. Here, researchers investigated ways to track devices without hardware-

heavy and costly setups (e.g., marker-based infrared tracking using Vicon or Optitrack

cameras) to allow for ad hoc usage scenarios by detecting the e.g., position, orien-

tation, or identity of devices. Brudy et al. [50] distinguish between (1) outside-in

tracking: Sensors placed in the environment such as depth cameras are used to de-

tect devices (e.g., [325, 327]) and (2) inside-out tracking: Built-in sensors of devices

are used to sense e.g., environmental features like the head of a user [122] – poten-

tially allowing for ad hoc and mobile use of multi-device environments. The tracking

of devices is not mandatory to create cross-device experiences. Yet, the data ex-

change between and across devices is mandatory. Weiser envisioned the connection

between devices e.g., to synchronize and exchange data based on wireless networks

using infrared technologies or radio frequencies [409]. Today, the most common

way to connect devices is through local wifi networks. Here, various open source

web-based frameworks evolved that allow for the synchronization of devices (e.g.,

Metor.js2), research investigated ways to detect nearby devices (e.g., [358]), and

to share and synchronize content across devices (e.g., using research-driven frame-

works like Webstrates [202] or one of its variants [21, 147, 326]).

2Meteor.js – https://www.meteor.com – last accessed 01.11.2023
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The following subsections are intended to provide a background on this research

area that paved the way for the vision of Complementary Interfaces. Additionally,

the individual paragraphs link to the corresponding chapters for further reading.

With the growing popularity of Cross-Device Interaction, researchers have proposed

working with multiple mobile devices instead of but also in combination with large

interactive surfaces (i.e., tabletops). McGrath et al. [264] used a private view on a

tablet and a public view on a tabletop for collaborative visual data exploration to sup-

port loosely-coupled parallel work and tightly-coupled activities – leading to mixed-

focus collaboration [128, 387]. The coupling of views allows to merging individual

explorations on tablets with collaborative results. Wallace et al. [405] studied col-

laborative sensemaking with tablets only, tabletop only, and a combination of them.

Here, the presence of a large shared surface led to improved sensemaking perfor-

mance, supported the ability to prioritize information, make comparisons between

task-related information, and support the collaborative procedure.

�

The combination of tablets for individual and a shared interactive sur-

face for collaborative activities (e.g., [405]), inspired varying the size

of the shared interactive surface as an independent variable during

a user study. Chapter 3 contributes to a better understanding of the

meaningful combination of individual tablets and a shared interactive

surface in three different sizes during collaborative sensemaking.

Brudy et al. [49] continued to investigate the role of a shared tablet-size device in

collaborative activities and showed that an additional overview device can extend

periods of closely-coupled collaboration. Wozniak et al. [419] presented a system

that allows for collaborative activities with spatially-aware tablets – and compared

it to a paper-based and tabletop condition using a sensemaking task. Their system

revealed faster task completion times compared to paper and similar results for task

load compared to the tabletop condition. Hamilton and Wigdor [130] have shown

that participants can quickly adapt to unfamiliar settings and make use of up to ten

mobile devices in a tablet-only setting working on a sensemaking task. Chen et al.

[60, 61] investigated active reading activities using a multi-tablet system. Compared

to paper, their system provides enhanced navigation within documents and allows

for synchronization across multiple devices. Plank et al. [316] built on this research

and investigated the usage of mobile devices in a tablet-only setting for collaborative

visual analytics. In contrast to previous work [130], Plank et al.’s participants did

not exhaust all available devices and solved the tasks with one or two devices. The
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authors refer to a legacy bias that influences participants in how they deal with mobile

devices, resulting in the usage of fewer tablets than expected.

Researchers studied a wide variety of interaction techniques that cross device bound-

aries. Rädle et al. [325] investigated if user interfaces for transferring documents

across devices should provide spatial information about nearby devices. They com-

pared a menu-based approach (cf. [130]), without information on the location of

nearby devices, to two spatially-aware techniques using a camera-based tracking

system [323]. Results show that spatially-aware techniques (e.g., dragging an item

’through’ a portal-like area to another device) were preferred and lowered partici-

pants’ task load, yet the menu-based approach was beneficial for settings where the

spatial configuration of devices is not changing rapidly.

With portal-like techniques (e.g., [257, 325]), content can be transferred to a nearby

device by dragging it ’through’ a portal over the device’s edge. Building on this re-

search, Jokela et al. [184] compared a technique called Tray to two techniques that

rely on physical contact by participants with devices (Transfer Mode) and devices

themselves (Device Touch). Participants liked the visual feedback and familiar han-

dling of Tray, performed faster with the Transfer Mode, and considered Device Touch

as rather cumbersome. Similar to Tray and Portal, Scott et al. [361] compared their

Bridge and a Pick and Drop technique for object transfer between a tabletop and mo-

bile devices. Both techniques effectively supported participants in their tasks. Bridge

resulted in a lower cognitive effort, whereas Pick and Drop was seen as more efficient

as participants could pick multiple items sequentially and drop them all at once.

Rekimoto originally described Pick and Drop [333]: The technique allows to pick up

an object with a pen on one display and release it at another device by touching the

display – creating the illusion of manipulating a physical object. Paay et al. [301]
compared their variant of the Pick and Drop technique called Pinch with three other

techniques called Swipe, Swing, and Flick for interactions between a mobile device

and a large display using additional mid-air gestures, taking a first step to find relative

strengths and weaknesses of the named interaction techniques.

�

The versatility of tablets and the variety of interaction techniques in-

spired us to study the usage of tablets in combination with a set of in-

teraction techniques in Chapter 5. The chapter uncovers relationships

between the usage of tablets and interaction techniques in a two-task

study design that includes complementary angles of evaluation.
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While Cross-Device Interaction is often related to the combination of devices that

relate to Weiser’s envisioned components (e.g., phones, tablets, or interactive sur-

faces) of homogeneous device classes, the term Hybrid User Interfaces [97] is used

to describe interfaces that combine heterogeneous components. Although the core

research of this thesis is focused on combinations of homogeneous device classes, I

am involved in designing and evaluating heterogeneous combinations (i.e., Hybrid

User Interfaces), and they further contribute to the vision of Complementary Inter-

faces.

2.4 Hybrid User Interfaces

Feiner and Shamash [97] coined the term Hybrid User Interfaces in the early 1990s.

Their ideas can also be, to some extent, regarded as an answer to desktop and per-

sonal computers. Feiner and Shamash [97] argue that with the advent of portable

computing devices (i.e., laptops), the physical device sizes decrease, which in turn

also leads to less interface real estate – including both the output space with smaller

display sizes but also the input space with integrated touchpads instead of a “free-

ranging mouse” [97]. While these conventional technologies tend to decrease in

physical size, they still provide high-resolution and high input accuracy e.g., via

mouse input. Immersive technologies like augmented reality on the opposite – in

the early 1990s and still partly today – offer a lower resolution for both, input and

output space. However, augmented reality holds the potential for virtually large

interfaces that exceed the bespoke conventional display technologies. Feiner and

Shamash [97] propose to combine these two technologies – by “taking advantage of

the strong points of each” [97], treating the technologies as “complementary” instead

of competing – leading to Hybrid User Interfaces that e.g., can extend the physical

screen size of laptops with large virtual content using augmented reality head-worn

devices. Tasks that require higher resolutions and accuracy can benefit from the con-

ventional display, while tasks that benefit from a larger virtual space can be moved to

the augmented reality space. Feiner and Shamash [97] propose a window managing

system to illustrate their concept, showing how actively used content can be worked

with on a conventional display, while other windows and applications can wait for

their integration into the workflow in the virtual periphery that is aligned with the

physical display, allowing for seamless interaction with both technologies. Similarly,

Hybrid User Interfaces were studied in the late 1990s and early 2000s e.g., for mobile

navigation scenarios [98] and co-located collaboration [31, 54].

Due to recent hardware developments, Hybrid User Interfaces are experiencing a re-

naissance, showing their relevance and applicability in a variety of use cases, by com-

bining head-worn augmented reality devices with smartwatches (e.g., [123]), smart-
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Figure 2.4: The setup of Feiner and Shamash [97]. A Hybrid User Interface com-

bining a head-worn device for augmented reality and a laptop.

phones (e.g., [159, 402]), tablets (e.g., [155]), interactive surfaces (e.g., [53]), and

desktop computers (e.g., [157]). The synchronous usage of Hybrid User Interfaces

can lead to issues like the split attention effect [114] or to an increase in cognitive

demand that was shown in general for multi-device environments [325]. Using Hy-

brid User Interfaces asynchronously opens up the design space for transitional user

interfaces [156], yet leading to specific challenges e.g., loss of context or consistency

tradeoffs.

Recent developments in technology suggest bringing these ideas out of research labs

and into the consumer market – here, Apple announced its mixed reality device Vision

Pro [12] to not only allow for immersive experiences but also to integrate with exist-

ing computing devices e.g., by extending screen spaces. Yet, it is necessary to further

study these environments, especially as the design space is huge and lacks a clear

definition and terminology (e.g., Hybrid User Interfaces vs Transitional Interfaces

vs Mixed-Immersion Interfaces vs Cross-Reality Interfaces vs Augmented Displays vs

Virtually-extended Screen-aligned Displays) – leading to a fragmented research land-

scape [158].

Brudy et al. [50] included head-worn AR/VR devices as part of their cross-device

taxonomy but did not further elaborate on heterogeneous device combinations as

described in this section. Hybrid User Interfaces could therefore be seen as a spe-
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cial case of Cross-Device Interaction. However, Hybrid User Interfaces differ in the

relationship of components: In Cross-Device Interaction, research has studied how

additional devices can be included ad hoc into workflows e.g., by offering additional

devices for an activity (e.g., [49, 316]). Users are free to use the extra space or func-

tionality to e.g., externalize ideas to another device, yet they do not have to – leading

to a low functional interdependence of components, but potentially to a high task-

related interdependence of components. In Hybrid User Interfaces, the relationship

between components is part of the design of the interface itself: Here, all components

show a tightly coupled relationship, leading to a functional interdependence, as e.g.,

one component acts as input and the other component as output (e.g., STREAM uses

a spatially-aware tablet for input and a head-worn AR device for close-to-unlimited

visual output [155]). Therefore, Hybrid User Interfaces and Cross-Device Interaction

can be distinguished by the classes of devices (e.g., heterogeneous or homogeneous

device classes) that lead to different levels of immersion and device usage classi-

fied by the Milgram-Weiser Continuum [283] but also regarding the task-related and

functional interdependence of components.

�

Chapter 5 integrates the idea of task-related and functional inter-

dependence into a user study setting, where participants solve one

task with a controlled interdependence of components to see how this

is transferred into a second task with uncontrolled interdependence.

Also, designing and evaluating meaningful combinations of heteroge-

neous devices and modalities is one of my ongoing research activities,

which opens up a new dimension for Complementary Interfaces and

will be further discussed in Chapter 7.

The two previous sections on Cross-Device Interaction and Hybrid User Interfaces

have shown technical realizations of multi-device environments that run in parallel to

Weiser’s vision of Ubiquitous Computing. They focused on the combinations of non-

immersive-only components but also of non-immersive with immersive components.

Yet, multiple input and output modalities can also be used in combination to solve

a task at hand. Therefore, the next section will first look at Multimodal Interaction

in general and then direct the reader to Chapter 4 to further study the influences

of input and output modalities on spatial memory as another potential dependent

variable to study in Ubiquitous Computing environments.
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2.5 Multimodal Interaction

Multimodal Interaction often refers to using multiple input modalities, such as voice,

gesture, gaze, and touch, to interact with interactive systems. As humans, we interact

with our surroundings in a multimodal way (e.g., using modalities in parallel or

sequentially), therefore, Multimodal Interaction promises to build on pre-knowledge

to eventually provide a high usability and user experience [394]. Likewise, we can

use multiple output modalities of an interactive system (e.g., visually or auditory)

to address different perceptual channels of users (e.g., to provide feedback). Here,

the visual and auditory systems can be leveraged in a complementary way by e.g.,

by mapping spatio-temporal properties to a specific channel, which can e.g., reduce

visual clutter or minimize attention switches [433] but also increase the available

information and attention [108].

We often interact in multi-device environments (i.e., Cross-Device Interaction and

Hybrid User Interfaces) in a multimodal way: Brudy et al. [50] classify input modali-

ties for Cross-Device Interaction as touch (on-screen), gestures (around the device or

body gestures), and device manipulation (motion in 2D/3D or shape change). Hy-

brid User Interfaces are often multimodal per se, as each component might require its

own type of interaction – e.g., a desktop environment requires different input tech-

niques than an immersive environment (e.g., AR or VR), yet they can be described

as an asynchronous Hybrid User Interface [156]. Similarly, using a combination of

heterogeneous devices (e.g., a tablet and a head-worn device) simultaneously might

require gestural and touch input (cf. [155]). In general, the advent of consumer-

grade head-worn devices to experience mixed reality expanded the catalog of Mul-

timodal Interaction from meanwhile well-known voice commands (e.g., Siri, Alexa,

and friends) to e.g., combinations of eye and hand input (cf. Apple Vision Pro), which

is also a topic of interest for recent research (e.g., [249, 404]).

Research has demonstrated benefits of Multimodal Interaction regarding accessibil-

ity [299], flexibility [229, 298], task performance [300], cognitive workload [439],
social presence [100], and it can even lead to the perception of “magic” [27].

Similarly, research has shown that the choice of input or output modalities can influ-

ence users’ spatial memory [348]:

Tan et al. [384] focused on the influence of touch and mouse interaction on users’

spatial memory. They asked 28 participants to perform a memorization task on an

18.1′′ screen with an invisible grid and concluded with a 19% increased memoriza-

tion accuracy for touch input. Building on this work, Jetter et al. [179] investigated

the effect of multi-touch vs. mouse input on participants’ navigation performance and

object location memory in panning and panning & zooming interfaces. Results show
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that multi-touch results in better spatial memory and navigation performance for

panning interfaces but not for panning & zooming interfaces. Palleis and Hussmann

[304] distinguished between the influence of kinesthetic cues and direct interaction

on spatial memory and navigation performance. Results show that neither of these

aspects influences spatial memory, but a smaller touch input surface in the indirect

touch condition resulted in a better navigation performance.

Focusing on whole body movements, Klinkhammer et al. [201] compared users’ spa-

tial memory for panning using single touch vs. body panning on a horizontal user

interface. Although body panning (i.e., panning via body movements) did not result

in an increased navigation performance, participants performed better with regard

to object location memory. Similarly, Rädle et al. [321] investigated the effect of

egocentric movements in peephole navigation of zoomable peephole interfaces, con-

cluding with a positive effect of egocentric body movements on spatial memory.

The above-mentioned studies indicate that users’ spatial memory can be positively

influenced by a suitable input modality, however, results on the characteristics of

the optimal input modality are contradicting. Conditions that used touch performed

better than mouse [179, 384]. However, when replacing the mouse with an indirect

touch modality, findings show no difference in spatial memory and an improvement

in navigation performance for the indirect interaction on a small input surface [304].
Conditions including whole body movement (e.g., body panning, egocentric body

movements) performed better than those with less movement [201].

Previous research investigated how different visualization techniques influence spa-

tial memory. For example, fisheye lenses [366], peephole navigation [190, 274, 324]
and systems that allow for an overview [151] or focus and context view [52, 292]
have been analyzed to further understand how these techniques impact on navigation

and object relocation. Visualizations like grids and structural alignments of items on

a landscape have been found to positively effect spatial memory [233, 348].

Analyzing the influence of the output modality (e.g., screen size) on spatial memory

has shown that large displays lead to a greater sense of presence and a higher level

of immersion, which positively influences users’ spatial memory performance [385,

395]. For example, Tan et al. [385, 386] showed that physically large displays in-

crease performance on spatial tasks such as 3D navigation, mental map formation,

and memory tasks. Further, they found that the benefit of using a large display

strongly depends on the kind of tasks performed on it: The benefit of large screens

was found to be restricted to tasks in which users have to take on an egocentric strat-

egy [385]. However, this finding could not be replicated by Tyndiuk et al. [395], who

found that large displays are beneficial for both, ego- and exocentric tasks.
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Tan et al. [386] also investigated users’ spatial memory performance when navigat-

ing a virtual environment. Results show that users perform better in mental map

formation and memory tasks on a large display because they feel more immersed in

the environment compared to a small screen. Tyndiuk et al. [395] investigated the in-

fluence of display size on spatial memory and showed that not all users benefit from

the use of large displays as only users with high visual selective attention abilities

performed better on large displays. Rädle et al. [324] focused on peephole navi-

gation and analyzed the effect of peephole size on users’ map navigation behavior,

navigation performance, and task load. They confirmed a sweet spot of a tablet-sized

peephole where learning speed, navigation speed, and task load were improved.

�
As previous research has shown the influence of different input and

output modalities on spatial memory, Chapter 4 sheds light on the in-

terplay of different input and output modalities and how these mean-

ingful combinations can affect spatial memory.

The previous sections described how combinations of homogeneous and heteroge-

neous device combinations and various input and output modalities can influence

the user experiences of interactive systems. Taking a step back from these technical

realizations allows us to see the bigger picture of Complementary Interfaces – mean-

ingful combinations of devices and modalities – that are further illustrated in the next

chapter.

2.6 Towards Complementary Interfaces

For typical knowledge work activities like writing documents, preparing presenta-

tions, or calculating costs in spreadsheets, we do rely on the affordances, constraints,

and utilities of e.g., different input devices. A mouse for pointing and selecting, a key-

board for text input. While this approach is working for desktop computing, many

post-WIMP3 [398], Ubiquitous Computing [409], and related interfaces (e.g., Cross-

Device Interaction) build on self-contained devices, trading complementary periph-

erals with the convenience of built-in touch interaction and a combined input and

output space. This can be advantageous when working on a single device (e.g., for

mobility), but if task complexity increases, single devices may no longer be sufficient

to adequately support users in their workflows – despite extensive device capabilities.

The technological and methodological advances within the last decades allow re-

searchers to design and evaluate new interaction paradigms beyond the boundaries

3post-”Windows Icons Menus Pointer”.
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of a single device and modality, leading to a variety of combinations of interfaces that

can be used seamlessly in concert. Yet, simply adding more devices can be counter-

productive, as it might not fit to workflows or activities [316], handling multiple de-

vices can increase cognitive workload [325], or lead to high transaction costs [153].

By pushing the boundaries of technological possibilities, designers and researchers

often try to sophistically blend multiple devices together, following a “the more the

merrier” approach – paying the price of potentially not suiting the context of use,

users’ activities, or scenarios [50], instead of utilizing or “embracing” the individual

qualities of each component.

Interestingly, in 1991, two papers pointed to this idea from slightly different angles:

Feiner and Shamash [97] described their Hybrid User Interfaces as “complementary

[. . . ] technologies [. . . ] that take advantage of the strong point of each” and Weiser

[409] highlighted that “the real power [. . . ] comes not from any of the[se] devices; it

emerges from the interaction of all of them.” Both papers emphasize the importance

and benefits but also the dependency of the combination of multiple interactive com-

ponents. Feiner and Shamash [97] underline the utility of each component in a Hy-

brid User Interface and Weiser’s “it emerges from the interaction of all of them” [409]
can be interpreted as aspects of progress, activities, or workflows.

Indeed, in a successful ecology of devices and modalities, each interface component

possesses complementary characteristics, filling a niche that was not suitably covered

before – supporting users in achieving their goals and accomplishing their tasks.

Based on this, we believe that attributing unique roles, properties, and purposes to

each device and modality can lead to a meaningful combination of interfaces that

support users in their current task at hand – emphasizing the importance of users,

their task, and how they can be supported.

We call these meaningful combinations of devices and modalities Complementary

Interfaces: By distributing interaction across devices and modalities, we can estab-

lish a symbiosis of interfaces, where each component purposefully increases the quality

of interaction and supports users in their current activity. Fundamentally, Comple-

mentary Interfaces draw their strengths from meaningful combinations across and

within the dimensions input and output; and they are dependent on the context.

[
A Complementary Interface is a meaningful combination of interfaces

that support users in their current task at hand.
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Figure 2.5 further illustrates this concept: A Complementary Interface strives for

meaningful combinations of one or multiple Input components and one or multi-

ple Output components (each within and across dimensions) to allow one or multi-

ple users to interact with an Application that is embedded in a Context and shares

some connection to the Rest of the World – representing a classic model in Human-

Computer Interaction where a user is involved in handling an application by an itera-

tive process of input and output activities. As indicated in Figure 2.5, both, Input and

Output can each be composed of single or multiple components (e.g., multiple input

modalities and/or multiple output channels). The key to Complementary Interfaces

is the meaningful combination of components, where each component can be seen

as a piece of the puzzle. This leads to combinations of homogeneous (e.g., Cross-

Device Interaction) and heterogeneous (e.g., Hybrid User Interfaces) device classes,

but also input (e.g., interaction techniques) and output (e.g., visually or auditory)

modalities. Complementary Interfaces may feature some degree of heterogeneity of

involved components that complement each other to support the overall system func-

tionality to solve the task at hand. These degrees of heterogeneity may lie in the input

or output modality, location (e.g., screen space or input space), or dimensionality of

data visualization (e.g., 2D or 3D). However – depending on the Context – to solve a

task, a user might increase the input space or screen space by e.g., simply adding ex-

tra tablet devices – creating a Complementary Interface with components that might

not show any degree of heterogeneity at all but support the user during the cur-

rent activity, which creates a task-related interdependence of components. Likewise,

Complementary Interfaces can also feature a functional interdependence of compo-

nents, e.g., when one component is solely used for input and another component is

exclusively used for output (cf. Hybrid User Interfaces). We often see a task-related

interdependence for Complementary Interfaces that have multiple components either

for input or output and a functional interdependence for Complementary Interfaces

with a combination of single input and output components. Yet, the degree of inter-

dependence might be dynamic, depending on the context and workflow.

To following paragraphs will further describe each of the dimensions Input, Output,

Context, Application, Rest of the World.

Input The combination of multiple input modalities for interaction is often considered

as Multimodal Interaction (see Section 2.5). Here, a wide variety of input combina-

tions can influence the user experience: Taking the example of combining gaze and

hand input from above [404], a human’s eyes and hands can form a symbiosis of

interfaces by e.g., explicitly selecting a target via gaze and confirming it with an ad-

ditional hand or finger gesture (cf. Apple Vision Pro). Alternatively, the input by a

user’s eye gaze can be utilized as an implicit input (e.g., different reading patterns as
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Figure 2.5: An abstract model of the concept of Complementary Interfaces. The fig-

ure is based on the implicit Human-Computer Interaction model [353],
yet adapted to illustrate the concept of Complementary Interfaces.

indicators for language proficiency [186]) to adapt a user interface that then allows

the user to interact with it explicitly.

Output Although off-the-shelf mobile devices such as tablets have a combined input

and output space, the physical output size can differ or be extended. This also relates

to traditional multi-display environments. Yet, using tablets and other mobile devices

potentially allows for ad hoc scenarios as initially envisioned by Mark Weiser [409].
Here, extra devices can extend the space to think (cf. [7]), allow to divide and con-

quer a problem [325], or to share insights in collaborative activities (see Chapter

3). Further, the output can differ regarding the number of dimensions: Hybrid User

Interfaces that e.g., combine 2D and 3D visualizations enable analysts to gain com-

plementary insights into data [157]. Also, multiple output channels can complement

each other in (remote) collaborative scenarios, where a limited visual field of view

of augmented reality head-worn devices can be complemented using spatial audio to

increase the sensation of presence [100].

Context A Complementary Interface is embedded into a context: Schmidt et al. [355]
divide a context into (1) Human Factors (e.g., user, environment, or task) and (2)

Physical Environment (e.g., conditions, infrastructure, or location). The physical en-

vironment certainly influences the availability of e.g., interactive components and

handling them. Yet, for Complementary Interfaces, the human factors play a ma-

jor role. Here, as common for human-centered approaches, users and their current

activity are the focus of attention. This includes a user’s knowledge, preferences,
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or emotional and physiological states and their current task at hand – both of these

aspects are further framed by the (social) environment (e.g., the interaction with oth-

ers). An activity that is placed in a social environment might lead to certain needs

for each user. Here, different meaningful combinations might be suitable and useful

to allow users to achieve their goals. For example, showing recent photo albums on

a shared screen to family and friends comes with different requirements than collab-

oratively presenting the outcome of an investigation as a slideshow in a professional

work environment – here, each scenario allows for different meaningful combina-

tions of input and output components to best support users in the current activity.

Application and Rest of the World A Complementary Interface needs an application

that can cope with a variety of input and output components. Yet, as research pro-

totypes are usually tailored for an empirical user study, research presented in this

thesis does not focus on universal interaction with any given application. Potentially,

a given task requires a specific application that further requires a well-balanced set

of input and output components. Similarly, a Complementary Interface is embedded

in a context that is further part of the rest of the world. This allows e.g., for commu-

nication with others that are not involved in the given activity, but has less priority

for Complementary Interfaces that are presented in this thesis.

The described dimensions frame the concept of Complementary Interfaces and al-

low to use it in two intertwined ways: (1) As a conceptual design framework for

composing meaningful Complementary Interfaces that have the potential to create a

symbiosis of interfaces; and (2) as an evaluation framework to study the effects and

influences of different component combinations (e.g., design alternatives). Both of

them put an emphasis on users, their task at hand, and how to support this with

meaningful combinations of input and output components. This eventually allows

to design task and user specific interactive systems and further study the utility of

meaningful combinations.

The concept of Complementary Interfaces aligns with existing frameworks that sup-

port designers and researchers to design, study, or explain Ubiquitous Computing en-

vironments or interactive spaces in general (e.g., Blended Interaction [180], Reality-

Based Interaction [172], or other frameworks that make use of users’ pre-existing

knowledge via blends or metaphors). Reality-Based Interaction (RBI) [172] intro-

duces themes of reality (i.e., näive physics, body awareness and skills, environment

awareness and skills, and social awareness and skills) and provides means to analyze,

compare, and evaluate design tradeoffs [117]. RBI suggests anchoring interaction on

the named themes to build on existing pre-knowledge of the real world and users’

skills, thereby reducing the mental effort to use an interactive system [172]. Yet,

Jacob et al. [172] highlight that an interactive system requires design tradeoffs be-
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tween these themes and desired qualities (e.g., efficiency or ergonomics), depending

e.g., on the current context. Jetter et al. [180] describe these themes of reality as

“basic-level experiences and building blocks of human thought” [180] and consider

them among other aspects (e.g., sensorimotor experiences or well-established digi-

tal concepts) as part of a user’s reality in their Blended Interaction (BI) framework.

BI strives for “considerate blends” [180] between this existing knowledge of a user

about reality and the “magic” of the computational power of today’s user interfaces.

Jetter et al. [180] emphasize that designers have to find “good design tradeoffs” (cf.

[172]) that are situated between the two extremes of (1) very powerful – yet hard-

to-learn – concepts and (2) familiar real-world concepts that are easy-to-learn but

e.g., lack precision or efficiency. Therefore, Jetter et al. [180] refer to embodied

cognition [113, 363] as their theoretical foundation and describe how conceptual

integration [96] facilitates the learnability and ease of use of an interactive system

– by blending new concepts from existing ones. Ideas from embodied cognition and

related theories also relate to the concept of Complementary Interfaces. Here, cog-

nition is not only embodied (e.g., as part of multimodal interaction techniques), but

can also be distributed “across humans and [interactive] artifacts” [242] as well as

“resources and materials in the environment” [144]. The meaningful combinations

of input and output modalities aim to distribute cognition across the above-described

dimensions to create tools that ultimately “disappear” [410].

The described frameworks can help to design and evaluate Complementary Interfaces

by extending the notions of design tradeoffs and considerate (or meaningful) blends

to different input and output components, which can increase the user experience.

However, Complementary Interfaces strive for meaningful combinations of input and

output components that can support users in working on the task at hand – showing

a rather pragmatic perspective on interaction design that focuses on the utility of

components.

�

This thesis presents three use cases of Complementary Interfaces:

Chapter 3 contributes to a better understanding of the meaningful com-

bination of individual tablets and a shared interactive surface in three

different sizes during collaborative sensemaking. Chapter 4 sheds light

on the interplay of different input and output modalities and how these

meaningful combinations can affect spatial memory. Chapter 5 un-

covers relationships between the usage of tablets and interaction tech-

niques in a two-task study design that includes complementary angles

of evaluation.
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Designing and evaluating Complementary Interfaces can be challenging. The com-

bination of multiple interactive components for input and output activities has to be

carefully integrated into users’ workflows. Here, simply adding another component

can result in a loss of context, as users have to re-orientate themselves e.g., in the data.

Similarly, switching attention between different devices can incur a significant over-

head [331]. To overcome this, devices in the environment could tune their attention

to the users and adapt to the users’ needs. Yet, as each interactive component comes

with its individual strengths and drawbacks, but also affordances and constraints,

we need to provide ways to achieve a consistent user experiences during workflows.

For collaborative scenarios, this also includes the continuity of user representations.

Ultimately, finding suitable modalities is a core challenge of Complementary Inter-

faces. Therefore, this thesis studies three use cases of Complementary Interfaces,

integrating potentially suitable modalities as design alternatives – allowing to use

experiments as design-informing activities.

�
Chapter 7 will transfer the described challenges of Complementary In-

terfaces into opportunities for future research with a focus on collabo-

rative environments.

The previous sections focussed on the conceptual and rather design-oriented aspects

of Complementary Interfaces. The remainder of this Chapter 2 puts a spotlight on

empirical research methods in HCI and how experiments can be used as a design-

informing activity for Complementary Interfaces.

2.7 Experiments as Design-Informing Activities
As a highly interdisciplinary research discipline, HCI research borrows research meth-

ods from various fields and adapts them to the individual context [230]. This adapta-

tion of methods is an ever-moving target that goes hand in hand with the technologi-

cal evolution of computing devices. This leads to new use cases for these technologies

but also to new ways to assess the quality of interaction (e.g., eye tracking). While

research in the 1980s often focussed on performance-related aspects (e.g., time and

error), more recent research added an emphasis on human-related aspects (e.g., im-

mersion or joy) – providing researchers toolboxes to assess the usability and user ex-

perience of interactive systems. Research proposed a variety of ways to evaluate the

usability of simple interaction techniques, e.g., the selection of items using pointing

devices (e.g., Fitts’ Law [101, 252]). Here, aggregated performance metrics or raw

measures (e.g., time and error) work especially well to evaluate simple interaction

instances like pointing or dragging, yet they are usually insufficient to fully character-

40 Chapter 2. Background



ize more complex activities in Complementary Interfaces (or other post-WIMP and

Ubiquitous Computing environments) – resulting in an elaborated interaction that

exceeds standardized user study settings [230].

Brudy et al. [50] classified evaluation strategies for multi-device environments: Eval-

uation through (1) demonstration, (2) usage, (3) heuristics, (4) informative studies,

and (5) technical evaluation. The authors do not break down these strategies into

specific research methods (e.g., interviews), yet, they can be related to usability test-

ing (1 and 2), analytical methods (3 and 5), and experimental research (4). Usability

testing is usually a formative evaluation method to e.g., catch design flaws during

the design process. Here, a small number of participants (e.g., 6 to 8) are invited to

use an interactive system. Identified usability problems and feedback are addressed

during the iterative design process [137]. Analytical methods have a similar goal.

However, for analytical methods, experts identify problems (e.g., based on heuris-

tics), prioritize them, and report them, which also feeds the iterative design process.

Experimental research follows a different approach. The goal of experiments is not

to identify problems with an existing interactive system to improve its design but to

“identify causes of a situation” [230] – or in other words: to understand cause and

effect.

Does this make experiments less design-oriented? Experiments allow us to study how

design alternatives of an interactive system (e.g., interaction techniques) influence

certain key aspects (e.g., user satisfaction) to eventually answer research questions.

Experiments follow the ceteris paribus principle [149, 296], which means that in

highly-controlled study situations, only one aspect (e.g., the interaction technique)

gets varied by the experimenter, while all other factors (e.g., study situation or mea-

surements) stay the same. In a typical experiment, e.g., one group of participants

completes a pre-defined task with one interaction technique and another group of

participants completes the same task with another interaction technique, while the

experimenter measures the resulting user satisfaction of using the individual inter-

action technique to complete that task. With this, a causal relationship can be es-

tablished: In this example, a typical finding would be that one interaction technique

might result in a higher user satisfaction than the other, as every other factor was the

same. This cause-and-effect relationship allows us to define implications for future

research and design, making experiments a design-informing activity [296].

�
This thesis follows the idea of using experiments as a design-informing

activity for three use cases of Complementary Interfaces in Chapters 3,

4, and 5.
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Figure 2.6: Typical components of experiments in HCI (adapted from [149]).

This thesis uses experiments as a research method to study design alternatives for

three use cases of Complementary Interfaces. Following Figure 2.6, each component

of experiments in HCI will be further described below. These typical components

serve as a framing regarding the study situation itself (e.g., tasks and settings), factors

regarding the structure of experiments (e.g., procedures and study designs), and de-

pendent variables (e.g., qualitative and quantitative measurements). In total, three

experiments studying Complementary Interfaces and a meta-analysis of assessment

methods of cognitive workload (as a potential dependent variable of experimental

settings) are presented in this thesis (see Research Objectives 1 and 2). Each chapter

will align its individual experiment accordingly.

2.7.1 Experiments and their Components

Before describing individual components of experiments, a definition of an experi-

ment is presented:

[
Experiment: A study in which an intervention is deliberately intro-

duced to observe its effects [74].

Cook et al.’s definition allows to split an experiment into three essential parts: For

typical experiments in HCI, (1) the intervention can be an interaction technique, but

also participants’ pre-knowledge or a task. (2) The observed effects are related to

the measurement. (3) The experimental situation of the user study allows to expose

participants to an intervention and observe its effects. Hornbæk [149] builds on this
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and provides a pragmatic-yet-detailed description of some dos and don’ts of designing

experiments and further breaks down the three named parts into a set of components

that is shown in Figure 2.6. For this thesis, the focus is placed on providing the reader

with an overview of all components.

Hypotheses and Research Questions are theoretical connections between indepen-

dent and dependent variables. Both of them “connect variation in independent vari-

ables to expectations about variation in the dependent variables” [149]. Hypothe-

ses are assumptions backed up with literature and therefore, build on prior work:

Data from earlier findings or theories might allow us to predict the effect of an in-

tervention. Thus, hypotheses must be “(a) testable, (b) concise, and (c) name key

constructs” [149]. Similarly, research questions also name the key constructs of the

experiment. However, research questions are formulated as questions and omit the

dependency on prior work, which allows for rather explorative experiments if e.g.,

no prior work is available.

Independent variables are constructs that are not directly exposed to participants.

Yet, independent variables are operationalized and represented as multiple levels to

participants: Conditions. A typical experiment in HCI consists of a single indepen-

dent variable (e.g., input technique) that is broken down into different conditions.

Usually, a baseline condition refers to the state-of-the-art approach that is challenged

by a new technique. Often, the baseline condition works as a control condition that

allows to study the effects of a novel approach in comparison. This can be critical

as the choice of conditions might bias the experimental situation and measurements.

Therefore, the comparability of conditions is essential for experimental study design.

Experimental Situation is the actual situation under study. Here, (1) participants

use one or more of the conditions to complete some sort of structured (2) task in a

certain (3) environment, while the experimenter uses various data collection meth-

ods to assess participants’ activities and results. The selection of (1) participants can

influence or even bias the outcome of the experiment. Their pre-knowledge, expe-

riences, abilities, and motivation can influence the measurements. Therefore, the

selection of participants should be based on the research questions, which further

allows to generalize the effects. The number of participants can be estimated using

methods such as power analysis. Yet, a common practice is to refer to local standards

for sample sizes in HCI experiments [56], which usually leads to approximately 20

participants per condition for typical experiments in HCI. During the experiment,

participants complete a (2) task. These tasks are usually designed due to the goal

of the experiment and can range from simple pointing or selection tasks (e.g., Fitts’

Law [101]) to knowledge work activities that take hours to complete. Tasks should

be representative and a valid activity for the scenario. Participants have to under-
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stand the task to avoid confounding factors, and some research has used the task as

an additional independent variable in the study setting. Using well-established tasks

potentially allows for comparisons across individual experiments. Typical (3) envi-

ronments for experiments include lab settings that allow to control all environmental

aspects and minimize external influence to collect fine-grained data to achieve a high

internal validity of data. Alternatively, field settings allow for more realistic scenarios,

yet they are prone to environmental noise (e.g., disturbance of participants).

Dependent variables are the counterparts to independent variables. These con-

structs have to be operationalized in a similar way. Usually, hypotheses or research

questions mention the dependent variables. Typical dependent variables of experi-

ments in HCI are e.g., time, workload, or accuracy. These constructs can be measured

e.g., using data logging, questionnaires, or concluding interviews. The resulting data

can be statistically analyzed to identify statistically significant differences between

the effects of independent variables. This, in turn, allows us to draw conclusions and

answer research questions.

Structure and Other factors are essential for experiments in HCI. Experimenters

purposefully define the structure of an experiment up front. A typical experiment in-

cludes multiple conditions and tasks. In general, we can distinguish between between-

subjects design and within-subjects design. For between-subjects experiments, each

participant experiences only one of the conditions. For within-subjects experiments,

each participant experiences all of the conditions. Having the same order of condi-

tions and tasks for all participants can lead to problems such as learning effects or

fatigue. To overcome these issues, experimenters can randomize the order of con-

ditions or use counterbalancing methods (e.g., Latin square). Other factors, such

as participants’ demographics, can further influence the experimental situation. Yet,

counterbalancing methods can help to minimize their influence on the outcome.

Work presented in this thesis purposefully experiments with experiments: All three

use cases for Complementary Interfaces include research questions to frame their

research. Research questions were chosen instead of hypotheses as prior research ei-

ther was only taken as motivation to conduct the research or findings by prior work

were contradictory. Also, the use of research questions allows for more explorative

research, which is represented in Chapters 3, 4, and 5. The independent variables

differ for each use case. The individual independent variables are the size of a shared

interactive surface for collaborative activities (Chapter 3), the type of input modality

and size of the output modality (Chapter 4), and the interaction technique and task

(Chapter 5). Each use case consists of its own experimental situation. The num-

ber of participants was selected based on the number of conditions and the chosen

counterbalancing method. Participants were invited using flyers and posting at the
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University of Konstanz, leading to a majority of students as participants. For collabo-

rative activities, great care was taken to find dyads that did not know each other (i.e.,

to avoid confounding factors) and to achieve an equal gender distribution per condi-

tion. All tasks are representatives of knowledge work activities, and each of them is

well-established and was previously used by related works. For Chapter 3, a collabo-

rative sensemaking task based on the IEEE VAST challenge [315] was included. For

Chapter 4, a well-established task to study spatial memory was slightly adapted to fit

the study apparatus and research questions. For Chapter 5, a well-established sort-

ing activity was adapted and complemented with an additional sensemaking task.

All experiments were conducted in a lab environment to control for a high internal

validity. The dependent variables for each experiment with a Complementary In-

terface in this thesis are individually targeted based on the research questions and

independent variables. However, all of them include qualitative and quantitative

measurements that allow for data triangulation. Chapter 6 is a special case: Here,

no experiment is conducted, yet, the chapter puts a spotlight on the measurement of

cognitive workload – a highly relevant metric for Complementary Interfaces. Each

experiment follows its own structure e.g., to account for other factors. Here, the ex-

periments purposefully use a between-subject design (Chapter 3), a within-subjects

design (Chapter 5), and a combination of both experimental designs (Chapter 4).

�
The experimental design for each Complementary Interface is described

in a higher level of detail in each corresponding chapter.

2.8 Chapter Conclusion and Outlook

This chapter described the theoretical background of this thesis. The historical evo-

lution of computing devices led to the description of Weiser’s vision for the computer

of the 21st century: Ubiquitous Computing [409]. Based on this, relevant research

streams that run in parallel to this vision were used to illustrate and further frame the

research described in this thesis: Cross-Device Interaction, Hybrid User Interfaces,

and Multimodal Interaction conceptualized the vision of Complementary Interfaces

– meaningful combinations of interfaces that support users in their current task at

hand. The chapter concluded with a new perspective on empirical research and how

experiments can be used as a design-informing activity.
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�

The second part of this thesis will showcase three use cases of Comple-

mentary Interfaces, describe their experiments, and report on findings.

The third part of this thesis will put a spotlight on the measurement of

cognitive workload as a potential metric for Complementary Interfaces.

Part four concludes this thesis and provides an outlook.
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Studying Complementary Interfaces
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In this Complementary Interface, dyads can engage in knowledge work activities

– freely transitioning from loosely-coupled parallel work to tightly-coupled activities

and back – leading to mixed-focus collaboration [128, 387]. While their personal de-

vice (i.e., a tablet) enables them to search for documents, read, and annotate them,

a complementary shared interactive surface provides opportunities to visually and

spatially cluster ideas, share insights, and discuss possible solutions. The meaning-

ful combination of personal and shared devices is tailored towards knowledge work

activities and is designed to support dyads within and across all phases of their pro-

cess [314].

Study Design: Between-Subjects

Task: Sensemaking Task

Independent Variable: Size of Shared Interactive Surface

Dependent Variables: Interaction with Devices, Communication,

Group Awareness, User Satisfaction

The described Complementary Interface and experimental setting are used to address

the following general research question. The chapter will integrate this general re-

search question as its overall research goal and further address it in specific use-case

related research questions.

¬
RQ1: What are the influences of the size of a shared interactive surface

on collaboration in a Complementary Interface?





3
Studying Multi-User Interaction

Contents

3.1 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 55

3.2 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

3.3 Findings & Discussion . . . . . . . . . . . . . . . . . . . . . . . . 60

3.4 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

3.5 Implications for Future Research . . . . . . . . . . . . . . . . . . 71

3.6 Chapter Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 72

Shared interactive surfaces (e.g., tabletops) can greatly benefit collaborative activi-

ties [168, 178, 270], mainly because of enabling natural face-to-face communication

around a shared workspace [172], providing a high level of awareness and fluid inter-

action [152, 335], and supporting natural territoriality during collaboration [360].
However, a large surface is also costly and difficult to maintain compared to other

common off-the-shelf devices such as tablets. This is particularly true for environ-

ments like libraries or classrooms in which these large surfaces are often unavailable

due to budget and space restrictions, whereas tablets are quite common. Some re-

searchers, therefore, aim to support knowledge work activities (e.g., sensemaking)

with mobile devices instead of these large interactive surfaces [130, 246, 323], while

Tang et al. [387] recommend combining mobile devices with them. Such systems

(e.g., [264, 293, 322, 405]) are thought to be helpful for mixed-focus collabora-

tion [128, 387] where users frequently transition from tightly-coupled collaboration

to loosely-coupled parallel work, e.g., for reading or annotating a document or re-

viewing a long list of items on their own. Indeed, Wallace et al. [405] observed

that in such scenarios, the presence of a shared surface leads to better sensemaking

performance than with tablets alone.

To better understand why, we built a Complementary Interface that allows dyads to

engage in sensemaking activities. The meaningful combination of tablets for personal

activities (e.g., reading) and a shared interactive surface for collaborative activities

53



(e.g., sharing and discussing insights) allows for a mixed-focus collaboration [128,

387] and covers all phases of the sensemaking process [314].

We used this Complementary Interface as the apparatus for an experiment. Here,

we closely studied the effect that three interactive surfaces with different sizes had

on users’ attention, awareness, and efficiency during mixed-focus collaboration. In-

vestigating these effects enabled us to understand size-related advantages and disad-

vantages and to compare large interactive surfaces with lower-cost, smaller devices

that could potentially serve as design alternatives. We conducted an experimental

study of a collaborative sensemaking task that was executed by 15 dyads with two

personal tablets (9.7′′) and a shared workspace. We varied the size of the shared

workspace over three conditions corresponding to off-the-shelf devices (10.6′′, 27′′,

and 55′′). To observe authentic collaboration during the study, we provided partici-

pants with our Complementary Interface for solving a complex analytical task based

on the “Stegosaurus” data set from the VAST 2006 Challenge [121].

Figure 3.1: This Complementary Interface includes personal tablets and a shared

interactive surface (a). Here, the size of the shared interactive surface

is the independent variable of the experimental design (b,c,d).

Our goal for the study was to better understand the implications of the size of the

shared interactive surface and to contribute a nuanced description of its role in collab-

orative sensemaking activities. We address this overall research goal by investigating

the following research questions both qualitatively and quantitatively:

¬

RQ1.1: How does the size of a shared interactive surface affect users’

interaction with the devices?

RQ1.2: How does the size of a shared interactive surface affect the

communication between the participants?

RQ1.3: How does the size of a shared interactive surface affect group

awareness, the quality of the results of the group work, and partici-

pants’ satisfaction with the support by the system?
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3.1 Experiment

To investigate the effect of the size of a shared interactive surface on collaborative

sensemaking, we designed and implemented a Complementary Interface that en-

abled dyads to search, read, and make sense of documents. The system served as an

experimental platform for observing (close to) authentic collaborative behavior.

We chose a between-subjects design with the size of the shared surface as an inde-

pendent variable with three conditions (SMALL: 10.6′′, MEDIUM: 27′′, and LARGE:

55′′). We investigated five dyads in each condition, resulting in 15 dyads and 30 par-

ticipants, respectively. Like Isenberg et al., we chose dyads, because in their study,

two group members were already sufficient to identify differences in coupling styles

and collaboration strategies [168].

3.1.1 Pre-Study

A pre-study informed our research questions, our study design, and the system de-

sign. It was conducted with an earlier version of our system, where 15 dyads were

asked to work on a general search-related group task. The initial analysis of the

collected video data indicated that the efficiency gain from a larger display was far

smaller than expected – or even negative. To look into this phenomenon more system-

atically, we refined our system for the main study and focused the user interface and

study design on our identified sub-topics: the interaction with the devices (RQ1.1),

the communication activities (RQ1.2), and the quality of group work results and

users’ satisfaction with system support (RQ1.3).

3.1.2 Task

To provide an authentic and sufficiently demanding collaborative sensemaking task,

we used the “Stegosaurus” data from the VAST 2006 Challenge [121] that was al-

ready used by prior research [7, 130, 168, 174, 282]. VAST 2006 describes a fictional

story with 238 news articles, images, and data sheets. Dyads have to search and find

relevant information from this data, filter non-important articles, and connect impor-

tant facts that lead to new insights and suppositions to come up with a solution to

a hidden plot. The task involves individual activities like searching for and reading

relevant information as well as collaborative activities like sharing and sorting rele-

vant documents to solve the case. The task is difficult enough to require participants

to work together for an extended period of time (we limited it to 90 minutes).

We expected dyads to only partially solve the task within the time frame. However,

participants were handed questions about the plot at the beginning of each session

to focus their behavior and stimulate an authentic collaboration.
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3.1.3 System Description

Our system supported dyads during all phases of individual and collaborative work.

On their tablets, participants could execute full text searches in the VAST 2006 data

by typing one or more keywords into a search box. Search results were presented in

a ranked list (right tablet in Figure 3.2). Each item in this list represented a docu-

ment and contained a document ID for clear verbal reference, a preview of sentences

that contained the keyword(s), and icons indicating whether a document was al-

ready read, favored, or edited before. To access the document, users tapped on the

respective search list item to open a document view (left tablet in Figure 3.2). This

view enabled them to read and highlight text in a document, add comments to it,

share it to the shared surface, or send it directly to the tablet of their partner, on

which the document then was also displayed in a document view. Each participant

was assigned with an individual color (green or yellow). This color coding was used

for the background color of their tablet, as the highlight color of selected parts of

documents, and as an indicator for the origin of each shared document.

Figure 3.2: Overview of our Complementary Interface with two tablets (left and

right) and one of the shared interactive surfaces (center).

Shared documents appeared on the shared surface in boxes containing the docu-

ment ID, an excerpt of its content, and buttons for document-related actions (center

of Figure 3.2). The possible actions enabled participants to re-read documents on

their personal tablets or to remove documents from the shared interactive surface.

Each box was additionally marked with a bookmark icon with a participant’s color

to indicate who shared the document. Boxes could be moved and rotated freely to

allow for spatial arrangements or to form tableaux to embody the dyads’ working
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hypotheses [405]. Multiple boxes could be grouped into visual clusters using touch

input to encircle them with a lasso. This created a colored convex hull around the se-

lected boxes as a visual grouping. This hull remained around the boxes, and its shape

was updated whenever the boxes were re-arranged by participants. For a rapid ex-

change of information, users could send documents to each other’s tablet. Adding

documents to the shared interactive surface enabled users to externalize ideas, store

documents for later use, and to create a common ground for communication. Clus-

tering of snippets helped to find connections between relevant events, persons, and

places. The color coding provided a visual connection between the participants, their

tablets, and their contributions to the shared interactive surface.

3.1.4 Apparatus

Figure 3.1a shows the experimental setup, which consisted of a conventional office

table (1.4× 0.8 m) on which the interactive surface that served as the shared space

was placed. For the study, we chose three multi-touch devices of different sizes as

shared interactive surfaces (Figure 3.1b, c, and d), representing the conditions of the

user study: 10.6′′ (Microsoft Surface 2 Pro), 27′′ (Lenovo Horizon), and 55′′ (Mi-

crosoft Perceptive Pixel). Each of them represented a typical size for a personal mo-

bile device, a personal workspace, and a multi-user workspace. All three devices had

the same display resolution of 1920 × 1080 pixels to guarantee for a high internal

validity of the user study.

Both participants sat on office chairs and were facing each other. Each one was

provided with an Apple iPad (9.7′′) as their tablet. Next to each participant was a

small mobile desk for filling out the questionnaire and as a space for notes or to place

the tablet.

We used two cameras to record the study. One camera was installed with a bird’s-

eye view above the table (Figure 3.1 right), and a second camera recorded the scene

from the side to be able to see gestures, postures, and interactions of both participants

(Figure 3.1 left).

3.1.5 Participants

Thirty participants (15 female, 15 male, 0 non-binary) were recruited for the exper-

iment. The mean age was 22.4 years (SD = 2.9, aged 15-28). Twenty-nine partic-

ipants were right-handed, and one was left-handed. None of the participants had

color vision deficiency, consequently, they had no problems with the employed color

coding. Twenty-five participants were undergraduate students and 4 PhD students

from non-technical subjects such as psychology, biology, or politics. One participant

did not answer this question. We used postings and flyers looking for “detectives”
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to recruit participants. By this, we hoped to find participants interested in puzzles,

crime stories, or mysteries and thus were motivated by the VAST 2006 data and task.

We assigned five groups of two participants to each condition. Two groups were

both female, two were both male, and one group was mixed. Group members did

not know each other and had not worked together before. The single underaged

participant (aged 15) was a gifted student who studied at university at school age.

The parents signed a consent form to assign this student all the rights of an adult,

including study participation.

3.1.6 Procedure

At the beginning of each study, participants were seated at the two mobile desks.

They were asked to fill out a questionnaire about demographics and tech-savviness.

Then, they were seated facing each other on the long sides of the table. Partici-

pants received an introduction to all features of the system and were given time to

explore its functionality with a sample data set until they felt comfortable enough

using it. The experimenter then introduced them to the VAST 2006 task. During the

90-minute session, they could look up task instructions at any time on their tablet or

on a printed sheet of paper. The experimenter answered general questions about the

procedure or prototype but did not answer questions about participants’ performance

or how to solve the given task. Participants were free to move the mobile desks and

office chairs as desired. The session stopped after 90 minutes or when participants

felt that they had solved the case and found the plot. Then, both group members

were asked to individually fill out a second questionnaire about their findings about

the plot. Finally, we conducted a short semi-structured interview to ask participants

about the strategy that they employed during the task and how much they felt that

the system supported their activities. Each session lasted about 2 hours in total, and

participants were compensated for their time.

3.2 Data Analysis

We employed several data collection methods to investigate our research questions:

We gathered video data to analyze participants’ collaborative behavior, data logs to

analyze and quantify participants’ interactions with the included digital devices, and

a questionnaire and interviews to investigate participants’ results of group work and

to what extent participants felt supported by the system.

3.2.1 Video Data

To address the topics of our research questions, we developed a coding scheme to

analyze our video data. In doing so, we focused on participants’ interaction with
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devices, their communication behavior, as well as the object (e.g., one of the devices)

they focused on during the task. After initial viewings of our videos, we started to

describe and distinguish between different codes that apply to our research questions,

as well as offering a sound description of the video data. This coding scheme was

refined until we felt that it was saturated. After this, an inter-coder reliability test

was conducted for three 10 minute samples of video data to ensure objective coding

by our two independent coders. Cohen’s Kappa was calculated individually for the

categories Focus (c = 0.96), Communication (c = 0.85), and Interaction (c = 1.0),

revealing a high inter-coder reliability in each category for the final coding scheme

that is presented below.

0.0 Focus: To investigate where participants placed their visual focus during the task,

we distinguish between the codes 0.1 Tablet, 0.2 Surface, 0.3 Person and 0.4 Other.

1.0 Communication: To analyze the extent to which participants were talking, we

code 1.1 Talk and 1.2 Silence. Utterances and mumblings were coded as 1.2 Silence.

2.0 Interaction: To investigate participants’ interaction with the shared interactive

surface, we code 2.1 add document for sending documents from the tablet to the

shared surface, 2.2 delete document for deleting documents from the shared surface,

2.3 move document for moving documents to another place on the shared surface

as well as 2.4 cluster documents for participants’ activities to collect documents in a

cluster to sort them.

We used the coding scheme for both qualitative and quantitative investigations. In

our qualitative analysis, the creation of the coding scheme helped us to elicit the

main aspects of the collaborative work. Also, it allowed us to focus on specific sub-

parts of the video for a more detailed observation. We could, for example, only

view sequences when participants were focusing on the shared surface to further

investigate this event by describing its context and related events in more detail. In

addition, we also calculated the frequencies and durations for the coded events to

investigate how the qualitative findings are reflected in the quantitative data.

3.2.2 Data Logs

In addition to the video data, we also collected data logs of users’ interaction with the

system. We logged the number of document manipulations (e.g., moving or rotating)

on the shared interactive surface and how often documents were transferred from

the shared surface to a tablet or vice versa. We also logged the number of times a

document was transferred from one tablet to another. We did this to analyze whether

the size of the shared surface had an effect on how and how often users interacted

with documents.
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3.2.3 Questionnaire and Interview

We used a questionnaire with questions about the solution (i.e., plot) of the VAST

2006 challenge to understand (1) the quality of the results based on individual an-

swers to the questions and (2) the extent to which group members had the same

knowledge of their results and solutions to the task. Also, we concluded each session

with a semi-structured interview focusing on group strategies when working on the

task and to what extent participants felt supported by the system.

3.3 Findings & Discussion

In this section, we report on our findings and discuss them in relation to our research

questions. In particular, we focus on the differences across the three sizes of the

shared surface (SMALL: 10.6′′, MEDIUM: 27′′, LARGE: 55′′) with respect to users’

interaction with the devices (RQ1.1), the group’s communication activities (RQ1.2),

and the differences regarding user perceptions and the quality of group work results

(RQ1.3). For each research question, we elaborate on specific subtopics based on

our qualitative observations and interview data. Quotes from participants in the

following sections were slightly modified to prevent publishing the solutions of the

VAST 2006 Challenge tasks.

In addition, we report our quantitative results in relation to our observations. In

our analysis, we employed a mixed-effects model approach to analyze individual

scores, taking participants’ group membership as an additional source of variance

into account. We used the nmle package by Pinheiro et al. [313] for R.

3.3.1 RQ1.1: Device Interaction

We distinguish between three aspects of participants’ interactions with devices that

could be influenced by the size of the shared surface: (1) participants’ visual focus

and attention, (2) participants’ frequency of searching and transferring documents,

and (3) participants’ manipulation of documents on the shared surface.

Focus and Attention

In our qualitative analysis of video data, we observed that participants used the sys-

tem mostly as we expected and intended in all three conditions. They used the tablets

for searching or reading activities and the shared surface for collecting and grouping

documents. But we also observed the following differences between the conditions:

Participants in the SMALL condition used the shared surface in a more goal-oriented

fashion and only focused on it when actively using it. In comparison, participants

in the LARGE condition stayed visually focused on the shared surface, even during
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phases of reflection or for visually scanning over shared documents. Interestingly,

this was notable even during phases that did not require visual focus on the shared

surface (e.g., when reflecting on the next steps) but during which the shared surface

apparently attracted most participants’ visual attention. For example, participants

sometimes looked at and “played” with documents on the shared surface (i.e., play-

fully moving them back and forth with their fingers without the intention of actually

reordering them) while thinking about how to proceed with the task and even while

verbally coordinating next steps with their partner (“What could we search for that

we don’t already have on the table?”) or reflecting on the progress so far (“What do

have we already? How is all this related?”).

In contrast, participants in the SMALL condition were visually focusing on and di-

rectly referring to their group partner when they were reflecting or coordinating their

activities (e.g., one participant who was finished reading a document on his tablet

looked up and directly addressed his group partner: “Did you find anything yet?”).

These observations are also reflected in our quantitative results. Table 3.1 shows the

average percentage of the session time that participants focused on the tablet, shared

surface, group member, and other objects across the three conditions.

Focus on
Tablet

Focus on
Shared Surface

Focus on
Person

Focus on
Other

SMALL 71.47 (9.57) 6.40 (2.32) 14.21 (10.06) 7.92 (2.83)
MEDIUM 77.27 (7.62) 5.69 (2.36) 8.77 (6.11) 8.27 (3.91)
LARGE 78.37 (4.97) 9.57 (2.64) 4.43 (2.25) 7.63 (3.38)

Table 3.1: Mean percentage of time that participants focused on tablets, shared

surface, other person, or other objects. Standard deviation (SD) is shown

in brackets, and statistically significant differences (p<.05) are shown in

bold.

Our analysis revealed no statistically significant effect of “focus on other person”

(F(2,12) = 2.74, p = .10). But as Table 3.1 shows, participants using the SMALL

condition focused three times longer on the other person (14% of the time) than

participants using the LARGE condition (4% of the time). With a statistically signifi-

cant difference between LARGE and SMALL (b = 9.77, t(12) = 2.22, p <.05). There

were, however, no statistically significant differences for this between the SMALL and

MEDIUM conditions and no statistically significant differences between the MEDIUM

and LARGE conditions.

The analysis also shows statistically significant differences for “focus on shared sur-

face” (F(2,12)=6.50, p<.05) between LARGE and SMALL (b=−3.17, t(12)=−2.63,

p <.05) and LARGE and MEDIUM (b=−3.88, t(12)=−3.21, p <.05). Participants
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using the LARGE condition focused almost twice as long on the shared surface (10%

of the time) than in the MEDIUM condition (6% of the time). There were, however,

no statistically significant differences for this between the SMALL and MEDIUM con-

ditions. Focusing on ’other things’ (e.g., the information sheet or just looking around)

happened to the same extent in all conditions.

�

Finding 1.1. Our results show that participants’ visual attention in

Complementary Interfaces can be drawn towards a large shared sur-

face, even if there is no pragmatic reason to focus on the shared surface.

This can result in non-“face-to-face” verbal communication without eye

contact between collaborators. On the contrary, a small shared surface

received less visual attention and was used in a more goal-oriented

fashion. Users did not “play” with objects on the small shared surface

and focused significantly longer on their collaborator.

The choice of the size of a shared surface should therefore not be taken

too lightly. Larger does not necessarily mean better. Depending on the

context of use, it can be desirable to increase eye contact (e.g., to build

trust in collaborators or create a sense of intimacy) or to increase the

focus on the shared surface (e.g., to support collaborative activities).

Search and Transfer

Our qualitative data revealed differences in the strategies that participants employed

to access documents. We observed that participants worked more filing-oriented in

the LARGE condition and more search-oriented in the SMALL condition.

By filing-oriented, we mean that the shared surface served as a space to collect, file,

and pile found documents in space and to use visual and spatial cues to quickly access

and then transfer documents to the tablets. We observed that the large shared surface

was used as external memory and “space to think” as described in [7].

By search-oriented, we mean that even after a found document was filed or piled

on the shared surface, participants frequently accessed these previously found doc-

uments by repeated searches with the tablet using memorized keywords rather than

looking up documents on the shared surface and sending them to the tablets.

We found evidence for these two different strategies in our video data (e.g., one user

commented “I will just search for ‘basement’ - this will get me the document about the

groundskeeper.” Another user asked “Where did we put the documents with the wine

export?” while trying to find a document on the shared surface). However, we could
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not directly confirm these findings with a quantitative analysis. For this analysis, we

attempted to use the number of document transfers across devices as indicators for

the two strategies. We distinguished between (1) the transfer of documents from a

tablet to the shared surface, (2) the transfer of documents from the shared surface to

a tablet, and (3) the transfer of documents between tablets. We expected that a filing-

oriented strategy should lead to more frequent shared surface-to-tablet transfers than

a search-oriented strategy.

Tablet to
Tablet

Tablet to
Shared Surface

Shared Surface
to Tablet

SMALL 3.3 (4.76) 6.2 (2.32) 12.6 (8.06)
MEDIUM 5.1 (5.09) 6.0 (3.74) 14.3 (10.41)
LARGE 1.3 (1.25) 6.5 (3.21) 23.7 (12.6)

Table 3.2: Document transfers across devices per participant. The standard devia-

tion (SD) is shown in brackets.

Table 3.2 shows the mean number of document transfers per participant across the

three conditions. The results show differences, but none are statistically significant.

There is only a non-significant tendency that the larger the shared surface, the more

documents were generally transferred from the shared surface to tablets (e.g., almost

twice as many in condition LARGE than in condition SMALL).

�

Finding 1.2. There was qualitative evidence in our data that a larger

shared surface affords more spatial and visual organization schemes

for digital content, which is also considered one of the key qualities of

large high-resolution displays [7] or tabletops [178] for sensemaking.

Nonetheless, we observed how users skillfully used the search function

and memorized keywords to successfully compensate for the lack of

space in conditions MEDIUM and SMALL. This is noteworthy, since (as

we discuss later) there was no significant difference in the objective

quality of group results for the three conditions.

Document Manipulation

During video analysis, we found that document manipulation differed across the

three conditions. As mentioned above, participants in the SMALL condition used

the shared surface in a very goal-oriented fashion, primarily for quick collection and

organization of documents. In contrast, participants in the LARGE condition did not

always interact purposefully with documents but tended to “play” with documents
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by moving them on the shared surface. Participants also spent a lot of time browsing

and arranging the content of the shared surface while seemingly getting sidetracked

from the task at hand. This could imply that the larger shared surface affords a

more spatial, but also more playful and serendipitous interaction with the documents,

while the smaller shared surface affords a limited but more goal-oriented interaction.

Table 3.3 summarizes our quantitative analysis of participants’ document manipula-

tion on the shared surface. It shows the mean number of different manipulations

(i.e., add, delete, move, cluster) per session.

Add Delete Move Cluster

SMALL 5.1 (2.43) 0.6 (0.80) 9.7 (6.12) 4.1 (2.84)
MEDIUM 5.8 (3.74) 1.5 (1.20) 9.7 (6.72) 2.5 (3.26)
LARGE 5.8 (2.75) 0.9 (0.94) 21.7 (14.51) 2.8 (1.72)

Table 3.3: Mean number of different manipulations of documents on the shared

surface per session. Standard deviation (SD) is shown in brackets, and

statistically significant differences (p<.05) are shown in bold.

The analysis shows how the condition did indeed affect the number of document

movements on the shared surface. It revealed a significant effect of the number of

move-manipulations (F(2,12)=3.98, p<.05) between LARGE and SMALL (b=−12.0,

t(12)=−2.32, p<.05) and LARGE and MEDIUM (b=−12.0, t(12)=−2.32, p<.05).

Participants in the LARGE condition moved documents almost twice as often as par-

ticipants working with MEDIUM or SMALL while there were no significant differences

in add, delete, or cluster. This hints at a more exploratory working style with frequent

rearrangements of documents and a more playful style of interaction.

�

Finding 1.3. We found that a larger shared surface can invite a more

explorative or playful interaction with objects on the shared surface

that is also reflected in a significantly higher number of movements.

Other kinds of manipulations (e.g., clustering) showed no statistically

significant differences.

This more frequent movement of objects is not necessarily connected

to the purposeful rearrangement of objects in space for sensemaking.

Instead, larger shared surfaces also seem to invite more playful and

serendipitous interactions that happen between and during the actual

goal-oriented manipulations or conversations.
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3.3.2 RQ1.2: Communication Activities

Our analysis differentiates between the amount of communication and characteristics

of communication. Both are discussed in the following.

Amount of Communication

Our qualitative observations indicate that the amount of communication differs across

the three conditions. The larger shared surfaces seemed to attract and hold attention

and reduce verbal communication.

For example, we observed that participants in the SMALL condition often explicitly

dedicated time to engage in communication with their group partner. Doing so, they

would lean back in their chairs and shift their attention to the other participant and

away from the devices. This “leaning back” was intended to signal readiness to com-

municate with the other group member. Typically, this was followed by direct verbal

communication about the current results and the next steps. It occurred during group

work, when participants stepped out of their current activity to reflect on the work

done so far and think about the next steps. Thus, it can be regarded as an active

measure to create group awareness.

In the LARGE condition, participants only rarely took the time to directly address

their group partner without focusing on the shared surface. They reflected on their

work not by directly addressing their group partner but through activities mediated

by the shared surface, such as browsing and rearranging the content. This was not

necessarily accompanied by verbal communication.

Talk

SMALL 16.51 (9.03)
MEDIUM 13.68 (4.95)
LARGE 8.39 (4.68)

Table 3.4: Percentage of time that participants were talking to each other. The stan-

dard deviation (SD) is shown in brackets.

The differences in the amount of verbal communication were also part of our quanti-

tative analysis. Table 3.4 shows the percentage of time that participants were talking

as opposed to being silent during the session. Participants talked most in the SMALL

condition (16% of the time) and least in the LARGE condition (8% of the time).

However, the analysis revealed that the differences were not statistically significant

(F(2,12)= 2.55, p= .12) with p= 0.057 for LARGE vs. SMALL being only marginally

greater than .05 (b = 8.12, t(12) = 2.11).
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Finding 2.1. Based on our qualitative analysis, we found that par-

ticipants talked more and more directly to each other when using the

SMALL condition than when using a large shared surface. We observed

that this face-to-face talk seemed to be more important when using a

smaller shared surface and that participants introduced phases exclu-

sively dedicated to verbal communication for coordinating actions and

creating awareness. This suggests that verbal communication was used

to compensate for a smaller shared surface that provided less overview

and only allowed for less effective deictic references. However, a quan-

titative analysis did not reveal a statistically significant difference in

the total amount of communication.

Characteristics of Communication

To investigate what mediates communication across the three conditions, we ana-

lyzed where participants were looking while they were talking to each other.

Based on our video observations, we also found differences in communication with

respect to how participants used deictic references by pointing to documents on the

shared surface for elaborating their arguments. For example, participants working

with the LARGE condition were often already engaged in sensemaking discussions

while they were interacting with the documents on the shared surface. This was also

reflected in the prevalence of deictic references that accompanied their communica-

tion. For instance, “What do we have here? We have the groundskeeper cleaning

the basement (participant pointing at the shared surface), we have the event at the

town hall (pointing), and the sick grandparents (pointing). How could these three

be related?” In the MEDIUM and LARGE conditions the two group work activities

structuring documents on the shared surface and talking about and making sense of the

gathered information blended into each other, and participants frequently switched

between them. When group partners talked during such activities, this happened

often without eye-contact and was mediated by the shared surface.

In contrast, the two activities structuring documents on the shared surface and talking

about and making sense of the gathered information rarely overlapped in the SMALL

condition. After participants clustered the documents on the shared surface accord-

ing to document topics, they would disengage from the shared surface and address

their group partner to reflect on the information. For example, one participant was

silently clustering documents on the shared surface while the other participant was

reading a document on his tablet. Once the participant was finished with his sorting

66 Chapter 3. Studying Multi-User Interaction



activity, he withdrew from the shared surface, rubbing his face, and addressing his

partner by saying: “Let’s think about what we have so far,” upon which his partner

looked up and they started a discussion about the information that they have read

and found so far without using deictic references.

Our quantitative results confirm these differences for the visual focus. Table 3.5

shows the average percentage of time that participants focused on the tablet, shared

surface, group member, and other objects while talking. Results indicate that partic-

ipants mostly focused on their tablets while talking. This is not surprising and lies in

the nature of the task, in which the tablets were the source of the information that

participants wanted to convey to their partner. For instance, they looked at it to read

important information aloud or to verify that their contribution was correct.

Talk and Focus
Tablet

Talk and Focus
Shared Surface

Talk and Focus
Person

Talk and Focus
Other

SMALL 49.27 (10.13) 11.53 (6.65) 29.76 (15.41) 9.44 (4.66)
MEDIUM 53.73 (11.53) 12.33 (8.08) 24.96 (11.92) 8.98 (5.07)
LARGE 49.36 (14.84) 24.61 (8.88) 18.11 (7.60) 7.92 (5.00)

Table 3.5: Individuals’ focus while talking. Standard deviation (SD) is shown in

brackets, statistically significant differences (p<.05) are shown in bold.

The analysis showed a significant effect on the time they focused on the shared sur-

face while talking (F(2,12) = 8.03, p <.05) for LARGE and SMALL (b=−13.08,

t(12)=−3.39, p<.05) and LARGE and MEDIUM (b=−12.27, t(12)= 3.18, p<.05).

In the LARGE condition, participants focused almost twice as long on the shared sur-

face (24.6%) than in the MEDIUM (12.33%) or SMALL condition (11.53%). In addi-

tion, Table 3.5 also shows that participants in the SMALL condition focused more on

the other person while talking, whereas participants in the LARGE condition focused

more on the shared surface than on the other person.

�

Finding 2.2. The large shared surface attracted the visual attention

during verbal communication. It enabled a close integration of struc-

turing and manipulating items on the shared surface with talking

about and making sense of items including the use of deictic references.

This close integration did not happen for the SMALL condition, where

active structuring and talking rarely overlapped. Instead, these activ-

ities happened sequentially with frequent phases that were exclusively

dedicated to verbal face-to-face communication (including eye contact)

without interacting with the shared surface.
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3.3.3 RQ1.3: User Perceptions and Group Results

We analyzed data from our interviews and questionnaires to understand (1) partici-

pants’ collaboration strategies during group work, (2) participants’ satisfaction with

the system support, and (3) the objective quality of the results of group work.

Group Strategy and Awareness

Concerning collaboration strategies, participants in the SMALL condition reported

that they had not explicitly distributed tasks among themselves. Rather they worked

mostly individually while keeping their partner informed about their current progress.

They also stated that most of the time they were aware of their group partners’ ac-

tivities and that “there was no need to communicate the strategy – only findings

needed to be communicated.” They stated that their main focus was on reading and

that clustering and sorting on the small shared surface was considered as taking “too

much time.”

Participants in the MEDIUM condition reported that they occasionally distributed

tasks among each other, but that a more explicit assignment of subtasks would have

improved group work. Despite the division of labor, they were mostly aware of their

partner’s activities, but they sometimes needed to ask their partner for a progress

update (“What are you currently working on?”) to actively create group awareness.

In the LARGE condition, participants stated that they frequently distributed tasks

among themselves. They also reported that they were only partially aware of their

group partner’s activities, but some awareness was mediated by the shared surface.

Clustering and sorting activities were perceived to help them in sensemaking and

reflection. One participant said: “If I didn’t know how to proceed, I just looked at

the table.”

User Satisfaction with System Support

Participants in the SMALL condition valued the support for direct document trans-

fer between tablets and the highlighting function to emphasize important parts of a

document. They were also satisfied with the ability to cluster documents. Other ad-

vantages of the shared surface were not mentioned. They reported that they did not

divide the shared surface into personal and group territories [360], but, in contrast,

explicitly valued the clear distinction between personal activities on the tablet and

shared activity on the shared surface (as suggested by [387]).

Participants in the MEDIUM condition mainly valued the shared surface as an infor-

mation and memory pool that allowed them to quickly access relevant documents.

Furthermore, they reported using the space to sort documents thematically. Most
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of them stated that they were satisfied with the size of the shared surface, however,

some mentioned that a larger shared surface might have allowed for additional per-

sonal spaces on the interactive surface.

Participants in the LARGE condition explicitly stated their appreciation of the shared

surface as an efficient but also playful way of accessing documents, while providing

a good overview. They additionally stated that they divided the shared surface into

different areas that they used to distinguish between kinds of documents. For exam-

ple, one group reported that they “stuck all the unimportant stuff in the corner and

focused on the main documents of the plot in the center of the table” which resonates

with the observations of Andrews et al. [7] about sensemaking on large screens. Par-

ticipants used the shared surface to structure documents and to compare them with

documents displayed on the tablets. Furthermore, they valued being able to work

on the shared surface simultaneously and reported the interaction with the system

to be fun. Regarding the size of the display, participants were satisfied and positively

reported that it even allowed them to have a personal territory on the shared surface

as well. Some of the participants expressed a wish to also have a reading function

on the shared surface in addition to that on the tablet.

Results of Group Work

To assess the results of the participants’ group work, we asked them to fill out a

questionnaire about facts on the plot they were investigating. This questionnaire

consisted of nine multiple-choice questions. In total, participants were able to score

44 points, depending on their answers.

Table 3.6 summarizes participants’ general performance across the three conditions

as well as the level to which they agreed on an answer, irrespective of whether it

was right or wrong. For the Performance Score, significance was tested based on

individual scores using the mixed-effects model approach. For the Conformity Score,

we applied a one-way ANOVA based on group scores that show how consistently the

group partners performed.

Performance
Score

Conformity
Score

SMALL 36.5/44 (4.86) 36.0/44 (3.08)
MEDIUM 33.3/44 (3.67) 32.4/44 (2.30)
LARGE 33.3/44 (5.16) 33.8/44 (3.27)

Table 3.6: Mean Performance Scores (mixed-effects model, based on individual

scores) and Levels of Conformity per group (one-way ANOVA, based on

group scores). The standard deviation (SD) is shown in brackets.
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The results show no statistically significant differences for the Performance Score nor

for the Conformity Score. This lets us conclude that in all three conditions, the par-

ticipants were provided with sufficient support and flexibility to establish successful

collaboration styles and strategies. Neither the system nor the task unfairly privileged

one condition compared to another.

The qualitative analysis of how participants made use of the different shared surface

sizes confirms the benefit that is usually attributed to large displays for increased

awareness [270, 335] or for spatial sensemaking [7, 168]. The appreciation of the

large shared surface by participants and the desire for a larger shared surface by the

participants in the MEDIUM condition fit into this picture and resonate with earlier

findings about the desire for more space during around-the-table collaboration [344].
The positive attitude towards a clear separation between private territories on mobile

devices vs. group territories on shared surfaces is in accordance with earlier work on

territories and coupling styles around tabletops [360, 387].

However, we found it surprising how the subjective preference for larger shared sur-

faces was not reflected in the objective quality of the results of the group work. While

there were clear differences in group awareness and task distribution, there were no

statistically significant differences in Performance and Conformity scores. This in-

dicates that the participants were perfectly able to perform sensemaking and main-

taining awareness using face-to-face communication, rather than it being primarily

mediated by the shared surface.

Strategies included the introduction of different styles of communication with eye-

to-eye contact, using search-oriented strategies instead of filing-oriented strategies,

and relying more on direct exchange of information between tablets than sharing

documents via the shared surface.

�

Finding 3. From our observations, we can conclude that participants

working with small shared surfaces were perfectly capable of main-

taining awareness and performing sensemaking primarily mediated

by face-to-face communication. They were able to adapt and impro-

vise and succeeded in achieving an objective quality of work results that

was not significantly different from those working with medium-sized

or large shared surfaces.
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3.4 Limitations

As mentioned in the study description, the system design and the given task naturally

influenced the collaboration behavior that we observed. There are specific aspects

of our user study that limit the generalizability of our findings: First, the VAST 2006

Challenge made it necessary to frequently search for documents and to closely read

them. This shifted the overall nature of the collaboration towards many phases of

individual parallel work and fewer phases of tightly-coupled collaboration. Users

focused on their tablets at least for 71% of the time (Table 3.1). A different task (e.g.,

collaborative design or gaming) might afford more tightly-coupled collaboration and

thus emphasize the role and the importance of the shared surface. This could also

lead to a generally greater importance and benefit of larger shared surfaces than we

observed. Second, our groups consisted of two users. We chose dyads like Isenberg

et al. [168], who demonstrated that dyads are sufficient to identify differences in

coupling styles and collaboration strategies. Choosing larger groups might reveal a

greater need for display space than in our user study. In larger groups, there will

also be an increased importance of group awareness – whether it is actively created

through verbal conversation or is mediated by the size and physical affordances of a

shared surface. Third, our participants were students whose analysis skills differ from

that of professional analysts. But as our user study focused on observed differences

between the three conditions and their user interface and demands for technical

proficiency were almost identical, our findings should be independent from education

and technical skills of participants. Observed differences should not be substantially

different for non-students. However, age-related differences in memory, eye-sight,

or motor skills could have an impact (better eye-sight and memory could benefit

SMALL, motor impairments could hamper LARGE).

Nonetheless, we believe that our user study employed a balanced task set and also

realistic setting for collaboration. That none of the conditions can be considered

unfair or unsolvable becomes evident through the absence of statistically significant

differences in the groups’ performance scores.

3.5 Implications for Future Research

Our findings show the need for a more nuanced understanding of the role of a shared

surface and its size as part of a Complementary Interface for co-located collaboration.

We have observed that for the particular kind of collaborative sensemaking task that

we studied, a larger shared surface did not lead to a better task performance or user

experience. In particular, we found evidence that the large shared surface attracted

significantly more attention than the smaller ones – for good and for ill.
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However, a major part of our sensemaking task consisted of individual work with per-

sonal tablets, e.g., searching for documents and reading text. It would be interesting

to contrast our results with a study of a task where the major part of the work requires

tightly-coupled collaboration. It would also be interesting to see to what extent the

found strengths of SMALL shared surface sizes (i.e., increased group awareness, fo-

cused work strategy) hold true for group sizes larger than two. Some effects that we

considered to be positive in our study setting (e.g., focus on other person) might be

detrimental to the quality of collaboration in larger groups.

Although we did not analyze territoriality in our study, findings suggest that the size

of the shared surface influences how people manage personal and shared work spaces

in cross-device settings. Research investigating the effect of shared display size on

territoriality in group collaborations would further help to understand the role of the

shared surface in relation to personal devices.

In addition, we are interested in how our findings relate to a study investigating the

effect of a shared display size in a vertical setting. Changing the orientation of the

shared display also implies changes to the physical user position and interaction with

the system, which might strongly influence the effects that we found. We would es-

pecially expect different results in how participants would refer to the shared display

if it were vertically oriented.

Research on shared interactive surfaces has primarily focused on large surfaces or

large interactive wall displays with up to 200′′ [29]. Our findings imply that un-

der certain conditions small shared interactive surfaces could outperform large ones.

While tablets are typically designed for personal tasks, our results encourage research

on re-purposing tablet-sized devices as shared interactive surfaces for mixed-focus

collaboration, or even to ad hoc expand the shared surface using additional devices.

3.6 Chapter Conclusion

We built a Complementary Interface that allowed dyads to engage in sensemaking

activities. The meaningful combination of tablets for personal activities and a com-

plementary shared interactive surface for collaborative activities allowed for mixed-

focus collaboration. We studied the effect of the size of the shared surface on partici-

pants’ attention, awareness, and efficiency during an authentic sensemaking activity.

We studied 15 dyads working with our Complementary Interface consisting of two

personal tablets and a shared interactive surface with three sizes. We found that

larger shared surfaces do not necessarily improve collaboration, as they can divert

the attention away from their collaborator towards the shared surface. This has im-

plications for participants’ interaction and communication style. The results show
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that each condition can be seen as a valid design alternative in this specific Comple-

mentary Interface. Yet, we conclude that the choice of the size for this shared surface

is not obvious and should depend on the task at hand – emphasizing the embedding

of a Complementary Interface into a context.
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This Complementary Interface allows to study multimodal interaction. In contrast

to the first Complementary Interface that allowed to study the role of the size of a

shared interactive surface on collaborative activities, this Complementary Interface

enables the investigation of the influence of input and output modalities on individual

spatial memory: Specifically, it allows for an experimental comparison of a variety

of meaningful combinations of input and output modalities regarding their influence

on efficiency, user satisfaction, and spatial memory in an abstract knowledge work

task.

Study Design: Between-Subjects and Within-Subjects

Task: Navigation Task, Object Location Task

Independent Variable: Type of Input Modality, Size of Output Modality

Dependent Variables: Spatial Memory, Efficiency, User Satisfaction

The described Complementary Interface and experimental setting are used to address

the following general research question. The chapter will integrate this general re-

search question as its overall research goal and further address it in specific use-case

related research questions.

¬
RQ2: What are the influences of embodiment (represented as mean-

ingful combinations of input and output modalities) on spatial mem-

ory in a Complementary Interface?
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Spatial memory is a crucial aspect of successful interaction design as it takes ad-

vantage of users’ ability to memorize object locations to ease navigation and search

processes. Interfaces that harness users’ spatial memory can profoundly reduce cog-

nitive and physical load, support fluid interaction, and free resources to allow for

better task performance [348]. Spatial memory is a fundamental component across

a wide span of everyday interactive systems. For example, it can be utilized in desktop

applications to support menu navigation and icon search [319, 348]. In particular,

spatial memory is an important aspect for interfaces consisting of a large digital land-

scape that extends the visible display space (e.g., pan and zoom interfaces in public

displays, overview + detail interfaces in navigation systems). In regular use, spatial

memory eventually reduces visual search activities, leading to automatic navigation

and freeing cognitive resources for the task [348].

Previous research has shown that the size of the output modality (i.e., a display) and

the input modality impact on users’ spatial memory and navigation performance [179,

304, 324, 348, 384, 386]. Yet, these studies investigated input and output modalities

separately, making it difficult to apply the results to real-world scenarios.

We believe that we need to consider the interplay of different input and output modal-

ities to provide valuable insights on spatial memory for everyday interactive systems

(e.g., desktop applications, navigation systems, or public displays). In this chapter,
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we built a Complementary Interface that allows us to study the meaningful com-

binations of input and output modalities that map current off-the-shelf interactive

systems (e.g., tablets, laptops, and larger surfaces supporting input via trackpad, di-

rect touch as well as gesture). Also, previous work suggests that different aspects of

embodiment (e.g., touch vs. mouse [179, 384], body vs. touch panning [201], body

movement [321], direct vs. indirect touch [304]) positively affect spatial memory

performance. However, existing studies mostly compare input modalities that differ

profoundly in their interaction techniques, not explaining how the underlying aspects

of embodiment influence spatial memory. Applying the findings to settings beyond

the specific conditions used in these studies is difficult. Understanding how aspects of

embodiment (e.g., haptic feedback, kinesthetic cues, or direct interaction) influence

spatial memory can help system designers to apply the findings to the input and out-

put modalities of their specific setting. Furthermore, previous research has focused

on navigation path length and object location when investigating spatial memory.

However, for designers to be useful, it is essential to understand how spatial mem-

ory relates to usability aspects. Looking at the definition of usability, which is divided

into effectiveness, efficiency, and user satisfaction [148], we argue that current meth-

ods can be mapped to effectiveness (e.g., how well users perform a task). However,

the relationship between spatial memory, efficiency, and user satisfaction is unclear.

In real-life scenarios, spatial memory is not detached from usability, but designers

have to gauge these aspects depending on the context and the task at hand (e.g.,

prefer efficiency in a desktop application or user satisfaction in leisure activities). In

these cases, relating spatial memory to usability aspects facilitates the incorporation

of spatial memory into system design.

This chapter contributes a detailed understanding of how meaningful combinations

of different input and output modalities impact on spatial memory. We also inves-

tigate the role of embodiment (e.g., kinesthetic cues, haptic feedback, direct inter-

action) in these effects. Analyzing the influence of these aspects of embodiment

not only on spatial memory but also on efficiency and user satisfaction, we tackle

the question of to what extent these measurements lead to coherent results. Our

multi-faceted analysis accounts for complex yet meaningful combinations of input

and output modalities. Thus, results can be mapped onto real-world scenarios, and

implications can explain user behavior and support navigation and search processes

in interactive systems.

The goal of our study was to better understand how aspects of embodiment (repre-

sented as meaningful combinations of input and output modalities) influence spatial

memory. In addition, we were interested in the relation of these measures to the

efficiency of task completion and user satisfaction. To this end, we defined input
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Figure 4.1: This Complementary Interface allows to study multimodal interaction.

This figure shows three input modalities: PAD, TOUCH, and MOVE that

represent the conditions of the within-subjects independent variable.

modality and display size as independent variables. To address our dependent vari-

ables, we focused on spatial memory, efficiency, and user satisfaction, resulting in the

following three research questions:

¬

RQ2.1: How do meaningful combinations of input and output modal-

ities influence spatial memory? (measured in the navigation perfor-

mance and object location memory performance)

RQ2.2: How do meaningful combinations of input and output modal-

ities influence the efficiency of task completion? (measured in naviga-

tion speed and task completion time)

RQ2.3: How do meaningful combinations of input and output modal-

ities influence the user satisfaction? (measured in perceived task load

and user experience)

4.1 Experiment

Concerning the input modality, we defined the three conditions: (1) PAD (using a

touchpad), (2) TOUCH (using direct single touch), and (3) MOVE (using a gesture-

based motion controller). We chose these three conditions as they constitute three

types of state-of-the-art input modalities: Touchpads are common features of laptops

and can replace the use of a mouse, especially to provide mobility. Touch technology

can be seen as the primary input modality for mobile devices, tabletops, and public

displays. As the number of consumer devices that allow for gesture-based interaction

either using additional sensing hardware like controllers (e.g., Sony PlayStation 3

Move motion controller or Nintendo’s Wii Remote) or based on computational image

processing (e.g., Microsoft Kinect or laptops with built-in Intel RealSense cameras)

increases, we chose gesture-based interaction as a third input modality. In addition to

off-the-shelf devices that allow for the individual use of the named input modalities,

there is also a growing market of devices like e.g., laptops, that enable all three input
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modalities to be used in sequence or even in combination, bringing up the question

of when to use which of them. We tested several arrangements and carefully consid-

ered comparable conditions to ensure participants can handle the conditions equally

well to ensure comparability and prevent problems with target acquisition. Regard-

ing MOVE, we decided for an additional sensing hardware as the controller showed

a higher accuracy and robustness for panning operations compared to the compu-

tational detection of a hand’s position. This was also the case when dealing with

arbitrary and task-dependent movements like panning or clutching. The activation

of the panning mode was more robust using the trigger of the controller compared

to the detection of an additional finger gesture.

PAD TOUCH MOVE

Kinesthetic Cues − × ×
Direct Interaction − × −
Haptic Feedback × × −
Activation Touch Touch Trigger

Table 4.1: Comparison of the three different input modalities

Table 4.1 shows an overview of the characteristics of the three different input modali-

ties with respect to embodiment. Our choice of input modalities allows us to compare

them on the basis of four aspects: (1) kinesthetic cues – an awareness of body’s (or

parts of it) position with respect to itself or to the environment [384]. For our study,

we describe kinesthetic cues as the extent to which the user’s arm movement corre-

sponds to the actual path length, (2) direct interaction – here we distinguish between

direct panning manipulations (TOUCH) and indirect panning manipulations using

a mediator (PAD and MOVE), (3) haptic feedback – we consider this as direct feed-

back to panning a specific surface, and (4) activation – switching the mode between

arbitrary and task-oriented movements.

The independent variable input modality is a within-subjects variable allowing for

inner-subjects ratings of comparisons and preferences.

Concerning the output modality, we define the conditions (1) SMALL (display size:

10.6′′, a typical size for a personal device) and (2) LARGE (display size: 55′′, a typical

size for a public display) to account for two different scales to exhaust the respective

level of embodiment. This independent variable is a between-subject variable. We

expect that especially the positive influence of kinesthetic cues will result in greater

spatial memory performance on the LARGE condition compared to the SMALL con-

dition.
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4.1.1 Apparatus

Figure 4.1 shows the setting of our study with LARGE and the three input modalities:

PAD, TOUCH, and MOVE. We chose two differently sized output devices: a 10.6′′ Mi-

crosoft Surface 2 Pro and a 55′′ Microsoft Perceptive Pixel. Both devices had the same

display resolution of 1920×1080 pixels to guarantee for a higher internal validity of

the study. In the condition with the 10.6′′ display, the device was placed on top

and in the center of the 55′′ display as our pre-test showed that it eased interaction

with MOVE and TOUCH (people stepped back when placing the tablet closer). Also,

this placement ensured that participants’ postures were comparable for both display

sizes. Next to the display, we placed a small mobile desk, which could be easily re-

configured by participants depending on their handedness. This desk was used to fill

out questionnaires and to place the input devices on.

In the TOUCH condition, participants used the output device-specific touch capabil-

ities. For our study, we asked participants to use single touch only to ensure compa-

rability between the three conditions. We used a Logitech T650 trackpad for the PAD

condition, adjusting it in three ways: from a hardware perspective, we limited the

area where participants could interact with it to a 16:9 ratio. This allowed us to have

the same ratio of participants’ movements in all conditions as the displays have the

same ratio. We did this by placing an overlay on top of the trackpad itself. From a

software perspective, we changed the control-display-ratio. Panning from the outer-

most left position of the trackpad to its outer-most right position was equivalent to

the same panning operation using TOUCH, resulting in a 1:1 mapping with the out-

put device. We adjusted the trackpad to work without additional pressing to have

a comparable haptic feedback with TOUCH. These three design decisions regarding

the trackpad led to a better comparability between the three conditions.

For the MOVE condition, we used a Sony PlayStation 3 Move motion controller

(weight: 277g). We attached a PlayStation Eye Camera in bird’s-eye-view directly

above the display and adjusted the distance to the display to allow for an interaction

space corresponding to the size of the display, which allowed us to have a compara-

ble movement range to the TOUCH condition. The camera detected the position of

the visual marker of the controller, and participants were able to pan the canvas by

pulling and holding a trigger at the backside of it.

4.1.2 Task

We used a well-established and validated task [159, 179, 201, 233, 274, 275, 277,

321] consisting of a navigation phase and a subsequent object location memory

phase. Using one of the input modalities, a canvas could be navigated using panning

operations. The canvas itself contained a 24×18 grid with a spatial configuration of
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18 items in total. In the default position, an 8×6 section of the grid was visible –

containing no items.

In the navigation task, the system started at the default position in the center of the

canvas, where no items were located. In the middle of this default position, a semi-

transparent overlay of the item to be searched was shown. Participants had to find

this item on the canvas and pan to its position using the condition-specific panning

possibilities. Items to be searched were auto-selected as participants panned to their

position with a tolerance of 100px to their center. After the item was found, the

task continued at the default position with the next item. For each input modality,

participants had to find 8 out of 18 items. The same sequence was repeated 6 times

(6 blocks), resulting in 48 search trials. In total, each participant had three of these

48 search trials (one per input modality), resulting in 144 trials per participant and

4032 trials over all sessions.

To avoid possible learning effects, we used several item sets: (1) a demo item set

containing 12 letters of the alphabet, (2) an exercise item set containing 18 symbols,

and (3) three task item sets containing 18 symbols each. All item sets were exclusive

without overlaps. Additionally, the items were divided equally between the different

item sets with respect to their complexity and theme (e.g., devices, animals, vehicles,

etc.). Also, the position of the different items and, thus, the total optimal naviga-

tion path length was taken into consideration with a similar length in all item sets

(16729px, 16125px, and 15956px) with a randomization factor of +-3% to prevent

possible influencing factors like symmetry or memorization of specific areas.

In the second phase – the object location phase – participants had to locate the pre-

sented items on their specific position on the canvas. In this phase, the entire canvas

was shown, with no need for panning interaction. To locate the items, participants

used the arrow keys of a keyboard to avoid influences of the specific input modality

(cf. [179]). After placing an item to its position, the specific item was invisible to

avoid possible mental constructs. We provide the application with all item sets and

a supplemental video online.1

4.1.3 Participants

Twenty-eight participants (12 female, 16 male, 0 non-binary) were recruited for the

experiment. As a requirement, we only invited participants who had German as

their mother tongue. By this, we avoided possible influences on the memorization

of the items due to different linguistic representations of foreign languages similar

to prior work [179, 233]. The mean age was 24.57 years (SD = 3.62, aged 18-32).

All participants were right-handed and had normal or corrected to normal eye-sight,
1https://github.com/hcigroupkonstanz/Panning-Evaluation-Touch-Pad – last accessed 01.11.2023
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consequently, they had no problems with the employed size of items. Twenty-one

participants were undergraduate students, 4 PhD students, and 3 university employ-

ees. Participants had a mixed background ranging from computer science to psy-

chology, biology, educational science, and law. All participants were familiar with

touch interfaces, and 18 participants reported to have already used gesture-based in-

put modalities, for example Nintendo’s Wii Remote. To recruit participants, we used

postings and flyers looking for people who are interested in playing games like Mem-

ory/Pairs, which helped us to find participants who were motivated by our chosen

task. We assigned 14 participants to each display size.

4.1.4 Procedure

At the beginning of the study, each participant was asked to fill out a demographic

questionnaire, including questions about tech-savviness and eye-sight. Then, each

participant received an introduction to the navigation and object relocation phases

with their first input modality and a demo item set. Participants were given time to

explore the functionalities of the system and input modality with an exercise data

set until they felt comfortable using it. After that, participants were asked to start

the navigation phase with the first input modality with the remark to navigate to the

required items as fast as possible. After that, participants were asked to fill in a NASA-

TLX [136] and User Experience Questionnaire (UEQ) [228]. Then, participants had

to relocate the position of all items on the canvas as precisely as possible. This se-

quence was the same for all three input modalities. To avoid learning effects, we

counterbalanced the order of input devices and the assignment of item sets by using

a random selection of 14 out of 36 possible combinations for each output modality.

Finally, each participant filled out a questionnaire concerning subjective preferences.

Each session lasted about one hour in total, and participants were compensated for

their time.

4.2 Analysis

We chose a 2×3 factor split-plot counterbalanced study design consisting of a between-

subjects part with the display size as the independent variable with two conditions

(SMALL and LARGE) and a within-subjects part with the input modality as the inde-

pendent variable with three conditions (PAD, TOUCH, and MOVE)

4.2.1 Data collection

We employed several data collection methods to investigate our research questions:

RQ2.1 - Spatial Memory: We focused on the task-dependent aspect of spatial memory:

Navigation performance and object location memory performance. For the naviga-
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tion performance, we calculated the ratio between users’ actual navigation path to

the shortest possible path (excluding the first search block as results for this are influ-

enced by the randomness of initial navigation trials, cf. [179]). For the object location

memory, participants were asked to position items on an empty canvas at the correct

position. Here, we logged the position and calculated the Euclidean distance to its

actual position in pixels.

RQ2.2 - Efficiency: To analyze the efficiency of task completion, we logged the dura-

tion participants needed to find the specific items (i.e., the task completion time in

seconds for each item) and the navigation speed (pixels per second) that participants

operated at.

RQ2.3 - Satisfaction: To analyze the user satisfaction for the investigated conditions,

we used three questionnaires in total: a NASA-TLX [136] was used to measure the

perceived task load. The UEQ [228] provided information on the experience using

the system in the different conditions. Additionally, we asked participants at the end

of the experiments to rank the three input modalities and justify their preferences.

4.3 Results

In this section, we report our findings in relation to our three research questions.

In particular, we focus on the differences across the three different input modalities

(PAD, TOUCH, and MOVE) and output devices (SMALL and LARGE) with respect to

participants’ spatial memory (RQ2.1), their efficiency (RQ2.2), and their subjective

satisfaction (RQ2.3). As the data violated the assumption of normal distribution, we

decided to use a non-parametric approach to analyze the data statistically. For the

overall tests on statistical significance concerning the three input modalities, we used

a Friedman test. If this test showed statistically significant differences, we employed

a Wilcoxon signed-rank test as a post-hoc analysis, including Bonferroni correction.

Additionally, a Mann-Whitney U-test was used to test for statistically significant dif-

ferences between the two display sizes.

4.3.1 RQ2.1: Spatial Memory

For spatial memory, we differentiate between navigation path and object location

memory.

Navigation Path Length

Mean values for Navigation Path Length are shown in Table 4.2. Results show a

statistically significant difference in the navigation path length depending on the in-

put modality, χ2(2)=6.929, p< .05, irrespectively of the display size. However, a
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Wilcoxon signed-rank test showed no statistically significant effect between pairs af-

ter applying Bonferroni correction. A Friedman test showed no statistically significant

differences on the levels of SMALL and LARGE for the three input modalities.

A Mann-Whitney-U-Test showed a statistically significant difference for the display

size when comparing navigation path length for TOUCH (U = 55.0, p< .05) and

MOVE (U = 52.0, p< .05).

Focusing on the navigation path across blocks, Figure 4.2 shows that participants’

performance increased over time with all input modalities. Whereas with PAD and

MOVE, the navigation path seems to level off in block 5, this was found to occur

earlier in TOUCH as here, the curve already bends in block 4. In addition, the lines

indicating the decrease in mean navigation path length per block differ for TOUCH

and MOVE when comparing SMALL and LARGE.

PAD TOUCH MOVE

MTOTAL 2.65 (1.10) 2.11 (0.85) 2.43 (0.97)
MSMALL 2.74 (1.07) 2.43* (0.93) 2.69* (0.75)
MLARGE 2.56 (1.17) 1.78* (0.64) 2.18* (1.13)

Table 4.2: Mean navigation path length (1.0 = optimal path length). Standard

deviation (SD) is shown in brackets; statistically significant differences

are indicated via asterisks (for between).

Figure 4.2: Mean Navigation Path Length for PAD, TOUCH, and MOVE per block.

Optimal navigation path length: 1.0

Object Location Memory

Mean values for Object Location Memory are shown in Table 4.3. Results show no sta-

tistically significant difference in the object location memory depending on the input

modality (χ2(2)=3.429, p> .05), irrespectively of the display size. However, there

was a statistically significant difference in the object location memory for LARGE,

(χ2(2)=7.429, p< .05) – but no difference for SMALL. A Wilcoxon signed-rank test

showed a statistically significant difference for a pairwise comparison of PAD and

MOVE for LARGE (Z=−2.919, p< .016).

4.3. Results 87



A Mann-Whitney-U-Test showed no statistically significant difference for the display

size when comparing object location memory.

PAD TOUCH MOVE

MTOTAL 1175.12 (457.97) 1075.80 (352.63) 1059.50 (534.19)
MSMALL 1107.45 (521.41) 1156.96 (399.52) 1250.64 (638.24)
MLARGE 1242.79g (392.26) 994.64 (290.61) 868.36g (326.53)

Table 4.3: Mean Euclidian distance in pixels. SD is shown in brackets, and statisti-

cally significant differences are indicated via raised letters (for within).

4.3.2 RQ2.2: Efficiency

To provide a nuanced description of efficiency, we differentiate between navigation

speed (in pixels per second) and average task completion time for each item search

(in seconds).

Navigation Speed

Mean values for Navigation Speed are shown in Table 4.4. There was a statistically

significant difference in the navigation speed depending on which type of input de-

vice was used, χ2(2)=30.071, p< .05, irrespectively of the display size. A Wilcoxon

signed-rank test showed that the navigation speed among all three input modalities

was statistically significantly different: PAD-TOUCH: (Z=−3.575, p< .016), PAD-

MOVE: (Z=−4.486, p< .016), TOUCH-MOVE: (Z=−4.144, p< .016).

Results show statistically significant differences in the navigation speed across the in-

put modalities for SMALL (χ2(2)=9.000, p< .05) and for LARGE (χ2(2)=24.571,

p< .05). A Wilcoxon signed-rank test showed that navigation speed using SMALL

was statistically significantly different for pairwise comparisons of PAD and MOVE

(Z=−2.919, p< .016) and TOUCH and MOVE (Z=−2.982, p< .016). A Wilcoxon

signed-rank test showed that the navigation speed on LARGE was statistically signif-

icantly different for all pairwise comparisons: PAD-TOUCH: (Z=−3.296, p< .016),

PAD-MOVE: (Z=−3.296, p< .016), TOUCH-MOVE: (Z=−2.982, p< .016).

A Mann-Whitney-U-test showed a statistically significant difference for the display

size when comparing navigation speed for TOUCH (U=2.0, p< .05) and MOVE

(U=1.0, p< .05).

Task Completion Time

Mean values for Task Completion Time for single items are shown in Table 4.5. Re-

sults show a statistically significant difference in the task completion time depend-
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PAD TOUCH MOVE

MTOTAL 1421.96a, c (456.62) 1159.53b, c (394.74) 967.79a, b (327.92)
MSMALL 1499.03d (581.62) 1474.18e, * (299.29) 1224.72d, e, * (266.30)
MLARGE 1344.89g, h (286.30) 844.89g, i, * (144.30) 710.87h, i, * (101.20)

Table 4.4: Mean navigation speed (in pixels per second). SD is shown in brack-

ets; statistically significant differences are indicated via asterisks (for

between) or raised letters (for within).

ing on the input modality, χ2(2)=22.071, p< .05, irrespectively of the display size.

A Wilcoxon signed-rank test showed that task completion time using MOVE was

statistically significantly longer than using PAD (Z=−4.099, p< .016) and TOUCH

(Z=−2.755, p< .016). There was no statistically significant difference between PAD

and TOUCH.

Results also show a statistically significant difference in the task completion time de-

pending on the input modality – for SMALL (χ2(2)=15.857, p< .05) and for LARGE

(χ2(2)=9.000, p< .05). A Wilcoxon signed-rank test showed that the navigation

time on SMALL was statistically significantly different for pairwise comparisons of

PAD and MOVE (Z=−2.480, p< .016) and for TOUCH and MOVE (Z=−2.480,

p< .016). A Wilcoxon signed-rank test showed that only the pairwise comparison

for the task completion time using LARGE for PAD and MOVE are statistically signif-

icantly different (Z=−3.233, p< .016).

A Mann-Whitney-U-Test showed a statistically significant difference for the display

size when comparing navigation time for TOUCH (U = 55.0, p< .05).

PAD TOUCH MOVE

MTOTAL 3.71a (1.21) 3.90b (1.54) 5.31a, b (2.17)
MSMALL 3.56d (0.89) 3.37e, * (1.14) 4.48d, e (1.02)
MLARGE 3.87g (1.48) 4.43* (1.74) 6.13g (2.70)

Table 4.5: Mean task completion time (in seconds). SD is shown in brackets; sta-

tistically significant differences are indicated via asterisks (for between)

or raised letters (for within).
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4.3.3 RQ2.3: User Satisfaction

For user satisfaction, we differentiate between participants’ task load, their user ex-

perience, and the subjective preferences of input modalities.

Task Load

Mean values for Task Load are shown in Table 4.6. Results show a statistically signifi-

cant difference in the task load measured by the NASA-TLX questionnaire depending

on the input modality, χ2(2)=14.721, p< .05, irrespectively of the display size. A

Wilcoxon signed-rank test showed that the task load using MOVE was statistically sig-

nificantly higher than for PAD (Z=−3.952, p< .016) and for TOUCH (Z=−3.063,

p< .016). There was no statistically significant difference between PAD and TOUCH

(Z=−0.445, p> .016).

Results also show a statistically significant difference when comparing the overall task

load for the three different input modalities on the level of SMALL, χ2(2)=10.145,

p< .05. Here, a Wilcoxon signed-rank test revealed statistically significant differ-

ences for a pairwise comparison of PAD and MOVE (Z=−3.077, p< .016). However,

no statistically significant difference was found on the level of LARGE.

A Mann-Whitney U-test revealed no statistically significant differences between the

two display sizes.

PAD TOUCH MOVE

MTOTAL 31.15a (15.36) 32.13b (12.91) 44.96a, b (19.46)
MSMALL 32.44d (15.76) 33.37 (9.35) 46.45d (19.88)
MLARGE 29.87 (15.43) 30.88 (15.99) 43.46 (19.65)

Table 4.6: Mean user task load. SD is shown in brackets, and statistically significant

differences are indicated via raised letters (for within).

Analysis of mean values in the TLX subscales showed statistically significant differ-

ences for physical demand (χ2(2)=22.691, p< .05), effort (χ2(2)=16.074, p< .05),

and frustration (χ2(2)=15.340, p< .05). Table 4.7 shows the mean values for these

subscales.

A Wilcoxon signed-rank test showed that the physical demand was statistically signif-

icantly higher for MOVE when compared to PAD (Z=−4.251, p< .016) and TOUCH

(Z=−3.354, p< .016). The effort was also statistically significantly higher for MOVE

when compared to PAD (Z=−3.321, p< .016) and TOUCH (Z=−3.153, p< .016).

The level of frustration was statistically significantly higher for MOVE when com-

pared to PAD (Z=−2.909, p< .016) and TOUCH (Z=−2.791, p< .016). Subscales

that indicated statistically significantly different mean values are shown in Table 4.7.

90 Chapter 4. Studying Multimodal Interaction



A Mann-Whitney-U-Test showed a statistically significant difference for display size

when comparing the subscale performance (U = 54.0, p< .05). For MOVE, partici-

pants rated their performance better on LARGE with MLARGE=33.57, (SD=28.04)

and MSMALL=49.86, (SD=20.29).

PAD TOUCH MOVE

Physical Demand 19.89a (15.76) 31.57b (23.56) 53.50a, b (24.58)
Effort 33.54a (21.55) 35.07b (19.75) 50.54a, b (19.94)
Frustration 23.54a (20.88) 22.82b (17.38) 39.21a, b (25.41)

Table 4.7: TLX subscales. SD is shown in brackets, and statistically significant dif-

ferences are indicated via raised letters (for within).

User Experience

User Experience was evaluated based on the subscales of the UEQ [228]: attractive-

ness, perspicuity, efficiency, dependability, stimulation, and novelty.

Irrespectively of the display size, results show no statistically significant difference

in attractiveness depending on the input modality, χ2(2)=3.448, p> .05. However,

we found statistically significant differences in perspicuity (χ2(2)=14.673, p< .05),

efficiency (χ2(2)=12.250, p< .05.), dependability (χ2(2)=18.780, p< .05.), stimu-

lation (χ2(2)=6.928, p< .05.), and novelty (χ2(2)=21.189, p< .05.). Mean values

for these subscales are shown in Table 4.8.

A Wilcoxon signed-rank test showed that the perspicuity was ranked better for PAD

compared to MOVE (Z=−2.916, p< .016), and for TOUCH compared to MOVE

(Z=−3.078, p< .016). Also, the efficiency was evaluated likewise with Z=−3.623,

p< .016 for the comparison of PAD with MOVE and Z=−3.180, p< .016 for the

comparison of TOUCH and MOVE. The dependability was ranked higher for PAD in

comparison to MOVE (Z=−3.746, p< .016) and for TOUCH in comparison to MOVE

(Z=−3.993, p< .016). The post-hoc analysis showed no statistically significant dif-

ferences for the scale of stimulation after Bonferroni correction. The novelty was

ranked highest for MOVE and lowest for PAD. Pairwise comparisons showed statis-

tically significant differences between PAD and TOUCH (Z=−2.502, p< .016), PAD

and MOVE (Z=−3.695, p< .016), and TOUCH and MOVE (Z=−3.182, p< .016).

Additionally, a Mann-Whitney U-test showed a statistically significant difference for

display size when comparing novelty for PAD (U = 48.5, p< .05, with MLARGE = 0.57,

(SD = 0.89) and MSMALL = 0.30, (SD = 0.84)), and TOUCH (U = 47.5, p< .05,

with MLARGE = 1.00, (SD = 0.73) and MSMALL = 0.09, (SD = 1.02)). In these two

conditions, LARGE led to a more novel impression of PAD and TOUCH.
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PAD TOUCH MOVE

Perspicuity 1.87a (1.16) 2.12b (0.78) 1.21a, b (1.21)
Efficiency 1.23a (0.92) 1.16b (0.88) 0.21a, b (1.04)
Dependability 1.65a (0.76) 1.81b (0.56) 0.69a, b (1.15)
Novelty 0.13a, c (1.27) 0.55b, c (0.99) 1.29a, b (1.12)

Table 4.8: Subscales of the UEQ. SD is shown in brackets, and statistically signif-

icant differences are indicated via raised letters (for within). Semantic

Differential: Min: −3, Max: 3.

Subjective Preferences

Concerning the subjective preferences of input modalities, we asked participants to

rank them. For analysis, we gave input modalities scores based on their ranked posi-

tion (e.g., 1 for the input device ranked best, 2 for the one ranked second, and 3 for

the least preferred input modality). Table 4.9 shows the mean scores based on the

given ranks.

PAD TOUCH MOVE

MTOTAL 1.71 (0.71) 1.68 (0.77) 2.61 (0.63)
MSMALL 1.79 (0.70) 1.50 (0.76) 2.71 (0.47)
MLARGE 1.64 (0.74) 1.86 (0.77) 2.50 (0.76)

Table 4.9: Subjective Preferences. SD is shown in brackets.

Results show that participants preferred PAD and TOUCH compared to the MOVE

condition. PAD was rated best by 12 participants. Concerning the PAD, participants

specifically preferred the “quick, efficient and easy interaction” (P14) and the possi-

bility for “fast navigation” (P19). In addition, participants liked the fact that it re-

quired “less movement” (P10) than the other conditions. Fourteen participants rated

TOUCH as their favorite input modality. Concerning TOUCH, participants specifi-

cally liked the “intuitive interaction” (P20) and the “direct manipulation” (P4) that

allowed for a “good overview over the canvas” (P28) and a “direct way of navigating

towards the items” (P11). Out of 28 participants, 19 ranked MOVE to be the least

preferred input device. Reasons for that were mostly the “cumbersome” (P32) inter-

action as participants often felt that navigation was “jerky” (P9). In particular, using

the trigger was perceived as “disruptive” (P15).

4.4 Discussion

In our discussion, we address the three research questions (RQ2.1 - RQ2.3) regarding

the aspects of spatial memory, efficiency, and user satisfaction.
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4.4.1 Spatial Memory

Regarding the performance of spatial memory, we measured the navigation perfor-

mance (ratio of actual navigation path and shortest possible path) and participants’

object location memory (distances of the placed items to the correct location in the

reconstruction task). Our results concerning the two measurements match, however,

they contradict the results regarding the efficiency of task completion.

Our results show that the display size has a positive impact on the navigation perfor-

mance in the conditions TOUCH and MOVE. With these two input modalities, par-

ticipants performed statistically significantly better in the LARGE condition. These

findings are similar to previous research that a larger display positively influences

spatial memory [386], however, our findings show that this is only the case for in-

teraction modalities that provide kinesthetic cues (TOUCH and MOVE), suggesting

that this effect only occurs when arm movements are sufficiently large. We could

also observe that TOUCH resulted in a steeper learning curve for navigation path

length across the blocks, leveling off earlier than those for PAD and MOVE (see Fig-

ure 4.2). Our findings are in line with previous research that kinesthetic cues and

direct interaction improve navigation performance in panning interfaces [179, 384].

Results regarding the object location memory go even further, showing more accu-

racy for MOVE. This effect was statistically significantly different between PAD and

MOVE for LARGE. However, differences between TOUCH and PAD were not statisti-

cally significant. This finding resonates with Palleis and Hussmann [304], as spatial

memory was not found to be influenced by direct interaction in touch-based inter-

action. Nonetheless, the statistically significant improvement for MOVE in LARGE

suggests that kinesthetic cues in gesture-based interaction indeed positively impact

on spatial memory.

In summary, we conclude that embodiment impacts on the performance of spatial

memory, as kinesthetic cues in the LARGE condition lead to better navigation perfor-

mance when working with TOUCH and MOVE. In addition, object location memory

performance is increased when interacting with MOVE, suggesting that – in gesture-

based interaction – the involvement of kinesthetic cues does not only lead to a better

navigation performance but also positively influences object location memory. This

finding could not be replicated for touch-based interaction.

4.4.2 Efficiency

Regarding efficiency, we were particularly interested in how the different aspects of

embodiment impact on participants’ navigation speed and task completion time. Al-

though we assumed that these two measurements should be correlated, our results
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showed unexpected differences regarding these two measurements between the in-

put modalities and display sizes.

As expected, PAD resulted in statistically significantly higher navigation speed com-

pared to TOUCH and MOVE. We believe that this result is due to the 1:1 mapping

of PAD to the display size. Thus, kinesthetic cues can hamper efficiency by forcing

the user to engage in larger arm movements. Interestingly, there was also a statisti-

cally significant difference in navigation speed between TOUCH and MOVE, showing

that TOUCH was statistically significantly faster. This finding is interesting as the

difference in motor activity between these conditions is marginal. However, in addi-

tion to the arm movement, participants had to handle MOVE (e.g., pull the trigger),

which might have caused them to move at a slower speed. In the TOUCH condition,

there was no such device interference. In addition, MOVE required participants to

lift their arms, which might have caused fatigue as another possible reason for slower

navigation speed.

Our results show that display size positively influences spatial memory when using

TOUCH and MOVE, as a smaller display increased the navigation speed for these

modalities. This finding was expected as SMALL requires less motor activity. This

was not the case for PAD, which allowed for equally fast interaction across SMALL

and LARGE.

The increase of navigation speed was only partially transferred into task completion

time. Although interacting with PAD still resulted in faster task completion time,

TOUCH reached similar results, and the statistically significant difference found be-

tween these input modalities concerning navigation speed diminished when mea-

suring task completion time. This is in line with previous research that did not find

statistically significant differences in task completion time between direct and indi-

rect touch input [304]. In our study, PAD and TOUCH resulted in statistically signif-

icant faster task completion times than MOVE. These results suggest that the haptic

feedback in TOUCH allowed for similar task completion times by compensating for

the slower navigation speed. We suspect that it might be a more accurate way of

navigating to the item that allowed participants using TOUCH to reach similar task

completion times than participants using the PAD. Alternatively, another interpreta-

tion might be that PAD allowed for navigation at such a fast speed that users were

not able to keep up with. This resulted in the fact that the head start in navigation

speed could not be held concerning the task completion time.

MOVE resulted in statistically significant longer task completion times than both,

PAD and TOUCH. This shows that participants were not able to apply a strategy

that compensated for the slower navigation speed, resulting in correlating results
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of slower navigation speed and slower task completion time for MOVE. We suspect

that they had to focus on the interaction with the device when using MOVE, which

negatively affected both, the navigation speed and task completion time.

In summary, we conclude that embodiment also affects the efficiency of task com-

pletion, as larger motor activities result in slower navigation speed. However, we

also showed that parts of the slower navigation speed can be compensated for in

TOUCH but not in MOVE. This suggests that haptic feedback allows participants to

compensate for slower navigation speed resulting in faster task completion times.

4.4.3 User Satisfaction

Regarding the user satisfaction, we were particularly interested in users’ subjective

rating of their task load (measured using the NASA-TLX [136]) and their user expe-

rience (measured using the UEQ [228]). Results of these two questionnaires show

that irrespectively of the display size, participants rated MOVE differently compared

to PAD and TOUCH.

Results of the NASA-TLX show that there are statistically significant differences re-

garding the task load across the three input modalities. Post-hoc tests revealed that

MOVE resulted in a statistically significantly higher task load. Looking at the sub-

scales, MOVE was rated with a statistically significantly higher task load onto the user

with respect to physical demand, effort, and frustration. Physically handling the de-

vice in addition to the kinesthetic movement might have caused the physical demand.

We believe that the novel way of interaction required users to put more effort into

using the device and problems during usage might have caused frustration. When

looking at the results of the UEQ, we can observe similar patterns: Here, TOUCH and

PAD scored statistically significantly better in the subcategories perspicuity, efficiency,

and dependability, reflecting the benefits of the approved and long-learned interac-

tion modalities. As MOVE was also rated to be statistically significantly more novel

than the other two modalities, we believe that it might be due to this novelty that

it was scored lower on the other scales of user experience. As expected, the display

size did not profoundly impact on the user satisfaction, as the only difference was

that PAD and TOUCH were rated statistically significantly more novel in the LARGE

condition.

In summary, we conclude that both TOUCH and PAD are rated equally well, both

regarding the subjective task load and the user experience. However, MOVE was per-

ceived to acquire a higher task load and resulted in a lower user experience. Although

this is in line with our findings regarding the efficiency of interaction, it contradicts

our findings regarding spatial memory. Higher efficiency and user satisfaction for

PAD and TOUCH were not reflected in the spatial memory performance.
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Figure 4.3: Visualizations of navigation paths for the subset of participants navi-

gating to the same item on LARGE using PAD, TOUCH, and MOVE. The

thickness of the paths visualizes the sequence of trials. Early trials are

thinner.

4.5 Limitations

The accuracy and the general behavior of the input modalities might have influenced

participants when solving the task: The 1:1 mapping of PAD and, thus, the resulting

possible navigation speed might have been unfamiliar to participants as most of them

are used to classic control-display ratios of off-the-shelf laptops. Also, the novelty and

unfamiliar experience using MOVE might have influenced participants’ interaction

behavior. The visual representation of items, which differed in their size regarding

the two display sizes, can be seen as another possible influence. The perceived visual

representation of items on LARGE was larger in contrast to SMALL, which might have

biased the memorization of items.

4.6 Implications for Design and Research

Summarizing, our results show that embodiment indeed impacts on spatial mem-

ory, however not in a straightforward way. Our measurements regarding efficiency

showed that larger kinesthetic cues (arm movements) resulted in slower navigation

speed, which also negatively influenced the overall task completion time. However,

TOUCH (with its direct interaction and haptic feedback) mediated this effect by guid-

ing towards a more accurate way of interaction. We name this phenomenon the

Efficiency vs. Spatial Memory trade-off. The longer it took participants to use the

modality and complete the task, the more they engaged with the items and remem-

bered them – resulting in better spatial memory performance. In addition, our results

also showed that embodiment, as implemented in MOVE (gesture interaction with

an additional device), was rated quite negatively with regard to user experience and

task workload. However, it also had a positive impact on the performance of spatial

memory (maybe due to the inconvenience of the interaction). We name this phe-

nomenon the User Satisfaction vs. Spatial Memory trade-off.

In the following sections, we discuss how the two trade-offs can be exploited to in-

fluence users’ interaction patterns with regard to spatial memory. We discuss the
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implications of our results for practitioners and show how they can be used to in-

form design decisions.

Efficiency vs. Spatial Memory

This trade-off is especially reflected in the strategy employed when working with

PAD. For PAD, participants made use of the increased interaction speed, resulting in

fast interaction and short task completion times. However, this high speed came at

a cost regarding spatial memory performance, as users seemed to be less accurate

when navigating towards an item and performed less accurately in object relocation.

Regarding navigation performance, Figure 4.3 (participants had to navigate to the

item at the left) exemplifies that participants using PAD tended to overshoot and

diverted from the optimal path toward the end (when they could already see the

item). This suggests that with PAD, participants were less careful to navigate accu-

rately. Contrary to that, participants working with TOUCH and MOVE interacted at

a slower pace, however, being more careful in their navigation precision (compare

Figure 4.3 in the middle and on the right). Working with TOUCH, this precision led

to surprisingly fast task completion times. Working with MOVE, it resulted in high

object location memory.

Regarding the display size, participants working with TOUCH and MOVE benefit from

larger kinesthetic movements and thus a larger display as it improves their navigation

performance, however, no statistically significant differences between the two display

sizes could be found regarding the object location memory. Using PAD, no benefits

could be gained when working on a larger display.

For designers, knowing about the trade-off between efficiency and spatial memory

can bear important implications: Depending on the task and context, designers need

to account for the specific input modality. For example, desktop applications (espe-

cially for laptops) are often designed for the interaction with a touchpad. Knowing

that this modality scores high on efficient interaction, designers are encouraged to

compensate for the flip side of the coin: a lower performance in spatial memory. As

the indirect mapping of this input leads to more speed, long navigation distances can

be easily compensated for. However, this comes at the cost of a less accurate navi-

gation and a lower accuracy in object relocation. Thus, great care should be taken

to support spatial memory from an application perspective, for example, by easing

target acquisition (e.g., with iceberg targets [415, p. 76], accounting for low accu-

racy) or by providing additional visual cues like e.g., landmarks [400], Halos [28],
or Wedges [127], accounting for lower object location memory performance.

On the other hand, when designing systems for large interactive surfaces in public

settings (e.g., in a museum or in a tourist information store), touch interaction is
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often chosen to allow for direct manipulation. Our findings show that such a direct

mapping of input and output leads to slower navigation speed, especially for large

displays. On the other hand, we could also show that the haptic feedback in TOUCH

supports a high precision in navigation performance. We therefore encourage de-

signers to compensate for the slower navigation speed. We recommend to allow for

interaction on different levels of detail to increase the efficiency of task completion

(e.g., by using interactive overview + detail visualizations [71]).

User Satisfaction vs. Spatial Memory

This trade-off is best reflected in the interaction patterns with MOVE. Interacting with

MOVE not only resulted in a low efficiency but also led to frustration. The novelty

of the device hampered user interaction and caused the user to focus more on the

device than on the task. This led to slower task completion times and lower user

satisfaction. Although using MOVE on LARGE led to even lower efficiency (slower

navigation speed and longer task completion time), it had a positive impact on spa-

tial memory (navigation path length and object location memory). Especially when

working on LARGE, the combination of kinesthetic cues and additional effort to inter-

act with the device led to a shorter navigation path and better object location memory.

This discrepancy in our findings between user satisfaction and spatial memory per-

formance is in line with the “performance-preference dissociation” [150, 176, 286]
that states that “people are not necessarily performing best with the interfaces they

prefer” [176]. Although spatial memory performance was best when interacting with

MOVE, participants clearly rated this input modality as the lowest.

We strongly recommend designers to carefully take into account the trade-off be-

tween user satisfaction and spatial memory in the design of interactive systems. Es-

pecially in use cases that work with gesture input (e.g., in-car settings or in sterile

environments like the operating theatre), care has to be taken to make use of the

high spatial memory performance to alleviate the low subjective rating concerning

task load and user experience. We, therefore, suggest to allow for the customiza-

tion of the interface by the user as this increases satisfaction [348] but also nurtures

spatial memory due to conscious and explicit individual configuration activities.

Our findings show that, especially with gestural input, participants can well remem-

ber the navigation path to get to an item as well as the absolute position of that item

on a digital landscape. However, the complexity of the input procedure itself was

considered to be cumbersome and frustrating. The realization of a gesture should,

therefore, place as little effort as possible on the user [348] to allow for easy and

smooth interaction. Future research could also focus on the role of performing ges-

tures without an additional device.
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4.7 Chapter Conclusion

We built a Complementary Interface to study the influences of meaningful combi-

nations of input and output modalities on participants’ spatial memory, from com-

plementary perspectives that formed our research questions: spatial memory per-

formance, efficiency, and user satisfaction. We conducted an experiment using a

well-established task and item set and studied individuals working with three input

modalities and two output devices. In detail, we focused on aspects like navigation

paths and object location memory (spatial memory), navigation speed and task com-

pletion time (efficiency), subjective preferences, user experience, and task load (user

satisfaction).

We were able to identify the effects of meaningful combinations of off-the-shelf input

and output modalities, which helped us to come up with a nuanced description of

the influences of different aspects of embodiment. Relating traditional measurements

for spatial memory to additional, usability-based measurements provides a first step

towards interactive systems that rely on both: Exploitation of a user’s spatial memory

while providing efficient and satisfying interaction.

Rather than rating interaction modalities and display sizes with respect to their im-

pact on spatial memory, our findings show that participants engage in different in-

teraction strategies when working with different combinations. Depending on the

interaction modality and the display size, we identified two trade-offs: The Efficiency

vs. Spatial Memory trade-off shows that navigation speed negatively correlates with

the navigation and spatial memory performance, and the User Satisfaction vs. Spatial

Memory trade-off shows that a subjective user satisfaction score negatively correlates

with the performance of spatial memory. Thus, the interrelation of user satisfaction,

efficiency, and spatial memory leads to different usage patterns that participants take

on to fulfill the task at hand.
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This Complementary Interface allows to study multi-device interaction. The first

Complementary Interface allowed to study meaningful combinations of multiple de-

vices, each with a specific purpose (e.g., supporting individual and collaborative ac-

tivities), and the second Complementary Interface enabled an in-depth investigation

of meaningful combinations of off-the-shelf input and output modalities; also with

dedicated purposes of each component. In this third Complementary Interface, this

dependency is indirectly part of the user study: In the first step, interaction tech-

niques and their usage in relation to a large number of tablets are studied from a

usability perspective, which allows e.g., for design recommendations regarding com-

binations of interaction techniques with tablets. In the second step, however, the

dependency is purposefully reduced, as participants are able to use their preferred

interaction techniques with an unrestricted usage of tablets for a less restricted task

– this allows us to study how participants create purposes for interaction techniques

and components of this Complementary Interface.



Study Design: Within-Subjects

Task: Sorting Task, Sensemaking Task

Independent Variable: Interaction Technique, Task

Dependent Variables: Performance, User Behavior, Interrelations

The described Complementary Interface and experimental setting are used to address

the following general research question. The chapter will integrate this general re-

search question as its overall research goal and further address it in specific use-case

related research questions.

¬
RQ3: What are the influences of interaction techniques on users’ work-

ing behaviors and utilization of components (e.g., devices) in a Com-

plementary Interface?



5
Studying Multi-Device Interaction

Contents

5.1 Experiment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.2 Data Analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.3 Findings . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

5.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

5.5 Limitations and Future Work . . . . . . . . . . . . . . . . . . . . 124

5.6 Chapter Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 125

Building on prior work in the area of Cross-Device Interaction, we built a Complemen-

tary Interface to shed light on the interplay of interaction techniques, device utiliza-

tion, and task-specific work behavior. Although many interaction techniques exist

and have been studied extensively, the difficulties of successfully interweaving the

techniques with the setting (e.g., tasks and devices) and ensuring viable interaction

remain [153, 256, 278]. Prior research on multi-device interaction has shown vari-

ous strategies to evaluate systems and techniques that connect and combine multiple

devices [50]. While different analytical and empirical approaches for various stages

during the design process exist, the overall evaluation methodology for multi-device

environments is still struggling to find a frame of reference to compare or evaluate

existing and future techniques and systems, resulting in a rather fragmented research

landscape. Brudy et al. [50] highlight the need for improving evaluation strategies

to finally “unify empirical and technical [. . . ] work into one stream of research.”

We tackle this challenge with an experiment that provides different but complemen-

tary angles of evaluation using an abstract classification task and a less restricted

sensemaking task – treating the experimental task as an independent variable. This

methodological combination results in a holistic evaluation approach with different

types of tasks and both, qualitative and quantitative measurements that provided

insights into the comparison of interaction techniques, their impact on device uti-

lization, and their adoption across tasks.
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In contrast to the Complementary Interfaces of the previous chapters, this Comple-

mentary Interface does not pre-define the purposes of each component. In Chapters

3 and 4, each device and component fulfilled a pre-defined purpose as well as task-

related and functional interdependences: e.g., input, output, or to support shared

activities – representing the independent variables of the specific experiments. In

this Complementary Interface, however, the methodological approach of using the

task as an additional independent variable allows to control the interdependence of

components in the first task; removing this interdependence for the second task pro-

vides insights into participants’ needs and how they assign purposes to individual

components (e.g., interaction techniques and devices).

Figure 5.1: This Complementary Interface allows to study multi-device interaction

with tablets. This figure shows a person using multiple tablets in com-

bination to sort documents.

The goal of our experiment was to better understand the implications of different in-

teraction techniques and to contribute a nuanced description of their effects and in-

fluences on users’ working behaviors and utilization of components (i.e., interaction

techniques and devices). We address this overall research question by investigating

the following research questions both qualitatively and quantitatively:
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¬
RQ3.1:How do interaction techniques influence work performance?

RQ3.2: How do interaction techniques influence work behaviors?

RQ3.3: How are interaction techniques, device utilization, and task-

specific activities interrelated?

A distinctive attribute of this experiment is that we tackle these questions not only

using qualitative and quantitative metrics but also from different perspectives: 1) Us-

ing an abstract task (see Task 1 – Abstract Classification Task) allows us to investigate

RQ3.1 and RQ3.2 to guarantee for a high internal validity. 2) Providing the ability to

choose which technique to use in combination with a sensemaking task (see Task 2 –

The Murder Mystery) provides a less restricted and more realistic scenario that allows

to study participants’ activities with higher ecological validity (RQ3.3). Additionally,

this allows us to see how participants include their preferred technique a) in general

or for specific sub-tasks, b) in combination with other techniques, and c) to explore

how interaction techniques, utilization of devices, and task-specific activities are in-

terrelated. This methodological combination results in a holistic evaluation approach

that does not only provide qualitative and quantitative insights into relative strengths

and weaknesses of interaction techniques (similar to [146]) and the usage of a large

ecology of devices but can also serve as a first step of an evaluation framework [50].

5.1 Experiment

We conducted an experiment with the two within-subjects factors task and interaction

technique. The order of task was predefined, with all participants finishing task 1

before starting task 2. We counterbalanced the factor interaction technique with the

order of the techniques only for task 1 and allowed participants to use the techniques

as favored in task 2 (similar to [146]). This study design allowed us to compare the

techniques independently (task 1) and explore how participants use the techniques

and utilize the provided large ecology of devices (task 2). The remainder of this

section provides an overview of the interaction techniques, the system in general,

the two tasks, participants, procedure, apparatus, and data collection.

5.1.1 Interaction Techniques

Concerning the interaction techniques, we defined three conditions: 1) MENU, 2)

TRAY, and 3) PICK’n’DROP. They constitute three types of state-of-the-art and robust-

to-use interaction techniques. These techniques do not require a) additional user

engagement with devices (e.g., rotating or tilting) or b) extra hardware augmenta-

tion (e.g., tracking cameras), which allows for a valid comparison of techniques and
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an investigation of technique-independent device utilization across both tasks. We

decided to allow participants to transfer multiple sticky notes at the same time as

Scott et al. [361] have shown that this increases efficiency.

Interaction Technique 1 – MENU

The first interaction technique was inspired by context-menus: Pop-up and context-

menus are standard features of everyday WIMP-applications (e.g., copying and past-

ing text from one application to another), mobile devices (e.g., copying and pasting

locations from map apps to messaging apps), across different types of devices (e.g.,

using Apple’s Universal Clipboard1), and context-menus have been used as state-

of-the art baseline conditions [325]. Similarly, we designed MENU as follows (see

Figure 5.2): The MENU appears by performing a long press interaction (200ms) on

a sticky note. Tapping on the now visible cut button cuts this sticky note. Now, users

can perform another long-press interaction on any position on any tablet – triggering

the paste button to appear. Tapping on it will paste the sticky note at this position.

To cut multiple sticky notes, the MENU has to be used sequentially. Multiple pasted

sticky notes are piled with a randomized offset of a few pixels to increase visibility.

Figure 5.2: Transferring a sticky note using MENU.

Interaction Technique 2 – TRAY

The second interaction technique was inspired by previous research (e.g., [37, 257,

361, 367]) that has shown that participants can benefit from drag and drop interac-

tions, where the drop target creates a digital bridge between devices. We designed

TRAY as follows (see Figure 5.3): A digital tray was shown in the middle of and at

the upper edge of each tablet. Sticky notes could be transferred by dragging and

dropping them on the TRAY. As a result, the size of the sticky note was decreased to

fit the TRAY – maintaining the readability of the sticky note’s text – and the sticky

1Apple Universal Clipboard: https://support.apple.com/en-us/HT209460, – last accessed 01.11.2023
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note was then visible on every tablet in the area of the TRAY. By dragging the sticky

note out of the TRAY and dropping it on any surface, it is transferred to the currently

used tablet. With this technique, users are also able to transfer one or multiple sticky

notes at the same time across multiple devices.

Figure 5.3: Transferring a sticky note using TRAY.

Interaction Technique 3 – PICK’n’DROP

The third interaction technique was inspired by the same-named technique by Reki-

moto [333]. In line with recent research [163, 301], we allow users to pick and drop

sticky notes with their fingers. In our case, PICK’n’DROP makes use of the well-known

pinch-to-zoom technique (see Figure 5.4). Sticky notes are picked up (i.e., cut) when

a pinch-in gesture is performed on them. Performing a pinch-out gesture on, e.g.,

another tablet, drops this sticky note at that position. With this technique, users are

also able to transfer one or multiple sticky notes at the same time across devices by

picking them sequentially and dropping them. Multiple pasted sticky notes are piled

with a randomized offset of a few pixels to increase visibility.

Figure 5.4: Transferring a sticky note using PICK’n’DROP.
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5.1.2 System Description

This Complementary Interface enables users to use multiple tablets to work with

pieces of information – represented as digital sticky notes – on two levels: Users

can a) freely move and arrange sticky notes on a single tablet and b) transfer them

across multiple tablets using the described interaction techniques. Especially for the

second task (see Task 2 – The Murder Mystery), this allows for spatial arrangements

to prioritize and compare information [405] and to find connections between dif-

ferent events, persons, and places. We implemented a web-based system using the

JavaScript framework Meteor without additional hardware augmentation (e.g., cam-

era tracking systems) that allows for ad-hoc use of multiple devices [50].

5.1.3 Tasks

We used two different tasks for our study: In the first task, we chose to use an abstract

classification task as it guaranteed a high internal validity when comparing different

interaction techniques. We were also interested in the effects and influences of the

different interaction techniques on participants’ working behavior using a more re-

alistic sensemaking task. We pre-defined the order of tasks (first task 1, then task 2)

to study revealing intended learning effects.

Task 1 – Abstract Classification Task

To provide a documented and sufficiently demanding task, we were inspired by the

abstract classification task used by Liu et al. [240], who studied the influence of dis-

play size on single users’ interaction with a wall-sized display. The main components

of the tasks are discs – labeled with different letters. Participants have to move these

discs to their specific container (i.e., a display) to classify them correctly. The color

of the discs helps participants to solve the task: If not correctly classified (i.e., in the

wrong container), discs show a red background color and turn green when trans-

ferred into a display where all discs share the same label. The same task was used,

e.g., by Jakobsen and Hornbæk [175], who investigated the influences of locomotion

on single users’ interaction with a wall-sized display. This task was also used to study

collaborative activities, either co-located [241] or remote [17].

In light of the prevalent use of this task, we took it as inspiration for our first task.

As the task itself was initially developed for wall-sized displays and mostly used for

studies in such settings, we decided to adapt it to multi-device settings: Following

previous research (e.g., [130]), we decided to set the number of available tablets

to 8 (see section Apparatus for detailed descriptions). Participants were allowed to

have as many items on their tablets as they wished, yet we defined a total number

of 40 items (represented using 8×5 letters), resulting in a final solution of 5 items

110 Chapter 5. Studying Multi-Device Interaction



per tablet in an ideal number of 35 item movements. This was a trade-off decision of

having enough data without overwhelming the participants. Items are represented

as sticky notes with a size that allows the arrangement of 6 sticky notes per tablet

with no overlap (in line with [240]). We decided to visualize items as sticky notes

instead of discs to increase the comparability with the second task. Sticky notes

could be moved across tablets using one of the interaction techniques. We labeled

sticky notes with eight different letters: C, D, E, F, H, K, N, and R. These letters were

chosen as they guarantee equal legibility according to the BS 4274-1:2003 vision

test standard [164]. Each letter was used to label five sticky notes with a standard

computer font (font size: 12pt).

We decided against a pre-configuration of correctly classified items (i.e., having 3 to

4 correctly classified items and only 1-2 wrong ones per tablet) as our pre-tests have

shown that participants solved the task on different levels of difficulty in less than

a minute. Thus, we decided to omit such a pre-configuration in favor of keeping

the task sufficiently demanding. Also, a pre-configuration could influence workplace

configurations. As we were interested in our participants’ utilization of the tablets

(e.g., spatial configurations), we decided to place all sticky notes initially on one

tablet that was on top of the stack of the tablets. To ensure equal difficulty, we

randomized the order in which sticky notes were represented initially.

Task 2 – The Murder Mystery

As a counterpart to our first task, we opted for a sensemaking task as a real-world

activity. The “Stegosaurus” task and data set of the 2006 VAST challenge [121] was

often used in previous publications (e.g., [282]), and Chapter 3 has shown that this

task indeed offers insights into the usage of multiple devices, yet solving the task

can be challenging and task completion times of up to 90 minutes or longer are no

exceptions. Thus, we decided to opt for a less time-consuming but also complex

sensemaking task: The murder mystery suggested by Stanford and Stanford [374] is

a crime-solving task and was also used before by Wozniak et al. [419] in their multi-

tablet system. In the task, multiple people were involved in a murder mystery, which

happened during the night. Participants had to find the murderer, the weapon, the

time and place of the murder, and the motive by combining clues and hints writ-

ten on sticky notes (similar to [419]). As suggested [374, 419], we increased the

difficulty by adding distracting information. In total, there were 40 pieces of infor-

mation represented as sticky notes (font size: 12 pt), which allows for better com-

parability between our two tasks. Participants had to understand the content, filter

non-important information, and connect essential facts that lead to new insights and

suppositions to come up with answers to the murder mystery.
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5.1.4 Participants

Twenty-four participants (14 female, 10 male, and 0 non-binary) were recruited for

the user study. The mean age was 23.88 years (SD = 4.00). All participants had

normal or corrected to normal eyesight; consequently, they had no problems with

the size of the sticky notes or the font size. Twenty participants were undergraduate

students – the other four participants were university employees or Ph.D. students.

Participants had a mixed background ranging from psychology to biology, educational

science, and law. All participants were familiar with touch interfaces and reported

the frequent handling of mobile devices like tablets and smartphones. To recruit

participants, we used postings and flyers looking for people who are interested in

new technologies and crime mysteries at our local campus. This helped us to find

participants who were motivated by our chosen tasks.

5.1.5 Procedure

At the beginning of the study, each participant was asked to fill out a questionnaire

about demographics and tech-savviness. Then, each participant received an intro-

duction to the first task. After that, the first interaction technique was shown using

a demo item set. Participants had time to explore the functions of the system and

the specific interaction technique with a demo item set until they felt comfortable

using it. After that, the experimenter asked participants to start the first task with

the first interaction technique with the remark to be as quick and accurate (e.g.,

as few interaction steps) as possible. After that, participants were asked to fill in a

NASA-TLX questionnaire [136]. This sequence was the same for all three interaction

techniques. To avoid learning effects, we counterbalanced the order of interaction

techniques and randomized the sequence of the shown sticky notes. After that, par-

ticipants were asked to complete a questionnaire concerning subjective preferences.

Then, the experimenter introduced participants to the second task: They were asked

to solve the murder mystery and were free to use any of the three different interac-

tion techniques (cf. [146]) and as many tablets as desired. Finally, each participant

filled out a post-questionnaire concerning clarification of the usage of the interac-

tion techniques in this phase. Each session lasted about one hour in total, and we

reimbursed participants for their time.

5.1.6 Apparatus

The setting consisted of an office table (1.20×0.80 m) on which we stacked eight

Apple iPads (9.7′′) in the middle of and at a long side of the table (cf. Figure 5.1). We

attached felt pads to the bottom of each tablet for smoother movements (cf. [316]).

Participants sat on a chair on the opposite side of the table. Next to them was a small
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additional desk for filling out questionnaires. We used a camera with a bird’s-eye

view to see interactions, working behaviors, and device utilizations.

5.2 Data Analysis

We employed several data collection methods to investigate our research questions:

RQ3.1 – Performance: We measure task completion time, number of object trans-

fers, the ratio of object transfers per interaction, tablet utilization, and subjective

rankings.

RQ3.2 – Work Behavior: To explore work behavior, we analyzed participants’ activ-

ities using video codings.

RQ3.3 – Interrelations: We analyzed frequencies of interactions, utilization of tablets,

and rationales of using the techniques for the murder mystery.

5.2.1 Video Data

We developed a coding scheme to analyze the video data of the first task. We focused

on participants’ work behavior (e.g., sorting sticky notes). After the initial viewings

of our videos, we started to distinguish between different codes that offer a sound

description of the video data and apply it to our research questions. This coding

scheme was refined until we felt that it was saturated. An inter-coder reliability

test was conducted for six samples (two per technique; in total, about 25 minutes)

of video data to ensure objective coding by our two independent coders. Cohen’s

Kappa of 0.70 revealed substantial inter-coder reliability for the final coding scheme

presented below.

S – Sorting: A participant was explicitly sorting sticky notes (e.g., piling all sticky

notes with the letter “C”) on one tablet.

D – Distributing: A participant distributed one or multiple sticky notes to another

tablet.

E – Exploring: Similar to S – Sorting, but in this case, participants were implicitly

sorting sticky notes while explicitly searching for a sticky note in a pile of sticky notes.

We defined all codes as mutually exclusive state events. Thus, we were able to com-

pare the duration of activities and their sequences. The video codes helped us to elicit

the main aspects of work behavior. Also, it allowed us to focus on specific sub-parts

of the video for detailed qualitative observations.
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5.2.2 Data Logs

We collected data logs of participants’ interaction with the system, namely when and

how often participants transferred sticky notes from one tablet to another (including

an internal ID for each tablet), the ratio of object transfers per interaction, and task

completion times. We did this to analyze whether the interaction technique affected

how and how often participants interacted with sticky notes and tablets.

5.2.3 Questionnaires

We used the NASA-TLX questionnaire [136] to investigate the subjective task load

caused by the three interaction techniques. In addition to this, we used one ques-

tionnaire for subjective preferences and another questionnaire after the final task to

clarify participants’ choice of used interaction techniques.

5.3 Findings

We report our findings in relation to our research questions. We focus on differ-

ences across the three interaction techniques with respect to participants’ perfor-

mance (RQ3.1), their work behavior (RQ3.2), and the interrelations of interaction

techniques, device utilization, and task-specific activities (RQ3.3). As the data vio-

lated the assumption of a normal distribution, we decided to use a non-parametric

approach to analyze the data statistically. For the overall tests on statistical signifi-

cance, we used a Friedman test. If this test showed statistically significant differences,

we employed a Wilcoxon signed-rank test as a post-hoc analysis, including Bonferroni

correction.

5.3.1 RQ3.1 – Performance | Abstract Classification Task

We differentiate between task completion time, the number of sticky note transfers,

the ratio of object transfers per interaction, tablet utilization, task load, and subjective

preferences.

Task Completion Time

We measured participants’ task completion times: MMENU=241.00s (SD=58.58),

MTRAY=177.54s (SD=28.31), and MPICK’n’DROP=176.92s (SD=36.27). This differ-

ence was statistically significantly different (χ2(2)=25.00, p< .05). A post-hoc anal-

ysis revealed statistically significant differences between MENU and TRAY (Z=3.972,

p< .016) as well as between MENU and PICK’n’DROP (Z=3.972, p< .016).
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Number of Transfers across Devices

We measured how often participants transferred sticky notes across the available

tablets. The optimal number of moves is 35. A Friedman test revealed no statistically

significant differences when comparing the three different interaction techniques

with MMENU=37.04 (SD=3.13), MTRAY=36.13, (SD=1.36), and MPICK’n’DROP=38.04

(SD=2.80).

Ratio of Object Transfers per Interaction

As our interaction techniques allowed participants to change the ratio of object trans-

fers per interaction (e.g., picking up three sticky notes sequentially and then dropping

them all on another tablet), we analyzed if this ratio varied across the conditions.

Here, we define 1 as a 1:1 ratio (i.e., picking up one sticky note and dropping it af-

terward) and 5 as a 5:1 ratio (i.e., picking up five sticky notes and dropping them

afterward at once). For TRAY, the ratio could be varied by e.g., dragging multiple

sticky notes via multiple fingers out of it. A statistical analysis revealed no statisti-

cally significant differences with MMENU=1.64 (SD=0.67), MTRAY=2.40 (SD=1.57),

and MPICK’n’DROP=1.79 (SD=1.14).

Time-weighted Tablet Utilization

We analyzed participants’ utilization of the provided tablets using the time-weighted

tablet utilization score (TUS [316]). The TUS relates the number of used tablets to

their usage time and the overall task completion time. In our case, a TUS of 1.0

would indicate the usage of one tablet for the entire session. Similarly, a TUS of

8.0 would show a 100% usage of eight tablets. Our analysis revealed a mean TUS

of 5.75 (SD=1.07) for MENU, 5.01 (SD=1.63) for TRAY, and 5.74 (SD=1.45) for

PICK’n’DROP. Statistical analysis revealed no statistically significant differences.

Task Load

We used a NASA-TLX questionnaire [136] to investigate participants’ task load. A sta-

tistical analysis revealed no statistically significant differences for the overall scores

with MMENU=27.47 (SD=16.44), MTRAY=19.79 (SD=12.16), and MPICK’n’DROP=25.73

(SD=17.35).

We found a statistically significant difference for Physical Demand (χ2(2)=7.649,

p< .05). A post-hoc analysis showed statistically significant differences for a compar-

ison of TRAY and PICK’n’DROP (Z=−2.732, p<.016) with MTRAY=16.46 (SD=16.58),

and MPICK’n’DROP=27.50 (SD=24.89).
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Subjective Rating

We asked participants to rank the techniques based on their subjective preferences.

For analysis, we gave interaction techniques scores based on their ranked position

(e.g., 1 for the technique ranked best, 2 for the one ranked second, and 3 for the

least preferred technique). The mean scores are: MENU: 2.71 (SD=0.55), TRAY:

1.67 (SD=0.70), and PICK’n’DROP: 1.62 (SD=0.71). The overall analysis showed a

statistically significant difference (χ2(2)=18.083, p< .05). A post-hoc test showed

a statistically significant difference for pairwise comparisons of TRAY and MENU

(Z=−3.376, p< .016) and PICK’n’DROP and MENU (Z=−3.542, p< .016).

PICK’n’DROP was rated best by 12 participants. Participants described it as “like

picking up real objects” and that it was “fun”, “fast”, and its “fluent interaction” was

“intuitive”. Eleven participants rated TRAY as their favorite interaction technique –

they liked the “familiar handling” of drag interactions, described it as “like a game”,

and found it “interesting to see sticky notes appear on other tablets”. 18 ranked MENU

to be the least preferred technique. Although described as “you don’t have to think,

it’s like on a PC”, participants disliked the additional sub-tasks to invoke the context

MENU itself.

�
RQ3.1 – Findings: The three interaction techniques partly influenced

participants’ performance: TRAY and PICK’n’DROP are participants’

choice, and both are faster than MENU – with PICK’n’DROP showing

a higher subjective physical demand than TRAY.

5.3.2 RQ3.2 – Work Behavior | Abstract Classification Task

To investigate work behavior, we focus on our video analysis and the resulting types

of work behaviors.

Results of Video Analysis

Table 5.1 shows an overview of our three video codes in relation to the three inter-

action techniques. All conditions show an emphasis on Distributing, which can be

directly mapped to the task: It was necessary to distribute all sticky notes to solve it.

Analyzing this quantitative comparison using Friedman tests revealed no statistically

significant differences. Yet, our additional qualitative analysis revealed differences in

participants’ workflows that cannot directly be linked to one of the interaction tech-

niques. We discuss these types of work behaviors from a qualitative perspective in

the next subsection.
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MENU TRAY PICK’n’DROP

Sorting 16.96% (13.43) 20.33% (21.62) 16.38% (19.55)
Distributing 71.96% (15.29) 66.42% (20.89) 71.96% (22.63)
Exploring 3.00% (10.24) 4.13% (13.08) 3.25% (14.12)

Table 5.1: Mean values of relative duration of activities. The remaining relative

duration (about 8%) was used to arrange workplaces. The standard

deviation (SD) is shown in brackets.

Types of Work Behaviors

Analyzing the frequencies, sequences, and duration of the three different video codes

helped us to get a rich understanding of participants’ work behaviors. Although

the quantitative analysis did not reveal any differences, we were able to identify

three types (T1 – T3) of problem-solving approaches by analyzing all 72 sessions (24

participants×3 conditions) qualitatively: 1) T1: One Tablet, Many Piles, 2), T2: Many

Tablets, One Pile Each, and 3) T3: Mixed.

T1: One Tablet, Many Piles – Here, sorting of sticky notes was the main activity.

Participants piled up sticky notes with the same letter on the initial tablet. They

creatively circumvent the spatial limitations of a single tablet (e.g., it was possible to

arrange six sticky notes as a grid without overlaps, but they moved piles at/over the

edge of the tablet to overcome spatial restrictions) and moved every “new” sticky note

to its corresponding pile. Eventually, participants came up with eight piles, reflecting

the eight different letters/classes of sticky notes. Then, they transferred each pile to

other tablets.

T2: Many Tablets, One Pile Each – Here, participants skipped sorting and instantly

transferred each top-layer sticky note (the sticky note that was shown on top of the

pile of all sticky notes) to another tablet. They worked through the initial pile of

sticky notes and finished the task when all sticky notes were distributed. Rather than

sorting sticky notes on a single tablet, they used the affordances of physical devices

as containers.

T3: Mixed – This type of working behavior combines attributes from the other types.

Participants either explicitly or implicitly sorted sticky notes: When sorting explicitly,

participants piled up sticky notes – similar to T1 – but transferred them to another

tablet either when there was no additional space for new piles on the initial tablet or

as soon as a pile was complete (e.g., all five “E” sticky notes are piled up). Transferring

them to another tablet freed space on the initial tablet, which was then used again

to pile up other sticky notes. When sorting implicitly, participants were looking for a

specific letter – exploring the sticky notes while spreading them.
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Figure 5.5: A participant uses both hands (MENU, left), and a participant stacks

tablets (right).

In total, 14% of all sessions were classified as T1, 32% as T2, and 54% as T3. When

linking the different types of work behavior to our three different interaction tech-

niques, we found that 16 out of 24 participants acted as a T3 using MENU. For TRAY,

there were 10 T3, 9 T2, and 5 T1. Using PICK’n’DROP, there were 12 T3, 9 T2 and 3

T1.

Additionally, our qualitative observations allowed us to gain insights into how par-

ticipants utilized the large device ecology: 11 participants spread all tablets before

they started with the actual task in all three conditions, 5 participants always added

tablets incrementally, and 8 participants switched from an incremental workflow in

their first condition to spreading all tablets initially in the remaining conditions. Fur-

ther, participants used both hands to speed up their activity and stacked ’finished’

tablets (see Fig. 5.5).

�

RQ3.2 – Findings: From a quantitative perspective, there were no

differences between the interaction techniques regarding the amount

of time they explored, sorted, and distributed sticky notes. Our quali-

tative analysis revealed not only problem-solving approaches that par-

ticipants used to solve the task across all techniques, but also various

subtleties of interaction with a large ecology of devices.

5.3.3 RQ3.3 – Interrelations | The Murder Mystery

Here, we differentiate between frequencies of using the interaction techniques, par-

ticipants’ tablet utilization, and participants’ rationales for incorporating the interac-

tion techniques into their workflow for the second task. After completing the murder

mystery task, participants were asked five questions about the plot. For analysis of the

results, we scored participants’ correct answers. On average, participants answered

3.96 (SD=1.17) out of 5 questions correctly, indicating that the task was challeng-
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ing enough, yet not too demanding. The mean task completion time was 911,08s

(SD=469,44), and participants worked with 7.38 (SD=0.97) tablets on average to

solve the task.

Number of Interactions

We analyzed the number of interactions that were used to solve the task, the times

participants used one of the three interaction techniques for it, and how often one

of the techniques was chosen by participants. On average, participants transferred

sticky notes 48.35 (SD=9.70) times to solve the task.

As we did not restrict participants in their usage of the interaction techniques, we

analyzed the number of interactions per technique. Also, it was possible to combine

the interaction techniques (e.g., picking up a sticky note using PICK’n’DROP and

placing it on another tablet using MENU) – thus, we divided this analysis accord-

ingly. On average, participants used MENU 3.29 (SD=9.42) times to cut and 3.63

(SD=9.41) times to paste sticky notes. They used TRAY 21.19 (SD=22.59) times,

and PICK’n’DROP was used 23.88 (SD=23.56) times to pick and 23.46 (SD=23.25)

times to drop sticky notes. 16 out of 24 participants combined the different inter-

action techniques and incorporated them into their workflow. Six participants used

MENU, 20 participants used TRAY, and 17 participants used PICK’n’DROP.

Tablet Utilization

We analyzed participants’ utilization of the provided tablets using the time-weighted

tablet utilization score (TUS) [316]. Our analysis revealed a mean TUS of 6.50

(SD=0.99).

Work Behavior

We did a qualitative analysis of the video data to see if the codes used for the abstract

task and, thus, the different types of work behaviors also fit to the sensemaking task.

Here, we rarely saw sorting activities – participants focused on distributing sticky

notes to available tablets and clustering them semantically e.g., by persons or places.

This work behavior is similar to the T2 behavior, as participants used the physical

affordances of the tablets as containers for different topics. This is further reflected in

participants’ TUS: Here, the TUS for the sensemaking task (6.50, SD=0.99) indicates

an early utilization of a large number of tablets and was even higher than in the

abstract classification task.
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Figure 5.6: Participants dealing with non-important pieces of information: Repur-

posing TRAY (left) and a dedicated tablet as “trash bin” (both high-

lighted in blue).

Subjective Rationales for Using the Interaction Techniques

As a final step, we asked participants about their usage of the three different inter-

action techniques. Participants had to provide reasons for (not) using each of the

interaction techniques.

Participants liked MENU because it is “fun”, “easy”, and it was the “fastest technique

to move sticky notes from one tablet to another”. Participants used it to “select sticky

notes that are related to persons and collect them on a single tablet.” Participants chose

MENU instead of PICK’n’DROP in case of “overlapping sticky notes” – indicating spatial

limitations of PICK’n’DROP. Participants valued the utilization of both hands, as it was

“more natural to use both hands and thus, more fun and faster”. Yet, participants

criticized the integration into the workflow and did not use MENU because of “too

many steps”, which made it “inconvenient”. Participants “didn’t like it” because it “was

easier to stick to one technique” and “sticky notes disappeared” when cut – highlighting

the importance of the visibility of system status [285].

Participants liked TRAY because it was “handy”, they used it to “sort sticky notes on

different tablets”, and found it “easy to distribute information on different displays.”

They used it when they were “aware where a sticky note fits”, but also to “get needless

sticky notes out of view” and called it a “trash bin” (see Figure 5.6). On the other

hand, they did not use TRAY because sticky notes had to be moved “sequentially”

(integration into the workflow); they thought they would “have forgotten content while

being in the TRAY” (visibility of system status) because the task “was too complex” for

using TRAY.

Participants liked PICK’n’DROP because they wanted to “cherish information”, “the

technique fits best to the task”, and it “feels natural”. They also described it as “fun

and you can use both hands”, as “a fast way to move information”, and it was “useful

to move multiple sticky notes at the same time.” Interestingly, they mentioned that “it
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feels like picking up a real object” and that “having this feeling of holding a sticky note

in your right hand hinders you to drop it with the left hand, because it’s in the other

hand!” (utilization of both hands). Participants did not use PICK’n’DROP because

using “TRAY was easier” and “more practical”, and they chose to use “TRAY, because I

wanted to focus on the murder mystery” (integration into the workflow).

�

RQ3.3 – Findings: Our analysis showed that participants utilized a

large number of tablets to solve the task at hand. The TUS for task 2

was even higher than in task 1. This high score might be based on ex-

tensive training during the first task. Participants’ choice of interaction

techniques for the sensemaking task reflects their subjective preferences

for the abstract classification task. We identified quality features for

interaction with this Complementary Interface based on participants’

rationales for using the techniques: Visibility of status, utilization of

both hands, and smooth integration into the workflow.

5.4 Discussion

We discuss our findings based on the topics of legacy bias and work behaviors, qual-

ity features for successful interaction, and reflect on our holistic evaluation approach

using different types of tasks and both, qualitative insights and quantitative measure-

ments. We additionally provide implications for future research and design.

5.4.1 Legacy Bias and Work Behavior

Plank et al.’s evaluation of a collaborative multi-tablet system revealed that partici-

pants worked with one or two tablets to solve an analytic task [316]. The authors link

this finding to a legacy bias, indicating that participants are influenced by their pre-

existing knowledge of prior interfaces and technologies. They question if an extensive

training in using multiple devices (similar to Morris et al.’s priming technique (2014))

can facilitate users in utilizing more devices and, thus, reduce the legacy bias (one

of the key challenges for future cross-device interaction [50]). Based on our results,

we identified two ways that might help to reduce this legacy bias: 1) Guidance and

2) Training. We guided participants in using a large number of tablets with our ab-

stract classification task. Participants had to utilize all available tablets to solve the

task. This showed, on the one hand, the apparent fact that participants do utilize

larger numbers of devices if they have to, yet, on the other hand, this can lead to dif-
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ferent work behaviors – characterized by utilizing multiple devices at different points

in time. We believe that guiding users is a potential way to reduce the legacy bias by

learning the benefits of utilizing multiple devices, each adding value and increasing

the quality of interaction to solve the task at hand.

Our qualitative analysis revealed three types of work behaviors: 1) T1: One Tablet,

Many Piles, 2) T2: Many Tablets, One Pile Each, and 3) T3: Mixed. While working

on the abstract classification task, participants were aware that they would not be

surprised by the contents of sticky notes on the initial pile. It was clear that there are

sticky notes with eight different letters that could be explored, sorted, and distributed.

This can explain individual differences in work behavior. The different types of work

behavior can also be at least loosely linked to the legacy bias and the transaction

costs [153] of utilizing multiple tablets in the workflow. Participants had to involve

all available devices at some point in time to solve task 1. The T1 types were more

tentative in utilizing multiple tablets at an earlier stage, compared to the T2 and T3

types that both involved other tablets after a short period of time. This differentiation

in three types of work behavior was not present in the sensemaking task: Here,

all participants focused on distributing activities (i.e., utilizing a larger number of

devices early), e.g., to gain an overview, find suspicious activities, and finally come

up with a solution. This behavior is connected to the lack of knowledge of the content

of the piled sticky notes but might also be related to the previous training phase of

working three times with a large device ecology during the abstract classification

task.

5.4.2 Quality Features for Interaction with Complementary Interfaces

The importance of the visibility of system status and transparency of interaction was

emphasized: Participants complained that “sticky notes disappeared” in MENU and

in PICK’n’DROP. Using those techniques, participants had to remember which sticky

notes were currently in a non-visual clipboard state – a state that was always visible

in TRAY. We favored efficiency [361] over habits as participants were able to transfer

multiple sticky notes at the same time – a common practice in WIMP interfaces is

to only allow one element (e.g., a text fragment) in the clipboard state. Participants

liked this feature and described that “it fits to the task”. Although this additional cog-

nitive effort was not reflected in terms of mental demand measured via a NASA-TLX,

we believe that the number of elements in the clipboard state should be balanced for

the task at hand. In our case, participants were perfectly capable of dealing with this

feature as it fits with the abstract classification task – participants only had to remem-

ber single letters of a limited set. Remembering additional contextual information in

the murder mystery or other tasks requires more cognitive capacities and thus should

be supported in terms of visibility and transparency either via a visual clipboard (as
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in TRAY), an additional overview device [49], or by limiting the number of elements

in clipboard state.

Participants successfully made use of bi-manual approaches to solve both tasks. They

emphasized the “naturalness of using both hands”, which was “more fun and faster”.

Although this is a clear contrast to transferring objects in the real world and also

described for PICK’n’DROP (“It’s in my other hand!”), some participants valued this

possibility, and thus, it shows a reality vs. expressive power tradeoff [172]. We argue

that such interaction techniques should be carefully designed to be performed by

both dominant and non-dominant hands.

Performing interaction techniques requires effort. Participants rated PICK’n’DROP

with higher physical demand and mentioned that it “was easier to stick to one tech-

nique” (MENU), the murder mystery “was too complex” for using TRAY, and they did

not use PICK’n’DROP because they “wanted to focus” on the task at hand. Although

there was no difference in participants’ subjective task load when comparing the in-

teraction techniques, we argue for carefully designing interaction techniques that

interweave with the workflow and to allow focusing on the task at hand.

We observed participants not only creatively repurposing TRAY as a trash bin, but they

also used dedicated tablets as trash containers – focusing on the essential pieces of

information. Additionally, they mentioned that TRAY was particularly helpful when

“aware where a sticky note fits”. In this experiment, all available tablets looked the

same – with no differences in color, shape, or size. Although Conductor’s color as-

sociation was not perceived as beneficial [130], we think future research could in-

vestigate the influences of different form factors e.g., as design alternatives of Com-

plementary Interfaces to see if e.g., differently sized (mobile) devices lead to the

association of different purposes (e.g., a trash bin).

5.4.3 Towards Complementary Evaluation Approaches

Brudy et al. [50] discuss strategies to evaluate cross-device interactions and empha-

size the need for more work on evaluation methods to “support human activities

in a cross-device ecology or to meaningfully compare cross-device interaction tech-

niques [50].” We addressed this issue with our methodological approach of using the

experimental task as an independent variable in this Complementary Interface. With

this, we employed different but complementary angles of evaluation that allowed us

to study aspects of usability extended by insights into work behaviors.

User studies in HCI research usually involve specific tasks – depending on the re-

search focus – ranging from rather artificial workflows to complex sensemaking ac-

tivities. However, the task itself, besides the apparatus, is typically considered as
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one of the limitations of a study. We tried to loosen this limitation by including the

task as an independent variable: While the abstract classification task allowed us to

independently investigate the different interaction techniques and their effect on par-

ticipants’ performance and work behavior, the sensemaking task helped us to explore

how trained techniques are adopted and how a large ecology of devices is utilized.

With this holistic evaluation approach, we did not only combine different strategies

but also made a first step to extend the ideas from Complementary Interfaces

towards Complementary Evaluation Approaches.

We believe that the methodological combination of different types of tasks in a user

study is an effective way to gain different perspectives on a research problem. Future

research should further investigate the effects and influences of suitable task com-

binations, allowing complementary insights into participants’ usage of cross-device

approaches. This might eventually result in components of a universal testbed or

evaluation framework that enables to compare techniques or systems and creates a

frame of reference for future research.

5.5 Limitations and Future Work

One of the limitations of our study is the focus on tablet-sized devices. The two pre-

vious chapters have shown the influences of device sizes on interaction, similarly,

mobile devices with a smaller size (e.g., mobile phones) or larger tablets could lead

to differences in our identified working behaviors – smaller devices could favor dis-

tributing activities due to spatial limitations; sorting activities could potentially ben-

efit from larger devices. Also, the desk environment limits the generalizability of our

results: Participants were free to choose spatial configurations of devices that suited

their needs, yet they were still bound to the size of the desk, the seating arrange-

ment, and the desk itself as a surface to arrange devices. Interesting work behavior

could evolve when participants are also free to move around the desk or can arrange

devices vertically (as seen on murder boards on TV), including handheld devices

and additional pens for annotations, especially for sensemaking activities. Further-

more, allowing participants to work with such a large ecology of devices not only in

a controlled lab environment but also in their familiar surroundings (i.e., in the wild)

might lead to additional, complementary quality features. Although we integrated

two task types in our user study that allowed us to see the bigger picture, different

tasks types or task duration might lead to different results: The utilization of devices

might differ for a) tasks with dedicated or pre-defined devices for various activities

(e.g., creative tasks), b) the quantity of information (e.g., visual analytics), and c)

longer task duration might extend behaviors (e.g., different purposes for devices).
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5.6 Chapter Conclusion

We built a Complementary Interface to study the interplay of interaction techniques,

device utilization, and task-specific work behavior. We integrated a methodological

approach of using the task as an additional independent variable that allowed us to

control the interdependence of components in the first task and study participants’

assignment e.g., of device purposes in the second task. We conducted an experiment

with different but complementary angles of evaluation with an abstract classification

task [240], a sensemaking task [374], and three different interaction techniques.

We studied 24 participants working with our multi-tablet application using a large

ecology of devices of eight tablets (9.7′′) in total. We evaluated participants’ perfor-

mance (RQ3.1), their work behavior (RQ3.2), and the interrelations of interaction

techniques, device utilization, and task-specific activities (RQ3.3). We found that dif-

ferent interaction techniques have a surprisingly lower influence than expected, that

work behaviors and device utilization heavily depend on the task at hand, and that

participants value certain quality features of Complementary Interfaces. Our com-

plementary evaluation approach with different task types and measurements allowed

us to gain different yet complementary insights into otherwise hidden subtleties of

Complementary Interfaces.
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The previous chapters presented use cases of Complementary Interfaces, each with

an individual experimental design. Chapters 4 and 5 purposefully included the mea-

surement of subjective task load using the NASA TLX questionnaire [135, 136] –

showing the influences of handling multiple interactive components simultaneously

on participants’ task load. Similarly, prior research has identified both, negative and

positive influences on cognitive workload of handling multiple interactive compo-

nents [325, 439]. However, using a questionnaire to measure highly dynamic con-

structs such as cognitive workload might not be the best choice. Therefore, this

chapter takes a step back from the focus on Complementary Interfaces and presents

a literature review of measurements of cognitive workload in HCI in general – a po-

tential dependent variable in experimental settings for Complementary Interfaces.

The chapter will address the following general research question:

¬ RQ4: How to measure cognitive workload?
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Recent research has shown the influences of handling multiple interactive compo-

nents on cognitive workload [325, 439] – similarly, the previously presented Com-

plementary Interfaces have shown that different meaningful combinations of input

and output modalities individually influence participants’ load. In general, the in-

creasing number and complexity of novel computing systems have an impact on

cognitive workload during interaction. Therefore, cognitive workload analysis for

the design (e.g., as an input modality) and evaluation (i.e., as a dependent variable

of experimental settings) of interactive systems is an ongoing research area. While

researchers use the term “cognitive workload” extensively, there is, to date, no con-

sensus on a definition of the concept, nor is there a gold standard for measuring it.

At the same time, the assessment of cognitive workload remains a primary objective

in research. Cognitive workload is viewed as a factor that must be reduced or kept at

an engaging level to achieve a satisfying user experience. By considering cognitive

workload aspects, the research community strives to build improved user interfaces.

Yet, the detailed history of how cognitive workload was adapted to HCI from the field

of psychology [133, 134, 234] via HCI’s Human Factors legacy remains uncharted.

The HCI community used cognitive workload measures as early as 1994 [45], but the

concept’s generic applicability to computer systems remained a largely unexplored

topic.
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Parallel notions of the concepts of cognitive workload emerged in literature, resulting

in an epistemic problem: On the one hand, cognitive workload is widely recognized

as an important metric. On the other hand, no universal measures or definitions

are recognized by the community. Despite this, research and practice use cognitive

workload extensively to benchmark user interfaces where different human cognitive

systems, such as memory, motor, visual, and auditory perception, are used. Tradition-

ally, research employed questionnaires [135, 136] or think-aloud protocols [306] as

cognitive workload measures. The NASA-TLX [135, 136] questionnaire has become

a household name in HCI research, and it is widely taught in HCI education. With

the advent of Ubiquitous Computing, sensing technologies enabled building systems

that use physiological sensing data and user behavior as an objective indicator [55]
of a user’s mental workload. Sensing technologies provided researchers with a po-

tent tool to objectively quantify the evoked workload of their user interface design in

real-time and, going beyond, allow cognitive workload to be treated as a real-time in-

put for user interface adaptations [103, 427]. This enables researchers to design for

specific mental states of their users, providing a more fine-grained view on workload

analysis or adapting interfaces to individual cognitive workload states.

Although well-researched literature on the evaluation of human work regarding cog-

nitive and ergonomic factors exist [416], the missing consensus within the field still

leads to misuse of metrics and, ultimately, misunderstanding the concept of cognitive

workload. Misinterpretation of research findings, lack of reproducibility, and unsuit-

able measurement modalities are possible threats if cognitive workload is not fully

understood. Furthermore, researchers and practitioners are challenged by an abun-

dance of cognitive workload assessments, potentially hindering a proper evaluation

of computing systems. Consequently, there is a need to categorize cognitive work-

load metrics to support researchers and practitioners in choosing evaluation metrics

and allow a consistent interpretation of their findings.

This chapter presents a systematic review of the concept and measurements of cog-

nitive workload in HCI research. The focus is intentionally broadened to the general

field of HCI research to understand the bigger picture. Yet, cognitive workload is

potentially a highly relevant dependent variable in experimental settings for Com-

plementary Interfaces and a possible input modality for them.

Through charting the various metrics used for cognitive workload, we identify oppor-

tunities and challenges for the future use of cognitive workload metrics in Human-

Computer Interaction (HCI). Further, we present a categorization providing insights

into choosing appropriate cognitive workload metrics. Our work focuses explicitly on

HCI’s implicit understanding of cognitive workload rather than drawing from a theo-

retical background, as suggested by past work [145]. Consequently, we seek to chart
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how HCI understands and measures cognitive workload. We contribute results that

show that the field has primarily measured cognitive workload using post-hoc ques-

tionnaires, most predominantly the NASA-TLX. Later work used physiological sens-

ing to use workload as an input or conduct in-depth analyses of how workload varies

during a task. Finally, our review shows opportunities for educating and guiding re-

searchers to understand the role of cognitive workload, allowing them to conduct

focused and reproducible research through an improved understanding of cognitive

workload metrics.

6.1 Review Synopsis

The review provides an overview of the theoretical background, metrics, and uses

for cognitive workload. In contrast to previous research reviewing work on cognitive

workload [18, 84, 88, 89, 206, 297, 436], our survey focuses on cognitive workload

assessments in the field of HCI to support researchers in choosing cognitive workload

measurements for their experiments. We summarize metrics used to assess cognitive

workload for interface optimizations and adaptations. In the remainder of this chap-

ter, we contextualize our inquiry to introduce cognitive workload theory first. Then,

we report on our review methodology and describe frequently used cognitive work-

load metrics. After that, we categorize cognitive workload metrics to support the

selection of appropriate metrics in future experiments. This includes a step-by-step

procedure to select appropriate cognitive workload measurements (see Figure 6.4)

and an interactive paper library that can be extended by future research contributions

from the community1, hence providing researchers and practitioners with an up-to-

date tool for an efficient selection of suitable cognitive workload metrics beyond this

chapter. Finally, we present three research gaps to advance the field and discuss op-

portunities and possible pitfalls for future research that uses cognitive workload e.g.,

as a dependent variable of an experimental setting or as an input modality.

6.2 Background

Previous research has presented different theories or models originating from the

field of educational [378, 381] and cognitive psychology [133, 134, 411–413]. A

majority of these concepts originate from the field of Human Factors, where HCI was

adapting the concepts for their workload assessments. Although the two fields, Hu-

man Factors and HCI, have deviated during the past years [124], several cognitive

workload assessments from Human Factors were adopted for HCI research. In this

context, the HCI community uses the general terms “cognitive workload”, “cognitive

load”, or “mental workload” in most of their experiments to describe the cognitive

1https://www.thomaskosch.com/cl-paper-library/—last access – last accessed 01.11.2023
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demand of a task. Although these theories lay the foundations for assessing cogni-

tive workload in Human Factors, cognitive psychology, and pedagogy, they were not

designed for the HCI field per se. Subsequently, mental workload assessments were

used to evaluate the cognitive demand of interacting with user interfaces, although

they were not originally designed for the design and evaluation of user interfaces.

For example, the NASA-TLX questionnaire [136], a method to assess pilot workload,

was used as a mental workload measure in 1994 [45] in an HCI context for the first

time.

The term workload characterizes the required mental effort to complete a task (work)

with several constraints (load), such as fixed periods or large batches of tasks [267].
Extensive cognitive workload influences an individual’s task performance and ability

to cope with concurrent tasks. Whereas cognitive workload is often associated with a

negative experience, it can be essential to elicit positive effects during daily activities.

Nevertheless, a permanent high cognitive workload harms attention and focus when

there is an imbalance between the individuals’ cognitive abilities and the task diffi-

culty, potentially distracting the person and eliciting mistakes. Cognitive workload

occurs when events demand the mental resources of individuals in a specific context.

These events can occur within an external context, such as interruptions caused by

notifications, or an internal context, where the demand is inherent to the task. Mul-

tiple events that simultaneously impact a single processing channel impact cognitive

processing performance [411–413]. How well a person copes with these events de-

pends highly on their cognitive prowess and the type of events. For example, users

interrupted by notifications revert faster to their previous mental state when multiple

disruptions during long-term tasks demand higher cognitive abilities [231]. During

times of high cognitive workload, the body allocates resources needed for dealing

with the load. This includes changes in cortical activity, blood flow, an increase in

respiration rate and electrodermal activity, or differences in eye behavior [79].

6.2.1 Understanding Cognitive Workload

Before we explore different workload theories and how they are employed in HCI

research, we will clarify the understanding and term usage between them. Specif-

ically, we will clarify the terms “cognitive load” and “mental workload”. The term

“cognitive load” was coined by Sweller [378] to describe the instructional design of

pedagogical methods. Later, the three terms intrinsic load, germane load, and extra-

neous load were introduced to separate cognitive load into different modalities [381].
Although these concepts do not originate from the HCI field, we decided to include

them in this survey since an increasing number of HCI papers started to mention the

cognitive load theory to justify their workload assessment (cf. [6, 145]).
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More recent work investigated the additive interaction between the two different

concepts “cognitive load” (i.e., intrinsic load, germane load, and extraneous load) and

“mental workload” [107]. Their results revealed an impact between task difficulty

and time pressure, modulating the alertness, subjective, and psychophysiological

workload measures of users. Thus, the definition and interpretation of cognitive

workload, including its underlying theories and models, is a subject of controversy

in psychology [80]. In the following, we describe concepts that theorize cognitive

workload from an HCI perspective. These initial concepts led to a categorization

of workload modalities later adopted for studies in the field of HCI. We begin by

exploring theories, measurements, and assessments adopted in past HCI studies.

Since it originated in the 1980s, Sweller’s cognitive load theory has become acknowl-

edged within the field of instructions and learning design [88]. Sweller developed the

cognitive load theory [378–380], a theoretical framework that explains how learning

is limited through instructional design. The theory divides the relationship between

instructional design and problem-solving into three components: intrinsic load, ger-

mane load, and extraneous load [381]. Initially, Sweller’s cognitive load theory origi-

nated from educational psychology and was unrelated to how interfaces impact users’

workload in HCI research. However, it provides an initial understandable separation

between the different allocated mental resource fragments. Sweller assumes that

each component cumulatively allocates and demands mental resources. Intrinsic load

describes the inherent complexity of a task. Thus, the efficacy of a person to solve

a given task heavily depends on their skill and ability to understand patterns or se-

quences. Intrinsic load is not trivial to manipulate since the intrinsic task complexity

is associated with a person’s necessary individual cognitive resources and proficiency.

Keeping intrinsic load at a sweet spot2 is considered to foster task engagement while

reducing frustration [434]. Germane load represents the effort to process patterns

within a task. Realizing new schemes or patterns that help solve a task may increase

task engagement and foster learning. Thus, the maximization of germane load is em-

phasized as a crucial factor when designing engaging user interfaces. However, this

is highly disputed among psychologists, where intrinsic load and germane load are

considered to be identical [185, 357]. Extraneous load is manipulated by the task

representation that can be perceived via human perception. For example, in the HCI

context, a well-designed interface visualization allows for an easier interpretation of

data. Relative to the other workload types, extraneous load is theoretically trivial to

manipulate since the task representation can be exchanged through design alterna-

tives. Extraneous load can be minimized to avoid unnecessary allocations of cognitive

resources to resolve the intrinsic task complexity. Hence, extraneous load is directly

2A sweet spot is the optimal proximal zone, where a user is not affected by frustration or boredom that
originates from cognitive over or underload.
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related to the interface’s representation and user interpretation. Work in HCI exists

using extraneous load as the relationship between the visual representation of a task

and measured workload [6, 145].

In contrast, “mental workload” is related to the cognitive demand of a task itself [267].
In contrast to the aforementioned cognitive load theory, mental workload refers di-

rectly to cognitive resources allocated by a task. The attention and task performance

are more severely impacted the more mental workload is required. In this context,

Wickens suggested a multiple resource theory, proposing that human operators do

not have one information processing channel [411, 412], but several processing chan-

nels that can be addressed simultaneously. If one information processing channel is

overly demanded, for example, through the sequential processing of a task, the more

the performance is expected to decrease. Thus, users need more information process-

ing resources, especially when performing multiple tasks on the same information

channel, leading to errors and lowered task performance. However, simultaneously

addressing different information channels, such as auditory or visual, does not nec-

essarily cause mental overload.

The concepts of Sweller’s cognitive load theory and Wickens’ multiple resource theory

are different, yet, they are used by the HCI community in a mixed way (cf. [6, 145]).

The aim of this work is not to unify these theories. Instead, we aim to show how cog-

nitive workload is measured by the community and provide an instructional guide to

choosing suitable workload measures. This chapter systematically collects and sum-

marizes workload assessment to guide researchers in selecting appropriate workload

measurements. To avoid confusion regarding the terminology, we use the terms “cog-

nitive workload”, “cognitive load”, and “mental workload” synonymously to describe

workload imposed through the instructional system design of user interface visualiza-

tions (e.g., extraneous load) or cognitive demand of users who process information.

6.2.2 Cognitive Workload: Designing and Evaluating User Interfaces

Well-designed user interfaces are meant to support their users in their operation,

preventing permanent high and low workload while fostering appropriate cognitive

engagement. Therefore, cognitive workload has emerged as a frequently used met-

ric for designing and evaluating interactive systems. The assessment of cognitive

workload helps interface designers in two ways: Using a constructive or formative

approach (e.g., during early design phases), where cognitive workload is measured

to improve the design of novel interactive systems, or using a summative approach

(e.g., using existing systems) that includes cognitive workload as a dependent variable

of an experimental setting to study e.g., interaction techniques. Additionally, cogni-

tive workload can be used as an input to design engaging adaptive interfaces that,
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for example, adapt visualizations in real time. This concept is often referred to as

Cognition-Aware Computing [51] and Workload-Aware Computing [208].

While most users can cope with changes in cognitive workload for a short time, the

long-term management of high cognitive workload can be challenging. Over- or

under-challenged user states are the result, leading to frustration or boredom [334].
In addition, health issues, such as burnout, mental exhaustion, or physical tiredness,

may arise under prolonged exposure to cognitive workload [265]. To further elabo-

rate on the role of cognitive workload in research, we provide an example of a user

interface inducing high workload and then present how to use cognitive workload

assessments to improve this interface: For example, interfaces that require users to

search for items or memorize lengthy menu structures can increase cognitive work-

load by straining their memory [34]. Interacting with a lengthy menu list with many

nestings for a short time might only impact cognitive resources. However, fewer cog-

nitive resources are available to solve the actual task if users are repeatedly forced

to navigate the same complex menu structure at varying times. Here, the visual

complexity of the representation of the menu structure might strain the user’s cog-

nitive resources. The visual complexity can be reduced by (1) providing, for exam-

ple, shortcuts for repetitive actions directly on the interface, (2) integrating context

information (e.g., , only showing relevant items), or (3) sensing the cognitive work-

load through physiological sensing to predict following actions of a user. A typical

user study would compare different user interface alternatives (e.g., different visual

representations of a menu) and measure the user’s cognitive workload using ques-

tionnaires (e.g., NASA-TLX [136]) or physiological sensing. These assessments are

tools for researchers to design interfaces matching the cognitive resources of their

users through the visual complexity of the representation of the user interface, hence

manipulating extraneous load. Over the past 30 years, several metrics for cogni-

tive workload have been explored by HCI research. Physiological sensing has gained

attention as a measure of cognitive workload while, at the same time, new question-

naires have emerged to measure cognitive workload in various contexts. Hence, it

becomes increasingly more challenging to maintain an overview of the most appro-

priate cognitive workload measurement modalities.

In this review, we investigate how this definition was applied in the design and eval-

uation of interactive systems. To this end, we summarize how extraneous load was

evaluated in previous user studies and encapsulate the measures used to foster a

shared understanding of cognitive workload assessments. This review focuses on the

field of HCI in a computing sense, i.e., the interdisciplinary research domain and

community historically built around the ACM Conference on Human Factors in Com-

puting Systems (CHI) [124], usually classified by ACM as Human-Centered Comput-
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ing. Thus, our inquiry addresses conceptualizations of cognitive workload within

studies of discretionary use of computers [124]. We recognize that our analysis fo-

cuses solely on this academic tradition and that other communities, e.g., Human

Factors Engineering (HFE) or Ergonomics, have built a more thorough understand-

ing of workload (i.e., in the domain of human-machine interaction). We aim to show

current practices, execution, and interpretation of cognitive workload assessments

within the HCI community.

6.3 Review Methodology
Our review follows an iterative process of identifying relevant venues, filtering, and

analyzing publications. This section describes our approach to the systematic review.

We outline the inclusion criteria of our literature search and the phases of the refine-

ment process (exclusion criteria). We followed the PRISMA procedures [199, 269]
for systematic reviews and meta-analyses. The complete PRISMA is depicted in Sec-

tion 6.3.3. We built our literature corpus by systematically identifying relevant papers

through a keyword search in all proceedings and journals related to HCI.

6.3.1 Systematic Search

The first phase of our review was a systematic keyword search in the digital library

databases relevant to the HCI field.

Inclusion Criteria for Venues

We included all proceedings and journals in the research area of HCI in our search.

To get an objective overview, we used Microsoft Academic3 to obtain conference and

journal rankings in HCI. For conferences, we decided to include the top 20 venues

plus six conferences in the top 40, all known as featuring highly relevant papers for

this review. For journals, we included all top 10 journals. We additionally confirmed

the relevance of the venues via CORE4 rankings. We accumulated all matching papers

within all the digital libraries, which contained at least one of the conferences or

journals listed5. We adjusted the search syntax to work with the search APIs provided

by the publishers. This process resulted in an initial corpus of 6414 papers. The cut-

off date for all venues was the 30th of April 2020.

Inclusion Criteria for Keywords

We introduced an interpretation of the term “cognitive workload” and its implication

for interaction in Section 6.2. We discovered that the term is used with different
3Service discontinued, previously available via https://www.academic.microsoft.com
4https://www.core.edu.au - last access – last accessed 01.11.2023
5Publishers changed for some venues.
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semantics during this survey. To this end, we iteratively refined our keywords and

evaluated them on a base corpus of top-rated venues. Starting from the initial key-

word “cognitive workload”, we identified synonyms used in literature and extended

our set of keywords. The regular expression used in the review is presented in Equa-

tion (6.1). This expression matches all commonly used terms and synonyms related

to cognitive workload. Using the expression in the relevant databases resulted in our

initial set of papers:

((cogni t ive | mental) (load | workload)) | (working memor y) (6.1)

6.3.2 Review Process

Our systematic search yielded an initial corpus of 6414 papers in total; 4408 from

conference proceedings and 2006 from journals. This section outlines how we fil-

tered the papers to reach our final corpus. We employed two exclusion criteria and

a final categorization of our paper selection as a meta-analysis step.

Exclusion Criteria

As detailed below, we reviewed the initial corpus concerning paper eligibility and

relevance.

Paper Eligibility We only considered archival, peer-reviewed papers, i.e., journal

and conference papers, full and short papers, and book chapters. This approach

eliminates workshop summaries, posters, works in progress, and other non-archival

publications. We excluded 904 papers in this step.

Relevance We used a double decision scheme to filter the initial corpus of eligible

papers (5510 records). Four researchers participated in the filtering process. Per

publication, two researchers independently assessed if the publication was relevant

to the survey. Using researcher triangulation, we ensured that at least two researchers

had read every paper in the final corpus. No author had assessed the relevance

of their own work. Papers were considered relevant if they exhibited one of the

following characteristics:

• Metrics paper: These papers discuss a system or application, including a form

of cognitive workload that was measured, either using it as an evaluation met-

ric or as an input channel.

• Meta paper: These papers discuss a concept of cognitive workload on a meta-

level, such as definitions, application concepts, and possible frameworks for

HCI research.
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Each publication that was rated as relevant by two researchers was included in the

final corpus. In addition, we excluded another 4931 papers during this step. This

final corpus (579 records) was then subject to our analysis, extracting employed

modalities in the categorization step.

Categorization

We aimed to understand the content structure within the corpus through this catego-

rization, especially the employed modalities to measure cognitive workload. Thus,

we additionally categorized metrics papers into works that used subjective metrics

and those that used objective metrics. Finally, we directly filtered by employed

modalities, such as questionnaires or gaze, in a more refined categorization. Dur-

ing this step, we did not exclude any publications.

To systematically code all papers and build a taxonomy of all cognitive workload

measures used in HCI, we used a qualitative analysis approach where we listed all

cognitive load measures used in all papers in the corpus. In a coding meeting, four

researchers then agreed on a naming scheme for the methods to achieve a uniform

matrix of measures in papers. We then used affinity diagramming to iteratively group

papers and methods to reach a final taxonomy of methods. Applying this coding

method does not guarantee that the proposed taxonomy is the only correct one (no

qualitative analysis can offer such a result), yet our approach ensures that the struc-

ture is comprehensive.

6.3.3 PRISMA Flow Graph

In the following, we present the complete PRISMA flow graph for our systematic

review, as detailed in this section. It depicts the individual stages of paper inclusion

and exclusion (right-hand side).

6.3.4 Literature Corpus

Our final corpus includes a total of 579 records: 482 records from 26 conferences6

and 97 records from 11 journals. The complete list is available on our website7.

Among the irrelevant papers, most were excluded due to the ambiguity of the term

“working memory”. Especially in computer science venues, this is a technical term

used in processor architecture. Moreover, papers often used cognitive workload to

motivate research or explain results. Here, cognitive workload is merely a hypothet-

ical factor contributing to results. These works did not actively engage with metrics

or concepts related to cognitive workload and were subsequently excluded.

6Including conferences that switched to a journal format.
7https://www.thomaskosch.com/cl-paper-library/ - last access – last accessed 01.11.2023
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Total records in searched digital
library databases, such as ACM DL,
Springer Link, IEEE Explore

Records after keyword search
(n=6414)

Eligible records: archival, peer-
reviewed papers (n=5510)

Records excluded due to ineligibil-
ity (n=904)

Relevant records: Metrics and
Meta papers related to cognitive
workload (n=579)

Records excluded due to irrele-
vance (n=4931)

Final corpus (n=579)

Meta-analysis through categoriza-
tion of records. No records are
excluded.

Figure 6.1: PRISMA flow chart highlighting the stages of our systematic search as

detailed in Sections 6.3.1 and 6.3.2.

6.4 Cognitive Workload Metrics

Informed by the records of our literature corpus, we describe current practices for

cognitive workload measurements in HCI. This section aims to provide a compre-

hensive overview of individual metrics, their respective characteristics, and their re-

lation to each other to inform researchers about the functionality of the measure-

ment. Please refer to Section 6.5 on how these metrics are employed in HCI studies,

including a step-by-step guide on choosing an appropriate metric. Additionally, our

website provides an interactive search-and-filter interface supporting researchers and

practitioners to find relevant literature – and with this suitable cognitive workload

measurements – for their own work. We present the whole spectrum from subjective

(e.g., questionnaires) and objective (e.g., physiological) measurements. If not stated

differently, details on the analyses of the measures can be found in the referenced

literature. As an overview, we provide Figure 6.2 and Figure 6.3 depicting numbers

for selected modalities8 and the relationships among them.

8We decided to omit less frequent modalities for visual clarity.
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(a) An approximate graphical representation

of which measurement modalities were

used simultaneously in the corpus. Note

how physiological measures were often

used together.

(b) The table contains counts of all papers

which concurrently used two or more mea-

surement modalities.

(c) The graph visualizes the total number of times each modality was employed in the corpus.

Questionnaire-based methods were most prevalent, with a big emphasis on using the NASA-

TLX.

Figure 6.2: An overview of the different modalities used to estimate cognitive load

in the corpus.

6.4.1 Questionnaires

Questionnaires incorporate questions to infer the experienced cognitive workload of a

single trial or whole experiment. This is often indicated by a score that is assigned by

participants. The magnitude of the score (i.e., lowest and highest score) depends on

the design of the questionnaire itself. Questionnaires have two key advantages, which

make them popular: First, they can be easily deployed by asking a participant to fill in

questionnaires after an experimental condition. This removes the inconvenience of

rather complex workload measures that require a prior rigorous setup. Secondly, they

provide a predefined and straightforward procedure to analyze the workload score.

The cognitive demand of the presented stimuli is quickly quantified through auto-

matic or manual analysis of workload scores. However, cognitive workload measures

based on questionnaires are prone to biases. Questionnaires lack real-time capabili-

144 Chapter 6. Measuring Cognitive Workload



0

25

50

75

2005 2010 2015 2020

Publication year

Questionnaire

NASA-TLX

Cerebral (EEG)

Cerebral (fNIRS)

Ocular

Heart rate

Task Performance

Dermal

(a) Absolute number of papers given publication

year for selected modalities.

0%

25%

50%

75%

100%

2005 2010 2015 2020

Publication year

Questionnaire

NASA-TLX

Cerebral (EEG)

Cerebral (fNIRS)

Ocular

Heart rate

Task Performance

Dermal

(b) Individual share of selected modalities normal-

ized per publication year.

Figure 6.3: An overview of the eight most prominent modalities broken down by

publication year. Note how the overall number of modalities increases

over time, yet the distribution of individual shares stays rather constant

over time. The metrics are highlighted in bold font in Table 6.1 (exclud-

ing questionnaires).

ties since they are employed after an experimental condition. Hence, these measures

aggregate their workload measure of an experimental condition into a single score,

making it challenging to measure fluctuations of cognitive workload during the ex-

perimental condition or user interface interaction. Furthermore, questionnaires are

highly susceptible to subjective perception: Users assess questionnaires depending on

their perception, so it becomes difficult for the experimenter to interpret the results

if high variations of workload scores exist within the same experimental condition.

Despite the disadvantages above, questionnaires resemble the most used metric for

cognitive workload among HCI researchers and practitioners (see Figure 6.2). We

describe the design of the questionnaires that emerged as relevant throughout the

literature review in the following subsections.

NASA Task Load Index

The NASA Task Load Index (NASA-TLX) [135, 136] is a multi-scale questionnaire

to assess participants’ perceived subjective workload. Its origins date back to the

1980s when NASA researchers introduced it to study task load of pilots. Although it

was not originally designed to evaluate cognitive workload based on the interaction

with a computer, it is the most frequently used questionnaire to measure cognitive

workload in our literature corpus (cf. Figures 6.2 and 6.3). For the questionnaire, the

overall workload is split into six sub-scales: 1) Mental Demand, 2) Physical Demand,

3) Temporal Demand, 4) Performance, 5) Effort, and 6) Frustration. Each sub-scale
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has an additional description that participants need to read before rating the specific

sub-scale to minimize misunderstandings (e.g., “How mentally demanding was the

task?” for the Mental Demand sub-scale). Sub-scales are horizontal lines divided into

20 intervals with bipolar descriptions on the left and right (i.e., Low/High). Tick

marks with increments of 5 allow participants to have ratings between 0 and 100.

Researchers can then analyze the overall perceived workload in two ways: a) with

an individual sub-scale weighting, or b) without an individual sub-scale weighting,

often referred to as “Raw NASA-TLX”.

Dundee Stress State Questionnaire

The Dundee Stress State Questionnaire (DSSQ) is a questionnaire measuring task-

induced stress [261, 262]. Past research used this questionnaire to measure cognitive

workload, assuming that stressful situations are associated with negative emotions

that lead to higher cognitive demand. The DSSQ employs eleven state factors, which

are associated with the three dimensions of Task Engagement (factors: Energetic

Arousal, Tense Arousal, Hedonic Tone), Distress (Intrinsic Motivation), and Worry

(Self-focus of Attention, Self-Esteem, Confidence, and Control, Concentration, Task-

related Cognitive Interference, Task-irrelevant Cognitive Interference) of which each

scale consists of eight items.

Instantaneous Self-Assessment

The Instantaneous Self-Assessment (ISA) [388] is a uni-dimensional subjective work-

load assessment technique. Participants rate their perceived workload in predefined

intervals during the execution of a task – allowing for real-time assessment of cog-

nitive workload. Participants are continually asked to self-rate their perceived work-

load during a task on a scale of 1 (’underutilized’) to 5 (’excessive’). While this can be

done using pen and paper, traditionally, an additional keypad consisting of 5 buttons

(each button representing a workload level) and a flashlight (flashing when a rating

is requested) is required.

Bedford Workload Scale

The Bedford Workload Scale [337] is a uni-dimensional rating scale to determine

free mental capacity. It consists of a hierarchical decision tree, and participants are

asked whether 1) it was possible to complete the task, 2) the workload was tolerable,

and 3) the workload was satisfactory without reduction. Depending on the decision,

participants then have to rank their perceived workload on a rating scale with end-

points from workload insignificant (1) to task abandoned (10). This value represents

the perceived workload of a participant.

146 Chapter 6. Measuring Cognitive Workload



Workload Profile

The “Workload Profile” questionnaire [393] combines a Psychophysical Scale, the Bed-

ford Workload Scale, and a Workload Profile to measure cognitive workload. The psy-

chophysical scaling procedure assigns an arbitrary workload score to a reference task.

After completing the reference task, the participants are asked to rate the cognitive

demand of the other conditions relative to the reference task. There are no numeric

restrictions in the workload rating. Hence, each rating is subjectively proportional

regarding the difficulty assigned to the reference task. Conceptually similar to the

Bedford Workload Scale, the Workload Profile collects the proportion of remaining

attentional resources after the subject has experienced all tasks. Eight workload di-

mensions are rated, summed up, and compared to the other two scales.

System Usability Scale

The System Usability Scale (SUS) [47] is a ten-item questionnaire for the subjective

assessment of usability. Each item is represented as a statement (e.g., “I found the

system unnecessarily complex”), and participants use five-point Likert scales to indi-

cate the extent to which they agree with the specific statement (i.e., strongly disagree

(1) to strongly agree (5)). The SUS has a predefined procedure to calculate the over-

all SUS score between 0 and 100. Although the SUS represents a classical subjective

assessment method for usability, previous research has argued that cognitive work-

load can be “calculated indirectly through some of the questions in the SUS” [336]
(e.g., “I thought the system was easy to use”).

Rating Scale Mental Effort

The Rating Scale Mental Effort (RSME) [438] is a single-scale questionnaire with

nine workload levels ranging from “not at all hard to do” to “tremendously hard

to do.” The RSME scale consists of a 150-millimeter vertical line with tick marks

from 0 to 150 on the left-hand side and nine workload levels as labels on the right-

hand side. Participants rate their workload on this scale. It is noteworthy that the

lowest workload classification (“Not at all hard to do”) is not represented as value

0, and neither is the highest workload classification (“Tremendously hard to do”)

represented as value 150. This allows participants to rate their workload beyond the

predefined classification.

Driving Activity Load Index

The Driving Activity Load Index (DALI) [306] is a multi-scale questionnaire to assess

participants’ perceived subjective workload. The DALI is an adapted version of the

NASA-TLX, yet tailored to the driving task. Similar to the NASA-TLX, the DALI con-
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sists of six scales: 1) Effort of Attention, 2) Visual Demand, 3) Auditory Demand, 4)

Temporal Demand, 5) Interference, and 6) Situational Stress. Participants rate each

sub-scale on a 100-point range with 5-point steps. In line with the NASA-TLX, an

individual sub-scale weighting is needed to compose a global workload score.

Cognitive Task Load Model Questionnaire

The “Cognitive Task Load Model” resembles a theoretical model to analyze cognitive

workload [281], which was developed explicitly for naval ship control centers. Cog-

nitive workload is formalized as a metric to refine allocated mental resources, which

a user interface can utilize to provide adaptive in-situ support. Users are observed

and classified into an abstract model that monitors workload utilization rather than

assigning scores to conditions. In contrast to the other workload-related question-

naires, the cognitive task load model does not result in a quantitative score but a

classification into the framework.

Customized Questionnaires

In addition to the established questionnaires, previous research has incorporated var-

ious custom questionnaires to subjectively measure cognitive workload – tailored to

their specific use cases or tasks. In addition, they often ask informally about the

perceived mental effort (e.g., using Likert scales).

6.4.2 Cerebral System

The human brain is the information and control unit of a human being. Thereby,

approximately 100 billion neurons underlie human cognition [139]. Electrical ac-

tivity in several brain regions can be measured by placing electrodes on the scalp.

Neurons communicate by exchanging electrical activity using neurotransmitters, a

chemical substance transferred between neurons. Measuring cerebral activity has a

rich history, in which scientists experimented with different modalities to capture cor-

tical activity. In 1929, Hans Berger published his first report about cortical electrical

measurements that can be captured by placing electrodes on the outer scalp of the

brain [225]. Since then, Berger became recognized as a pioneer in the quantification

of cerebral activity. Other modalities, such as Functional Near-Infrared Spectroscopy

(fNIRS) that investigate the oxygen levels in the blood, or Functional Magnetic Res-

onance Imaging (fMRI) that measures the electromagnetic responses of the brain,

were introduced in the 70s [99] and 90s [376] respectively to obtain more accu-

rate brain imaging measurements at the cost of temporal resolution. We present the

functionality of the brain measurements and their features in the following.
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Electroencephalography (EEG)

EEG is commonly leveraged in clinical applications and yields a non-invasive method

to estimate cortical activity [260, 284, 418]. Electrical potentials between 1µv and

100µv (microvolts) are measured by placing conductive electrodes on a scalp. An

additional electrode serves as a reference electrode, which can be placed on the ear-

lobe or scalp [255]. The measured EEG potentials allow the processing and extrac-

tion of different features. Machine learning has been used on these features to re-

trieve insights into cognitive processes [243, 244]. EEG has been used to discrimi-

nate between cognitive states [102, 120, 232], as a measurement for user experience

evaluation [103], and as an input method [16, 389]. For example, changes in elec-

trical potentials are observed by analyzing frequency bands. Previous work found

a drop in frequencies of alpha (8 - 12 Hertz (Hz)) and an increase of theta (4 -

8 Hz) [200, 209, 211, 216] when subjects had to raise mental capacities. An alter-

native approach is the assessment of Event-Related Potentials (ERPs) to infer mental

workload [48, 338]. To complement this, real-time brain visualizations enable deeper

insights into sequences of neuronal activity [210].

However, EEG measurements are prone to noise. Head movements, muscle contrac-

tions, eye movements, or even eye blinks cause changes in the electrical field on the

scalp. Researchers are concerned about this and invest significant effort to reduce

the number of measurement artifacts [76, 105, 207, 287]. Since artifacts cannot be

completely avoided, EEG often requires a controlled environment comprising mini-

mal body movements by the subject. Such conditions are often impractical for end-

users due to their high experimental control. However, recent technical advances

ameliorate these disadvantages [273], which allows artifact corrections for EEG dur-

ing mobile settings [40]. The barrier to using EEG in the real world has been lowered

by making EEG headsets accessible to the consumer market. These are usually priced

between $249 and $1600. More affordable open source solutions can be acquired

within the OpenEEG Project9.

Frequencies Different oscillations in EEG signals are attributed to several cognitive

states. The six bandwidths delta (1 Hz - 3 Hz), theta (4 Hz - 7 Hz), alpha (8 Hz -

12 Hz), lower beta (13 Hz - 20 Hz), upper beta (21 Hz - 30 Hz), and gamma (31 Hz

- 100 Hz) power are predominantly employed when analyzing frequencies. Delta

power is associated with varying levels of attention, salience, detection, and sub-

liminal perception [205]. According to our literature survey, delta power has not

been widely used to measure cognitive workload of computing systems. In contrast,

changes in alpha and theta frequencies are correlated with the mental demand placed

9https://openeeg.sourceforge.net - last access – last accessed 01.11.2023
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on working memory and increase or decrease in task engagement [111]. Theta oscil-

lations correlate with the frontal anterior cingulate cortex regarding task engagement

the users are experiencing [346]. Increased theta power is associated with higher

task engagement, while lower theta power indicates low task engagement. The al-

pha power is associated with changes in brain resting states. Modulating alpha waves

is achieved if the brain is resting, decreasing when users perform tasks requiring their

memory. Since it is unknown if correlations between the demand of working memory

(i.e., alpha power) and task engagement (i.e., theta power) might elicit a flow state,

researchers use the theta-alpha ratio as a metric for cognitive demand [346]. Simi-

larly, beta power is widely used as a metric for mental workload, including alertness,

arousal, frustration, engagement, and workload states [222]. In contrast, gamma

power indicates high mental activity at the somatosensory cortex [222]. Overall,

theta, alpha, and beta power are dominantly used for workload assessments.

Event-Related Potentials Event-Related Potentials (ERP) are specific amplitudes that

characteristically appear after users have perceived a stimulus [247]. Different am-

plitudes may be measured depending on the type of provided stimulus. For example,

if a stimulus does not match a user’s expectation, a negative peak in the EEG sig-

nal is measured after 400ms. In contrast, the processing of stimuli is visible after

300ms in the EEG signal. The increase in amplitude is known as P300, a specific ERP

component that is suspected to correlate with cognitive workload [48]. Therefore,

smaller ERP amplitudes are expected when users perceive stimuli that diversely de-

mand their working memory. Tasks that require a large amount of working memory

are more difficult to process, thus resulting in a smaller P300 amplitude. This pro-

vides an indicator for working memory placed on users when potentially interacting

with a user interface.

Functional Near-Infrared Spectroscopy (fNIRS)

Another non-invasive modality to measure brain activity is fNIRS [99]. fNIRS utilizes

near-infrared light within a range of 650 nm and 1000 nm to measure changes in

the concentration of Oxygenated Hemoglobin (HBO) and Deoxygenated Hemoglobin

(HbR) in the human brain. The light emitters are placed on the human scalp and

measure the outcoming light to affect the oxygen used. While fNIRS is famous for

brain sensing in HCI research due to its easy setup [279], latencies exist between

stimulus onset and the exact measure. This can make fNIRS challenging to be used

with applications that require immediate feedback.
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Functional Magnetic Resonance Imaging (fMRI)

fMRI is another non-invasive measure for cortical activity. In contrast to measures

of electrical activity, fMRI uses magnetic fields to measure the level of blood oxygen

in the brain [92]. fMRI uses electromagnetic waves instead of infrared light to find

changes in blood oxygenation. Similar to fNIRS, it takes several seconds to mea-

sure changes in cortical activity after stimulus onset when using fMRI. While provid-

ing very accurate results, fMRI is a stationary and expensive measurement modality,

making it rather unsuited to evaluate interactive systems.

6.4.3 Ocular System

The eyes are part of the human visual system. The eye collects light from the envi-

ronment, focuses and tracks visual stimuli, and transports these signals to the human

brain for further interpretation. In addition, the eye constantly moves – voluntarily

or involuntarily – to adjust the light intensity by dilating, contracting the pupil, or

focusing and following objects of interest. These eye movements can be recorded in

real-time using eye-tracking devices. While stationary eye trackers provide high pre-

cision and are usually attached to a display, mobile eye trackers (e.g., as a standalone

device or integrated into a head-mounted display) are worn like glasses, providing

the possibility to move in an environment freely. Both eye-tracking devices allow

for (e.g., gaze-based) interaction with a system or evaluation purposes. For exam-

ple, websites or interfaces are potential use cases for evaluation with eye trackers.

Here, areas of interest and focus sequences can be visualized as, e.g., heat maps or

scan paths. However, previous research has shown that various eye movements can

also indicate increased cognitive demand [86, 212, 213, 429, 431] or derive the user

proficiency during interaction [236].

Pupil Diameter

Changes in pupil diameter are referred to as pupil dilation: This is an involuntary eye

movement (i.e., a reflex), and the diameter can range from 1.5mm up to 8mm. Pre-

vious research has shown that pupils dilate with increasing task difficulty [66] across

tasks like reading, problem-solving, or visual search activities [340], where the cogni-

tive demand can be estimated in real-time using machine learning [212]. However, a

significant influence on pupil diameter is the environment. In a darker environment,

pupils dilate to acquire more light – pupils contract to reduce the amount of light

in a brighter environment. Thus, different methods and models (e.g., [311]) were

developed to ensure a valid measurement of cognitive workload using pupil dilation:

Here, the total pupil dilation is seen as the sum of dilation due to light intensity and

cognitive workload. Knowing the pupil diameter for a given light intensity allows
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us to calculate the effect due to cognitive workload. The Index of Cognitive Activity

(ICA) [258] and Index of Pupillary Activity (IPA) [86, 87] follow a similar principle

to separate light-invoked and cognitive workload-related changes in the pupil size.

Saccades

The eye movement that allows for shifting between two fixations (i.e., areas of in-

terest) is called saccades. Saccades are voluntary eye movements that take 30 to 80

ms to complete and are usually visualized as scan paths to, e.g., show a sequence of

areas of interest. Previous research has shown that the size and speed of saccades

are highly discriminatory parameters for an increased cognitive workload: Here, an

increased cognitive workload is indicated by larger or faster saccades [66].

Eye Blinks

Eye blinks indicate the perceived workload of a user, whereas repeated involuntary

eye blinks are a sign of cognitive fatigue. Previous research has shown that the rate

and latency of blinks are related to cognitive workload: Lower blink rates and higher

blink latencies indicate an increased cognitive workload [66].

Fixations

Fixations are voluntary eye movements that focus on an area of interest. Previous

research has shown that the fixation rate and duration can indicate an increased

cognitive workload. The fixation rate of an area of interest describes the number

of times an object was looked at – this can be interpreted as a repeated interest in

an area and relevant for the current cognitive activity [340]. The fixation duration

was found to indicate an increased strain on cognitive workload. Previous research

shows that the rate and duration of fixation are indicators of an attention shift due

to increasing task complexity [66].

Smooth Pursuit and Ocular Movements

Smooth pursuit eye movements are necessary to follow a moving target. Smooth

pursuits are voluntary and can be considered a conscious decision to track a target.

Previous research investigated how these movements can be used as an input tech-

nique (e.g., target selection) and real-time cognitive workload measurement. Previ-

ous work has also shown that smooth pursuit eye movements deviate from a given

trajectory in situations with a higher cognitive demand [213] while being less prone

to changes in light intensity (cf. pupil diameter).
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6.4.4 Cardiovascular System

Within our autonomic nervous systems (ANS), two10 opposing systems – the sym-

pathetic (activating) and the parasympathetic (inhibiting) nervous system [226] –

control bodily functions, such as heart rate (HR). These changes are reflected in the

cardiac cycle, and related metrics, e.g., heart rate variability (HRV) [347]. Among

others, external influences such as stress, emotion, and work impact these metrics

and can be used to infer those [254]. This section highlights cardiovascular responses

evoked by the ANS. Other related responses, such as dermal activity or pupillary re-

sponse, are covered in their respective sections.

Heart Rate

Techniques such as electrocardiography (ECG) and photoplethysmogram (PPG) are

used to monitor a subject’s heart rate and derived metrics in the time and frequency

domains unobtrusively. Scenarios include, for example, office-work [70], elementary

cognitive tasks [129] and automotive environments [399].

While heart rate-related metrics have been shown to indicate a user’s cognitive work-

load, the abundance of external factors that additionally influence our ANS can

make this modality ambiguous and warrant close control of confounding variables.

Normalization techniques, such as establishing baselines for the sympathetic and

parasympathetic nervous system responses [70], as well as relying on multiple modal-

ities, may allow building more robust models [177].

Respiration

Research showed various links between respiratory activities and an increased cogni-

tive workload: Here, respiration belts or thermistor-based flow sensors underneath

the participant’s nose were used to measure the respiration rate, its variance, and

depth [177]. Increased cognitive workload can lead to higher and lower respiration

rate variability [160].

Temperature

Here, recording facial and skin temperature via thermal imaging and temperature

sensors has been investigated by previous research. A challenge is that temperature

measurements significantly lag between stimulus onset and physiological response.

Likewise, our temperature is influenced by the ANS. Research using thermal imaging

found promising results in distinguishing cognitive workload levels using standard-

ized cognitive workload tests [1]. However, in lower constraint scenarios, e.g., in

10Depending on literature, the enteric nervous system is also included.
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a driving context, classification is more difficult [9]. Furthermore, using skin tem-

perature sensors is often accompanied by other on-skin sensors (e.g., ECG, PPG).

The availability of intelligent wearables makes these measurements readily available.

Hence, models for cognitive workload estimation include multiple metrics derived

from ANS responses. Here, temperature-related measures such as heat flux (heat

transfer rate) are more robust [129, 356], most likely due to the less noise-prone

method to measure them.

We classify temperature measurement as related to the cardiovascular systems as

most works in our survey assumed the correlation between increased heart activity,

skin temperature, arousal, and cognitive workload. This reflects assumptions and

partial evidence present in other fields. In physiological computing, Ikehara and

Crosby [162] deemed temperature relevant for cognitive workload measurement. In

the Human Factors engineering field, temperature was linked to stress [421] and

heart rate variability [106]. Thus, our review shows that HCI operates under the

premise that skin temperature is correlated with cardiovascular processes induced

by cognitive workload.

6.4.5 (Electro) Dermal Activity

Another physiological response linked to the autonomic nervous systems is electro-

dermal activity (EDA), covering all electrical phenomena in skin [43]. There are

various recording techniques, such as applying currents to measure the conductance

or resistance of the skin. A significant use case in engineering psychology includes

detecting different levels of arousal and stress [43].

Measurements of EDA and derived metrics have been successfully applied, includ-

ing, e.g., user experience evaluation tools [109], detecting office workload [351]
and driver-related tasks [332, 356, 370]. Similar to metrics related to heart rate,

EDA suffers from ambiguity. External factors, such as body position and emotional

stress [43] impact accuracy. Reported results in research fluctuate in terms of the dis-

criminative power of EDA. While some work showed feasible accuracy [289, 332],
other work argues that other modalities are superior [129, 330].

6.4.6 Task Performance

Traditional usability measurements for efficiency or effectiveness, such as time and

error, could increase cognitive workload. Here, various studies report on task com-

pletion time (e.g., [65, 85]) and reaction time (e.g., [68, 119]) or the number

of errors (e.g., [15, 85]) and task accuracy (e.g., [65, 238]) – all highly related

to changes in cognitive workload. Additionally, keystroke dynamics and linguistic
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markers of typed text (i.e., language production) were highly related to cognitive

workload [46, 401].

6.4.7 Haptic Interaction

Different modalities, such as input via pen or touch, proved to be valid discrimina-

tory indicators of changes in cognitive workload. During handwriting with a stylus,

the velocity [341, 425], frequency [343], trajectory duration [342], and pressure

of strokes [425] were studied as indicators for cognitive workload. Similarly, touch

input [57] and finger trajectories [268] were used to measure cognitive workload.

6.4.8 Speech

Think-aloud protocols allow researchers, e.g., to analyze reasons for participants’

behavior, mood, or expectations. Additionally, previous research has shown that

participants’ spoken words during an evaluation can be used to analyze the cog-

nitive workload. Speech features such as the flow of words (e.g., tempo [62] or

pauses [193, 194]), but also more nuanced features such as the lexical density [195],
the spectral domain [424] or the pitch contour [57] while talking were shown to be

indicators of changes in participants’ cognitive workload. Additionally, linguistic fea-

tures were analyzed to study participants’ cognitive workload [196, 403].

6.4.9 Body Movements

So far, previous research has investigated 1) postural behavior and gestures to as-

sess phases of cognitive underload or overload [141], 2) mouse movements such as

traveled distances [14] or pause/break activities [197], and 3) differences in glance

duration at input modalities and output devices to solve a given task [85]. In addi-

tion, specialized measurement techniques, such as EMG, which records the electrical

activity of muscles [187, 188, 266], can assess co-occurring physical demand to de-

compose cognitive load factors, such as the impact of motor memory [220].

6.4.10 Biomarkers

Biomarkers (or biological markers) are measurable indicators of a medical state [377].
More generally, biomarkers can be used to indicate the physiological state. These

markers play a significant role in medicine, e.g., stress biomarkers in behavioral

therapy. Typical markers include cortisol, alpha-amylase, and pro-inflammatory cy-

tokines for different biological stress systems11 [280]. However, despite their distinc-

tiveness, biomarkers have not been widely researched within the area of HCI. One

11Hypothalamic-pituitary-adrenal (HPA) axis, autonomic nervous system (ANS) and immune systems,
respectively.
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primary reason is the intricate process of obtaining and analyzing biomarkers, often

requiring lab work and physicians to draw samples. There is potential for accurate

ground-truth labeling. A careful evaluation of the actual measurement is inevitable,

as external stressors, e.g., the social-evaluative threat of performing well in a study,

may impact biomarkers [70].

Salivary cortisol, usually used as a biological marker for stress [192], has recently

been utilized for cognitive workload measurements [70]. Cortisol levels are mea-

sured from salivary probes that require laboratory analysis. While the study of sali-

vary cortisol is a reliable indicator for stress and workload [198], the need for a lab-

oratory analysis restricts the real-time capabilities of interactive systems. However,

cortisol is a reliable measure of cognitive workload and represents a well-grounded

measure in clinical research.

6.5 Using Evaluation Methods for Cognitive Workload

While our review demonstrates current challenges in understanding cognitive work-

load aspects in HCI, it also surfaced examples where the concept of cognitive work-

load was used effectively. In our review, we found 579 papers that used cognitive

workload measurements. Most importantly, past work can guide if, how, and when

to use cognitive workload measures. This section aims to provide a compiled step-by-

step procedure (cf. Figure 6.4) on choosing suitable metrics, complemented through

Table 6.1 categorizing the papers in the corpus in terms of measurement modali-

ties and metrics used.12 We suggest that researchers and practitioners deciding on

the cognitive workload metrics for their studies first consult the procedure (cf. Fig-

ure 6.4) in Section 6.5.1 to get an overview of specific methods from related work in

Table 6.1, and details on the particular applicability, advantages, and limitations of

metrics in Section 6.4. The referenced papers in Table 6.1 and our interactive paper

library can then be investigated to get more details on a selected metric.

12We do not list papers that exclusively use questionnaires to assess cognitive workload in their studies.
For a complete list of papers, including those that use questionnaires, consult our interactive paper
library: https://www.thomaskosch.com/cl-paper-library/ - last access – last accessed 01.11.2023.
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Table 6.1: Papers in the review corpus classified in terms of the cognitive workload

metrics used in the reported studies. The bold values refer to the most

used and prominent cognitive workload measurement modalities high-

lighted in Figures 6.2 and 6.3. We did not include questionnaires in the

table due to the large number of entries.

Type Metric References

Cerebral

EEG Frequencies

[19, 20, 36, 75, 94, 103, 120, 126,

129, 161, 171, 177, 204, 211, 216,

219, 232, 235, 291, 318, 320, 339,

382, 397, 399, 440]

EEG ERPs [33, 36, 83, 118, 291, 349, 373,

397]

Hemodynamic Response (fNIRS)

[3, 5, 44, 116, 142, 143, 170, 248,

253, 307, 308, 312, 368, 369, 373,

391, 426, 427]

Electromagnetic Changes (fMRI) [364]

Ocular

Pupil Diameter

[4, 5, 10, 11, 13, 22–24, 26, 30, 38,

39, 57, 64–67, 78, 81, 86, 87, 104,

129, 138, 140, 160, 166, 181, 182,

189, 223, 224, 238, 239, 245, 259,

272, 302, 303, 305, 311, 328–330,

339, 350, 373, 383, 390, 407, 408,

420, 422, 437]

Saccades

[11, 26, 39, 64–67, 109, 129, 160,

259, 291, 309, 375, 383, 423]

Eye Blinks [4, 5, 39, 63–67, 109, 129, 160, 272,

289, 291, 383, 440]

Fixations [2, 11, 77, 95, 160, 221, 238, 291,

362, 375]

Smooth Pursuits [213]

Cardiovascular

Heart Rate

[4, 11, 35, 39, 58, 59, 70, 72, 109,

112, 119, 125, 129, 160, 177, 227,

237, 250, 263, 290, 291, 310, 330,

332, 349, 351, 356, 370, 371, 373,

392, 399, 435, 435, 437, 440]

Respiration [129, 160, 177, 290, 291, 310]

Temperature [1, 2, 9, 129, 290, 291, 310, 351,

356, 440]
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Dermal Skin Conductance (EDA)

[35, 72, 73, 109, 112, 129, 160,

177, 214, 288–291, 310, 330, 332,

350, 351, 356, 370, 371, 373, 440]

Task Performance

Number of Errors [15, 41, 85, 191, 437]

Task Completion Time [8, 65, 85, 95, 238, 291, 396]

Task Accuracy [65, 238]

Reaction Time [68, 115, 119]

Keystroke Dynamics [46, 373, 401]

Language Production [46, 401]

Real-Time Self-Report [372]

Haptic
Pen Input [341–343, 425]

Touch Input [57, 165, 268, 406]

Speech

Lexical Density [195]

Tempo [62]

Pauses [193, 194]

Spectral Domain [424]

Pitch Contour [57]

Linguistic Features [196, 403]

Body Movement

Muscle Contractions (EMG) [59, 330]

Glance Duration [85]

Mouse Movement [14, 197]

Postural Behavior and Gestures [141, 373]

Biomarkers Salivary Cortisol [70]

6.5.1 Choosing Suitable Metrics for Experiments

Based on our understanding of the corpus of work included in this review, we pro-

pose a four-step procedure (illustrated in Figure 6.4), which can help researchers to

choose ways to operationalize and measure the dependent variable cognitive work-

load in experimental settings. Our procedure should only be used to select candidate

modalities for user studies of interfaces and concerns primarily the design goals of

the system to be studied. The procedure serves primarily as a thinking tool for under-

standing the possibilities for measuring cognitive workload induced by an interactive

system. The choice of modality should be based on good research practice and the

requirements for validity in conducting studies using a particular modality.
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Step 1: Are you actually evaluating cognitive workload?

When considering the measurement of cognitive workload in an experiment, the first

step is verifying if cognitive workload is the right concept. We observed that many pa-

pers equated cognitive workload to usability, flow, or design quality throughout the

corpus. Thus, we propose double-checking if the expected difference between the

experimental conditions in cognitive workload would not be a product of a different

underlying concept. For instance, if the interface is frustrating due to low usability

in one of the conditions, measuring cognitive workload may obscure the underlying

cause of the difference. In other words, when researchers decide to measure cogni-

tive workload, they must ensure that possible sources of cognitive workload can be

reliably identified.

Step 2: Do you expect cognitive workload to vary during system usage?

If a researcher decides to define cognitive workload as their dependent variable, the

next step is to choose the metrics and measurement instruments (i.e., the operational-

ization of the dependent variable). The corpus in this review shows that researchers

most likely prefer questionnaires due to their practical benefits – they are quick to ad-

minister and require a single interaction. In addition, the high number of past papers

using questionnaires implies that using a questionnaire offers the advantage of com-

paring one’s work with a large body of past research. There are, however, established

drawbacks to this method. Questionnaires usually provide only one measurement

point per condition and rely on retrospection. Further, they can distract the user

from interacting with the system. However, the wide use of questionnaires shows

that, in many cases, the benefits outweigh the disadvantages. Thus, if a single-point,

summative assessment of cognitive workload is enough to verify the hypotheses or

answer the research questions in an experiment, a questionnaire is an appropriate

choice. If richer, formative data is needed, researchers should use other methods.

The procedure ends with this step if a questionnaire is chosen.

Step 3: Does your system need to adapt to changes in user’s cognitive workload?

Having decided that the study will use more granular measures than questionnaires

for cognitive workload, we suggest that researchers inquire if the system will use

cognitive workload to learn about the implications and improve the interface design

or as user input itself, i.e., whether the study will involve elements of the studied

systems changing their parameters based on measured cognitive workload. Our cor-

pus showed that such systems are increasingly present in literature. In cognitive

workload-based adaptation, the metric considerations may primarily stem from how

the system is implemented. In such systems, the recommendation is to use modali-
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ties that offer robust data that can be processed quickly. For example, cognitive

workload data may need to be processed rapidly for the system to adapt interactively.

The input should also be easily interpreted so the system can adapt algorithmically.

In contrast, if the system does not need to react to the current cognitive workload,

researchers can choose complex, data-intensive metrics that can be analyzed and

interpreted after completing the study. Thus, when cognitive workload is not used

for adaptation, we recommend to use modalities that offer rich data for detailed

analysis. This may offer additional insight into the workload induced by the system.

Step 4: Choose a modality based on the considerations

The final step in the procedure is choosing a metric of the required richness and

complexity. The selected metric must provide a volume of data that can be effectively

processed and offer the necessary richness to understand a given system. Researchers

can also employ multiple metrics to build hybrid assessments of cognitive workload.

This, however, appears to be complex as the fraction of papers using such procedures

in our corpus is low (see Figure 6.2). To facilitate this difficult choice, we provide

a classification for the most common measurement modalities in terms of increasing

complexity (i.e., data volume) and decreasing speed for the last step of this procedure

(see Figure 6.4). An informed choice of modalities can best be made by studying the

examples provided for each modality in Table 6.1.

6.5.2 A Note on Selecting Questionnaires

If a researcher decides to end the procedure in step two and use a questionnaire,

they can choose which questionnaire to use. Our corpus shows that the NASA-TLX is

significantly more prevalent in HCI research and may often appear to be the optimal

choice. However, the reasons for the scale’s success are unclear. The primary reason

behind the use of NASA-TLX appears to be community convention (cf. Section 6.6.2).

Consequently, we would like to encourage researchers to consider alternative scales

that may offer advantages over the NASA-TLX. For example, Zijlstra’s [438] RSME

is a single-item rating and may enable rapid evaluations or be used in experience

sampling; the ISA scale [388] can provide near real-time assessment; while the Bed-

ford Workload Scale [337] can provide insights into potential mental overload sit-

uations for the user—all roles for which the NASA-TLX is not well suited. Further,

one should not forget that the use of certain metrics places strict requirements on

the experimental design, e.g., block designs are usually recommended for cerebral

modalities. Thus, the final design of an experiment that uses cognitive workload

measurement is almost always a trade-off between the ecological validity of the task

and the requirements posed by the cognitive workload measurement modality.
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Are you actually evaluating cognitive workload?
Consider if cognitive workload is not a just a proxy for 

other effects of using your system. 

Do you expect cognitive workload to vary 
during system usage?

Single- point post- hoc measurements are easy to 
administer but can be misleading.

No

Use an 
instrument that 

directly 
measures the 

intended effect.

Ye
s

No

Pick a 
questionnaire 
most suited to 

the task.

Does your system need to adapt to changes in the 
user's cognitive workload?

Adaptive systems that monitor cognitive workload in 
real- time need specific input modalities.

Use modalities that offer robust data 
and that can be processed quickly.
Consider making cognitive workload 
measurement part of your interface.

Use modalities that offer rich data for 
detailed analysis.

You may consider medical- grade 
equipment for increased fidelity.

Yes No

Choose a modality based on the considerations above.
Consider which sources of data are readily available for your system 

and their dimensions (latency, data resolution, robustness). 
Consult Table 6.1 for a first selection and Section 6.4 for applicability.

Ye
s

Figure 6.4: A step-by-step procedure to select appropriate cognitive workload mea-

surements. HCI researchers can use this procedure as a reference for

future experiments.
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6.6 Future Directions and Challenges
Research in HCI has a broad and, at times, vague understanding of the concept of

cognitive workload, as evident from the results of our review. We presented current

practices, related measurement modalities, and metrics often used in contemporary

HCI research (cf. Section 6.4). Additionally, our step-by-step guide on choosing suit-

able metrics (cf. Section 6.5) provides a functional categorization for researchers to

choose a suitable cognitive workload measurement modality. However, our review

has also showcased open research gaps, where choosing the correct metric can still

be suboptimal depending on the research question. Choosing the right assessment

for the right task has been recently discussed in various research publications [e.g.

18, 84, 88, 89, 206, 297, 436], but especially HCI research needs to deepen and

conceptualize the understanding of cognitive workload in interacting with computer

systems.

6.6.1 Defining and Interpreting Cognitive Workload in HCI

The results of our review show that cognitive workload is perceived as a qualita-

tive component of an interactive system. The presented interfaces are designed to

handle the user’s cognitive resources economically. This is communicated as an ex-

plicit design goal or, more commonly, implied while evaluating user interfaces. In

most reviewed papers, cognitive workload is used as an implicit concept. It is as-

sumed that the reader is familiar with it. Our review showed that our search terms

initially resulted in many papers that mention cognitive workload as a justification

for specific system design choices (see Section 6.3.4). Consequently, low cognitive

workload is often treated as equivalent to high system quality without necessarily de-

termining what features or properties of the system’s design lead to a perception of

quality. The concept of cognitive workload in HCI is generalized without taking the

individual, temporally changing, cognitive resources of users into account. As there

is no definition widely recognized by the community, researchers should define their

understanding of cognitive workload, if the concept is used to explain study results:

U
Research Gap 1: HCI implicitly uses cognitive workload without

discussing which workload components are measured (e.g., working

memory, visual imagery). Research should engage with the underlying

theories of workload to improve how empirical results are interpreted.

We suggest that researchers define their understanding of cognitive workload in cases

where cognitive workload levels are reported. Consequently, researchers must elab-
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orate on how they expect different interfaces or interface adaptations to affect cog-

nitive workload. Thus, it remains a challenge to study how different usability

components and usability-related qualities of interactive systems are linked to

different types of cognitive workload measured by various methods. There is

a need to evaluate novel systems in terms of both cognitive workload and usability

using robust, multi-dimensional measures. In that case, the HCI field can gradu-

ally build a meta-understanding of the relation between usability and cognitive

workload.

6.6.2 The Hidden Cost of the NASA-TLX—A Legacy Issue?

A key finding of our literature review is that the HCI field prominently relies on using

questionnaires and particularly on the NASA-TLX questionnaire for assessing cogni-

tive workload. Previous work suggests combining the NASA-TLX questionnaire with

other measures to increase the meaningfulness while improving the interpretation of

cognitive workload measures [88]. One could risk stating that the NASA-TLX ques-

tionnaire has become a local standard for the HCI research community. This is likely

due to historical reasons since many HCI pioneers had roots in Human Factors en-

gineering. The NASA-TLX was prominently used in Human Factors engineering in

the nascent days of HCI. Since then, the HCI community has applied the scale in

various modalities and contexts, leading to individual deviations in the subjective

interpretation of the NASA-TLX. Although the NASA-TLX questionnaire is affected by

several drawbacks, it has remained a frequently used workload measure throughout

the past decades. Potential reasons for the continued widespread use of the NASA-

TLX include its simple usage and analysis of the questionnaire data. In addition, the

fact that NASA-TLX results can be rapidly obtained facilitates its use in comparative

studies. Despite these benefits, reliability and replicability are limited when sampling

individuals. Our results show that using the NASA-TLX could be interpreted as an

academic tradition, despite being introduced to the HCI field without an extensive

explanation [45]. However, given the ever-growing number of research contribu-

tions in the HCI field, it is worthwhile to critically reflect on how the HCI field uses

and interprets the results of the NASA-TLX questionnaire.

Our review shows that convenience and speed are key advantages of the NASA-

TLX and questionnaires in general. In particular, the unweighted variant of the

NASA-TLX, commonly known as Raw NASA-TLX, provides a quick assessment of per-

ceived task load, including cognitive workload. Researchers often use it in repeated-

measures experimental designs where participants must complete the questionnaire

multiple times. If practical considerations are the primary motivation for choosing

a cognitive workload evaluation method, one might wonder if convenience does not

negatively impact how the evaluation is conceptualized; mainly since, in most stud-
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ies in our corpus, only the unweighted scores (raw NASA-TLX) are analyzed. Such a

choice offers the convenience of not hypothesizing which components examined in

the NASA-TLX (cf. Section 6.4.1) are crucial in a given system. Instead, the scale is

employed as an accurate universal measure of cognitive workload per se. Fur-

thermore, the NASA-TLX questionnaire is susceptible to individual biases through

user expectations, leading to improved assessments of user interfaces by belief and

placebos [218]. It remains a challenge for the HCI community to further reflect on if

and how the workload induced by a novel interactive system can be accurately mea-

sured with a scale that is more than 30 years old and not designed for HCI research:

U

Research Gap 2: HCI still relies on scales for measuring cognitive

workload adapted from another field in the early days of HCI. The

validity of these scales should be reassessed. We must develop new

measurement instruments for cognitive workload specific to human-

computer interaction.

Consequently, future researchers should be wary that the NASA-TLX is an inherited

rather than an efficient tool. Our review found no empirical evidence to determine

the range of artifacts or experiences to which the NASA-TLX would be applicable.

This implies that we currently do not know how correct the NASA-TLX is in esti-

mating cognitive workload in HCI. Hence, future researchers should be cautious

in ascribing explanatory properties to the scale’s dimensions Interestingly, the

NASA-TLX often serves as a fallback or baseline measurement when assessing cogni-

tive workload with other metrics (e.g., pupil diameter) to see how reliable a novel

measurement is. Instead, future research should revert this methodology by first

studying cognitive workload via robust physiological measurements to (1) validate

the dimensions of the NASA-TLX and (2) identify how user studies have to be de-

signed to minimize the biases of the NASA-TLX and questionnaires in general. We

envision this direction ultimately leading to an adapted variant of the NASA-TLX that

better fits the HCI domain as a pacing and evolving research area.

6.6.3 HCI Research as a Catalyst for Workload-Aware Systems

The literature review reveals that the concept of cognitive workload is inherently rel-

evant to HCI research. However, HCI researchers still primarily rely on suboptimal

evaluation methods adapted from adjacent research domains, often failing to cap-

ture the multi-faceted nature of interactive systems. We argue that HCI researchers

are equipped with the tools to explore further the role of cognitive workload in in-

teracting with computers beyond measuring performance and usability. Integrating
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cognitive workload as an input parameter for workload-aware systems should be at

the heart of HCI’s expertise. Understanding and using cognitive workload in interac-

tive systems can effectively support users in real time when performing their tasks.

How the design of such support (e.g., through adaptive workload-aware mixed re-

ality interfaces [203, 215]) would look like remains a question for future research.

Thus, HCI should not be content with a static evaluation of interfaces but look at

how we can create workload-aware systems that make best use of the user’s current

cognitive resources:

U

Research Gap 3: Research in HCI needs to capitalize on its oppor-

tunities and create interactive systems utilizing cognitive workload as

an input parameter for workload-aware systems. The field should in-

novate by combining established methods (i.e., questionnaires) with

novel measures (i.e., physiological sensing) to gain detailed insights

into the user’s cognitive demand.

Our literature review showed that physiological measures can provide a detailed,

real-time understanding of the user’s cognitive processing. Consequently, HCI

should lead in creating interactive systems capable of supporting an individual’s op-

timal point for cognitive engagement. We strongly believe that real-time cognitive

workload sensing capabilities will be essential to achieve this goal.

6.7 Chapter Conclusion

This chapter presented a literature review of current practices for measuring cog-

nitive workload – a potential dependent variable in experimental settings studying

Complementary Interfaces or interactive systems in general. Our survey found 579

relevant papers that assess cognitive workload using questionnaires, physiological

sensing, and human behavior. Our results show that the contextualization and se-

lection of suitable cognitive workload measures is a challenging subject in HCI re-

search. We present a step-by-step procedure for selecting a suitable cognitive work-

load measurement modality for their studies to guide researchers. Our survey reveals

three research gaps in the current landscape of HCI research on cognitive workload:

improving the definition, broadening the choice of measures, and developing more

workload-aware systems. The gaps intend to stimulate future research on cogni-

tive workload assessments in HCI. Future researchers will determine how cognitive

workload measurements can be integrated into their interaction paradigms and eval-

uation settings. Our review shows that questionnaires are a popular method to assess
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cognitive workload due to their easy deployment, use, and analysis. However, the

insights into cognitive processes obtained using questionnaires could be more exten-

sive. In contrast, more advanced cognitive workload metrics (e.g., through physio-

logical sensing or user behavior) require user-friendly methods, interfaces, and de-

ployment strategies to be adopted in future research. Our work provides a structured

overview of current cognitive workload measurements and the means for future re-

searchers and designers to choose an appropriate metric for their particular study or

design. Yet, this literature survey makes evident that HCI lacks a proper understand-

ing of the concepts underlying cognitive workload. Thus, research towards tailored

frameworks and theories is necessary to consolidate the understanding of cognitive

workload in HCI.
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7
Conclusion

“Don’t adventures ever have an end? I suppose not.
Someone [. . . ] always has to carry on the story.”

Bilbo Baggins, The Fellowship of the Ring
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In this thesis, we investigated the concept of Complementary Interfaces. For three

use cases of Complementary Interfaces, we conducted individual experiments that

served as design-informing activities for future Complementary Interfaces and Ubiq-

uitous Computing environments in general. Additionally, a spotlight was put on the

measurement of cognitive workload in HCI as a potential dependent variable in ex-

perimental situations involving Complementary Interfaces and beyond. In this chap-

ter, we provide a summary of the three use cases of Complementary Interfaces and

the measurement of cognitive workload. Additionally, the contributions and results

of this thesis are presented, and an outlook on future activities with closing remarks

concludes this thesis.

7.1 Summary

An increasing number of interactive devices is finding their way into our every-

day lives. People own several devices [82] and find their own ways to combine

them [295]. Prior research has found interest in these UbiComp environments and

pushed the boundaries of technological possibilities by sophistically blending devices

together and following a “the more the merrier” approach – a common theme in HCI

research that is often “much better at proposing new technologies than at validating
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them” [149] – leading to a fragmented research landscape and a need for evalua-

tion [50].

This thesis set out to address this need for evaluation by studying Complementary

Interfaces as representatives for UbiComp environments using controlled lab-based

experiments that served as design-informing activities – based on the guiding re-

search question of how to design and evaluate Complementary Interfaces.

Chapter 2 provided the foundations for Complementary Interfaces. Here, the his-

torical developments of computing devices that led to Mark Weiser’s famous vision

of the computer for the 21st century [409] were described. This vision was aligned

with current research streams such as Cross-Device Interaction, Hybrid User Inter-

faces, and Multimodal Interaction. By elaborating on the essence of what makes

these novel environments worthwhile, a point was made that the complementarity

of interactive components is the key to successful interaction (cf. [91]). Based on

this, Complementary Interfaces were defined as meaningful combinations of inter-

faces that support users in their current task at hand. Experiments were chosen as

an empirical way to study these Complementary Interfaces as they guarantee for a

high validity of measurements but also as experiments can serve as design-informing

activities [296]. Typical components of experiments were described that framed the

research in this thesis, leading to three experiments studying a variety of Complemen-

tary Interfaces and a survey on the measurement of a possible dependent variable for

experimental settings.

The first Complementary Interface was presented in Chapter 3. Here, the research

was guided by the following question: “What are the influences of the size of a shared

interactive surface on collaboration in a Complementary Interface?” (RQ1). To ad-

dress this question, a Complementary Interface that involved individual tablets for

personal activities and a complementary shared interactive surface for collaborative

activities was studied. Here, the size of the shared interactive surface was deter-

mined as the independent variable. Dyads were working with one of the three con-

ditions – mapping common sizes for personal and shared devices – and were tasked

to solve an authentic sensemaking task in a between-subjects experimental design.

The three conditions resembled valid design alternatives for this Complementary In-

terface, showing that the choice for the size of the shared interactive surface should

depend on the task at hand and that bigger is not necessarily better: While all con-

ditions led to comparable results in the quality of task completion, a larger shared

surface led to more playful interaction and a tablet-sized shared surface resulted in

more face-to-face communication.
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Chapter 4 investigated the question “What are the influences of embodiment (repre-

sented as meaningful combinations of input and output modalities) on spatial mem-

ory in a Complementary Interface?” (RQ2). Therefore, a Complementary Interface

was studied that involved a variety of meaningful combinations of input and output

modalities. The combinations led to different manifestations of kinesthetic cues and

feedback. Here, three input modalities served as conditions for the within-subjects

aspect, and two display sizes served as conditions for the between-subjects character-

istics – resulting in a 2×3 factor split-plot counterbalanced experimental design. The

choice for this experimental setting was grounded in prior work that either investi-

gated aspects of input or output, but not their combination – a key for Complementary

Interfaces. The results show that participants engage in distinct interaction strate-

gies when working with different combinations, which is shown in two trade-offs:

The Efficiency vs. Spatial Memory trade-off shows that navigation speed negatively

correlates with the navigation and spatial memory performance, and the User Satis-

faction vs. Spatial Memory trade-off shows that a subjective user satisfaction score

negatively correlates with the performance of spatial memory. Thus, the interrelation

of user satisfaction, efficiency, and spatial memory leads to different usage patterns

that participants take on to fulfill the task at hand.

The task at hand was one of the key elements in the last Complementary Interface

presented in this work in Chapter 5. Here, the guiding question was “What are the

influences of interaction techniques on users’ working behaviors and utilization of com-

ponents (e.g., devices) in a Complementary Interface?” (RQ3). The experimental set-

ting included a methodological approach of using the study task as an independent

variable, which allowed to study the interplay of tablet utilization, interaction tech-

niques, and task-related aspects. Therefore, a Complementary Interface was studied

in an experimental setting that included two independent variables: Interaction tech-

niques and tasks. This allowed us to gain usability-related insights concerning the

studied interaction techniques for the first task. We pre-defined the order of tasks

to uncover intended learning effects. Therefore, we could observe how participants

create purposes and meanings for the included devices, interaction techniques, and

their interplay. Results showed that interaction techniques have less influence than

expected, that work behaviors and device utilization depend on the task at hand,

and revealed quality features of Complementary Interfaces. The key to uncovering

this was our methodological approach, resulting in a Complementary Evaluation –

revealing another asset of Complementary Interfaces.

Methodological aspects were also central aspects of Chapter 6. While the previous

chapters focussed on the empiricism of Complementary Interfaces, this chapter put

a spotlight on the question “How to measure cognitive workload?” (RQ4). Prior work
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has shown the influence of handling multiple devices and modalities on cognitive

workload [325, 439], therefore, cognitive workload can be seen as a potential de-

pendent variable in experimental settings for Complementary Interfaces. Thus, this

chapter presents a literature survey on the measurement of cognitive workload in

HCI in general – presenting assessment methods such as questionnaires, physiologi-

cal sensing, and human behavior. Results show that the selection of suitable cognitive

workload measures is a challenging subject. Based on our experiences, we, therefore,

present a step-by-step procedure for selecting suitable measurement modalities and

reveal three research gaps: Defining and interpreting cognitive workload in HCI, the

hidden cost of the NASA-TLX, and HCI research as a catalyst for workload-aware sys-

tems, highlighting that research has to deepen and conceptualize the understanding

of cognitive workload (e.g., in Complementary Interfaces and beyond).

7.2 Contributions and Results

Research in this thesis can be classified into five types of contributions that are rele-

vant to the HCI community [417]: 1) empirical, 2) artifact, 3) theoretical, 4) method-

ological, and 5) survey.

The concept of Complementary Interfaces is one of the foundations of this work. This

theoretical contribution stems from the knowledge of designing and evaluating a va-

riety of interactive systems in the area of Ubiquitous Computing (e.g., Cross-Device

Interaction, Multimodal Interaction, or Hybrid User Interfaces). Complementary In-

terfaces draw their strengths from meaningful combinations across and within input

and output modalities; and they are dependent on a given context. The concept

of Complementary Interfaces can serve as a framework for designing and evaluat-

ing interactive systems that include multiple interactive components with the goal of

supporting users in their task at hand.

To empirically study the concept of Complementary Interfaces, three artifacts were

created that represent the individual experimental apparatus. These three artifacts

are purposefully targeted to answer specific research questions.

The first experiment has shown the influence of the size of a shared interactive sur-

face on collaborative activities. Here, findings show that a larger shared interactive

surface does not necessarily improve collaboration or sensemaking results, as they

can divert the attention away from collaborators. This has implications on the in-

teraction with the shared interactive surface and the communication style of dyads

– showing that a smaller shared interactive surface can lead to more face-to-face

communication.
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The second experiment investigated a variety of meaningful combinations of input

and output modalities and their effect on spatial memory, efficiency, and user satis-

faction. The results show that participants engage in different interaction strategies

depending on the input modality. These strategies are characterized by trade-offs re-

garding spatial memory vs. efficiency as well as spatial memory vs. user satisfaction.

The third experiment investigated interaction techniques and their relation to device

utilization with tablets. Here, findings show that the influence of interaction tech-

niques is lower than expected, and participants favor unfamiliar yet faster techniques.

This can lead to different problem-solving strategies facilitated by a high utilization

of devices and different quality features of Complementary Interfaces. The high uti-

lization of devices for a task with a high dependency of devices can be seen as a

training and guidance in using a similar high utilization of devices for a task with

lower dependency and restriction.

This third experiment included a methodological contribution. While each experi-

ment required adapting existing methods and creating new methods, the last experi-

ment included a methodological approach that led to a unique experimental setting.

Here, integrating the study task as an independent variable in the experimental set-

ting allowed us to gain different yet complementary insights into a research problem.

While the abstract classification task allowed us to gain insights into usability-related

aspects of the usage of interaction techniques and devices, the secondary sensemak-

ing task – with fewer restrictions regarding the usage of techniques and devices –

allowed us to observe how participants created distinct purposes for them. This was

coined as Complementary Evaluation techniques and can be seen as a facet of Com-

plementary Interfaces.

Lastly, the meta-analysis and literature survey of past and present measurements for

cognitive workload in HCI is a survey contribution. The systematic search yielded

an initial corpus of 6414 papers, which was reduced to the final literature corpus of

579 papers. Based on this, we could classify measurements for cognitive workload

in HCI. This classification is further extended by a step-by-step approach that can

guide researchers in choosing a suitable measurement modality for studying cogni-

tive workload in their own experimental settings. Additionally, we provide research

gaps that can serve as a research agenda for future work.

7.3 Future Work

This thesis addressed the overall research goal of designing and evaluating Comple-

mentary Interfaces. Therefore, three use cases of Complementary Interfaces were

empirically studied, focusing on homogeneous types of devices, e.g., tablets and in-
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teractive surfaces. Experimental comparisons of valid design alternatives allowed

us to understand causes and their effects; serving as design-informing activities. The

spotlight on measuring cognitive workload as a potential dependent variable for such

experimental settings complemented the described work. However, the used con-

cepts, methods, tasks, and measurements are not limited to the studied use cases

and can be transferred and expanded to more dimensions: As described in Chapters

1 and 2, I was already involved in the design and evaluation of Complementary In-

terfaces based on meaningful combinations of e.g., tablets and smartphones for pre-

cise input and head-worn devices for close-to-unlimited output (e.g., STREAM [155]
and IDIAR [402]). The evaluation of these two Complementary Interfaces was rather

focused on the feasibility of the concepts than an actual comparative user study in-

volving different independent variables or valid baseline conditions (also known as

point studies or single-shot studies [296]).

One of our recent works shows how the ideas of Complementary Interfaces that

build on heterogeneous device combinations and experimental situations can be com-

bined: With “ARound the Smartphone” [159], we studied the effects and influences

of virtually-extended mobile devices on spatial memory (see Figure 7.1).

Figure 7.1: Studying virtually-extended displays by comparing four display sizes:

Featuring no AR extension (baseline), a small AR extension (cf. a

tablet), a medium AR extension (cf. a desktop display), and a large

AR extension (cf. a TV) (from left to right).

With this Complementary Interface, we transferred the experimental situation (in-

cluding e.g., tasks, measurements, and procedures) that was described in Chapter4

into an apparatus that allowed us to closely study the influence of design alternatives

for a virtually-extended smartphone on spatial memory. The report of the experimen-

tal comparison and findings is not part of this thesis; however, it showed new pos-

sible directions for studying Complementary Interfaces and made evident that more

advanced tools are necessary for the analysis and evaluation of Complementary In-

terfaces that involve heterogeneous devices, components, and modalities.

For the analysis of such experimental settings, we designed, developed, and evalu-

ated an initial prototype of an evaluation framework (RELIVE [157]). RELIVE is a
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Complementary Interface itself, combines immersive and non-immersive visualiza-

tions (i.e., in-situ and ex-situ) for the holistic analysis and exploration of user study

data, and can be used by individual analysts asynchronously [156]. Potentially, RE-

LIVE can also be used by multiple analysts synchronously, resulting in a collaborative

Complementary Interface across and within different levels of immersion. Interest-

ingly, prior work has highlighted the benefits of collaboration for analyzing, inter-

preting, and understanding visualizations [167] and defined collaborative analytics

as well as the establishment of an evaluation framework as grand challenges for

immersive analytics [93]. Complementary Interfaces are not necessarily anchored

within immersive analytics, yet, we have shown that Complementary Interfaces such

as STREAM [155] or RELIVE [157] are valid settings to support analysts within visual

and immersive analytics.

Figure 7.2: An illustrative example of a prospective collaborative Complementary

Interface based on RELIVE for the joint analysis and exploration of

Mixed Reality user study data. Here, one analyst studies aggregated

interaction data using a 2D representation in a non-immersive desktop

view (left), and another analyst is looking at the same time at the same

data, visualized as 3D trajectories in an immersive environment. Their

views are synchronized and linked, allowing for tightly and loosely cou-

pled collaborative activities and switches and transitions between and

across environments. This figure is based on previous work on RE-

LIVE [157] and asynchronous Hybrid User Interfaces [155] and com-

bined using Adobe Photoshop (beta)’s generative fill function.

A prospective collaborative variant of RELIVE (see Figure 7.2) is a perfect playground

for the concepts presented and studied in this thesis: RELIVE is a Complementary In-

terface that allows for the evaluation and analysis of Mixed Reality user study data.

In a collaborative scenario, this might lead to dynamic meaningful combinations of

modalities, interaction techniques, and devices – within and across space, time, and

levels of immersion: The combination of synchronized immersive and non-immersive

components that allow for dynamic and fluid transitions within and across all levels

of immersion comes with future research opportunities regarding the task allocation

(exploring and analyzing Mixed Reality user study data includes several subtasks),
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and the interplay of components (e.g., transitions and coordination between immer-

sive and non-immersive environments). From our own work, we gained experiences

in designing, developing, and evaluating collaborative scenarios for co-located (e.g.,

[414, 428]) and remote collaboration (e.g., [100, 277]). Traditionally, collabora-

tion can be classified according to Johansen’s Space-Time Matrix [183]: Here, col-

laboration either happens at the same or different place (i.e., co-located or remote)

and at the same or different time (i.e., synchronous or asynchronous). However,

having a mixed-immersion environment, we have to add another dimension to this

classification: level of immersion. This additional dimension comes with research

opportunities regarding transitional user representations (e.g., from blinking cursors

in shared documents to highly realistic 3D user representations) and collaborative

coupling styles and symmetry of collaboration (e.g., different views might lead to

differences in roles).

The following subsections will further elaborate on the mentioned research oppor-

tunities for collaborative Complementary Interfaces to evaluate and analyze interac-

tion in e.g., Complementary Interfaces. Adressing these research opportunities will

likewise inform the design [296] and evaluation methods [149] of Complementary

Interfaces. The research opportunities are combined from our previous efforts on

RELIVE [157] and the general challenges for Complementary Interfaces as described

in Section 2.6. We intentionally do not limit the following sections to a specific type

of collaboration (e.g., by specifying time, place, level of immersion, or roles) as a

prospective collaborative variant of RELIVE might allow for highly dynamic transi-

tions between these attributes.

7.3.1 Research Opportunity 1 – Task Allocation

The use case of exploring and analyzing user study data includes several subtasks

(e.g., gaining overview, reasoning, or comparing data across sessions). However,

it needs to be clarified, which subtask is more suitable to be performed in an im-

mersive or non-immersive environment. Ideally, both environments provide equal

analysis opportunities and synchronized data access. However, at least two aspects

might shape the way analysts will use the framework: (1) the device-specific affor-

dances and constraints of each individual input and output modality can influence

interaction and workflows (e.g., as described in Chapter 4); and (2) the view-specific

capabilities of e.g., ego-centric navigation in 3D visualizations of spatial recordings

(i.e., immersive view) and aggregated 2D visualizations (i.e., non-immersive view).

The immersive view might be beneficial to gain an overview of the situation and the

non-immersive view, with its 2D visualizations, might be more suited for an in-detail

analysis. However, it might also be the other way around: Analysts might be inter-
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ested in gaining an overview regarding e.g., task completion times and continue their

analysis in the immersive view to find reasons for differences in the data. Addition-

ally, transitions between these two assumed approaches might be the case.

Similarly, tasks and activities that require, e.g., text input via a keyboard, will pre-

sumably be performed in the non-immersive view, whereas activities that require the

3D environment of the actual user study will instead be performed in the immersive

view. However, the analysis workflow of Mixed Reality user study data can differ

heavily across different user studies [32]. Therefore, future research should study

analysis and exploration workflows regarding device-specific and view-specific effi-

ciency, effectiveness, and preferences.

7.3.2 Research Opportunity 2 – Interplay of Components

Depending on the workflow, analysts might transition or switch between the immer-

sive and non-immersive environments. Here, a discrete switch between the environ-

ments might be an efficient way to move from one view to the other [359]. However,

this switch might come at the cost of a significant overhead [331] that might lead to

losing context. Alternatively, a continuous transition could prevent analysts from re-

orienting in the data representations. Yet, as the input modalities of the immersive

and non-immersive views might differ (e.g., mouse vs. controller), analysts might

run into trouble when the handling of input devices requires more cognitive capaci-

ties than the current task at hand.

The loss of context due to discrete switches and the increased cognitive load of han-

dling view-specific input modalities can be addressed via (1) the adaptation of es-

tablished techniques for analyzing multiple coordinated views and (2) input devices

that can be used across environments.

Multiple coordinated views can traditionally be analyzed with linking and brush-

ing techniques: Here, selecting a data point in one visualization results in a visual

highlight of the same data point in a coordinated visualization. Similarly, having

synchronized immersive and non-immersive views, the potential for a cross-reality

linking and brushing technique becomes promising. This might support analysts in

exploring the visualized data and reduce the loss of context, as they might directly

start where they left off in the previous step. Future research should study the effects

and influences of cross-reality linking and brushing for analyzing Mixed Reality user

study data. The envisioned cross-reality linking and brushing method could support

the coordination within different data representations. In line with this, shared points

of reference (i.e., shared across levels of immersion and with co-workers, e.g., virtual

landmarks [276]) hold the potential to coordinate individual and collaborative activ-

ities. Additionally, a hybrid input device could be used across environments to reduce
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the cognitive load of handling multiple modalities. In the non-immersive view, it can

be used like a mouse and be placed on a desk environment. When transitioning to

the immersive view, it can be used as a controller. However, this might affect the con-

sistency of the involved components: Complementary Interfaces aim for a symbiosis

of interfaces, where each component purposefully increases the quality of interaction

and further supports users in their current activity. For the workflow of analyzing user

study data, each component might bring in its individual strengths, but also affor-

dances and constraints. For example, a desktop interface profits from the familiarity

and precision of a WIMP interface, and a VR environment is more suited for 3D user

interfaces. Future research should explore how relevant design factors such as con-

sistency, affordances, and constraints in different levels of immersion influence user

experiences. A high user experience is a key quality of Complementary Interfaces as

they aim to support their users in their current activities. If they do not integrate well

with workflows, they might not be used as intended [316].

So far, we have mainly looked at explicit interaction with Complementary Interfaces.

However, a combination of implicit interaction [352] and explicit components might

further increase the user experience of Complementary Interfaces. Integrating the

findings of Chapter 6, different components of a Complementary Interface could as-

sess users’ current cognitive workload or visual focus (e.g., using built-in eye trackers

of head-worn devices). This information can then be used to adapt and optimize the

interfaces [69]: e.g., by switching to familiar representations [186] or reducing the

amount of visual presentations [216], which could further lead to mutual adaptation

scenarios [25]. Building on this, Complementary Interfaces could not only react to

implicit user input, but also – e.g., using artificial intelligence or machine learning –

explicitly suggest analyses (e.g., based on an automatic outlier detection), data vi-

sualizations (e.g., task completion times might be easier to understand in 2D than

in 3D), or even optimal interactive components (e.g., for input or output) to view,

understand, or interact with data – a potential further angle on addressing the legacy

bias [316].

7.3.3 Research Opportunity 3 – Transitional User Representations

User representations (e.g., virtual avatars) can create awareness of a collaborator’s

activities [100]. In immersive environments, remote collaboration can be enriched

with highly realistic avatars that provide qualities usually attributed to co-located

collaboration, such as facial expressions, deictic referencing, or the sensation of pres-

ence. In common non-immersive interfaces (e.g., Overleaf, Google Docs, or Microsoft

Office), collaborators are often represented as a colored cursor or representative icon

to communicate e.g., the current position in a document. Having a Complementary

Interface with immersive and non-immersive views, a user representation is not only
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beneficial to support remote collaboration, but also to create awareness of co-located

activities, especially when each collaborator is working within a different level of

immersion. The two named options define the extremes of a user representation

continuum: On the immersive end, there are highly realistic avatars resembling all

qualities of a co-located collaborator, and on the non-immersive end, there is a cursor

that shows the location within a document.

For remote collaboration, this leads to at least two research opportunities: (1) the

user representation across different levels of immersion and (2) the transition of the

user representation between different levels of immersion.

There is extensive research on user representations in Mixed Reality – from view-

ing frustums [277] over simple avatars [100] to highly realistic yet hardware-heavy

representations (e.g., Holoportation [294]). However, combining different levels of

immersion leads to new challenges: While we can use established techniques to rep-

resent others within the same level of immersion (e.g., avatars in virtual reality),

it is unclear how to visualize the other person across different levels of immersion.

Here, the user representation can also be further differentiated between being true

to the physical environment (e.g., an avatar sitting at an office table working in the

non-immersive view) and being true to the visualized data that is currently analyzed

(e.g., positioning a user representation in close proximity to a 3D visualization in the

immersive view).

Here, each view comes with unique opportunities: When being in the immersive

view and the other person analyzes data within the non-immersive environment, this

allows to represent this user, e.g., as an avatar sitting at an office table, re-arranged

to match the local environment (cf. [100]); as a see-through option of the actual

person and their environment (i.e., augmented virtuality); or as a representative

icon that is bound to a data visualization (e.g., being true to the data that is currently

analyzed). Additionally, the user representation could not only be used, e.g., to create

awareness, but also to communicate the current capabilities of the person within their

own local environment (e.g., interacting with a mouse). Also, this could further lead

to multiple user representations of the same user, such as an avatar being true to

the physical environment, sitting at an office table, and additionally, a representative

icon being bound to a data visualization to further indicate the current activity (cf.

cross-reality linking and brushing as described above).

When working in the non-immersive view and the other person currently analyzes

data in the immersive environment, this allows representing the other user true to

the data, e.g., as a representative icon bound to a data visualization. However, imag-

ining a scenario where the user in the non-immersive view still wears a mixed-reality
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headset with a see-through option, further allows to represent the other user as an

avatar in augmented reality, allowing the analyst to proceed working within their

local physical environment.

As the non-immersive and immersive views are ideally synchronized and allow an-

alysts to fluidly switch or transition between the environments, their user represen-

tation should also match these transitions. Here, complementing the visual repre-

sentation of users with additional auditory output can create awareness: On the one

hand, symbolic sounds could indicate entering or exiting an environment. On the

other hand, spatial sound can increase awareness of the other person’s location and

influence the sensation of presence [100].

Further, it is necessary to understand user representations for co-located activities.

Being in the same physical space already brings some benefits compared to the re-

mote counterpart (e.g., verbal communication). However, the opportunity to work

within different levels of immersion leads to the need for some form of user rep-

resentation. Similar to remote collaboration, a user representation can support the

collaboration by increasing the awareness of each other’s activities by representing

the other person true to the physical environment or visualized data.

7.3.4 Research Opportunity 4 – Collaborative Coupling Styles and Sym-
metry of Collaboration

The combination of synchronized immersive and non-immersive views allows multi-

ple analysts to gain a broader perspective on the visualized data. Here, the immersive

view might invite analysts to explore 3D simulations of the actual study environment,

while the non-immersive view can support analysts in detailed analyses, and vice

versa. This can also lead to a mixed-focus collaboration [128, 387], where peers

transition between loosely-coupled parallel work (e.g., individually analyzing data

visualizations) and closely-coupled activities (e.g., active discussions on the data).

Previous work identified coupling styles for a variety of collaborative scenarios (e.g.,

multi-device collaboration [49] or hybrid scenarios [282]), and we were success-

fully able to classify collaborative activities during remote collaboration using these

well-established coupling styles [100]. Although coupling styles have been proven

useful to classify and characterize collaboration in co-located and remote settings, it

remains unclear to what extent they can be re-used to classify mixed-immersion col-

laboration. The characterization of collaborative activities (co-located and remote)

in these mixed-immersion environments is crucial to describe the quality of interac-

tion.

An additional way to characterize collaborative behavior is to describe its symme-

try: We studied symmetrical collaborative activities (i.e., equal opportunities and
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features) for remote settings [100]. However, for remote settings, there is often the

need for asymmetrical settings [345], such as remote assistance scenarios, where an

expert can guide a novice in solving a task (i.e., representing roles). Having the com-

bination of immersive and non-immersive views can likewise lead to an asymmetry

of collaboration. Here, one analyst might guide the other person in their exploration

of the visualized data to identify, e.g., outliers in the data. This might also allow

for a spectator view e.g., using handheld devices to observe a person’s activity (e.g.,

similar to our user study setups for IDIAR [402] and STREAM [155]). This might

be done within the same level of immersion or across different levels of immersion.

Additionally, this might also be highly dynamic – leading to frequent switches of roles.

7.4 Closing Remarks

Complementary Interfaces aim to support users in their current task at hand using

meaningful combinations of interactive input and output components, where each

component can be seen as a piece of the puzzle. This leads to combinations of homo-

geneous (e.g., Cross-Device Interaction) and heterogeneous (e.g., Hybrid User Inter-

faces) device classes, but also input (e.g., interaction techniques) and output (e.g.,

visually or auditory) modalities. Ultimately, each component purposefully increases

the quality of interaction. This dissertation’s overall research goal was to design and

evaluate Complementary Interfaces. Therefore, three use cases for Complementary

Interfaces were evaluated using experiments as design-informing activities – address-

ing the need to evaluate such UbiComp environments. An additional meta-analysis

and literature survey of current and past methods to measure cognitive workload

complemented the research. With the research presented in this thesis, we started to

scratch the surface of the potential of the concept of Complementary Interfaces and

ways to evaluate them. In the upcoming years, we will see increasing numbers and

even more diverse types of interactive devices in our everyday lives – potentially fu-

eled by advances in artificial intelligence. This will emphasize the need to study the

utility, relevance, and role of each piece of the puzzle to eventually create a symbiosis

of interfaces.
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