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Introduction to “Advances )
in Longitudinal HCI Research” L

Evangelos Karapanos, Jens Gerken, Jesper Kjeldskov, and Mikael B. Skov

Abstract Aimed as an educational resource for graduate students and researchers
in HCI, this book brings together a collection of chapters, addressing theoretical
and methodological considerations, and presenting case studies of longitudinal HCI
research. In this short introduction to the book, we reflect on the need for longitudinal
studies in human—computer interaction research, we define what is and what is not
longitudinal research and outline the selected contributions.

Keywords Longitudinal research - Empirical studies

1 Why Do We Need Longitudinal Research?

One could argue that most of our knowledge in HCI research is about the short term.
A recent survey of empirical studies of nudging in HCI [1] found only 35% of the
reviewed studies to have a duration longer than a day, and 19% of them to have
a duration longer than a month. This echoes Hornbzk’s [2] finding back in 2006
that out of 180 studies of usability being reviewed, only 13 (7%) had a duration
longer than five hours. What does this mean for our knowledge on the usability and
effectiveness of interactive technology? In an early longitudinal study of usability,
Mendoza and Novick [3] logged users’ reports of frustration over a period of eight
weeks. They found that the types and causes of errors changed over time, along with
users’ responses to frustration episodes, and suggested that “we may know more
about the problems of novice users than we know of the problems of experienced
users.” In the same way, one could think that our knowledge about the effectiveness
of the nudging mechanisms reviewed in Caraban et al.’s survey [1] is mostly limited
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to their initial effects. As the authors suggest, nudges can backfire or lead to weaker
than anticipated effects, for a number of reasons such as habituation, reactance, or
lack of educational gains [1].

Recent technological, policy, and market trends further highlight the importance
of studying prolonged use. Already fifteen years ago, den Ouden and Brombacher
[4] noted a change in the consumer electronics industry. The time and coverage of
product warranty had increased due to legislation and competition. This resulted
in an increasing number of user complaints that covered aspects beyond the out-
of-the-box experience. Today, products are increasingly becoming service-centered,
and their revenue models and the emphasis of the tech industry are shifting from
initial adoption to sustained engagement. Think of the wearable health market as
an example. While the initial hype was generated by a technology push paradigm,
leveraging users’ fascination with tracking their behaviors, a successful product today
needs to prove effective behavior change and users are increasingly willing to engage
in paid behavior change programs. Similarly, Facebook, Uber, and Spotify (and the
list goes on), all depend on sustaining user engagement. Moreover, as Odom explains
in Chap. “Tensions and Techniques in Investigating Longitudinal Experiences with
Slow Technology Research Products” of this book, these digital services and products
collect vast amounts of data from us, such as photos, music listening behaviors, and
other forms of behavioral data. How do we know their long-term side effects on our
privacy, safety, and well-being? Our knowledge on the long-term impact of these
technologies, and how to design for lasting positive effects, is often limited.

2 Defining Longitudinal Research

One could wonder: Should all research about the short versus long-term effects
of interactive technology be longitudinal? For a research study to be characterized
as longitudinal, it needs to take at least two measurements of the same variable
at different points in time [5]. This allows us to look at changes within the same
individual. Did their perception of the usability of the product change over time? Did
the relative importance of different product qualities, such as usability, usefulness
or novelty, change over time? The appropriate duration between measurements and
the number of measurements mostly depends on the phenomena and their dynamics
one aims to capture in such research. For example, the learning effects of a new
input device might be studied over the course of 20 sessions, scheduled across 20—
25 days [6]. The impact of a new electronic patient recording system and studying
how novice users become experts over time might require much longer time frames,
such as 15 months as in Kjeldskov et al. [7].

However, a longitudinal design also entails a number of challenges, such as
participant dropouts (panel attrition) or constructs becoming invalid over time as
participants’ perceptions of them change (panel conditioning and construct validity),
but also the high costs longitudinal studies imply (c.f. [5, 9]). Some of the alter-
native approaches to studying change over time have been previously discussed
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in HCI research [8, 9]. At the top level, one may distinguish between repeated
cross-sectional, longitudinal, and retrospective designs.

Repeated cross-sectional designs differ from longitudinal, in that they recruit
different participants in each data-gathering wave. For large surveys in social
sciences, this is a typical procedure, for example when assessing the changes in
opinion polls in politics over time. However, this approach can also be adapted to
compare user groups, based on the assumption that the differences between groups
resemble differences over time. For instance, one could measure user performance
with users of different levels of expertise (e.g., novice versus expert users), or different
lengths of ownership of a product. Given that one cannot study intra-individual
change, such designs imply a risk of failing to control for external variation, and
falsely attributing variation across the different user groups to the manipulated vari-
able. Priimper et al. [10] for instance highlighted this problem, by showing that
different definitions of novice and expert users lead to varying results.

Longitudinal designs can be further classified into within subjects repeated
sampling designs, prospective panel designs, and revolving panel designs. The first
two differ only in terms of the number of data-gathering waves. Repeated sampling
designs entail only two waves of data gathering. As an example, Kjeldskov et al. [7]
studied the same seven nurses, using a healthcare system, right after the system was
introduced in a hospital and 15 months later, while Karapanos et al. [11] studied how
tenindividuals formed overall evaluative judgments of a novel pointing device, during
the first week of use as well as after four weeks of using the product. Prospective
panel designs, on the other hand, incorporate at least three data-gathering waves, thus
enabling an inquiry into the exact form and process of change. However, with more
data-gathering waves being added, the challenges of longitudinal research are attenu-
ated, as participants may drop out of the study or become accustomed to the measure-
ment, thus raising issues of construct validity. Revolving panel designs attempt to
address these problems by adding a smaller number of new participants at each
data-gathering wave.

Finally, in retrospective designs, data are gathered only at a single point in time
and participants are asked to retrospect on two or more periods in the past. While
retrospective designs provide a lightweight approach to studying change over time
and remove the risk of panel attrition as there is only one data-gathering wave,
they suffer from retrospection bias, as participants are asked to report on events that
took place weeks, months, or years in the past [5]. A number of methods that aim at
reducing retrospection bias have been presented in HCI research over the past decade
(e.g., [12, 13]).

3 What This Book Covers

This book brings together a collection of chapters, addressing theoretical and method-
ological considerations and presenting case studies of longitudinal HCI research. We
outline below the contributions from the ten selected chapters.
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Theoretical Perspectives

The first two chapters discuss theoretical concepts around the design and execution
of longitudinal studies.

In Chap. “Longitudinal Studies in HCI Research: A Review of CHI Publications
from 1982-2019” Kjerup, Skov, Kjeldskov, Gerken, and Reiterer explore existing
longitudinal studies in HCI research through a review of CHI publications from
1982 to 2019. A key goal of the chapter is to understand how previous HCI research
described through CHI papers have conducted longitudinal studies in order to inform
and inspire future studies. Building on the literature review and analysis, this chapter
offers a classification of studies and recommendations for future longitudinal HCI
research.

In Chap. “Longitudinal Studies in Information Systems,” Nielsen provides an
account of how longitudinal research in the field of information systems has evolved
and what HCI can learn from this. After mapping the past 20 years of longitudinal
research in the field of information systems, the author presents five exemplar longi-
tudinal studies, uses them to illustrate the difference between variance and process
studies, and elaborates on the implications this distinction has on decisions regarding
the design and execution of longitudinal studies in HCI.

Methodological Considerations in Longitudinal HCI Research

The next four chapters in the book discuss methodological issues related to
longitudinal studies.

In Chap. “Recommendations for Conducting Longitudinal Experience Sampling
Studies,” van Berkel and Kostakos discuss a number of concerns that surface
when employing the experience sampling method (ESM) in longitudinal studies,
given the high degree of participant engagement that the method necessitates, and
propose practical recommendations that can assist researchers in mitigating those
concerns. Among others, they discuss issues of participant motivation, study adher-
ence, response reliability, and response bias introduced by the longitudinal nature of
such studies.

In Chap. “Longitudinal First-Person HCI Research Methods,” Lucero, Desjardins,
and Neustaedter reflect on the use of first-person research methods, such as auto-
ethnography and autobiographical design, which by their very own nature, typically
span extended periods of time, such as several months, or even (many) years. Staying
true to the values of first-person research methods, the authors present three case
studies through personal, reflective accounts of what went on during the studies,
the strengths of their approach, and the challenges they faced, providing fruitful
insights for researchers wishing to engage with first-person methods. Drawing on
the differences and the commonalities across their three experiences, the authors
discuss a number of critical factors of the study design and execution, such as the
degree of engagement of the researcher, issues relating to data collection fatigue and
data safety, the role of reflection as the primary mode of inquiry, and the question of
how to decide when to conclude the study.
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In Chap. “Imagining the Future of Longitudinal HCI Studies: Sensor-Embedded
Everyday Objects as Subjective Data Collection Tools,” Karahanoglu and Ludden,
drawing inspiration from quantified self and the ubiquity of mobile and wearable
sensors, explore the potential of sensor-embedded everyday objects as tools, or
probes, for subjective data collection in longitudinal studies. To explore their design
space, their opportunities, and barriers, they conduct three online focus groups with
HCI experts. The authors present a number of concepts that came out of this process
and propose on issues that we should pay attention to when creating such tools,
such as reducing participant effort, collecting one type of data at a time, and finding
friendly ways to embed these objects in daily life.

Lastly, in Chap. “Experiments, longitudinal studies, and sequential experimenta-
tion: how using “intermediate” results can help design experiments,” Kaptein intro-
duces us to an underused, yet highly valuable experimental design for HCI, that of
sequential experimentation, where “intermediate results are used to make changes
to the experimental design as the experiment is still running.” This, Kaptein argues,
provides a number of benefits to traditional experiments, such as randomized clin-
ical trials (RCTs), where all decisions, such as the number of participants, are made
beforehand. To name one, sequential experiments enable researchers to stop a study
early, when sufficient evidence has been collected, thus saving resources in tedious
and costly longitudinal studies. Kaptein discusses a model for sequential experimen-
tation, the multi-armed bandit problem, and introduces software that enables HCI
researchers to conduct sequential experiments.

Reviews of, and Case Studies on Longitudinal HCI Research

The remaining four chapters present different examples of longitudinal research
across different strands of HCI research.

In Chap. “Tensions and Techniques in Investigating Longitudinal Experiences
with Slow Technology Research Products,” Odom argues that the ease with which
we can accumulate personal digital data, from photo albums, to music, and other
types of digital data, raise new questions about how we should interact with those
digital platforms over the long term, and how to study those through a longer time
frame. The author presents and reflects on two case studies of long-term deployment
of “slow” technology: One that aims to “motivate users to interact in reflective,
contemplative and curious ways [...] and to operate slowly, in the background of
everyday life.” Odom provides a very interesting account of the type of inquiry
needed and the tensions that exist in the long-term study of slow technology, such
as “providing a space for ongoing discussions with participants while being mindful
not to draw too much attention to the design artifact itself.”

In Chap. “Opportunities and Challenges for Long-Term Tracking,” Epstein,
Eslambolchilar, Kay, Meyer, and Munson review the challenges involved in the long-
term tracking of one’s own behaviors. They present two case studies of long-term
tracking and reflect on ways to mitigate the challenges, such how to design personal
informatics tools that maintain adherence, and how to treat lapses in tracking as
opportunities for self-reflection. They conclude with a number of recommendations
for conducting studies that involve long-term tracking of personal data, such as how
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to treat missing data, how to leverage secondary sources of data, and regarding the
ethical, legal, and social implications of long-term tracking.

In Chap. “Augmenting Gestural Interactions with Mid-air Haptic Feedback: A
Case Study of Mixed-method Longitudinal UX-testing in the Lab,” van den Bogaert,
Rutten, and Geerts present a longitudinal study of a novel output technology, ultra-
sound mid-air haptic feedback. The authors tackle a common problem when working
with novel technologies—they often cannot be deployed in the field. The authors
present here a longitudinal study conducted in a laboratory environment, where
participants go through eight repeated exposures to the mid-air haptic feedback
mechanism over five weeks. The authors present a number of interesting insights
around the dynamics of users’ experience with the technology over the course of
the eight repeated exposures and reflect on the methodological takeaways from this
study, including questions around the optimal duration of each laboratory session,
recruitment, and the role of the fun factor and remuneration in ensuring participant’s
adherence.

Finally, in Chap. “A Six-Month, Multi-Platform Investigation of Creative Crowd-
sourcing,” Khan, Lykourentzou, and Metaxas present a longitudinal study of seven
crowdsourcing communities focusing on macro-tasks: complex, longer tasks, which
are difficult to break down and usually involve creativity, as opposed to micro-tasks,
ones that are simple, short, and involve unskilled work. The authors present the
analysis of publicly available data that they collected over the course of six months,
involving more than thirteen thousand tasks, and provide a number of interesting
recommendations for the design of crowdsourcing communities.
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Longitudinal Studies in HCI Research: )
A Review of CHI Publications From Gedida
1982-2019

Maria Kjzerup, Mikael B. Skov, Peter Axel Nielsen, Jesper Kjeldskov,
Jens Gerken, and Harald Reiterer

Abstract Longitudinal studies in HCI research have the potential to increase our
understanding of how human—technology interactions evolve over time. Potentially,
longitudinal studies eliminate learning or novelty effects by considering change
through repeated measurements of interaction and use. However, there seems to
exist no agreement of how longitudinal HCI study designs are characterized. We
conducted an analysis of 106 HCI papers published at the CHI conference from 1982
to 2019 where longitudinal studies were explicitly reported. We analysed these papers
using classical longitudinal study metrics, e.g. duration, metrics, methods, change
or stability. We illustrate that longitudinal studies in HCI research are highly diverse
in terms of duration lasting from few days to several years and different metrics are
applied. It appears that the paper contribution type highly influences study design,
while only a little more than half of the papers discuss or illustrate change/stability
during their studies. We further underline considerations of durations versus satu-
ration, identifying points of measurements and matching contribution types with
research questions. Finally, we urge researchers to extend implications presented
on perceiving duration as a singular attribute, as well as longitudinal systematic
approaches to ‘in situ’ studies and ethnography in HCI.
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Keywords Longitudinal - Literature review * Study design + Duration + Change

1 Introduction

Longitudinal studies in human—computer interaction (HCI) research have been
applied and discussed for several years, and the potential of conducting studies that
are longitudinal by nature is almost quite evident, e.g. the opportunity to measure or
observe changes over time [6].

Longitudinal studies or longitudinal research are commonly applied and used in
other research disciplines. For example, in social science, it has been used to focus
on studying phenomena over an extended period of time and to study changes within
these phenomena. Pettigrew [16] defines longitudinal research in social science as
lengthwise and thereby as research studies that span a period of time. For this chapter,
we adopt a definition on longitudinal data in HCI research from Gerken [6], who
states ‘longitudinal data present information about what happened to a set of research
units [in our case, the participants of a study] during a series of time points’. Thus,
duration of time and change is highly important for longitudinal studies. But various
challenges and obstacles have been identified for longitudinal studies, e.g. that they
can be very cumbersome or labour-intensive (high demand on resources) and also
risks of panel attrition.

Several conference events have been organized at the annual premier interna-
tional HCI conference The ACM CHI Conference on Human Factors in Computing
Systems (CHI) over the past years, e.g. workshops [4], with these subgoals ‘in-depth
discussion of key issues both appropriate methodology and research questions that
lend themselves to longitudinal study’ and ‘generation and dissemination of best
practices for longitudinal research to the CHI community’, resonating a need for
consensus on longitudinal HCI. Also, previous user experience (UX) research has
started to shift their focus from initial UX to more prolonged sustained use, thereby
requiring longitudinal studies [10].

In this chapter, we will give an overview of how previous CHI contributions
have conducted longitudinal studies, for inspiration. Additionally, we will present
recommendations for future longitudinal HCI research.

It is important to note that longitudinal research should be seen as a specific tool
and not the silver bullet to empirical research in any field. So, while it is important to
promote the application of longitudinal research, it is also necessary to understand
the pitfalls and difficulties that come with it. By providing this analysis, we aim to
shed some light on these aspects as well.
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2 The Challenge of Identifying Longitudinal HCI

There is already much HCI research that is longitudinal, but it is also fair to state
that much less research is explicitly longitudinal. Various forums at the CHI confer-
ence have addressed a need for stronger focus on longitudinal research within HCI,
e.g. workshops [3, 4, 8], panels [23], SIGs [7, 22] and courses [2]. However, we
still have little empirical evidence about how we as an HCI community understand
what longitudinal research is for HCI studies, how we should think about it, which
methods apply, and how it should be evaluated. Only two small sections are dedi-
cated to this broad topic in a newly updated version of one of the common textbooks
on HCI research methods [12]. Ethnographic studies are often longitudinal—at least
implicitly—but not always. Case studies often provide a snapshot and hence not
longitudinal, but not always. The timespan of experiments is traditionally short, but
several are longitudinal. There seem to exist a genuine lack of clarity as to what
longitudinal is and should be in HCI research. In our reading of the 106 CHI papers,
we found that only one paper referenced a source text for longitudinal data analysis
(appendix reference [41]). Instead, others would reference other HCI publications on
HCI longitudinal studies, while most of them included no references on longitudinal
studies or research at all. There seem to be no common, unified definition for longi-
tudinal research in HCI, only emerging definitions formed in panels and discussions
in the context of CHI, and not even these are referenced that often.

3 Studying Change

In the social sciences, longitudinal research has been more common, with periodic
censuses which aim to understand societal developments being one of the popular
and oldest examples [13]. So as a starting point we can state that longitudinal research
has been used to focus on studying phenomena over an extended period of time and to
study changes within the phenomena. But how so? From a more technical perspective,
we can follow Taris who contrasts longitudinal research with cross-sectional research
[21]. In cross-sectional research, there is only one single measurement for each
individual or case in the study—ideally at the same point in time. Typically, such
research is applied in HCI, e.g. when running a survey or to compare different
interaction techniques in a controlled experiment. Longitudinal studies however are
‘running lengthwise’ as Pettigrew puts it [16]. This means that there need to be at
least two measurements for each case and for the same variable at different points in
time. This then allows for comparison of data among the time variable and thereby
the study of changes.

Change is the primary variable of most interest in longitudinal research, and the
appropriate conceptualization of change is central [ 18]. The emphasis is also here on
change and from the point of measurement of variance they claim that longitudinal
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research must contain three or more repeated measurements. In Pettigrew’s longitu-
dinal process research, the empirical analysis is directed at understanding the process
of change (over time), the contents of the change, and the context in which it happens.
Guidelines have been established to inform how to develop and evaluate longitudinal
research on change. The necessary conceptualizing of change, they state, requires an
explication of a theory of change, duration of change as well as predictors of change.
Different aspects should be clarified including the level of change of interest, group
average change, intraunit change, or interunit differences in intraunit change. It is
often the relationship between variables that is the most interesting and this can be
examined only by a longitudinal study.

Elements of comparison are vital for longitudinal studies, and quantitative
approaches are implemented for comparison and significant relationships between
set variables. Ployhart and Vandenberg [ 18] address statistical analysis in their guide-
lines and urge to be aware of potential violations in statistical assumptions inherent
in longitudinal designs (e.g. correlated residuals, non-independence). The potential
errors have to do with the nature of longitudinal research where variables change;
they become more or less heterogeneous, over time. Being precise about which vari-
ables are expected to change, why they are changing and (when relevant) the nature of
dynamic relationships over time. Time is not the only valid variable, as they empha-
size; most constructs do not change, evolve or develop because of time, rather they
do so over time. An example is that time does not make children grow into adults;
genetics and environment are the causes. Pettigrew [16, 17] argues that pragmatically
judgements in longitudinal research will be made based on the themes and research
questions being pursued, the empirical setting of the research, researcher—subject
relationships and funding and other resource constraints. What researchers can say
something about will be dependent on the variables, which are measured.

4 Method

The primary goal of our study is to explore previous CHI papers where longitudinal
studies have been applied and reported. Particularly, we are interested in analysing
how CHI papers have studied change or stability over time, what time or duration is
in CHI studies, and finally what kind of research methods that longitudinal studies
apply. For this analysis, we ground our work in the definition stating ‘longitudinal
data present information about what happened to a set of research units [in our case,
the participants of a study] during a series of time points’ [6].

In our paper selection, we were inspired by the four phase analysis on empirical
studies illustrated in Bargas-Avila and Hornbak [ 1], but since our analysis focuses on
only one outlet (CHI proceeding series), most of the exclusion steps are not applicable
for our study. Thus, we conducted three phases when selecting publications for our
study namely identification, retrieval, and analysis. For readability, when referencing
appendix references outside of findings, we will clearly mark it.
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4.1 Phase 1: Identification of Publications

We used the exact query or search term ‘longitudinal’ in the ACM Digital Library
(DL) database and further limited our search to only include publications from the
proceeding series Human Factors in Computing Systems conference (CHI). We
searched for the query in all ACM DL fields including title, abstract, keywords and
full text. The CHI conference has been held annually since 1982 and the ACM DL
include all conference proceedings from 1982 (the first CHI) until 2019 (the latest
CHI). We found that the query term ‘longitudinal’ is significantly unique to capture
the type of publications that we would like to include.

We have only included published CHI papers in this analysis. We certainly
acknowledge that longitudinal studies are also published at other HCI venues. We
address this in discussion, referencing a previous analysis that adds interesting and
complementary perspective on longitudinal studies in HCI research.

4.2 Phase 2: Retrieval of Selected Publications

We retrieved 137 publication entries out of the 138 entries from phase 1. One entry
in the ACM DL included no PDF and referred to a CHI 2008 workshop call on
information visualization. This entry was excluded from our set. The 137 publica-
tion entries (PDFs) were archived, and we then printed and numbered all entries in
alphabetical order after first author’s last name. For our study, this phase involved
only the above exclusion of publications as we only had one data source (the ACM
DL) and therefore, no duplicates were included in our set of publications. We have
included the entire list with all 137 CHI publications in the reference appendix in
this chapter.

4.3 Phase 3: Publications for Analysis

During this third phase, we wanted to exclude papers that did not, e.g. report from an
empirical study as our goal was to analyse how CHI research conduct longitudinal
studies and not only how they talk about these studies. A total of 31 publications was
excluded from the analysis, all listed here as appendix references. First, we removed
twelve entries where the publication did not report from an empirical study [5, 6,
7,17, 21, 25, 26, 61, 65, 66, 86, 123]. Secondly, we excluded eleven publications
where the term longitudinal referred to something different than the study or research
method [35, 50, 52, 56, 67, 69, 76, 102, 129, 130, 137]. Thirdly, we excluded seven
publications where the study had not yet been done, but where the authors suggest
a longitudinal study should be done [22, 23, 31, 101, 103, 108, 135]. Finally, we
removed one publication where the paper did not have sufficient details on how or
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whether an empirical longitudinal study actually had been conducted [91]. A resulting
list of 106 CHI papers was used for our analysis and can be found in the reference
appendix of this chapter (they are marked with an “*’).

We initially described the 106 publications using themes and characteristics of
longitudinal research from related disciplines (as introduced in the background).
Here, we used the definition from Gerken [7] on longitudinal data on what happens
to a set of research units (participants) over a series of time points. Based on this, we
constructed a framework for analysis that consisted of entries for duration, variables
and metrics, data types, research methods, study context, how the term longitudinal
is used and applied and finally a short summary of the paper. Additionally, the 106
CHI papers were re-read with a focus on argumentation for or against longitudinal
aspects, how it was implemented in methods and how findings were impacted by the
longitudinal aspects of the study. Following, papers were sorted and analysed through
emergent themes, reflected in the findings. We also analysed and categorized all 106
papers, regarding their specific type of contribution they present, taking inspiration
from the CHI contribution types as illustrated in the CHI 2017 website where it is
stated that ‘... a single paper may often fall between contribution types, or offer its
own unique contribution...” While we certainly acknowledge that CHI papers often
make several contributions, we have attempted to determine a primary contribution
of each paper for us to discuss different kinds of studies in relation to contribution

type.

5 Overview of Longitudinal HCI Research

In the following overview, we present key characteristics for the 106 CHI contribu-
tions, namely duration, metrics and change. We would like to stress that when we
reference papers in this section, the number refers to the numbers in the Appendix
References.

First, our analysis showed that two contribution types amounted for almost 70% of
the papers namely ‘understanding users’ with 43 papers (40.5%), while ‘development
and refinement of interface artefacts or techniques’ has 29 papers (27%). This is
perhaps not surprising as CHI papers deal with developing or creating new user
interfaces and interaction techniques, but also studying user interaction with systems.
Looking at the other contribution categories we see that ‘systems, tools, architecture,
and infrastructure’ have 15 papers, while ‘methodology’ and ‘theory’ have 11 and,
respectively, five papers. Finally, we were unable to categorize three papers towards
primary contribution [1, 121, 133]. In the following, we will for practical reasons
refer to the contribution types as interfaces, understanding, systems, methodology
or theory.
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5.1 Study Duration: Plateauing and Evolution

Our findings illustrate that the duration reported in the included CHI papers varies
greatly for longitudinal studies. This is shown in Table 1. Also, we identified two
different but related tendencies in our analysis related to study duration that we refer
to as plateauing and evolution. In the following, we will illustrate duration, and we
will illustrate plateauing and evolution.

Our analysis showed that duration ranges from only a few days, e.g. [115], up
to several years, e.g. [112], and it can be argued that CHI longitudinal studies are
measured over days, weeks, months or years. We identified 22 studies where the
duration is not reported or unclear—these are listed as ‘Not specified’ in the first
column of Table 1. Instead, these papers focus on describing, e.g. the number of
sessions carried out, the duration of the individual sessions, interval between sessions

Table 1 Categorization of the 106 included CHI papers from the period 1982-2019
Duration (Longitudinal study)

Not 14 daysor |2to 1to 1 year or
specified | shorter (N |4 weeks 11 months | longer
N=22) |=16) N=12) |(N=3D (N =25)
Paper Interface 20, 40, 47, | 46,51,72, | 44, 48,59, | 15, 18, 94
primary artefacts or 73,79, 80, | 82, 87, 94, 106,
contribution | techniques (N |93, 134 104,113, | 116
=29) 114, 115,
126, 131,
132
Understanding | 24, 30, 38, | 58, 122 36, 53,64, | 12,13,19, |3,4, 10,
users (N =43) | 49,90 128 27,28,29, |16,32,

45,77, 81, |55,78,
83, 84,95, |92, 96,
98, 99, 100 | 107, 109,

110, 111,
112, 120,
127, 136
Systems, tools, | 60, 62 70, 85 34,37 8,9, 68,89, 33,71
architecture 117, 119,
and 125
infrastructure
(N =15)
Methodology 11,118 41,42,43, |75, 88,
N=11) 54,57, 63, | 105
Theory (N =5) | 2, 14,74 39, 124
Uncertain (N = | 1, 133 121
3)

The x-axis illustrates the duration of the study described in each paper (four types+ non-specified),
whereas the y-axis describes primary contribution type. Numbers in the table refer to the appendix
reference list
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or tasks within this session [20, 47, 49, 72,73, 79, 80, 93, 134]. In the following, we
primarily consider and discuss the papers with a reported duration (N = 84), and in
the following we will unfold observations regarding CHI paper study durations.

Interestingly, it appears that the contribution type affects the study duration. Inter-
face papers employ relatively short studies (less than a month), whereas papers on
understanding have rather long studies (often a year or longer). For the 21 interface
papers that do report the study duration, 18 of them (85%) integrate longitudinal
studies with duration less than a month. Whereas for understanding papers, 30 of the
43 papers (71%) report from longitudinal studies that are at least one month long; and
17 of the 42 papers (41%) conduct studies that are one year or longer. As the most
‘extreme’ example, Sillence et al. [112] conducted a study over five years. However,
a few understanding papers employ short study durations (less than two weeks), e.g.
Jain [58].

While interaction papers mostly have short study durations, we found it interesting
to observe that systems papers have rather long study periods where 9 papers out
of 15 (60%) have study duration of at least one month, for example the study in
[71] with a two-year study. But systems papers also employ short study periods like
[34] with three weeks of study. Furthermore, we only found one study, [34], among
the systems papers conducted in a laboratory. Here, the participants played a game
for approximately one hour in an attempt to learn mandarin as a second language.
Language education and self-study took place outside the scope of the study.

Some of the CHI papers report from retrospective studies, where the duration
refers to the time the collected data covers. The data collection is done electronically
and is already produced, stamped or tagged, and available on servers. For example, [4,
110, 127, 136]) are all understanding papers where the data cover over one year. As
an illustrative example, Yuruten [136] conducts statistical analysis on a well-known
public data set, previously collected for another purpose and used in other studies.
More of these studies explore data from anonymous users of social networks (Twitter,
discussion forums, collaborative music making site). This has some disadvantages
according to Wang and Kraut [127] who argue that due to the snapshot quality of
their included measurements, they are not able to make strong causal claims. But
Settles and Dow [110] use this kind of data collection as a supplement to their own
surveys.

5.1.1 Plateauing in Performance

We identified a focus in several studies on what we refer to as plateauing in perfor-
mance (i.e. plateauing defines reaching a state of little or no change after a period of
activity or progress). While only six of the included papers directly use the term [3,
46,79, 81, 114, 115], we found that 20 papers discussed issues related to plateauing,
and it played a significant role in defining longitudinal characteristics of the studies.

Plateauing in performance was particularly in focus for more papers on interface
artefacts and techniques, which were typically carried out in laboratory environments,
e.g. with a relatively modest duration of few days [115] and up to 6 weeks [15].
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While [3, 81] are both understanding papers, with a duration of months to years,
the plateauing described refers to behaviour and habits, not performance. For some
duration was not even specified, rather there was a focus on number of sessions.
For example, the number of sessions wherein learning a new mapping would still
be feasible [47], where the amount of time elapsed for performance with a new
input method would settle compared to a familiar one [73] and where the difference
becomes negligible [79], sessions required to mathematically project when users
would reach expert levels [80]. It is however worth noting that the description of
what constitutes a session, at what interval sessions should be carried out and the
number of sessions varies wildly. A session might be timeboxed (e.g. [59, 82, 87,
114]) or might consist of a certain task e.g. typing an amount of phrases [44, 46, 72,
94, 113, 131]. Sessions can be carried out within an interval—as an example [59] held
laboratory sessions at an interval of at least 12 h and not more than two days, whereas
[115] stated the importance of carrying out sessions at the same time on consecutive
days. Conducting laboratory sessions, there might be practical constraints that dictate
session duration, interval and number of sessions, although it is not explicitly argued.

In relation to plateauing, a number of interface artefacts and techniques papers
argue that stability in performance can often be reached within days or weeks (e.g.
[15, 44, 46, 48, 59, 72, 82, 94, 115]). Of course, different aims necessitate different
duration, for [115] the aim was to explore a new input modality in a target acquisition
task as well as participants initial attitude towards this modality, thus they planned
for five daily sessions, whereas for [15] the aim was to determine the fastest and
most consistently stable input of one new and one known condition, after partic-
ipants passed the label of novice user, thus they planned for 20 sessions. Castel-
lucci and Mackenzie [15] found that while two interaction techniques (graffiti and
unistroke) had equally high error correction rates, the new technique was consid-
erably more consistent than the other ‘Investing the same time learning unistroke
can result in significantly faster stroke time and higher text entry speed’, whereas
Sporka et al. [115] argued the need for a longer study duration for stronger evidence
on performance plateauing.

A key plateauing concern is to understand when do users move from being novices
to being experts during the conduction of an experiment? Thus, several experiments
here involve prospective users where they use a new interface or a new interaction
technique over a period of time. As an exemplary study of accounting for longitu-
dinal aspects in plateauing in performance, MacKenzie and Zhang [80] (although
not specifying a duration) applied a 2 x 20 within-subject factorial design to see
the development from novice to expert with a new developed text-entry technique.
They found that expert levels (theoretical upper-bound) were not reached within
20 sessions, but mathematically projected it would take around 30 sessions. They
relate to the longitudinal aspects arguing learning time is a usability issue, there-
fore longitudinal empirical evaluation is important; ‘We want to establish not only a
layout’s potential for experts, but also the learning time for typical users to meet and
exceed entry rates with a QWERTY layout’. MacKenzie and Shawn further describe
a so-called crossover point, where performance with a new technique would exceed
current practice. However, they point out that this ‘elusive crossover point’ may not
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always be reached if the new technique is simply not good enough or needs refine-
ment. For example, Son et al. argue that in their case for two-thumb typing in VR that
although one condition implemented showed improvements, further work is needed
to reach an adequate performance level in comparison to non-VR typing [113]. Addi-
tionally, MacKenzie and Zhang argue that the number of users for these evaluations
are typically lower than usual, however the vital part is that they are evaluated over
a prolonged period of time [80].

Majaranta et al. [82] challenged previous evidence that gaze typing is slow by
changing the gaze time from constant to adjustable and evaluated on this in a series
of ten laboratory sessions. They concluded that after four 15-min sessions, equal
to one hour of practice, learning decelerated prominently. They reached a plateau
in learning. However, Jain [59] argues that a concern is to actually pinpoint the
exact moment when subjects cross a threshold from novice to expert and through a
longitudinal study, they were able to demonstrate that after an hour of practise, their
users were able to transition to expert users within their particular system. Reporting
on the point where performance plateaued was found in other studies expressed as
either minutes/hours of practice or the specific day/session [15, 46, 48, 82].

5.1.2 Evolution

Our analysis showed that 12 studies explicitly concern evolution—something
evolving over time. These studies are concerned with how, e.g., personal informa-
tion management behaviour evolves over time [10] or how evolutionary patterns of
communication strategies emerge over a project life cycle and how these might affect
delivery performance and quality of new product development [16]. The studies had
common traits: They were carried out in the field, in low-control situations, or ‘in
the wild’ [98], as well as they had a duration equal to or above one month and
up to several years. As an example, Chattopadhyay et al. [18] explicitly emphasize
the choice of longitudinal methods to explore how use cases of their collaborative
presentation plug-in would evolve naturally. In a one-month long deployment, data
was collected through observation, interviews, one focus group, supported by system
interaction logs and video recordings. This enabled authors to observe and report on
‘emerging practices and shifting dynamics’ for evolving presenter and attendee prac-
tices. However, the authors qualify this as initial insights and argue for larger-scale
studies to validate, elaborate and qualify these findings. Likewise, a study from last
year by Niemantsverdriet et al. [95] is concerned with social interaction, exemplified
by a longitudinal study of shared use of a lighting control system and how social
dynamics evolved around coordination.

Many of the evolution studies are concerned with understanding users. A recent
exemplary study is Erete and Burrell [32], who explore citizen participation in local
government. The study ran for three years and it reports on how online tools were
organically adapted by citizens in order to engage in local governance in three
communities. One result showed, that they were able to capture change in uses:
‘During this study, we observed residents in Community 2 use an open discussion
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board initially and change to a private email list’. Through a triangulated approach
involving observation, interviews and qualitative content analysis, authors gathered
extensive empirical data on a regular basis and subjected these to inductive analysis.
Whereas Erete and Burrell’s study is mostly descriptive, Parkes et al. [98] address
evolution and clear temporal aspects for introducing technological interventions in
their research question on how children’s use and interpretation of the tangible system
Topobo will evolve over time. Here, several case studies of monthly use without an
explicit study protocol or researcher involvement allow teachers to unfold the possi-
bilities and constraints for Topobo together with children of various ages and in
various contexts.

5.2 Use of Metrics, Variables and Methods

A considerable amount of the 106 CHI papers report from studies that apply mixed
methods in their research design. We found that 62% of the papers employ both quan-
titative and qualitative research methods, while 31% employ quantitative research
methods and just 7% employ qualitative research methods.

5.2.1 Maetrics and Variables

Several quantitative papers deal with interface artefacts or techniques (48%), and they
often apply metrics or variables that make results easily comparable to previously
reported results, e.g. [44, 73, 113], or to previous models, e.g. [20]. Several of these
papers deal with text entry via text input interfaces, and they are often concerned
with measuring typed-in words per minute—a common quantitative metric in the
quantitative-only papers (e.g. [44, 46, 59, 79, 80, 93, 113, 131, 134]), but also in
the mixed-method papers (e.g. [20, 72, 82, 114]). Other metrics or variables used
in these papers are number of errors/corrections, error/correction rates, time elapsed
between one action/keystroke to the next, stroke duration, etc. varying on the study
technology and focus.

Interestingly, twelve out of 33 quantitative research papers (36%) are under-
standing papers. Here, we found a focus on stringent variables and a vocabulary
to match, as illustrated in these papers [4, 12, 13, 111, 127, 128]. Although varying
in duration (weeks to years), all have an emphasis on variables for statistical analysis
on a large data set from a large sample size. For [4, 13, 111, 127] they outline one to
two dependent and several independent variables. White and Richardson [128] set
up two primary parameters on which to measure: community size and contact rate.
Some studies, e.g. [4, 111, 127] relied exclusively on data retrieved from servers,
while other studies, e.g. [12, 13], supplement such data with survey data. Some of the
understanding papers are concerned with more abstract constructs; motivation, bias
and user experience (e.g. [36, 64, 100]). For example, Fiore et al. [36] compared four
conditions which differed in elements of intrinsic or extrinsic motivation. Karapanos



22 M. Kjarup et al.

[64] uses the AttrakDiff 2 questionnaire to evaluate deployment of a new tech-
nology as the author argues: ‘For evaluative, high level summary judgments single
item measurements are appropriate and commonly used (e.g., to measure subjective
wellbeing)’.

Few CHI papers report from a qualitative-only study (7%). As an example,
Pasquetto et al. [99] conduct two qualitative case studies, primarily relying on firstly
a literature review and secondly ethnographic long-term observations, with a focus
on open data policy and practice in major scientific collaborations. Their research
questions regard rationales, definitions and infrastructure of open data, as well as
their relationship. Categorizing this as an understanding paper, they conclude on
how definitions change and how the relationships are more complex than before
assumed and how this affects policy and practices.

Some important limitations of longitudinal data analysis are explicitly emphasized
in [12, 55], e.g. Burke and Kraut [12] state that it is impossible to rule out every
possible ‘third factor’ that might account for a portion of an association between an
independent variable and its effect on the dependent variable. Hutto et al. [55] argue
that longitudinal study research inherently has great power as correlational research
due to the fact that time-dependent, repeated observations are considered as they
state: ‘When input A is consistently and reliably observed preceding outcome B for
the exact same group of individual’s time after time, we have greater confidence in
suggesting a causal relationship between A and B’. Burke and Kraut [12] nuance
this for their particular study saying that ‘like many large-scale observational social
science studies, we cannot draw definitive causal conclusions, even with longitudinal
data’ as unmeasured variables unavoidably existed that they were not aware of in
their study design. They further speculate that even though they found only few
quantitative differences, if qualitative differences had been taken into account, they
might have reached a different conclusion.

5.2.2 Research Methods and Study Design

The level of control of studies varies, depending on the context it was carried out
in, as well as the objective of the study. Studies in the context of the laboratory had
inherently relatively high control. In a relatively high control field experiment of text
input techniques, Ghosh and Joshi [44] presented participants with a guideline for
how many sessions that could be carried out when, how often, and what constituted
a session. However, some more low control field settings introduced new interface
techniques and instructed participants to use it freely over a specified duration while
logging their interactions, e.g. [51, 104, 132]. The study design of Garzonis et al.
[40] is somewhat different. They divided their study into four stages with one week
of field study with daily prompted but randomly scheduled interactions, followed by
laboratory studies and web-based surveys, thus triangulating research methods. With
five hypotheses, they aimed both at investigating the intuitiveness of two conditions
(auditory icons and earcons) as well as hypothesized on the order of laboratory and
field-based activities. In line with this, Jain and Boyce [57] in a case study introduced
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a four-staged model of longitudinal data elicitation, as well as assessed the model
with empirical evidence from a case of comparing two mobile applications. Firstly,
a usability study was carried out, following three weeks of interacting and diary
keeping, thirdly a retrospective reconstruction interview, completed with a follow-
up survey after four months of use. With this study design, they were able to conclude
on how user preferences for the two applications shifted and stabilized, providing a
completely different picture than the one from the start of the study.

Mchlachlan et al. [89] reference a concept, as inspiration for their study design,
Multi-dimensional In-depth Long-term Case studies (MILCs). They employ this
study design for evaluating adoption of a large data set visualization system. In line
with this, Gerken et al. [42, 43] employed concept maps, in their case used to evaluate
the usability of Application Programming Interfaces. Concept maps, they argue, are
particularly good at addressing concerns of qualitative data gathering in longitudinal
studies, as they visualize data and make it easier to identify changes over time.

Four studies concern social media and being social online [3, 110, 111, 127],
e.g. Wang and Kraut [127] studied the link between social media participation and
work performance. They analysed logged activity on social media and compared
these with internal performance ratings. They collected data once every year from
the same participants to study baseline performance and year-to-year variability
and concluded that employers should encourage adoption of social media among
their employees. Armchambault and Grudin [3] investigated the usefulness of social
media for organizational communication over a study period of three years. Here,
they annually invited 1000 randomly selected employees to answer a survey, upon
answering they were subsequently excluded from participating again. By having
representable samples, authors reported on growth in use and acceptance over the
years, as well as changes in behaviour and concerns. Additionally, recently, Saha
et al. [105] propose in a case study to view social media as passive sensing for
longitudinal studies of behaviour and well-being, as one aspect of sensing in a larger
project named Tesserae project. Passive sensing as an unobtrusive data collection
method, specifically through radio reflections, is proposed by Hsu et al. in response
to ‘Studies (that) rely on diaries and questionnaires, which are subjective, erroneous
and hard to sustain in longitudinal studies’ [54].

5.3 Measuring or Discussing Change

As introduced in the background section, measuring change (or stability) is a primary
concern for longitudinal studies. Our analysis revealed that 66% of the CHI papers
explicitly report on change (or stability). We have included papers that illustrate,
analyse or discuss aspects of change in their paper. We assessed the studies’ points
of measurement (PoM) and distinguish between studies with less than three PoMs
and studies with three or more PoMs.

For measuring change or stability, 20 papers directly address that issues exist with
what they refer to as ‘snapshot’ and cross-sectional studies [3, 10, 12, 34, 41, 48,
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53,55, 58, 81, 85, 89, 97, 100, 109, 117, 122, 125, 127, 134]. However, they do not
dismiss these studies, rather they see longitudinal as supplementary for exploring
different, temporal aims. As an example, Fan et al. [34] supplemented previous
laboratory studies focusing on short-term recall, with a longitudinal study to focus
on measurable improvement in learning outcomes. As well, Gerken et al. argue ‘Ina
purely cross-sectional design, one might come to the conclusion that a much higher
difference between mouse and laser-pointer does exist compared to a more realistic
test setting including practice’ [41]. For Oviatt et al. [97] the extended study duration
over three sessions revealed a stability over time, which they claimed as valuable to
inform future design guidelines on ‘adaptive temporal thresholds’ on multimodal
integration patterns.

A little more than half of the included papers (54 %) report from studies with three
or more PoMs, while they also focus on measuring change or stability. Karapanos
et al. [64], for example, argue that longitudinal studies should integrate three or more
POMs to enable greater insight into the exact form of change.

Mott et al. [93] found that mastery comes with repetition and they based their
study on several POMs of varying length and interval to regularly measure progress.
They stress that the longitudinal nature of their study over eight POMs allowed
them to observe user performance with changes over time of two techniques where
they expected the learning curves of the two techniques to be different. However,
sometimes the change is not captured within the original duration, in which case
some studies turn to prediction models in favour of extending the duration, e.g. [80].

The changes and stability of use of technologies are also in focus in studies
through observations intended to predict which factors influence sustained use e.g.
[68, 81]. Also, change is not always easy to pinpoint, but can happen over long
periods of time (e.g. [10, 16, 19]). Several studies point out that conceptual change or
stability is inherently time dependent, e.g. motivation, relationships, integration and
habituation [27, 28, 36, 81, 100]. For example, Fiore et al. [36] studied motivation to
initiate participation in longitudinal studies through four conditions of incentives, and
although they saw effects on recruitment for some conditions, these did not extend
to continued participation. This seems to be a particular problem for longitudinal
studies, particularly visible in [128] and also addressed in [88, 105]. Longitudinal
studies like [81, 100] focus on motivation for exercise, and Macvean and Robertson
[81] stress that new products inherently have the problem of novelty wearing off.
They found that their prototype iFitQuest successfully facilitated light exercise over
a seven-week period. It initially encouraged moderate to vigorous intensity exercise
in many participants, but this tended to level out in the last few weeks of the study.
Although the novelty of the product or service in itself can wear off, it might inform
long-term changes in behaviour (e.g. [68, 84, 119]) or the longitudinal study might
reveal unintentional consequences of design [77]. Kim and Mankoff [68] and Teevan
et al. [119] both found that making the invisible visible, in the form of, respectively,
indoor air quality and changes in web content, saw users reflecting on and changing
their behaviour. For Lee et al. [77] their field work on employing a social robot in a
workplace resulted in a so-called ripple effect where non-participants would become
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part of the social interaction as observers or directly involved in the interaction. The
extend of the ripple effect was perceived to be unanticipated.

We found that 26 papers report from studies with 1-2 POMs (26%), and 12 of
these papers address change or stability. Interestingly, a large number of studies
(34%) did not describe, report or discussed change or stability explicitly [1, 4, 8, 9,
11, 18, 29, 30, 37, 38, 39, 40, 45, 53, 57, 58, 62, 63, 70, 71, 75, 83, 84, 98, 104,
106, 110, 116, 117, 120, 126, 128, 132, 136]. These papers typically focus on, e.g.
describing, testing or recommending without mentioning, illustrating or reporting
on change over time.

Some studies have pre- and post-measurements [8, 9, 19, 64, 119], Karapanos
et al. [64] stress the limitation of having only two PoMs, arguing they are only
measuring current states and not the changes that happened in between. Two studies
[112, 120] have a particularly long duration, where the duration in these cases could
be expressed more appropriately as an interval between two points of measurements.
For [112] Sillence et al. studied changes in online health from surveys spaced five
years apart and Tullis [21] re-attempted a study, where participants were asked to
point out the pictures they chose six years ago to represent a pictorial password. In
the cases where studies primarily rely on automated data logs or highly frequent
sensor data, it is not easy to determine PoMs. As an example, Voida et al. [125]
used a continuous data log of user interactions, as well as a post-study interview.
Although the authors argue they provide initial evidence of shifts in activities with
the introduction of their intervention, they also argue for future work to focus on
the whole life cycle of these shifts, which would require more PoMs. Additionally,
when data collection is carried out retrospectively, it is not easy to determine PoMs,
this was seen for [4, 30, 110, 127, 136].

6 Considerations for Longitudinal HCI Study Design

While the three themes under findings constitute a primary contribution of this
chapter, we will in the following unfold some of the interesting characteristics of
longitudinal HCI research. This discussion unfolds themes from our findings and
relates them to longitudinal research (questions).

6.1 Duration Against Saturation

Rogers [19] argued in a feature for interactions magazine that the burning ques-
tion in HCI research used to be ‘How many participants do I need?’ but that the
hotly debated question now was ‘How long should my study run for?’ This certainly
also characterizes longitudinal studies in HCI research, and our findings show that
the publications in our study had very different durations. Rogers and Marshall
has echoed the importance of running long-term studies ‘in the wild’ [20]. Stacked
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up against running such long duration studies, however, is the cost and tenure of
researchers involved as ‘papers must be written, and research budgets are tight’.

Our findings suggest that the paper contribution seemed to play a role in deter-
mining the duration of a study and it seemed somewhat evident that you need to
study over extended periods of time if your aim is to understand how people adapt
or use technology in real life contexts, often referred to as in situ or field studies. But
on the other hand, new interaction techniques were often tested in terms of learning,
as techniques were compared against baselines. We argue that plateauing in perfor-
mance for new interfaces and interaction techniques, often with a short duration, has
a stronger focus on data saturation rather than duration, where sessions and interval
between sessions are more important, rather than the length of the study. Another
trend we found was evolution studies focusing on patterns of change or stability, ulti-
mately with the aim of predicting natural and evolving interactions with technologies
or in order to infer design decisions, usually manifest over a longer duration. A goal
for longitudinal studies is to run for as long as it takes for changes or stability to
emerge [18]. When novelty bias wears off, the integration into routines and habits
begin and will reveal stability. How long this takes depends on the cycles inherent
in the object and context of the study.

6.2 Point of Measurement: An HCI Perspective

Points of measurements receive much attention in related disciplines stating multiple
points of measurements as acommon definition. In HCI research, Kjeldskovetal. [11]
conducted a longitudinal study involving two usability tests on an electronic patient
record system with an interval of one year between measurements. This enabled
them to conclude that many usability problems endure, despite interacting with the
system regularly in between measurements. They concluded that poor design did not
disappear over time even with learning and increased familiarity. We saw such study
design in five of our included papers, but Karapanos et al. (appendix reference [64]),
emphasize a limitation to this design ‘... one may not readily infer time effects as these
might be random contextual variation, given that we have only two measurements’.

According to Karapanos et al. [9], longitudinal studies with more than two
measurements points are ‘the gold standard’ for measuring change. They do argue
that it is increasingly laborious when generalizing over large populations of users
and products. However, we argue that this ‘gold standard’ of more than two points
of measurements is something to pay attention to in longitudinal study design as
underlining certainty of change and stability. Karapanos et al. [9] present retrospec-
tive evaluation as an alternative to longitudinal studies. The retrospective evaluation
relies on the elicitation of user’s experience from memory, but our study suggests
that study design employs data logging to aid recall or to altogether replace recalling
of events. In the event of relying on or supplementing with data logs, continuous
measurements were often used. While retrospective or continuous data logging might
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obscure the distinct points of measurements, here lies possibilities for future research
for a negotiation on how this will adapt.

6.3 Contribution Type and Research Questions

Besides this comprehensive analysis of CHI papers, we are only aware of one other
similar analysis, although less extensive, that has been presented by [6] as part of
a proposed taxonomy for research questions in longitudinal research in HCI. In the
following, we will show how the main findings of our study relate to this taxonomy.
The taxonomy encompasses two main branches: the research interest in average or
cumulative data over time and the research interest in changes over time.

Average or cumulative over time is not considered ‘true’ longitudinal research
in several other disciplines. But Gerken argues that it is common practice in HCI
research to call these longitudinal as they share the characteristic of having multiple
points of measurements [6]. This does not mean that this type of contribution is not
valuable or appropriate; however, in terms of analysis, it is comparable to a cross-
sectional problem. Without proper framing of research questions and data gathering,
you will not get the full benefit of the longitudinal design and cannot conclude
on change over time. Examples of these studies can be seen in some studies not
concerned with change (appendix reference [70, 104, 106, 126, 132]).

Interest in change (over time) is additionally branched into two different contri-
butions namely effect of change and process of change. The effect of change is
concerned with the outcome of change or pre- and post-measurements, whereas
process of change is concerned with the shape of a change process, what events
occur and answering in-depth how and why questions. Interest in the effect of change
can be seen in research questions regarding the outcome of change and for pre-post
measurements. As an example of the first, Gerken et al. (Appendix reference [41])
were concerned with the performance of novel pointing techniques. They compared
a laser pointer to mouse pointing and were interested to see how long it takes partic-
ipants to learn to use the laser pointer. So while they applied multiple PoM they
were actually focusing on the outcome of a learning process. In line with this are
several of the studies concerned with plateauing in performance, where they are
interested in learning, comparison or the ‘crossover point’. For examples in pre-post
measurements see (Appendix reference [8, 9, 19, 64, 119, 128]).

For interest in the process of change, we also recognize plateauing in perfor-
mance papers as addressing the shape of change. One example is input device exper-
iments which try to fit learning data to the power law of practice, which in itself
is a description of the shape of change. Also, what we termed evolution papers are
often concerned with the shape of change. An example can be seen in (Appendix
reference [16]) as authors were interested in hierarchical communication patterns
and strategies of these and how these strategic patterns change during a project life
cycle. According to Gerken’s taxonomy, the interest in process of change can also be
expressed as interest in occurrences of events or more specifically whether or when
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events occur. An example of a research question is: ‘Whether and when do people
adopt a specific new technology in their daily routine?’ [6]. Although not explicitly
formulated as a research question, rather formed from inductive analysis, (Appendix
reference [32]) saw how one community changed from using one technology to
another during the study. However, they do not argue why this happened.

Meanwhile, we also recognize that studies not included in this review concern
the shape of change over time (e.g. for field deployments of design artefacts). For
example, Odom et al. designing intentionally for slowness (stating regular points of
measurements) [14, 15] and Gaver et al. who present empirical understandings on
how to overcome the often short-lived effects of most environmental HCI interven-
tions [5]. Often these studies, while not explicitly longitudinal, concern introducing
change in the form of new (to the user) technologies and reporting in what ways
attitudes, behaviour and practice changes.

7 Implications for Longitudinal HCI Research

Summarizing our overview of common characteristics and three points of considera-
tion above, we will now outline three implications for longitudinal HCI studies, that
we perceive as important to consider. These relate to studies that involve measuring
longitudinal data on what happens to a set of participants during a series of time
points as articulated and pointed out by Gerken [7].

Firstly, time duration should not be considered a singular attribute in longitudinal
studies. Our analysis found that it is important for HCI researchers to consider dura-
tion not as a singular attribute, but in relation to points of measurements or even
expected change rate. Therefore, just conducting a long-term study does not make
the study longitudinal, and in fact, sometimes it is not even necessary to run for a
long period of time, if the observed variable changes quickly and can be measured
with multiple points of measurements in a short duration.

Secondly, longitudinal data measures should be considered when conducting
studies in the wild, or sometimes known as field or in situ studies. Our analysis further
showed that field studies sometimes already have the necessary duration to actually
conduct longitudinal measures using multiple and systematic points of measurements
to measure changes (or stability) over time. But our study also showed, that despite
having the duration for longitudinal collection, many of them lack a systematic study
design to express change over time for mainly qualitative approaches.

Thirdly, subject progression is important when conducting laboratory studies.
While our analysis found that laboratory studies involving longitudinal aspects have
rather different characteristics, e.g. duration or session lengths, we observed that for
several of these studies, it was important to track subject progression throughout the
study, for example when subjects go from being novices to experts (e.g. when learning
a new interaction technique or a new type of interface or prototype). This relates
closely to plateauing and evolution in longitudinal studies and involves selecting
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and defining meaningful measure metrics and variables. Thus, researchers should be
careful when designing such studies and decide how progression can be determined.

8 Conclusion

We have conducted an analysis of 106 publications at the CHI conferences published
in the period 1982-2019 in which longitudinal studies are reported. Our motivation
for this study was the lack of empirical understanding on how previous HCI studies
have conducted longitudinal studies and we hope that such an understanding can bring
forward discussions of longitudinal HCI, with the ultimate aim to reach common
consensus and a shared definition. Our findings illustrated that HCI longitudinal
studies are highly diverse in terms of duration lasting from studies conducted over
a few days to studies conducted over several years. In our findings, we explained
two longitudinal trends, namely plateauing in performance and evolution studies.
These do not cover the entire pool of included papers, but they do describe important
characteristics of several longitudinal HCI studies.

Studies considered in our analysis integrate different metrics, and we found that
the paper contribution type highly influences the longitudinal study design. We
further found that more than half of the papers discuss or illustrate change or stability
during their studies. We analysed previous longitudinal research published on CHI
for researchers wishing to conduct longitudinal studies to take inspiration and advice,
as well as learn from past challenges and successes.
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Peter Axel Nielsen

Abstract Within the information systems research, there is a long tradition for
longitudinal research, and it plays a significant role in the research literature. In this
chapter, we will overview the reasons provided by researchers for when a longitu-
dinal study is appropriate. Longitudinal studies have a particular focus on time and
change. Time and change address a concern for understanding the details of human
actors’ behaviour and perceptions both as individuals and in social arrangements.
This addresses ‘how’ to conduct a longitudinal study and why a deeper level of
understanding is beneficial. In this chapter, we will map longitudinal research in
information systems from the last two decades. This mapping shows critical distinc-
tions that can be used in designing longitudinal research. The most important differ-
ence in longitudinal studies is between variance studies and process studies. Variance
studies set the research design before the data collection, treat the change over time
as a black box, favour a positivist stance and ask what-questions to see how the input
causes the output over time. Process studies have a research design that emerges
gradually as the data collection and analysis moves forward, favours an interpretive
stance and asks what happens within the process.

Keywords Longitudinal research - Longitudinal case study * Information systems
research - Literature review * Variance study - Process study

1 Introduction

Longitudinal research into information systems and research into human—computer
interaction is related through what is studied yet less through the theories applied.
Within the discipline of information systems, there is a long tradition for longitu-
dinal studies. Information systems research is concerned with phenomena of devel-
opment and use of information technologies aiming to support individuals, organisa-
tions, businesses and other social arrangements to benefit from the information being
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collected, stored, computed and distributed. Theories of what information systems
are and how their socio-technical nature should be understood exist in abundance [1].
It suffices here to state that it is both an academic research area and a professional
practice area. It is a field that is multidisciplinary in seeking to bridge between engi-
neering and the social sciences. We shall in this chapter see examples of information
systems research.

The purpose of this chapter is to show what longitudinal research in information
systems has evolved to and how we may learn from this. Longitudinal research is not
at all new, but it has gained more momentum over the last two decades. Examples
of longitudinal research will be presented and discussed. We shall, in particular, see
how longitudinal studies contribute to depth in understanding and to understand the
importance of change.

This chapter is a literature review and follows the research method explained by
Paré et al. [2]. They distinguish between several types of literature review, and the type
most appropriate here is a descriptive review as it reviews the extent of longitudinal
studies within information systems research and seeks to elicit interpretable patterns
in the underlying research methodologies.

The following sections start by outlining the landscape of longitudinal studies
before showing exemplars of longitudinal research. By the end of the chapter, I shall
summarise the principal elements and point at research design decisions to be made
in any longitudinal study. This is relevant for longitudinal research in information
systems and human—computer interaction alike.

2 The Landscape of Longitudinal Studies

The number of published articles within longitudinal information systems research is
significant. A simple overview can be had from a literature search in Scopus. Scopus
is a relevant search service as the highest-ranking research in information systems is
published in journals of which Scopus catalogues a majority. In information systems
journals, there are since 1999 published 378 articles where ‘longitudinal’ appears in
the title, abstract or keywords. To reduce this to a more manageable level, we are
here only looking at the eight journals that rank at the highest level among journals.
These journals are referred to as the ‘Basket-of-8” and are generally agreed to be
outstanding. Of the 378 articles, there are 206 published in Basket-of-8 journals, that
is 5.2% of the 3933 published articles in these journals.

The two old journals, Management Information Systems Quarterly and Informa-
tion Systems Research, MISQ and ISR, commenced publishing in the late 1970s have
published twice as many articles on longitudinal research as the others, see Table
1. These two journals are also reportedly oriented mostly towards a quantitative,
positivist stance.

The distribution over the last two decades shows a steady increase in the number
of articles on longitudinal research, see Fig. 1. The trendline suggests that five more
articles are published per year for every six years passing.
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Table 1 Frequency of Journal 1999-2020
longitudinal studies in 8 top
journals MISQ 54

ISR 47

EJIS 28

1SJ 23

IMIS 21

JAIS 19

JSIS 17

JIT 0
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Fig. 1 Trends in longitudinal studies published in top journals in information systems. Source
Scopus

The research impact is also increasing, see Fig. 2. The cumulative longitudinal
research of 206 articles generates by now more than 2300 citations per year with an
increase of almost 150 per year. 76 of 206 articles have by now more than 50 citations.
It is reasonable to claim that the interest in conducting and publishing longitudinal
research is increasing; and that the interest in reading and citing longitudinal research
is increasing as well.

An analysis of frequencies of keywords, shown in Fig. 3 as the size of the node,
and the edges link keywords that occur in the same article. The closer the keywords
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Fig. 2 Citations in all outlets to longitudinal studies published in top journals in information
systems. Source Scopus
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Fig. 3 Cluster analysis produced with VOSviewer based on data from Scopus

are in the graph, the more often they co-occur. The colouring of the graph shows six
clusters. One cluster (red) is business-oriented with keywords like investment, sales,
managers, information technology. Another cluster (purple) concerns social media
with keywords like online communities and social networking. A cluster (blue) is
directed at core information systems issues like information systems development,
outsourcing and management information systems. An analysis on the same graph
indicates that the older an article is, the more its keywords belong in the centre of the
graph, and it thus suggests that the peripheral articles are more recently published
longitudinal studies, e.g. social media studies and enterprise systems studies.

It is worth noticing that longitudinality appears in different forms. In the social
media cluster, it gets referred to as ‘longitudinal data’. In the business cluster, it is
just ‘longitudinal’. In contrast ‘longitudinal study’ is the preferred term in the cluster
on economics and mathematical models, in another cluster it is ‘longitudinal case
study’. In the cluster with enterprise resource planning systems, it is ‘longitudinal
research’ and ‘longitudinal field study’.

The cluster analysis in Fig. 3 and the overview it provides also suggest that a
broad range of research methods has been used. In trying to distinguish between
qualitative or quantitative research, it is clear that no single search term describes
this, see Table 2. The searching of terms used in the text body of the 206 articles
is not entirely accurate, but it does provide an overview. As in most other fields of
research, there is a tendency to be explicit in claiming a qualitative stance towards
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Table 2 Search terms Search term 1999-2020

covering the text body of the

206 articles counting how Process 175

many articles in which the Change 148

search term occurred Time OR temporal 144
Time 139
Qualitative 87
Quantitative 33
Measure OR variable OR hypothesis OR testing | 113
Measure 73
Variable 68
Hypothesis 41
Test 95

empirical enquiry while a quantitative stance is often implicit and gets claimed less
often than actually used.

It is reasonable to suggest that about half of the studies are quantitative, relying
on measuring variables and testing the data against each other or sometimes against
a hypothesis.

Table 2 also shows a common focus of many articles (85%) on ‘process’ and
‘change’ which we can take as part of the choice to do a longitudinal study. Almost
at the same level, we see ‘time’ in a majority of articles.

3 Exemplars of Longitudinal Research

Of the 206 articles published during 1999-2020, five show some of the variety of
longitudinal research and critical decisions of research design. The essential choices
in particular concern the reasons for finding longitudinal study appropriate, how data
were collected and analysed, as well as the type of research contribution.

3.1 Crowd Working and Community Participation

In the longitudinal study by Ma et al. [3], they have investigated crowd working
turnovers in Amazon Mechanical Turk. Amazon Mechanical Turk, or MTurk for
short, is a crowdsourcing marketplace widely used for surveys and other online
tasks requiring many workers in a short time span. The turnover in crowd working is
relatively high. Ma et al. wanted to study the potential positive influence of the online
communities in which Turkers independently self-organise and discuss issues they
have in common. They hypothesise effects of what they call the dual-context roles,
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i.e. active participation in MTurk and simultaneous active participation in an online
community for Turkers. In particular, they are interested in whether the dual-context
roles affect the Turkers desire to quit; if that is the case that has practical implications
for crowd working organisations.

The study is longitudinal and quantitative, with two data collection points both
performed through surveys among Turkers. At the first data collection point, 342
Turkers responded, and later 326 of these responded again at the second data collec-
tion point. The investigated model contains several hypotheses requiring two data
collection points. For example, the sequential-update mechanism states that a factor
measure at time T influences the same factor at time T,. The model’s hypotheses
also cover:

¢ Embeddedness (e.g. active community participation at T negatively influences
turnover intention at T}).

e Cross-influence (e.g. affective community commitment at T, positively influences
continuance in the community at T5).

e Moderated heuristics (e.g. active community participation affects the relationship
between affective commitment at T; and T5).

A high response rate, pilot testing of the measurement instrument, and elaborate
steps to ensure the identity of Turkers in the repeated survey all add to the validity
of the study.

The analysis first compared two alternative models with the proposed model.
One alternative model explained the data from a traditional perspective without the
time dimension. Another alternative model then also included the sequential-update
mechanism. In comparison, the proposed model had a better fit than the simpler
alternative models. The analysis of the proposed hypotheses then showed that active
community participation has a negative effect on turnover, i.e. the more community
participation the better retention of Turkers. The supported hypotheses are shown in
Fig. 4.

The longitudinality in the model and its integrated measures allow the researchers
to conclude that their model has a better fit than previous models. The decision to
utilise a longitudinal survey study with two data collection points is inherent in
the proposed research model. Time plays a role in the research model, yet it is not
mentioned what may happen between T, and T,, what the process leading from T
to T, may be, or what could create a change.

3.2 Habituation of Security Warnings

The longitudinal study by Vance et al. [4] is quantitatively measured but in two
different and supplementary ways. The study is reporting at the intersection of infor-
mation systems research and human—computer interaction research about how habit-
uation influences the perception of security warnings. Previous research suggests that
habituation decreases the response to repeated stimulation, and the study investigates
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Fig. 4 Supported hypotheses in the longitudinal study by Ma et al. [3]

its influence on the effectiveness of security warnings. To this are added two modi-
fying factors: (1) when habituation occurs, the repeated warnings are halted for a
period; and (2) when habituation occurs, polymorphic signals are used.

In the first part of the study, data are collected from functional magnetic reso-
nance imaging (fMRI) scanning and from eye tracking to measure habituation. The
habituation measures were repeated over five days. With the fMRI scanning, they
measured habituation by providing test subjects visual stimuli and observing repe-
tition suppression in the brain. With the concurrent eye tracking, they measured
eye-movement memory effect as a robust indicator of habituation.

The results from the five-day experiment are that subjects’ attention to warnings
declines over time, but also that the attention recovers partly between days. It further
shows that changing the outlook of warning signals, i.e. polymorphic design, reduces
the habituation.

The second part of the study is a three-week field experiment in which subjects
are observed, and data are collected on actual responses to security warnings when
installing apps. The results from the three-week field experiment are similar as habit-
uation occurs over time. A difference is, however, that with polymorphic warning
design, the attention remains high.

It is key to studying habituation that it must be considered over time. Along
similar lines, it is necessary to study the attention to security warning outside of the
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laboratory as security warning is infrequent, and it is unrealistic to expose subjects
to a high number of warnings in a short session. That is, time and realism are crucial
and are also explicitly addressed in the research design.

3.3 ICT Implementation in an Indian Bank

Venkatesh et al. [5] have conducted a longitudinal study of how an Indian bank imple-
mented ICT. The study ran for several years, covering more than 1000 employees
and more than 1000 customers. The data collection and analyses were based on a
mixed method utilising both quantitative and qualitative data.

The appropriateness of the mixed research method is argued based on the knowl-
edge interest in creating a novel theory supported by two specific interests, namely
(1) whether ICT implementation had a positive influence on the organisation in a
developing country suits a confirmatory and quantitative research approach and (2)
a question of how the implementation unfolded over time suits an exploratory and
qualitative research approach.

The quantitative part was based on a survey yielding 2995 responses from
employees before the implementation started and of these 1375 responded to the
second and third survey after the implementation. For customers, the surveys were
orchestrated as between-subjects with 892 (pre-implementation), 1208 (after one
year) and 975 (after two years) responses. The longitudinal success of the ICT imple-
mentation was discouraging as the ‘operational efficiency did not improve, and job
satisfaction and customer satisfaction declined after the implementation’ [5: 565].

Qualitative data were collected through semi-structured interviews during the
same period. A final in-depth interview with 400 interviewees covered manage-
ment, employees and customers. The purpose of the qualitative analysis was to
seek explanations of why the ICT implementation had been ineffective. From this,
they identified several reasons contributing to the implementation failure, and these
can largely be attributed to the context being in a developing country, e.g. labour
economics, Western isomorphism, parallel manual system and technology adapta-
tion. For example, the parallel manual systems included issues like computer literacy
and infrastructure uncertainty. The quantitative part and the qualitative part, in turn,
led the researchers to propose a process model of ICT implementation in developing
countries, see Fig. 5.

3.4 Organisational Influence Processes

Ngwenyama and Nielsen [6] studied a software company for more than three
years. It is a longitudinal case study of implementation processes and how to over-
come barriers to implementation. Barriers to implementation processes occur often.
Existing research stating top management support and formal power is needed to
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Fig. 5 Proposed process model for ICT implementation in developing countries showing how the
relevant factors change over time, after Venkatesh et al. [5]

overcome these barriers. The study addresses how other tactics in organisational
influence processes can complement top management’s formal power.

The study is based on qualitative data collected by a participant-observerin 11 full-
day meetings in the group responsible for the implementation process. The sessions
were audio-recorded, and meeting minutes were written and approved by the partic-
ipants. The group produced additional documentation in terms of plans, budgets
and evaluations. The data analysis was abductive, and the driving question was
how the implementation became successful in the absence of top management’s
formal power? To answer this, they analysed the qualitative data for evidence of
tactics of organisational influence processes. These pieces of evidence were mapped
to a framework of tactics encompassing rational persuasion, consultation, ingrati-
ation, personal appeal, exchange/reciprocity, alliances/coalition, coercion/pressure
and rewards/recognition.

The findings show that a major thrust is lateral influencing between peers
primarily through reward and recognition. There are also elements of upward influ-
encing to involve higher-level managers as mediators as well as downward influ-
encing through mediators. The contribution to research comes in the form of propo-
sitions offered as an explanation of effective implementation processes and also as
guides for practitioners. In particular, it explains how an implementation group that
does not have formal authority can influence peers and their subordinates. Figure 6
shows this as a process model of organisational influence strategies.

It is argued why a longitudinal approach is necessary as influences processes are
enacted over time. The understanding of dynamics requires an extended time span
[7, 8]. The empirical data are qualitative stemming from participant observation
as to gain insight into the experiences, behaviours and underlying reasons of the
participants in the implementation process.
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3.5 Value of Online Communities

Barrett et al. [9] have studied online communities and how they create value over
time. The studied online community was within health care. The study ran for four
years with data collected in an exploratory manner with an initial focus and later
modified when important issues emerged as the community evolved over time. The
online platform was owned by a start-up company to allow patients and their relatives
to share knowledge and interests. The purpose of the study was to get to an under-
standing of how an online community can be valuable for the community members
and the start-up. The study addressed this from a standpoint where values are multi-
faceted and encompass value systems such as financial, service, ethical, epistemic,
reputational and platform values.

The empirical data were qualitative and collected through 38 semi-structured
interviews, from strategy documents, from health authority policies, and through
online observation in the community. The data analysis utilised a narrative strategy
and temporal bracketing strategy [10]. The narrative told the story of how the online
community evolved and the temporal analysis led to dividing the chronology into
distinct phases to identify where strategies had changed, and events led to new stages.

They identify four value propositions: rating, connecting, tracking and profiling
and the longitudinally study allows for explaining how the online community evolved
from rating to profiling. For each value proposition, they can explain how it relates
to the value systems (financial, service, ...) and how it involves community strategy,
digital platform and stakeholder engagement. For example, the ‘connecting’ proposi-
tion extends the ‘rating’ proposition and the community strategy is ‘building scale and
enabling peer support’, the digital platform is ‘knowledge sharing’, and stakeholder
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engagement involves ‘charities & patients’ [9: Fig. 2]. In this way, the contribution to
research becomes a process model for creating value in online communities starting
in ‘rating’ and ending in ‘profiling’ and at each stage explain what it entails.

It is indicative of this research that it explains the research design at length. It
argues why a longitudinal approach is necessary for getting to understand how the
use of the online platform evolves over time. It also contends why it needs to be
explorative, and that it is based on qualitative data and an interpretive stance towards
the data and the phenomena being studied.

3.6 Differences Between Longitudinal Studies

While all the above studies are longitudinal, they are also very different in how they
are designed and conducted. They obviously vary in the topics being studied though
both Ma et al. [3] and Barrett et al. [9] study online communities, and the studies
of Venkatesh et al. [5] and Ngwenyama and Nielsen [6] concerns implementation
processes. The most important differences are however found in the stance towards
enquiry and how longitudinality has been addressed in the studies. Some studies are
quantitative and based on a positivist stance, see Table 3. Others are clearly adhering
to an interpretivist stance and based on interpreting qualitative data, and some even
alludes to a stance more in line with a critical stance, e.g. [6] and [5].

Table 3 Differences between the exemplary studies

Exemplar Topic Type
Ma et al. [3] Influence of online community | Quantitative data, two data
on crowd working collection points, positivist
stance
Vance et al. [4] Habituation decreases the Quantitative data, two series:
effectiveness of security (1) five days, (2) three weeks,
warnings positivist stance
Venkatesh et al. [5] Socio-technical implementation | Mixed quantitative and
processes in developing qualitative, positivist stance
countries
Ngwenyama and Nielsen [6] | Organisational politics of Qualitative, interpretive
implementation processes stance, abductive analysis
Barrett et al. [9] Values of online communities Qualitative, interpretive
stance, iteration between data
and theory
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4 Key Research Design Issues

It will be more evident how we can see the different issues of research design by
basing it on a more general research methodology. Van de Ven’s [11] methodology
for engaged scholarship in the social sciences is appropriate for this. Van de Ven
distinguishes between variance studies and process studies. He is not alone in making
this distinction, and it is fundamental. Their incommensurability leads to a fork-
decision for designing, conducting and evaluating social research.

A variance study starts with a what-questions. A variance study seeks to explain
some input (independent) variables and statistically explain the output (dependent)
variables. The explanation focusses on the output and whether the input causes the
output. A variance study can be seen as a black box, of which only the inputs and
outputs are visible. Many variance studies are not longitudinal though there is always
an element of temporality as the input happens before the output. When they are
longitudinal, it involves measuring the same variables two or several times where
the time span depends on the causality being studied.

In the above exemplars:

e Exemplar 1 (Retention of crowd workers [3], cf. Sect. 3.1): Time is inherent in
the research model, and the input—output variables are measured twice through
surveys. Causality between the measurement at time T and at time T is key to
the findings. It is key to the measuring of temporal order that respondents at T,
are responding again at T».

e Exemplar 2 (Habituation of warnings [4], cf. Sect. 3.2): The research is divided
in two supplementary parts. Part 1 is an experiment in a laboratory setting, with
five repeated measures over five days. Input is time, and repeated exposure to
warnings and output is habituation measured in the brain and in eye movements
as less attention to warnings. Part 2 is a quasi-experiment in the field with the
same variables measured in situ. The research design in part 2 adds realism to the
experiment. The output variables were measured over a period of 15 weekdays by
measuring participants’ reactions to security warnings. In both parts, the causality
is argued through statistical analysis.

e Exemplar 3, mixed-method part 1 (ICT implementation in a developing country
[5], cf. Sect. 3.3): the input variable is the use of ICT, and the output variables
measure job satisfaction, among others. This result came from repeated measuring
(before, after one year, after two years) and showed a decline over time.

In all three variance studies, time plays a crucial role. It is easy to see that the
input—output relationships are subjected to repeated measuring over time. For these
studies, we may just as well think of time as being another input variable as time is
part of what causes the output; that is, the output depends on time having passed.

A process study takes a starting point in how-questions. Process studies focus on
the temporal order of events, dynamics and how social entities change and evolve
over time. A process study seeks to explain ‘how a sequence of events leads to some
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outcome’ [11: 148]. The study can be seen as a study that opens the process to explain
what is inside—to explain how the interior operates. In the above exemplars:

e Exemplar 3, mixed-method part 2 (ICT implementation in a developing country
[5], cf. Sect. 3.3): From the variance study in part 1 it is already clear that the
implementation process was unsuccessful. The continuation study, part 2, opens
the black box to look inside the process. The variance study could not answer
why the implementation process was not successful, but the process study can.
The qualitative interviews reveal several important reasons behind the failure,
e.g. Western isomorphism and parallel manual system. Time was important in
explaining how and why the role of such institutional factors changed over time
from the early chartering phase to the late shakedown phase—or why they did not
change. In this way, the variance study and the process study complement each
other well.

e Exemplar 4 (Organisational influence processes [6], cf. Sect. 3.4): The implemen-
tation process was studied through identifying events and how influence processes
were designed and enacted. The study showed how organisational actors used
different tactics to create results (events) and that in turn, led them to further
actions and uses of tactics. There was a whole network of actors, events, uses of
tactics, which led to the outcome. The events and actions played out over time,
and most actions were enacted over a period of time before an effect could be
seen.

e Exemplar 5 (Values of online communities [9], cf. Sect. 3.5): The study shows
how values of online communities got created through strategies that shift over
time. The strategies that were applied in the beginning were later not abandoned
but focus moved to new strategies as the process progressed. We get to see all the
moving parts within the process and time is part of progressing from one set of
strategies to the next.

Again, the temporal aspects play a crucial role in these process studies. The
temporal aspects come about in a different way than in the variance studies. In the
process studies, time is part of actions, of dynamics, of sequences of events and time
becomes part of not only explaining how events happen, but also part of why events
happen.

It is also clear from Van de Ven that we should evaluate variance studies on their
own merits, and we should assess process studies on their own merits. It is common
in variance studies that all parts of the research design are complete before the data
collection starts. The opposite is usually the case in process studies where there is
often willingness to let the data influence the choice of theories and models, which in
turn are part of how the data get interpreted. Table 4 summarises the above exemplars
in terms of critical features of variance studies and process studies.
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Table 4 Variance and process studies compared

P. A. Nielsen

Variance study

Process study

General features [11]

Fixed entities

Attributes have single meaning
over time

Causality as explanation
Generality by statistics

Entities, attributes and events
change over time

Generality depends on the
versatility

Time ordering of events is critical

Longitudinal exemplars

Exemplar 1: Same measure at T
and T,

Exemplar 2: Habituation
measured consistently over time
(first 5 days, then 15 days)
Exemplar 3.1: Same measure
repeated three time with one year
in between

Exemplar 3.2: Attributes
(institutional factors) emerges
over time

Exemplar 4: Events and actions
(influence tactics) change over
time, and their time ordering was
key to the analysis

Exemplar 5: Four distinct phases

of strategising are explained by
attributes and event changing over
time

5 Implications

Based on longitudinal studies in the discipline of information systems, a few
implications may be in place:

1.

There is a fork-decision between longitudinal variance studies and longitudinal
process studies depending on whether the research question is a What? ora How?
The decision has implications for the research design, conduct and evaluation.
The reasons for conducting a longitudinal study and not a static study should be
clear from the research. If a variance study has multiple data collection points
that should be reflected in the applied theory, research model and hypotheses.
Why is it not a static experiment? What is it that can change over time? If a
process study extends over time, there should be a process- or change-oriented
theory related to the explaining of phenomena. Why is it not a case study, a
snapshot of a contemporary phenomenon? What are the underlying assumptions
about change, process, events, actors, agency, etc.?

Data collection and analysis is the key to reflect the longitudinal structure of the
research. Time should be considered in the data collection, and time is itself part
of the data. The data analysis includes a time perspective and can be performed
using concepts of time, events, changing attributes, etc.

The contribution to research is a model or theory (enhanced or novel) where
time and change (of variables or events) are intrinsically relating the parts. That
is, if time and change are removed from the model or theory, it falls apart.

These implications are to a large degree transferable to human—computer inter-

action research. The same distinction exists between variance and process studies
though they are often packaged in different ways, and usually not called variance
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studies. Variance studies are often designed as laboratory experiments, field experi-
ments or a surveys, cf., e.g. [12]. Process studies are often designed as case studies,
ethnographic studies, cf. [12] and design and research in the wild [13].

Longitudinal research into human—computer interaction comes in many shades
and forms [14], and not always with full explanations of how and why the research is
longitudinal. From information systems research, we may learn as suggested here that
we may benefit from explicating the reasons for why a study is deemed longitudinal
rather than static, and the longitudinal nature of a study should be reflected in the
applied theories. The suggestion is that there should be a primary concern for what
is it that changes as time goes by. This extends well into how data will be collected
and analysed, and how the research contribution gets explained.

6 Conclusion

In this chapter, we have seen an overview of longitudinal studies in information
systems research. We have opened five exemplary articles to learn from these and
to observe some of the significant differences. This led to more detailed explanation
of the differences of how longitudinal research gets design as variance studies an as
process studies. In turn, four implications were elicited, and it is suggested that these
are relevant for human—computer interaction research.

There are differences between information systems research and human—computer
interaction research, yet much can be learned and transferred in terms of how research
gets designed and conducted. The differences are by large due to differences in
applied theories.
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Recommendations for Conducting )
Longitudinal Experience Sampling L
Studies

Niels van Berkel and Vassilis Kostakos

Abstract The Experience Sampling Method is used to collect participant self-
reports over extended observation periods. These self-reports offer a rich insight
into the individual lives of study participants by intermittently asking participants
a set of questions. However, the longitudinal and repetitive nature of this sampling
approach introduces a variety of concerns regarding the data contributed by partici-
pants. A decrease in participant interest and motivation may negatively affect study
adherence, as well as potentially affecting the reliability of participant data. In this
chapter, we reflect on a number of studies that aim to understand better participant
performance with Experience Sampling. We discuss the main issues relating to par-
ticipant data for longitudinal studies and provide hands-on recommendations for
researchers to remedy these concerns in their own studies.

Keywords Experience sampling method - Ecological momentary assessment *
ESM - EMA - Self-report + Data quality + Reliability

1 Introduction

Responding to an increased interest in studying human life more systematically
than traditional surveys—and in a more realistic and longitudinal setting than pos-
sible through observations—Larson and Csikszentmihalyi introduced the Experi-
ence Sampling Method in 1983 [1]. Researchers using the Experience Sampling
Method (ESM) ask their participants to intermittently complete a short question-
naire assessing their current state, context, or experience over an extended period of
time (typically a couple of weeks). Questionnaires are typically designed to ensure
that participants focus on their current experience rather than to reflect over a longer
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period of time, thus minimising the effects of participants’ (in)ability to accurately
recollect past events [2].

Early ESM studies focused on capturing the daily activities and corresponding
experiences of study participants [3]. In those studies, participants were asked to
answer what they were currently doing repeatedly. Collecting self-reports at random
slots throughout the day, as opposed to a one-off survey or interview, ensured that
responses are collected during the participant’s “interaction with the material and
social environment” [3]. In other words, the idea to collect self-report data in situ
and thereby increase the ecological validity of a study was motivated by a desire to
increase the reliability of participant responses.

A recent survey indicated an increased adoption of the Experience Sampling
Method, with a focus on (personal) mobile devices [4]. The use of mobile devices as
opposed to paper-based questionnaires provides a number of advances in terms of
control over participant entries (e.g. prevent ‘parking lot compliance’ [5]), interactive
design opportunities [6, 7], and contextual sensing possibilities [8—10]. We discuss
how these opportunities provided by mobile devices can be utilised in the assess-
ment, improvement, and analysis of the reliability of participant data in longitudinal
experience sampling studies.

1.1 Longitudinal Experience Sampling

The timescale of ESM studies varies significantly, with a recent literature review
(analysing 461 papers) reporting studies ranging between 1 and 365 days [4]. The
median duration of an ESM study was found to be 14days, while a majority of
70.9% of studies reported a duration of less than one month [4]. The one-day studies
in the sample are mostly trials to investigate the (technological) feasibility of a
given study configuration (e.g. Westerink et al. [11]). The longest study, totalling a
year, investigated long term patterns in location sharing among a large sample of
Foursquare users [12]. The typical range of ESM studies is in the duration of weeks
rather than months as researchers aim to find a “balance between study duration and
intervention frequency” [13].

Longitudinal experience sampling is relatively short-term when compared to
cross-sectional repeated surveys (also called periodic surveys or simply a survey
using a longitudinal design), typically covering months or years [14]. These survey-
type designs are often used to investigate changes in attitudes or behaviours over
extended periods of time [14], for example in consumer research [15] or within pro-
fessional organisations [16]. In addition to their usual shorter duration, there are a
number of other key differences between repeated surveys and longitudinal experi-
ence sampling: the frequency of the questionnaires, the reflective nature of surveys vs.
the in-the-moment perspective of ESM questionnaires, and the fact that ESM ques-
tionnaires are collected ‘in the wild’ aiming to cover a variety of contexts. The ESM
shares many of the same challenges encountered in other methodologies employing
human sensing [10, 17], such as citizen science or situated crowdsourcing.
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1.2 Challenges

The sustained effort required of participants over an extended period of time intro-
duces anumber of challenges. First, the motivation of participants is likely to decrease
over time as initial interest drops. Techniques to maintain a base level of motivation,
whether through intrinsic or extrinsic motivation, are therefore key in enabling suc-
cessful longitudinal use of the ESM. Participant motivation, or lack thereof, plays
a key role in relation to data quality and quantity, the two remaining challenges.
Second, adherence to study protocol—typically quantified as the number of ques-
tionnaires that have been answered—has been shown to decline over time due to study
fatigue [18]. Another concern is the variance in the number of responses between
participants, which could skew the analysis of ESM results—a critical type of bias
introduced by such variance is ‘selective non-responses’, in which the responses of
specific groups of the study’s sample are over- or under-represented [19]. An anal-
ysis of four recent ESM studies reveals significant differences across participants
in terms of their response rate [20]. Third, ensuring a sufficient level of response
reliability is key in collecting participant responses, and critical in generating sound
study inferences. Novel sampling techniques and filtering mechanisms can support
the increase in reliability of participant responses.

Here, we discuss these three challenges in detail and provide concrete recom-
mendations for researchers to address these challenges in their own studies (Sects. 2,
3, and 4). Following this, we discuss analysis techniques specific to the analysis of
longitudinal response data (Sect.5) as well a number of concrete guidelines for the
design and subsequent reporting of ESM studies through a ‘checklist for researchers’
(Sect. 6). Finally, we present a number of future trends in the area of longitudinal
experience sampling studies (Sect.7) and conclude this chapter (Sect. 8).

2 Participant Motivation

Larson and Csikszentmihalyi classify the “dependence on respondents’ self-reports”
as the major limitation of the ESM, while simultaneously highlighting examples that
show how these self-reports are “a very useful source of data” [2]. Regardless of
whether we consider the quantity or quality of participant responses, participant
motivation is key in ensuring a successful study outcome. Given the longitudinal
and oftentimes burdensome nature of ESM studies, a number of research streams
have explored how to increase and maintain participant motivation over time and its
subsequent effects on participant responses. Here, we distinguish between intrinsic
and extrinsic means of motivation.
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2.1 Intrinsic Motivation

Intrinsic motivation has simply been defined as “doing something for its own
sake” [21] rather than expecting a direct or indirect compensation. It is, however,
incorrect to state that researchers can therefore not (positively) influence a partic-
ipant’s intrinsic motivation. As already stated by Larson and Csikszentmihalyi in
their original publication on the Experience Sampling Method: “Most participants
find that the procedure is rewarding in some way, and most are willing to share their
experience. However, cooperation depends on their trust and on their belief that
the research is worthwhile” [1]. Here, Larson and Csikszentmihalyi refer to what
they later classify as ‘establishing a research alliance’. This research alliance aims to
establish a vested interest of the participant in the study and the research outcome.

However, identifying how to give concrete form to such aresearch alliance remains
under-explored in the current ESM literature. Related methodologies such as citi-
zen science face similar challenges and have investigated how to build and sustain
engagement among participants. These results show that interest and curiosity, per-
ceived self-competence, and enjoyment in the task all contribute to an individual’s
intrinsic motivation [22, 23]. Furthermore, Measham and Barnett found that fulfilling
a participant’s initial motivation for participation increases the duration of a partic-
ipant’s engagement [24]. Although direct empirical evaluations of these factors are
scarce for the ESM, given the methodological overlap we can hypothesise that these
factors have a similar positive effect on participation motivation in ESM studies. We
note that the potential side effects of increasing participants’ motivation have not yet
been sufficiently explored, and could potentially influence study results.

Recommendation 1 Provide rich feedback regarding the study goals and the partic-
ipants’ contribution to those goals. Provide information throughout the study period.

Recommendation 2 Target participant recruitment to communities with a vested
interest in the study outcomes.

2.2 Extrinsic Motivation

Extrinsic motivation, which Reiss defines as “the pursuit of an instrumental goal”
[21], consists of various methods of motivation, including (financial) rewards or a
competition between participants. Although earlier work in Psychology stated that
extrinsic motivators would undermine an individual’s intrinsic motivation (cf. the
self-determination theory [25]), recent work largely refutes this claim [21].

A (financial) compensation of participants is common for ESM studies, with
a fixed compensation at the end of the study period being the most widely used
(45.7%) [4]. The effect of different financial compensation structures on participant
motivation has not been extensively explored, in part due to incomplete reporting of
study details [4]. These initial reports do highlight, however, that the use of micro-
compensations (a small payment for each completed response) motivates participants
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in responding to ESM questionnaires. Although already applied by Consolvo and
Walker in 2003 [26], this compensation structure has not been widely adopted in the
HCl literature [4]. Mushtag et al. compare three different micro-compensation struc-
tures but do not contrast their results with, e.g. a fixed compensation [27]. Although
the use of micro-compensation warrants further investigation, we note that this com-
pensation structure may not be applicable to all studies due to potential negative
effects on the study’s ecological validity. As highlighted by Mushtag et al., partici-
pant reactivity to micro-compensation may confound self-reports in studies focusing
on participant affect. Stone et al. warn of using excessive financial incentives, which
could attract participants solely interested in the monetary reward rather than partic-
ipating in the study [28].

Recommendation 3 Avoid excessive financial compensation and consider the use
of micro-compensation when applicable.

The literature on the ESM has also explored a number of extrinsic motivation
techniques besides financial compensation, with promising results. Hsieh et al. show
that providing participants with visual information on their provided self-reports
increased participant adherence by 23% over a 25day period (study with desk-
top users) [6]. The visual feedback provided by Hsieh et al. allowed participants
to explore their prior answers on questions related to interruption or mood. The
authors state that such visualisations “makes the information personally relevant
and increases the value of the study to participants” [6]. Van Berkel et al. studied
the effect of gamification (e.g. points, leaderboard) on participant responses in a
between-subject study. Their results show that participants in the gamified condi-
tion significantly increased both their response quality (quantified through crowd-
evaluation) and their number of provided responses as compared to the participants
in the non-gamified condition [7].

Recommendation 4 Include interactive feedback mechanisms in the study protocol
to keep participants engaged and motivated.

3 Study Adherence

Participant adherence to protocol, i.e. the degree to which the questionnaire notifi-
cations are opened and answered, is critical in ensuring an informative study out-
come. In Experience Sampling, study adherence is typically quantified as ‘response
rate’ or ‘compliance rate’, defined as the “number of fully completed questionnaires
divided by the number of presented questionnaires” [4]. Unsurprisingly, studies typ-
ically report a decrease in study adherence over time, see for example [29-31]. As
researchers can expect a decrease in participant adherence over time, it is key to
consider the trade-offs when designing a longitudinal study. Balancing the number
of daily questionnaires, number of questionnaire items, questionnaire scheduling,
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and duration of the study, as well as other factors such as participant compensa-
tion and availability, in accordance with the research question is key. A number of
studies have aimed to systematically study the effect of these variables, see, e.g., a
recent study by Eisele et al. on the effect of notification frequency and questionnaire
length on participant responses [32], or Van Berkel et al.’s investigation on the effect
of notification schedules [31]. We argue that any researcher should consider these
study parameters in relation to their research question and population sample. As
such, there is not one study configuration that would be applicable to every study.
Below, we outline some of the decisions that can motivate the balancing of these
variables.

3.1 CQuestionnaire Scheduling

The literature describes three global techniques for questionnaire scheduling: signal
contingent, interval contingent, and event contingent [33]. In a signal contingent
schedule configuration, notification arrival is randomised over the course of a given
timespan. In an interval contingent configuration, notification schedules follow a
predefined interval, for example every other hour between 08:00 and 17:00. For
event contingent configurations a predefined event is determined which triggers the
notification (typically as recognised by the questionnaire system, but can also refer
to a ‘detection’ by the participant) [4, 33—35]. The use of an event-based notification
system enables more advanced study designs, and allows researchers to optimise the
moment of data collection to contexts which are most relevant.

In a direct comparison between the three aforementioned scheduling techniques,
results indicate that an interval-informed event contingent schedule, in which ques-
tionnaire notifications are presented upon smartphone unlock with a maximum num-
ber per given timespan, result in fewer total notifications sent but a higher over-
all number of completed responses as compared to a signal or interval contingent
schedule [31]. Kapoor & Horvitz use contextual information to predict participant
availability and find that using such a predictive model outperforms randomised
scheduling in terms of identifying the availability of participants [36]. Church et
al. recommend researchers to adjust the questionnaire schedule to match the par-
ticipant’s schedule [26]. Rather than imposing an identical start and end time on
all participants, this approach would allow for custom start and end times, e.g. in
the case of nightshift workers. Other work has explored more active-based schedul-
ing techniques, where the presentation questionnaires are determined based on the
participant’s current contextual information. For example, Rosenthal et al. calcu-
late individualised participant interruptibility costs [37], Mehrotra et al. expand on
this through the notion of interruptibility prediction models [38], and Van Berkel et
al. show that contextual information such as phone usage can be used to schedule
questionnaires at opportune moments [39].

Regardless of the chosen scheduling approach, the timing of questionnaires can
have a significant impact on participants’ ability to respond to a questionnaire and
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therefore the respective data being collected. The aforementioned scheduling tech-
niques all have their own strengths and weaknesses. Signal contingent scheduling
(i.e. randomised) can be used to capture participants spontaneous (psychological)
states but can be skewed towards commonly occurring events. An interval contingent
configuration is useful to capture events which are expected to occur regularly and
provides a consistent sampling strategy which allows for the modelling of time as a
factor in relation to the answers provided by the participant. Due to the regular sched-
ule with which notifications are presented, it increases the risk of (over)sampling the
same event (e.g. start of a lecture). Finally, event contingent configurations are use-
ful for capturing isolated or infrequently occurring events that can be detected either
through sensor data or manually by the participant. Event-based schedules can result
in an incomplete view of the participant’s life if the event of interest only occurs in
a limit variety of contexts [40].

Recommendation 5 Carefully consider the effect of the chosen questionnaire
scheduling approach on the selection of participant responses.

3.2 Study Duration

The literature on ESM study design has recommended roughly similar maximum
durations for ESM studies, e.g. a minimum duration of one week [1], two weeks [39],
and two—four weeks [28]. Determining an appropriate study duration is a careful
consideration that involves a variety of factors such as the frequency with which the
phenomenon of interest occurs, the required effort to complete the questionnaire,
and expected levels of motivation among the participant sample.

Researchers interested in longitudinal studies of extensive duration, e.g. months
or years, will find that participants are likely unable or unwilling to repeatedly answer
a set of questionnaires for the duration of the study. Given the extensive participant
burden in ESM studies, we advise against the collection of self-reports across the
entire duration of studies of this duration. Instead, researchers should consider the
collection of manual responses for a (number of) period(s) within the duration of the
entire longitudinal study—embedding the ESM within a larger study design. As such,
researchers can combine the insights obtained through frequent ESM questionnaires
with the information gained from repeated data collection over an extensive period of
time. This approach, which has been called as ‘wave-based’ experience sampling, has
been successfully employed in emotion research in a decade-long study consisting
of three one-week sampling periods investigating the effect of age on emotion [41].
Similarly, already in 1983 Savin-Williams & Demo ran a one-week ESM study with
a cohort of participants enrolled in a six-year longitudinal study [42].

The use of modern mobile devices allows researchers to passively collect an exten-
sive amount of sensor data from study participants [9]. This data is collected unob-
trusively and without additional burden to the participant, and can provide additional
insights to the researcher. The unobtrusive nature of this data collection stands in stark
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contrast to the continuous effort required from participants in human contributions
and can provide a continuous long-term data stream simply not feasible with manual
data collection. As such, we recommend that researchers interested in extensive lon-
gitudinal studies combine both continuous passive sensing with intermittent periods
of extensive questionnaire collection. Recent development work shows the possi-
bility of changing ESM questionnaire schedules throughout the study period [43],
enabling the possibility of intermittent periods of questionnaires.

From a participant perspective, being enrolled in a longitudinal study makes it
easy to forget that sensor data is being collected. We stress that, given the poten-
tial sensitive nature of the unobtrusively (naturally following participant’s informed
consent) collected sensor data, researchers should aim to remind participants of any
ongoing data collection. A practical approach for this in the context of smartphone-
based studies is the continuous display of an icon in the smartphone’s notification
bar, reminding participants of their enrolment in the study and the active data col-
lection [18]. Researchers have also allowed participants to temporarily halt data
collection, see, e.g., Lathia et al. in which participants can (indefinitely) press a
button to pause data collection for 30 min [40].

Recommendation 6 Combine longitudinal passive sensing with focused periods of
ESM questionnaires to obtain both long-term and in-depth insights.

4 Response Reliability

A core idea behind the introduction of the ESM was to increase the reliability of self-
report data by reducing the time between an event of interest and the moment when
a participant provides data on this event, thus reducing reliance on a participant’s
ability to recall past events [1]. Although this approach has been widely embraced in
a number of disciplines, recent work points out that the quality of participant data in
ESM studies cannot be expected to be consistently of high reliability [18]. This is an
important concern for longitudinal studies, as response quality reliability typically
degrades over time. As such, recent work in the HCI community has explored tech-
niques to infer and improve the reliability of participant responses. Here, we discuss
the use of the crowd, quality-informed scheduling techniques, and the application of
additional validation questions to infer response quality.

4.1 Use of the Crowd

Although the ESM traditionally collects data on observations or experiences as cap-
tured by participants individually, recent work has drawn out creative ways of com-
bining the contributions of multiple individuals to increase the reliability of the
collected data.
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One strain of work has explored the use of ‘peers’ to obtain multiple datapoints
on one individual. Using this approach, which has been labelled as ‘Peer-MA’ [44],
a selected number of the participant’s peers report what they believe to be the partic-
ipant’s current state with regard to the concept of interest. As described by Berrocal
& Wac, this approach “has the potential to enrich the self-assessment datasets with
peers as pervasive data providers, whose observations could help researchers iden-
tify and manage data accuracy issues in human studies” [44]. Chang et al. show how
the use of peer-based data collection can also increase the quantity of the data col-
lected [45]. By recruiting a sufficiently large (and motivated) network of participant
peers, researchers may be able to distribute the burden of questionnaire notifications
and thereby sustain data input for a more extensive period of time—increasing the
prospective of longitudinal ESM studies. A critical open question with regard to this
novel approach is the assessment and interpretation of the contributions of peers
and the potential biases introduced through, e.g., different peer-relationships and the
(absence of) peer physical presence.

In contrast to the aforementioned perspective in which the crowd contributions
are focused on individuals, others have applied the crowd to increase the reliability
of observations. For example, the aforementioned work by Van Berkel et al. not
only asked participants to contribute a label regarding a given place, but also asked
participants to judge the relevance of the contributions of others [7]. Based on these
relevance labels, the quality of participant contributions can be quantified. Another
example is the work by Solymosi et al., in which participants generated a map indi-
cating a crowd’s ‘fear of crime’ through repeated and localised experience sampling
data collection [46]. A main advantage of this approach, in which the quality assess-
ment is done by participants, is that the quality of contributions can be assessed
without the need for a priori ground truth on the presented data. From a longitudinal
study perspective, integrating crowd assessment into the study design may enable
the study population to rotate, i.e. for participants to drop out and new participants
to join, as study fatigue emerges.

Recommendation 7 Consider whether participant data can be validated or augment
through the use of the crowd.

4.2  Quality-Informed Scheduling

Literature on questionnaire scheduling has primarily focused on participant avail-
ability following from a motivation to increase participant compliance. However, as
pointed out by Mehrotra et al., an ill-timed questionnaire might lead participants to
respond to a questionnaire without paying much attention, reducing the overall reli-
ability of respondents’ data [38]. In addition to increasing the quantity of responses,
researchers have therefore also explored how the scheduling of questionnaires can
affect the quality of participant responses. In the study by Van Berkel et al., par-
ticipants completed a range of questions (working memory, recall, and arithmetic)
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while contextual data was being passively collected [39]. Their results show that
participants were more accurate when they were not using their phone the moment
a questionnaire arrived. Optimising the quality of responses by not collecting data
when participants are actively using their phone may, however, negatively effect
the quantity of answered questionnaires. Previous work shows participants are more
likely to respond to questionnaires (i.e. focused on response quantity) when question-
naires are presented upon phone unlock (as compared to randomised or interval-based
schedules) [31].

Recommendation 8 Introduce intelligent scheduling techniques to avoid interrupt-
ing participants when they do not have time to respond.

4.3 Validation Questions

Here, we discern two types of validation questions: explicitly verifiable questions
(also known as ground truth questions) and reflective questions.

In order to assess the reliability and effort of online study participants, work
on crowdsourcing has recommended the use of ‘explicitly verifiable questions’, also
known as ‘golden questions’ [47]. These explicitly verifiable questions are often—but
not always—quantitative in nature, relatively easy to answer, and the responses can
be automatically assessed to be correct or incorrect. For example, Oleson et al. asked
crowdworkers to verify whether a given URL matched with a given local business
listing [48]. Kittur et al. describe two main benefits of using these questions. First,
explicitly verifiable questions allow researchers to easily identify and subsequently
exclude from data analysis those participants who do not provide serious input.
Second, by including these questions participants are aware of the fact that their
answers will be scrutinised, which Kittur et al. hypothesise may “play a role in both
reducing invalid responses and increasing time-on-task” [47].

Although widely used in crowdsourcing, the uptake of explicitly verifiable ques-
tions in ESM studies is thus far limited. A challenging aspect for the uptake of
explicitly verifiable questions in longitudinal ESM studies is the need to provide
participants with varying question content. This would require the creation of a
question database, use of an existing and labelled dataset, or automated genera-
tion of verifiable questions (see, e.g., Oleson et al. [48]). An earlier ESM study
with 25 participants included a simple, and randomly generated, arithmetic task as
means of verification [39]. In this task, participants were asked to add two numbers
together, both numbers were randomly generated between 10 and 99 for each self-
report questionnaire. Results showed a remarkably high accuracy of 96.6%, which
could be indicative of differences in motivation and effort between online crowd-
sourcing markets and the participant population often encountered in ESM studies.
However, whether the motivation of the respective study population indeed differs
between online crowdsourcing and ESM studies requires further investigation across
multiple studies as well as evaluation across a wider variety of explicitly verifiable
questions.
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Another approach which has seen recent uptake is the creation of verifiable ques-
tions based on participant sensor data [39]. This includes, for example, passive data
collection on the participants’ smartphone usage and subsequently asking partici-
pants to answer questions on, e.g., the duration of their phone use. The answer to this
question is verifiable, is variable (changes throughout the day), and often challenging
to answer correctly. Assessing the correctness of participant answers does, however,
also raise questions. In particular, answer correctness should not be quantified as a
binary state as it is unlikely that answers are completely correct.

Recent work has also explored the use of ‘reflective questions’ in increasing
the reliability of participant contributions. In this approach, participants reflect on
earlier events while supported by earlier data points—either collected actively by
the participant or passively through, e.g., smartphone sensors. Rabbi et al. introduce
‘ReVibe’, introducing assisted recall by showing participants an overview of their
location, activity, and ambience during the past day [49]. Their results show a 5.6%
increase in the participants’ recall accuracy. Intille et al. propose an image-based
approach, in which participants take a photo or short video and use this material to
reflect on past experiences [50]. This concept was further explored by Yue et al., who
note that the images taken by participants can also provide additional information
and insights to researchers [51].

Recommendation 9 Consider including additional questions (verifiable, ground
truth, or reflective) to increase the reliability of participant answers.

5 Analysing Longitudinal ESM Data

Longitudinal research faces a unique set of challenges in the analysis of participant
data not typically encountered in short-term or lab-based studies. The longitudi-
nal nature of a study can alter a participant’s perception or understanding of the
variables of interest, and may result in an increasing inequality of the number of
responses between participants and different contexts. Here, we discuss these three
challenges—respectively known as response shift, compliance bias, and contextual
bias—as faced in the analysis of longitudinal ESM studies.

5.1 Response Shift

Response shift can either refer to an individual’s change in meaning of a given con-
struct due to re-calibration (a change in internal standards), re-prioritisation (change
in values or priorities), or re-conceptualisation (change in the definition) [52, 53].
As studies often focus on the same construct(s) for the entire study period, partic-
ipants may experience a shift in their assessment of this construct. As an example
by Ring et al. illustrates: “a patient rates her pre-treatment level of pain as 7 on a



70 N. van Berkel and V. Kostakos

10-point pain scale. She subsequently rates her post-treatment level of pain as 3.
This is taken to indicate that the treatment has caused an improvement of 4 points.
However, if she retrospectively rates her pre-treatment pain as having been a 5, the
actual treatment effect is 2. Likewise, if she retrospectively rates her pre-treatment
pain as having been 10, the actual treatment effect is 7.” [54]. Similar to a change in
a participant’s internal standards of a given construct, a participant may also evaluate
various constructs as carrying higher or lower importance as compared to the onset
of the study. By asking participants to rate the relative importance of individual con-
structs prior and following the study, the degree of re-prioritisation can be assessed.
Finally, re-conceptualisation can occur when participants re-evaluate the meaning
of a concept in relation to their personal circumstances. For example, a patient may
re-conceptualise their quality of life, either following their recovery or by adjusting
their perspective when confronted with a chronic disease.

A commonly used technique to identify the occurrence of response shift among
participants is the ‘thentest’, also known as the ‘retrospective pretest-posttest design’.
At the end of the study, participants complete a posttest questionnaire immediately
followed-up with a retrospective questionnaire asking participants to think back to
their perception of a construct at the start of the study. By collecting these data points
at almost the same time, participants share the same internal standards during ques-
tionnaire completion. Therefore, the mean change between these two questionnaires
gives insight into the effect of time or treatment. For more details on the thentest, we
refer to Schwartz & Sprangers’s guidelines [55].

Recommendation 10 Include athentest in the design of your study when participant
perception of a given construct may change over the duration of the study.

5.2 Compliance Bias

Inevitable differences between participants’ availability and motivation will result
in a difference in the number of collected responses between participants. As such,
the experience of response participants can skew the overall study results, a phe-
nomenon known as compliance bias [20]. Participants with a higher than average
response rate may have a more vested interest in responding to notifications, for
example as they are personally affected by the phenomenon being investigated. Sim-
ilarly, participants with a high or low response rate may have different psychological
characteristics or simply different smartphone usage behaviours. It is not unlikely
that these factors are a confounding factor in relation to the phenomenon being
studied—capturing responses primarily from a subset of the study population may
therefore decrease the reliability of the results. Although not widely reported, recent
work that re-analysed four independent ESM studies finds substantial differences
between study participants in the number of responses collected [20]. Researchers
can reduce compliance bias by balancing data quantity between participants during
the study through intelligent scheduling techniques—i.e. increasing the likelihood
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that questionnaires will be answered by targeting notifications to arrive at a time and
context suitable to the participant. Although this requires considerable infrastructure
implementation and researcher ought to be careful not to introduce other biases,
reducing compliance bias can increase the usefulness and reliability of a collected
dataset.

Recommendation 11 Use intelligence scheduling techniques to improve response
rates among low-respondents to balance response quantity between participants.

Recommendation 12 Analyse and report the differences between the number of
participant responses post-data collection.

5.3 Contextual Bias

The schedule through which questionnaires are presented to participants, i.e. the cho-
sen sampling technique, can significantly bias the responses of participants towards
a limited number of contexts over time. As stated by Lathia et al., “[...] time-based
triggers will skew data collection towards those contexts that occur more frequently,
while sensor-based triggers [...] generate a different view of behaviour than more a
complete sampling would provide” [40]. These concerns are amplified for longitu-
dinal studies, in which researchers typically aim to cover a wide variety of contexts
and identify longitudinal trends. If participants, however, only provide self-reports
at contexts most convenient to them (e.g. by dismissing questionnaires arriving in
the early morning or while at work), resulting data can be heavily skewed towards
a limited number of contexts and therefore diminish the value of longitudinal data
collection. The risk of contextual bias can be reduced by taking into account the con-
text of completed self-reports in the scheduling of questionnaires. By considering
to context in which individual participants have already answered questionnaires,
researchers can diversity the context of collected responses.

Recommendation 13 Diversify the context of collected responses by scheduling
questionnaires in contexts underrepresented in the existing responses of a participant.

6 Researcher Checklist

In order to increase a study’s replicability and allow for a correct interpretation of
presented results, it is critical that researchers report both the methodological choices
and the outcomes of a presented study in detail. Current practice does not align with
these standards, with prior work indicating that the majority of studies do not report
on, e.g., the compensation of participants [4]. As compensation can affect participant
motivation and compliance [28], it is important to report such metrics.
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Building on previous work [4, 26, 56], we present a list of study design and result

decisions which should be considered by researchers. We hope that this ‘checklist’
proves a useful starting point for researchers designing their ESM studies, as well as
an overview of the variables we consider key in the reporting of the results of ESM
studies.

Study design

1.

2.

10.

Consider the target participant population and their potential interest in partici-
pation.

Determine the duration of the study, taking into account the study fatigue of
prospective participants. Extensive longitudinal studies can combine longitudi-
nal passive sensing with focused periods of self-report data collection.

. Determine the most suitable questionnaire schedule in light of the respective

trade-offs and benefits of scheduling techniques [31, 40].
Determine the length and frequency of questionnaire items, aiming for a short
completion time of the questionnaire [18, 26].

. Determine the timeout time for individual questionnaires, especially when sam-

pling participant responses following a predetermined event as to reduce partic-
ipant recall time.

Consider whether it is valuable to assess response shift in participant responses
and consider including a thentest in the study design.

. Consider the use of verifiable, ground truth, or reflective questionnaires to assess

the quality of participant responses.

. Consider whether it is important to achieve a balanced number of responses

between participants. If desired, implement intelligent scheduling techniques to
increase response rates among low-respondents.

. Assess how participants can be best motivated to enrol and maintain compliance

throughout the study period.
Assess the possibility of using the crowd to either assess or compare the contri-
butions of participants.

Study results

1.

AN

Report both the number of participants who completed and dropped out of the
study.

Report the (average) duration of participant enrolment.

Report the number of completed, dismissed, and timed-out responses.

Report the overall response rate.

Analyse and report the difference in response rate between participants [20].
Analyse and report any significant differences in the context of completed
responses (e.g. time or location of completion) [40].

If relevant, analyse and report on the (differences in the) accuracy of participants
on ground truth questions.

. If relevant, analyse and report on any changes in the participants’ perception of

the study’s construct, e.g. with the help of the thentest [55].
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Finally, we present an overview of the recommendations introduced in this chapter
in Table 1. The included references offer additional information on the motivation,
methods, and guidelines with regard to the respective recommendation.

Table 1 Overview of recommendations with references for further reading

No.

Recommendation

References

1

Provide rich feedback regarding the study goals and the participants’
contribution to those goals. Provide information throughout the
study period

[1, 24]

Target participant recruitment to communities with a vested interest
in the study outcomes

[21, 23]

Avoid excessive financial compensation and consider the use of
micro-compensation when applicable

[27, 28]

Include interactive feedback mechanisms in the study protocol to
keep participants engaged and motivated

(6]

Carefully consider the effect of the chosen questionnaire scheduling
approach on the selection of participant responses

[31, 39, 40]

Combine longitudinal passive sensing with focused periods of ESM
questionnaires to obtain both long-term and in-depth insights

[41, 42]

Consider whether participant data can be validated or augment
through the use of the crowd

[7, 44, 45]

Introduce intelligent scheduling techniques to avoid interrupting
participants when they do not have time to respond

[36-39]

Consider including additional questions (verifiable, ground truth, or
reflective) to increase the reliability of participant answers

[49-51]

Include a thentest in the design of your study when participant
perception of a given construct may change over the duration of the
study

[55]

11

Use intelligence scheduling techniques to improve response rates
among low-respondents to balance response quantity between
participants

[20]

12

Analyse and report the differences between the number of
participant responses post-data collection

[20]

13

Diversify the context of collected responses by scheduling
questionnaires in contexts underrepresented in the existing responses
of a participant

[40]
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7 Future Trends

Since the introduction of the Experience Sampling Method in the late 1970s [1],
its main use has been in the application of intensive but relatively short-term data
collection (i.e. weeks rather than months). In this foundational work, Larson & Csik-
szentmihalyi describe a typical ESM study to have a duration of one week. Technolog-
ical and methodological developments have had, and continue to have, a significant
impact on how the ESM is used by researchers throughout their projects. For exam-
ple, the introduction and widespread usage of smartphones has enabled researchers to
collect rich contextual information [8, 9]. Similarly, researchers have come up with
novel scheduling techniques to increase the sampling possibilities offered through
the ESM. Following the impact of these developments on how the ESM is applied,
we expect future innovations to increase the ability for researchers to apply the ESM
in a longitudinal setting.

From a technological perspective, recent work has pointed to the further integra-
tion of self-report devices in the participants’ daily life. This includes (stationary)
devices physically located in a participant’s home or work location [57], integration
of questionnaires in mobile applications already frequently used by participants (e.g.
messaging applications [58]), or through the use of (tangible) wearables [59, 60].
Although the effect of these alternative questionnaire delivery techniques on (sus-
tained) response rate and input accuracy still needs to be explored in more detail, these
alternative input methods can reduce participant strain as compared to a smartphone-
based approach (retrieving phone, unlocking, opening a specific application, locking
away the phone). Future studies can also consider the collection of questionnaires
across multiple platforms, such as the use of a stationary device at home and work,
combined with a mobile device or application for on-the-go.

Methodologically, a number of under-explored avenues may prove useful in
enabling longitudinal ESM studies. In Sect. 3.2, we refer to ‘wave-based’ experience
sampling, in which participants actively contribute only for a number of (discon-
tinuous) periods within a larger duration consisting of passive sensing. Although
already explored in the early days of the ESM [42], this approach has thus far not
been extensively applied. Furthermore, although prior work shows the positive effect
of including extrinsic motivators [6, 7], the studies were limited to weeks. Further
works is required to study the impact of these incentives in longitudinal settings.
Finally, we note that an extensive amount of work has explored ways to infer partic-
ipant availability and willingness to answer a questionnaire, both within the scope
of ESM research [38, 61] as well as the broader research on attention and availabil-
ity [36, 62—-64]. Translating these findings into practical and shareable implemen-
tations which can be readily used by other researchers remains a formidable chal-
lenge. Addressing this, e.g., by releasing the source code of these implementations,
allows for experimentation with advanced scheduling techniques while simultane-
ously enabling research groups to validate, compare, and extend these scheduling
algorithms.
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Numerous open questions regarding the use of the ESM beyond a couple of weeks
(e.g. covering months of active data collection) remain. In this chapter, we outlined
both practical suggestions which are applicable to researchers foday when designing
their studies, as well as offer a number of potential areas for future work in the domain
of longitudinal self-report studies.

8 Conclusion

The Experience Sampling Method has enabled researchers to collect frequent and
rich responses from study participants. Enabled by the wide uptake of mobile devices,
researchers can deliver a highly interactive and increasingly intelligent research tool
straight into the hands of participants. Our overview shows that the introduction of
smaller and more connected mobile hardware alone is not sufficient in enabling a
push towards truly longitudinal studies. In order to extend the viable duration of ESM
studies, further development of methodological practices is required. Investigating
the effect of novel hardware solutions and study design configurations, both in the
lab and in situ, will require a focused effort from the research community.
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Andrés Lucero, Audrey Desjardins, and Carman Neustaedter

Abstract In this chapter, we focus on longitudinal first-person research methods
in HCI. First-person research involves data collection and experiences from the
researcher themselves, as opposed to external users (or participants). We present
three projects where longitudinal ‘auto-approaches’ to research and design in HCI
were applied, namely one auto-ethnography and two autobiographical designs. These
projects help illustrate the benefits and challenges of using these first-person research
methods in longitudinal HCI and interaction design research. We conclude the chapter
by reflecting on themes and lessons that resonate across the three projects (i.e., range
of participation, data collection, time to reflect, concluding).

Keywords Auto-ethnography - Autobiographical design + Design research

1 Introduction

Within the fields of human—computer interaction (HCI) and interaction design, there
has been a growing desire to more deeply understand the use of technology within
real, everyday settings. The goal is to gain a deep and experiential understanding of
the effect of technology on people, society, and everyday life. As a result, this goal
has brought about methodological interrogations in the field over how one ought to
study the increasing ubiquity of technology and the complex world in which it is used
over long periods of time. As an addition to the array of HCI methodological tools,
longitudinal first-person research methods offer a chance for researchers to not only
investigate the mundane, ongoing, and ubiquitous presence of technology in everyday
life, but also to acknowledge their own positionality in research and design, and to
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rely on first-hand experience as a mode of knowing. This shift in epistemological
commitments has the potential of yielding rich, honest, and authentic reflections and
insights about our ongoing lives with technology.

In this chapter, we refer to first-person research as research that involves data
collection and experiences from the researcher themselves, as opposed to external
users (or participants). While already informally part of long-standing design prac-
tices of making and testing technology, first-person design efforts and inquiries
have recently become more visible through approaches such as the application of
auto-ethnography [1-6] and autobiographical design [7-13].

In this chapter, we present three projects where longitudinal ‘auto-approaches’ to
research and design in HCI were applied, namely one auto-ethnography and two auto-
biographical designs. These projects will help illustrate the benefits of using these
first-person research methods in longitudinal HCI and interaction design research
for the rich data and fruitful insights they can bring around topics that are often diffi-
cult to access, such as long-term use of personal technology (e.g., mobile phones),
use of technology in the private sphere (e.g., the home), and over distance (e.g.,
long-distance relationships). The projects will also illustrate the challenges that one
may need to overcome if using similar approaches, along with some possible solu-
tions. First, we present reflections on an auto-ethnography of living without a mobile
phone. Second, we explore the autobiographical design of a system for capturing
and replaying family moments over time. Third, we describe the autobiographical
design process of converting a cargo van into a livable space. Each of these projects
is written from the first-person perspective of the project’s main contributor. This
reflects the very personal nature of first-person research and an individual’s account
of the project. We conclude the chapter by reflecting on themes and lessons that
resonate across the three projects.

2 Three ‘Auto-approaches’ to Research and Design in HCI

2.1 Auto-ethnography: Living Without a Mobile Phone

Auto-ethnography [14, 15] is a qualitative research form, an approach to research and
writing that aims to describe and systematically analyze (grapho in Ancient Greek,
‘writing”) personal experience (autds in Ancient Greek, ‘self”) to understand broader
cultural meanings (éthnos in Ancient Greek, ‘nation’ or ‘culture’) of technology.
Building on traditions in anthropology, this method relies on researchers observing,
noting, and reporting on personal encounters, or engagement with technology. In
HCI, researchers have often aimed at adapting this approach for an HCI audience,
either by adopting a fully ‘scientific’ prose that avoids the use of evocative first-
person narratives, and/or by concluding the auto-ethnography with specific design
guidelines, or a concrete set of opportunities for design. There are a few notable
exceptions to this, for example Sengers’s [16] reflections on IT and pace of life,
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[17] use of personal fitness and self-tracking technologies to lose weight, and [5]
experiences living without a mobile phone for nine years, which we discuss as a first
case.

2.1.1 Before Auto-ethnography

On brink of burnout in late 2002, I (Andrés Lucero) decided it was time to getrid of the
very tool that for the previous three years had allowed me to juggle four simultaneous
jobs as a web designer, a university lecturer, a professional soccer referee (Fig. 1),
and a freelance designer: my mobile phone. The idea of living without a mobile
phone addressed a personal need of improving my life by exploring ways to reduce
stress. Getting rid of my phone was neither intended as a research project [17],
nor motivated by ‘getting research points for it’ [13]. What started as a personal
experiment, resulted in two periods of time where I voluntarily stopped using a
mobile phone (i.e., 20022008 and 2014-2017). Conducting this auto-ethnography
was the means to assess if the lack of having a phone had had any real impact in my
life.

It was only in 2014, after conversations with colleagues and inspired by the likes
of PSY during his honest, unassuming, and frank closing plenary at the CHI 2015

Fig. 1 Professional soccer referee, one of four simultaneous jobs I was juggling with
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conference! that I began considering the idea of writing an auto-ethnography of
my experiences living without a mobile phone. Therefore, my first step was to
develop a retrospective account [18] of my life without a mobile phone during the
first period (i.e., 2002-2008). These retrospective accounts (or headnotes) consisted
of events, experiences, and interpretations in relation to me not having a phone that
were constructed from memory [19], using projects, notebooks, photographs, and
emails to aid recall [15]. I was familiar with retrospective accounts from my time
assessing first- and third-year Bachelor students’ self-reflections in the Netherlands.
In an at-the-time novel competency-based education system, students took the role
of ‘junior employees’ and as such were responsible for their own competency devel-
opment, choosing their own learning path. My role back then was to help them plan,
read, and give feedback on their competency development. Switching roles to write
my own retrospective accounts allowed me to identify important themes in my daily
life that helped refine this study’s focus, guide the ongoing literature review, and
develop a language of description for my reflections.

2.1.2 During Auto-ethnography

Once I decided to write an auto-ethnography of my experiences living without a
mobile phone, I had to more systematically collect data. During the second period
(i.e., 2014-2017), I collected reflections in action [18] consisting of biweekly hand-
written and digital notes taken on a notebook or iPad, respectively. These reflections
in action were complemented by emails, photographs, and tweets. In addition, when-
ever traveling I recorded field notes [20], which I tried to write on the spot, or as
soon as possible after the event.

As I was half way through the second period of the auto-ethnography, I began
an ongoing and parallel process analyzing data. After a formative analysis based on
retrospective accounts, reflections-in-action, and field notes, a summative analysis
[18] was conducted where an overarching process of categorization and theming
[20] took place. Recurring problems, changes in attitudes, and significant concerns
emerged after deeper and more detailed reflections, which developed into meaningful
units [18]. These units or themes form the foundation of this auto-ethnographic
narrative.

In addition, I experimented with themes by drawing tables [20] and different
types of visualizations to help clarify my thinking and keep an overview, similar to
the one shown in Fig. 2. I also shared my experiences, my initial interpretations,
and drafts at different stages of this auto-ethnography with colleagues and extended
family members [15, 20]. Doing so allowed me to gather new perspectives and offer
alternative interpretations. Finally, I compared and contrasted my experience against
existing research [15].

As for the main insights of this study, these were connected to four meaningful
main units or themes: social relationships, everyday work, research career, and

Uhttps://twitter.com/emax/status/591149505170382848.
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location and security. In social relationships, 1 discuss the wide range of people’s
reactions when they first hear about my lack of phone, the assumption that some
people make in terms of being able to reach and be reached by others anytime,
and the factors that allow me to make the choice of not having a mobile phone.
Regarding everyday work, I reflect on life as an academic in a Nordic country where
most of my social interactions with colleagues and students happen in a collocated
fashion, and where people expect and respect delays in my responses to urgent emails,
something that would be less acceptable in cultures where it is important to be busy.
Research career deals with occasional feelings of peer pressure to own a mobile
phone, a tendency to assume that having a mobile phone is a requirement to doing
research in (mobile) HCI, and the potential benefits that being an outsider to a given
field of research can bring in terms of allowing one to apply frames of reference
from other domains. Finally, in location and security, I describe some of the extra
planning needed when traveling to conferences due to a lack of Internet connection
abroad, plus the increasing trend to require a mobile phone number as a security
measure. Between the start and end of this study (i.e., 2002 and 2017), many things
changed in my life. Together with my partner, we moved to different countries (i.e.,
the Netherlands, Finland, Denmark), became parents to two children, I went from
being a post-Master and PhD student to researcher and faculty member, among other
things. The longitudinal perspective of this work over such extended periods of time
has also made me aware of what it means to be a privileged member of a hyper-
connected and technology-saturated society, and of the importance of developing
empathies into the lives of people unlike me, especially when considering difficult
times such as those of the ongoing COVID-19 pandemic.

I'was also trying to find ways to judge my auto-ethnography, but I could only find
a series of key legitimacy and representation issues of auto-ethnographic accounts as
delineated by [15, 18] and [20]. Based on these issues, I have identified seven main
criteria for a successful auto-ethnography [5]:

1. Study boundaries [18]: requires auto-ethnographers to describe the limits of
their study using the four facets of time, location, project type, and point of
view.

2. Authenticity [20]: refers to establishing a study protocol that would allow
someone else to follow the researcher’s procedures [18]. [15] express authen-
ticity as reliability, which refers to the narrator’s credibility. In addition, authen-
ticity is manifested as (construct) validity when the work evokes in readers a
feeling that what has been represented could be true [15], and when correct
operational measures for the concepts studied have been established [18].

3. Plausibility [20]: relates to structuring the narrative according to the academic
article genre and finding gaps in the research literature. Plausibility is also
expressed as scholarship by [18] when the work moves beyond emotional
expression to deeper levels of reflection, highlighting connections to broader
themes.
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4. Criticality [20]: entails guiding readers through imagining ways of thinking
and acting differently. Criticality is also referred to as instrumental utility by
[18] when the work helps readers anticipate future possibilities and scenarios.

5.  Self-revealing writing [20]: consists of revealing unflattering details about the
auto-ethnographer.

6. Interlacing actual ethnographic material and confessional content [20]:
suggests that personal material be limited to relevant information in relation to
the research subject.

7.  Generalizability [15]: focuses on the readers who determine if the story speaks
to them about their life or that of others they know. Generalizability is also
communicated as external validity by [18] when, thanks to the study’s strength
of themes and theories, its findings might apply to others.

2.1.3 After Auto-ethnography

Since the 2018 paper was published, I again voluntarily stopped using my phone
during all of 2019, thus completing a decade living without a mobile phone. In addi-
tion, two students of mine, one PhD and one MA, have since started and completed
their own research projects where they used auto-ethnography [21]. While I currently
have no concrete plans to write about that tenth year living without a phone, here are
some reflections if you are considering engaging in auto-ethnography.

Auto-ethnography will not make your research (life) easier. If you are considering
engaging in auto-ethnography as a shortcut to avoid doing extensive user research,
you might end up having to spend as much if not more work when conducting,
analyzing, presenting, and publishing your work. While auto-ethnography may in
most cases mean you do not need to recruit or engage with participants, you will end
up spending significant time and effort systematically documenting, analyzing, and
reflecting on your own experiences. It takes dedication, experience, and a degree of
resilience to do auto-ethnography.

Then there is the issue of getting your research accepted and published at HCI
venues. Most HCI researchers have neither been trained to write rich and evocative
auto-ethnographies, nor to review them. I spent two years trying to get my auto-
ethnography published. I was in part unlucky with some reviewers who wrote very
personal and a couple of times even hurtful reviews—remember what I said about
resilience? But I also had a hard time reaching the level of depth in my reflections that
would grant acceptance—and here comes experience. But do not despair. There are
ways to avoid the most obvious criticism aimed at auto-ethnography. For instance,
you can apply a long-term perspective to your auto-ethnography by collecting data
over weeks, months, years or even a decade as I did with my experiences living
without a mobile phone. Alternatively, you can have several researchers concurrently
working on the same project and applying auto-ethnography to the same topic [22]. As
another example of this, you can complement the one-person small data perspective
by taking a big data approach running for instance a pre- or post-auto-ethnography
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crowdsourced survey [21]. The big scale in data collection (i.e., in time or additional
participant numbers) can help the one-person scale of the sample.

But above all, remember that the power and richness of auto-ethnography lie in
that it shares voices that might not have been heard [23] and insights that might have
been too subtle to elicit ([15, 18]).

2.2 Autobiographical Design: Capturing Memories of Family
Life

Autobiographical design focuses on design research that draws on extensive, genuine
usage by those creating or building a system. This enables designers/researchers to
rapidly respond to real-life needs and frictions encountered when using the system,
e.g., Desjardins’ Living in a Prototype [8] and Neustaedter’s Moments [11]. Through
11 interviews with established HCI researchers, [13] found that autobiographical
design was a common practice in HCI; however, until recent times, it was rarely
reported on. This is due to a perceived contradiction between the pervasiveness
and usefulness of autobiographical design as a design practice and its incompat-
ibility with widespread research practices. Further, [7] have discussed tensions
that arise when conducting autobiographical design, such as the delicate balance
between various roles including designer, researcher, observer, parent, and partner.
This section describes how autobiographical design was used to explore the creation
and use of a system for recording family moments.

2.2.1 Creating Moments

In 2014, as the father in a family of five with three young children (aged 1, 6,
and 8 at the time), I (Carman Neustaedter) was interested in exploring ways that
I might better capture my children’s lives and our family as it grew together and
experienced life. This could include special moments such as a child’s first steps or
family celebrations, as well as the more mundane stuff and the everyday moments we
might share together. I could already use a camera to capture images or videos, but
at times it was easy to miss important moments because I did not always know when
they would occur before they happened. I also wanted to explore ways of capturing
my family’s life without having to be staring at a smartphone or camera screen to
make sure I captured the moments ‘just right.” I wanted to be part of the moments
too and not just the photographer. I wanted something more automated.

For these reasons, I worked with an undergraduate student, Brendan DeBrincat,
to create a system called Moments [24]. Moments was an always-on video recording
system for families. It included a camera that was placed overlooking a space within
my home along with a display to view and interact with the system. Figure 3 shows an
iPad sitting on the kitchen counter. Atop the cupboard above it, a Kinect camera was
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Fig. 3 A Moments display on the counter in the corner of kitchen and camera above

placed to capture video footage. The goal of Moments was to help families collect
and reflect on past moments and experiences that took place in certain areas of the
home. In the simplest description, the camera recorded and saved video all the time,
and the iPad display allowed users to replay it (Figs. 4 and 5).
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Fig. 4 Close-up of the Moments display
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Fig. 5 Calendar selection interface

2.2.2 More Than just One with Autobiographical Design

Autobiographical design focuses on the study and design of technologies created
for oneself and used by oneself [13]. It is this tight coupling of design and use that
makes it a valuable method for exploring a design space. Yet often it is the case
that more than just a single person is involved in a given research project. As a
university professor, my role is to conduct research; however, in conjunction I also
train and mentor students as researchers themselves. As mentioned, DeBrincat was
an undergraduate researcher who worked very deeply on the Moments project by
exploring the design space and iteratively implementing the system. This meant that
our growing understanding of the design space had to be shared. Initially, I told
DeBrincat about my vision for creating a system to record my family’s everyday
activities in the home. DeBrincat and I had several brainstorming sessions as part of
weekly meetings where I would explain the needs I had for a system like Moments
and what family life was like for me. DeBrincat used his own experiences growing
up to understand the context for which he would be designing and my explanations
of the needs for my family. As DeBrincat created the system, he had to make me
aware of what was technologically feasible, what features were being created, and
which were ready for my family to try it. As [ used the system with my family, I had
to share knowledge with DeBrincat about how the design was working and where it
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needed tweaks and additional work. Once the design solidified, DeBrincat completed
his portion of the project.

My family and I continued to use the design for the remainder of two years. This
allowed us to gain a very deep understanding of how the technology impacted family
life, what worked well about it, and where challenges lay. Such long-term usage and
deep experiential understanding are very difficult to achieve through other types of
deployments that might include external families. It was for these reasons that I chose
to use autobiographical design: I had a genuine need for the system and wanted to
obtain a detail and nuanced understanding of the technology and its impact. Twenty
months into our usage of Moments, I had my PhD Student, Yasamin Heshmat, join
the project to help assess the overall experience that my family was having. As
family members we all had a detailed understanding of how we used Moments and
how it affected family life, but I wanted to have someone work with us to be able to
articulate those experiences and ‘tease them out of us’, so to speak. Heshmat planned
an interview-based study that involved talking with each family member about their
experiences. I worked with her to plan out what questions would be most relevant to
ask based on my background as an HCI researcher and my knowledge of the system.
Heshmat augmented this with things that she thought would be interesting to learn
more about.

Having other researchers work on the Moments project was extremely valuable
as it brought additional help and varied perspectives into creating the technology
and understanding the design space. But it did mean that autobiographical design
was more challenging to use as a design research approach. In other autobiograph-
ical design projects that [ have undertaken [25, 26], I have taken on multiple roles,
including the designer, developer, and researcher of the system. That is, I have figured
out what to build, I have built it, and I have studied its usage. Maintaining multiple
roles meant that I gained a tremendous amount of deep understanding as to what
was needed in the systems and why it was needed. In many moments, this knowl-
edge was hard to articulate. And, given that [ was the only person doing the work, I
often did not need to. I could simply iterate the design based on how I was using it.
However, with Moments it was different. I had to pay particular attention to convey
my understanding of the design space to the two students I was working with, at
different points in time. We had to create boundary objects that helped us share our
understanding. For DeBrincat’s design and development work, it included sketches
and write-ups of features and experiences. It also included one-on-one conversations
(undocumented) of what both DeBrincat and I thought of the design and its features.
For Heshmat’s study work, boundary objects included study protocols, interview
questions, and subsequent analysis documents with transcripts, labels, and codes
depicting results. The lesson we learned throughout the experience with Moments
was that autobiographical design can be used with multiple people where not all have
a genuine need for the design and not all use it. However, the takeaway message is
that all team members must be invested in the design process and be able to find ways
to share knowledge and understanding across multiple roles in the project.
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2.2.3 Connecting Across Time Periods

With Moments, we were able to use the design over what one might consider in the
field of HCI to be a very long time, two years. Many field studies are conducted
over a period of weeks, in comparison. Because I was designing for myself and
my family, it was easy to have a long-term investment in the work. Moreover, the
genuine need we had for the system meant that it was worth any additional efforts
that might be needed to keep the system going and maintained over a long time
period. Because Moments tried to tie family moments together across time, it was
the long-term usage of Moments that raised additional curiosity and insights. We
found that the most interesting point in time for Moments was once we had used
the design for a full year. At that point, rather than allow users to pick a certain day
to view, we could set it to automatically show our family’s activities from exactly
one year ago, by default. On holidays like Christmas, New Year’s and birthdays, my
family members and I would look to see how we were celebrating the holiday last
year, e.g., who was at our house, what we were eating, and what the birthday cake
looked like. Because the system itself tied its usage to time, we were able to more
deeply learn about how our family changed over time. Of course, long-term usage
can be extremely challenging to achieve. The system needs to stay running, and, in
our case, it needed to have enough storage space to keep recording video. As a family,
we needed to ensure the benefit of the system continued to outweigh possible privacy
concerns. Team members may also easily come and go in an academic environment
as students graduate. Thus, the lesson is that long-term usage can be very valuable
to see behavior changes, yet many real-world pragmatic constraints could make it
difficult to achieve long-term usage.

2.2.4 Ending the Autobiographical Design Study

Inacademia, every project comes to an end at some point. Students move on. Research
grants finish up. Professors decide to move on to new interests. After two years, 1
decided that it was the right time to complete the project. The hardware that we were
using was becoming obsolete and we were running out of storage space for video.
The camera was not capturing video at a fidelity that seemed sufficient for continued
use. We could have conceivably purchased new equipment, yet it would have been
hard to properly integrate it within the system, especially considering that DeBrincat
was no longer a student. Updates would have been costly in personnel and equipment.
I also asked myself as a researcher, even though I valued the system for my family
and our ability to capture a record of our lives, had I learned as much as we could
about the design space that it was time to move on? This was a difficult question to
answer, but ultimately, [ decided that I had an obligation to the research funding to
end the work and move on. A challenge with autobiographical design in academia
is that one’s genuine need for a system becomes intermixed with research funding,
graduate student training and completion, and the pragmatics of research. This is
somewhat of an ethical dilemma as one is often publicly funded as an academic, and
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there are needs to properly use resources as part of research. I was fortunate in that
this project did not require much funding to conduct. Equipment was reused from
prior projects, and much of the student efforts were a part of course work. In other
autobiographical design works, I have done, I have similarly had to weigh options
around resources and time, and whether it is worth continuing on a project [25, 26].

2.3 Autobiographical Design: Living in a Prototype

The last case we present is an autobiographical design project called ‘Living in a
Prototype’ [8]. Since 2013, I (Audrey Desjardins) have been engaged in the long
and slow process of converting a cargo van into a livable space: a camper van. In
October 2013, my partner and I bought a new Mercedes Sprinter van (Fig. 6 left)
which offered an empty space of 10 feet long, 6 feet wide and 6 feet tall behind the
seats. In 2016, I wrote about the van to show an alternative to top-down visions of
one-size-fits-all smart homes, a topic often discussed in the HCI community. While
the van itself and our builds are not using emerging technologies such as Internet of
Things devices or wearables, the way in which we ‘made home’ allowed me to think
and write about the home as an invariably unfinished space—a space that relies on
the ongoing development of trust, care, intimacy, and sense of ownership between
the home, things in the home, and home dwellers.

Living in a Prototype followed an autobiographical design approach. This means
that as a researcher, I was also playing the roles of designer, maker, observer, writer,
user, and partner. The study was conducted by analyzing the design decisions we

Fig. 6 Cargo van on day 1 (left) and interior of the van in 2016, after wall insulation and paneling,
and storage and bed construction
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made about how to build the van, the process of fabrication, as well as our ongoing
use of the space. In terms of autobiographical design, I built off of Neustaedter and
Senger’s definition: ‘design research drawing on extensive, genuine usage by those
creating or building the system’ [13]. The documentation I collected to build my
analysis included:

e Tutorials on the Instructables web platform for each important fabrication stage.

e Photos of each step in the making, including tools and materials. Those photos
also show the finished product at each step.

e Seventeen time-lapse videos of each day of building. Photos were taken every
30 s and then assembled to make short videos.

e The Instructables tutorials also hold a record of readers’ comments and questions,
and my answers.

e Short diary logs that record the dates, places, and important events of the trips
made in the van.

e Photos of the van’s interior while on trips, focusing on different activities like
cooking, eating, playing games, sleeping, and getting ready for outdoor activities.

Since the 2016 paper was published, my partner and I have continued to make
additions to the van, for instance, adding a sink and water pump, building more storage
above the seats, adding solar panels and alternative batteries, installing ceiling lights,
and adding a heater. We are also continuing to use the van, mostly for weekend trips
(almost every weekend), and longer vacation trips a couple times a year.

Below, I share three main reflections with regard to its longitudinal first-person
methodological approach.

2.3.1 Moving in and Out of ‘Research’ Mode

Using the van project as a site of inquiry gave me the opportunity to investigate how
the ‘making of home’ might evolve over time. The goal was to look at that practice
over time, but the nature of autobiographical design meant that research was not
always centered: my research life and personal life blurred and rhythms emerged
over time.

While this project started as a personal project, it aligned with my doctoral research
interests: [ was studying ways in which people live with technology in their homes
and how they transformed artifacts through DIY approaches and everyday design
[27]. Once I saw the connection, it was a fluid, slow, and slightly ambiguous move to
transition from a personal project to a research project. With the help of my advisor
Ron Wakkary, I was able to conduct a rigorous retrospective analysis of the design
and making process, based on the materials I had already been gathering about the
van (i.e., photos, tutorials, time-lapse videos, etc.).

When I finished writing about the project for the CHI 2016 conference and for
my dissertation, I felt like I slowly started to think of the van less as research and
more as personal (the fact that we lived in it for 2 months on a road trip after my
PhD helped with that!). And yet, now and again, reflections about the process, the
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method, and the living in the van came in waves and led me to continue to write
about the van project as a research project. The first was a collaboration on a book
chapter about sustainability and longer-term implications of the ‘unfinishedness’ of
the van, thoughts that continued to bubble up for me as we continue to build the van
[28]. The second was a collaboration with a master student at my new university.
Aubree Ball, for her master thesis, decided to engage in an autobiographical design
project as well. Together, we wrote about the experiences of doing autobiographical
design as a meta-reflection around the method [7]. With this paper, it became clear
that the long-term nature of autobiographical design allowed me to continue to do
research work not only with the making of the van, but also through the writing and
the reflecting.

A year or two passed, and I realized my partner and I were in building mode again,
adding electricity, a water pump, a heater, and a ladder. As making and designing
ramped up, I fell back into my earlier habits of photographing tools, materials, and
steps in the making, and I took screen shots of discussions we had over text messaging
and chats. I was not sure what I would use this data collection for, but I knew that they
might become useful. I continue to have a haunting sense that I will write ‘Living in
a Prototype II'. Stay tuned.

The lesson here is that longitudinal first-person research projects have fuzzy
boundaries in time and scope. While Neustaedter talked about choosing to conclude
the Moments project, I chose to continue to live in this ambiguous and ongoing state
of potential research.

2.3.2 Time Allows for New Modes of Making to Emerge

When we started the van fabrication in 2013, #vanlife was just starting, and there was
not much information online about how to convert a van into a camper van. Since
then, many tutorials have been created, many YouTube channels have emerged, and
#vanlife definitely has a presence on social media. Between 2013 and 2015, we chose
to document extensively our process for making the van because we thought we could
contribute to this emerging community online.

However, as time went by, in addition to amateurs sharing their processes online,
small companies started to emerge to support people in their making process. For
instance, Adventure Wagon,” a company based in Portland, Oregon, started to create
parts and frames that can easily be added to Sprinter Van conversions. This opened up
new options for us. Instead of having to build everything from scratch, their battery
tray kit allowed us to install alternative batteries and bring electricity in the van, an
area we did not have much expertise in (Fig. 7).

In addition to new kits and instructions, I also gained easier access to new tools:
we bought a small (and cheap) 3D printer for the home. With it, we were then able
to print small parts to fix a few problems in the van. For example, when the heater
was installed, the vent did not fit properly. I measured the vent and the angles of the

2 https:/adventurewagon.com/.
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Fig. 7 Adventure Wagon Battery Tray kit and instructions now available online

surface it was resting on, designed a new custom-made buffer, printed it at home,
and installed it. The proximity and ease to print at home made this process very easy.

Of course, in 7 years, personal changes also happened which also supported new
modes of making. I moved from being a PhD student to an assistant professor,
gaining more financial means and better stability. For a while we had been dreaming
of an integrated diesel heater to replace our portable propane heater (which was less
convenient and more dangerous). In 2019, we decided that it was the right time to buy
the heater and have an expert install it for us (we did not feel comfortable working
directly with the van’s diesel tank). The cost of the heater (around US$1000) and the
cost of installation (around US$500) would have been difficult to rationalize when
I was a student, but not anymore. These changes in personal life meant that new
materials and expertise became available.

In my case of longitudinal first-person research, the slowness of the process and
the fact that we still see the van as a prototype allowed for communities to grow and
knowledge infrastructures and tools to emerge around us. This is interesting when
trying to study how practices of making evolve over time: it means that we cannot
study practices in isolation, but that we need to consider how the circumstances of
designing and making also change.
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2.3.3 Opportunity for Changes in Theoretical Framings

The research project of Living in a Prototype started from the theoretical under-
pinnings of everyday design [27], where everyday people are seen as designers of
their own artifacts once they leave the manufacturer’s and professional designers’
hands. In 2016, I framed the project through the perspective of smart homes [8]. In
the collaborative chapter from 2018, we used sustainability as a lens to look at place
making in the van [28]. Over time, I have found myself revisiting this project through
various theoretical framings, producing new insights and new understandings that
are relevant to the field.

In the last year, again, I have looked at the van in a new light through new readings
and theories I have encountered. In the 2016 paper, I wrote about ‘reciprocal shaping’
[8] to describe the ways in which we gave form to the van, physically, but in return,
its materiality reshaped our ideas of what a van ought to be (does it need electricity
right away? Does it need a polished kitchen?). Four years later, thinking alongside
new materialism, in particular the book Vibrant Matter [29], I can articulate more
precisely how artifacts may have as much of an impact on systems or events as
humans. In her book, Bennett talks about the notion of ‘thing-power’ or the liveliness
of matter. She writes about the active participation of non-human forces and entities,
and she describes how agency is distributed between humans and nonhumans. With
this new theoretical lens, I can write about cedar paneling, electricity, skis, tea, my
partner, cups, infrastructure, the road, and wilderness landscapes as all the elements
that shaped the van. The matter of the van has a vitality of its own that plays an
important role in how it comes to be—perhaps as important as our human actions.

Similarly, in thinking alongside feminist theorists (e.g., [30-35], I am able to
deepen discussions around authorial perspective and voice in the Living in a Proto-
type project. From a methodological perspective, autobiographical design renders
explicit who the researcher is and forces us to recognize that the knowledge gener-
ated from a project is entangled with this person. Feminist theorists have long argued
that human knowledge is situated and partial—that knowledge is not abstracted or
decontextualized, but instead that it is learned, applied, and understood in situ. In fact,
Donna Haraway cautions against knowledge that is disembodied, or, in her words:
‘from everywhere and so nowhere’ [36]. Understanding the importance of using ‘I’
when writing about the van project is something I had a hard time articulating at first.
However, through a feminist theoretical perspective, I am able to express why it is
important to respect (and celebrate) who these insights are coming from, clarifying
whose lived experience has formed these new findings. Yet, when I wrote about the
van project in 2016, I wrote with the pronoun ‘we’ to recognize the participation
of my partner in the making and living with the van and to also acknowledge the
analytical work my advisor contributed to while I was writing. Finding the right tone
and voice to respect whose perspective is being shared in longitudinal first-person
research is a difficult work, but with a new theoretical framing, I am now able to
refine the position I take.

Similar to my previous point, not only did the making circumstances change
over time, but theoretical lenses can also change with time. When working with an
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autobiographical project, so much of the felt experience of living with a prototype
needs to be unpacked and finding different theories is often welcome to help sharpen
the contribution of a project.

3 Discussion and Conclusions

Across the three projects, we see several main themes emerging in terms of how one
should think about and consider first-person methods such as auto-ethnography and
autobiographical design in the context of longitudinal research methods.

First, the projects illustrate that there can be a range of participation by individuals
when it comes to longitudinal first-person approaches, despite that they focus heavily
on an individual’s perspective. For example, in Living Without a Mobile Phone, as an
auto-ethnography, there is a strong emphasis on just one person’s perspective. With
Living in a Prototype, there was a single researcher; however, this role was coupled
with the researcher being part of a domestic relation. As a result, Desjardins adjusted
her writing practice to include the pronoun ‘we’ to acknowledge her partner’s partici-
pation. In Capturing Memories of Family Life, Neustaedter was part of a design team
with students. Across the projects, there was no one ‘right solution” and the nature of
who was involved depended on the real-world situation being explored. Participation
was also greatly affected by the longitudinal nature of the studies. For Neustaedter,
participation changed based on students and graduations over time. For Desjardins,
her participation included her partner and her Ph.D. advisor more strongly at some
points. And, for Lucero, his non-use of a mobile phone came about from having
different situations, students, and activities before him. This was not direct participa-
tion per se, but the people around him did, to some extent, influence decisions to not
use a phone or suggest that others do the same (e.g., his students). Together, these
points illustrate the flexibility of using longitudinal first-person research methods
over extended periods of time.

Second, longitudinal first-person research can amount to data collection that is
tedious in nature yet highly important. Projects go on for months and years at a
time, rendering evident that relying solely on memory is not enough to offer rigorous
data. Living Without a Mobile Phone included multiple forms of data, including
retrospective accounts, reflections-in action, and field notes. Living in a Prototype
involved media of the design process and ever-changing van, web tutorials, and
diary entries. Capturing Memories of Family Life utilized design boundary objects
due to challenges with working among a small team of researchers that included
students in addition to Neustaedter. In all cases, data collection was important for
reflections and writing about the projects. Data collection was sometimes for the sole
purposes of research. Other times, it was data that was collected for other reasons
(e.g., communicating with friends and family, sharing information with an online
community). Clearly, data collection is vital for longitudinal first-person research if
it is to be understood as being credible, just the same as for other research methods.
Yet unlike studies that are of a shorter duration in time, researchers using longitudinal
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first-person research methods may need to collect data over very long periods of time,
as was the case for the projects reported on in this chapter. Long-term data collection
comes with the potential for data collection fatigue, losing data, and challenges by
analyzing data across time.

Third, it can be highly valuable to reflect on one’s experiences as a part of longi-
tudinal first-person research. Sometimes, it can take time to understand what is
happening and why when using longitudinal first-person methods. This might be
akin to how a researcher must often ‘step back’ and think critically about what they
are seeing while they analyze their study data. Similar approaches are needed when it
comes to longitudinal first-person research. For Living Without a Mobile Phone, this
came from Lucero’s retrospective accounts of his life across the years when he was
not using a mobile phone. For Capturing Memories of Family Life, reflection came,
in particular, once Neustaedter and his family had used Moments for an entire year.
This allowed them to look back at their life one year ago and what they were doing
with Moments. For Living in a Prototype, Desjardins was able to reflect as she moved
between her roles of researcher and domestic partner. In all three cases, reflections
were made stronger because the researchers participated in the research over a long
period of time, building up their understanding as time progressed. This brings added
complexity and commitment, yet additional value and experiential understanding. It
also means that it can be challenging to write about and tell ‘the story’ from such a
deep, interpersonal level.

Lastly, the three projects reveal opportunities and tensions around when to
continue longitudinal first-person research and when to see it to a conclusion. Ulti-
mately, decisions about concluding a research project will depend on the researcher
and the particular context being studied. Our chapter reveals several ways to think
about it and different perspectives to consider. Living Without a Mobile Phone
concluded based on personal circumstances and needs to re-engage with a mobile
phone. Capturing Memories of Family Life concluded based on student training
needs and grant funding. And, it would be fair to say that Living in a Prototype
has temporarily finished, yet there are possibilities for the work to continue moving
forward with the use of various theoretical lenses, new additions to the van, and
life changes for the couple. We suggest that researchers consider a mixture of their
research needs coupled with their own personal needs when it comes to such longitu-
dinal first-person research projects. Researchers should also consider the pragmatics
of conducting first-person research, given that first-person research methods tend to
naturally involve studies lasting a long time period. This can make it more difficult
to fund a project and stay committed to it.

Overall, our three cases have illustrated several lessons and reflections when it
comes to conducting longitudinal first-person research. Through these long periods of
time, we are able to inquire about how our lives with technologies change. In addition,
with this longitudinal first-person position, we can also observe and remark on what
else around us changes with time: our families, our jobs, our communities, theories
we engage with, and the tools we may use. This is a unique place to be: It opens up
the possibility of looking at transformations in the mundane and the everyday within
the broader context of fully lived lives, as complex and tangled as they are.
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Imagining the Future of Longitudinal )
HCI Studies: Sensor-Embedded oo
Everyday Objects as Subjective Data

Collection Tools

Armagan Karahanoglu and Geke Ludden

Abstract Automated data collection has a significant role in collecting reliable
longitudinal data in human—computer interaction (HCI) studies that involve human
participants. While objective data collection can be obtained by and mediated through
personal informatics, subjective data is mostly collected through labour-intensive
tools. The potential of sensor-embedded everyday objects as subjective data collec-
tion tools is underexplored. Hence, in this chapter, we investigate the use of such prod-
ucts for subjective data collection purposes in longitudinal studies. First, we demon-
strate current practices on subjective data collection tools and examine the afore-
mentioned research gap. Following that, we discuss the results of three discussion
sessions in which we collected insights from six expert researchers on the enablers
and barriers of using sensor-embedded everyday objects as subjective data collection
tools. We present our insights with use-case scenarios to communicate what possible
roles sensor-embedded everyday objects could have in collecting subjective data in
future longitudinal HCI studies and discuss how they could be further developed
within the field.

Keywords Subjective data collection * User research - Everyday objects *
Sensor-embedded objects + Longitudinal data

1 Introduction

The HCI community has studied the impact of interactive systems on people’s daily
lives for decades [1, 2]. While a focus on user experience after first time use has
been dominant for a long time, since the earliest call for more experience-focused
longitudinal studies [3], long-term user experience of interactive systems has been
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examined by various scholars [4-7]. In one of the earlier studies, Kujala et al. [4]
propose “UX Curve” that aims to support people in recalling the details of their
experience and draw a free-hand curve to describe it. In another example, Karapanos
et. al. [7] propose “iScale”, an online survey tool with a similar purpose, in which
participants are asked to recall and sketch their most impactful experiences with
a product. Both studies address the necessity of developing tools to explore and
evaluate long-term user experience.

Scholars agree that to reliably study experience over time, as well as processes
and effects of change, we need longitudinal studies that investigate user experience
beyond the first time use [8]. An observable characteristic of longitudinal studies is
that a minimum of three repeated observations on a construct of interest is carried out
[9] that provides data in a series of time points [ 10]. In order to arrive at actionable data
sets, most studies involving human participants, rely on two types measurements:
objective (i.e. number of steps taken) and subjective (i.e. the perceived effort or
confidence of the user).

Advances in personal informatics tools offer sensor-based, almost effortless objec-
tive data collection practices. These tools equip both the users of such tools, as well as
researchers interested in their data, with an immense number of possibilities. Today,
personal informatics help people to automatically track the number of steps they
take, or the quality of their sleep [11]. It also supports people to arrive at meaningful
information about their health status [12]; and supports decision-making on actions
to take to improve their health [13]. For researchers, the same sensors bring new
possibilities to collect and study objective data about the behaviour of large popula-
tions. One of the most well-known examples of this approach is probably the use of
physical activity trackers to unobtrusively collect physical activity behaviours [14,
15]. Because tracking physical activity is now a practice that is available to almost
every individual, the data gathered could even be used to study how the lockdowns
due to the COVID-19 pandemic in 2020 affected physical activity of populations
at country and city level [16]. While regular personal informatics tools are usually
embedded in smartphones and smart watches, researchers have recently also started
using different types of everyday objects as data collection tools. For instance, Bogers
et al. used a sensor-embedded baby bottle to collect the baby-feeding behaviour of
mothers [17].

These developments manifest effort-free, reliable objective data collection possi-
bilities. The challenge here is no longer to collect data, but to make sense of the
collected data. Although personal informatics provide researchers with easy to use
tools to collect objective data, this does not always mean that the data collected
gives them all the answers they are looking for. There are things that these sensors
cannot capture automatically, such as the subjective experience of participants. For
example, how did a person’s mood or emotion affect their physical activity? Did the
low quality of sleep affect feeding behaviour? How did that person experience their
recent walk or run? These are all questions where sensors cannot provide a full and
decisive answer and that require subjective measurement tools.

For subjective longitudinal data collection (SLDC) purposes, HCI studies
involving human participants borrow various methods from different disciplines
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in the social sciences. Most commonly, studies use paper artefacts (such as ques-
tionnaires or diaries) or digital data collection tools (such as ecological momentary
assessment applications). For instance, ecological momentary assessment (EMA) is
usually implemented as an electronic diary on a smartphone or on a separate device.
The goal of EMA is to obtain subjective, ecologically valid, real-life data [18]. Next
to these tools that were specifically developed for research purposes, people have
started to devise and use self-tracking tools for mood and emotion. For instance,
Ayobi et al. [19] found that people are willing to use bullet-journaling to track their
habits and mood. In another study, Sarzotti [20] found that people are interested in
tracking their emotions especially when the way of tracking is combined with wear-
able trackers, such as a bracelet, a necklace or a smart watch. These are interesting
findings which show that people are also interested in collecting data about their own
subjective experiences. However, there still is no automatic way of collecting this
type of data.

Collecting data in-the-wild requires participants’ active and conscious involve-
ment to collect reliable subjective data about their experience [21]. While researchers
may applaud involvement of participants in their studies, it also places a burden on
participation that may cause boredom or frustration with the participants, which
eventually may limit the quality of the data collection. Therefore, in this chapter,
we will explore how sensor-embedded everyday products can play a role in smarter
subjective data collection and overcome the challenges that current subjective data
collection tools face.

We propose that sensor-embedded everyday objects can be employed for
collecting reliable subjective data purposes. To support this proposal, in the following
section, we first analyse available tools and put forward the challenges of collecting
subjective data in longitudinal HCI studies. Following that, we provide the results
of three discussion sessions that we conducted with six design researchers. In
these sessions, we aimed to discover the broader potential of sensor-embedded
everyday objects as alternative means of collecting subjective data in longitudinal
HCI studies. Accompanied with visualizations made by five industrial design engi-
neering students, we refine and present the emerging subjective data collection
possibilities for different contextual data collection case. We discuss how the ideas
presented can contribute to the future of data collection in the HCI community.

2 Subjective Data Collection Tools in Longitudinal Studies

Commonly used retrospective and real-time data collection methods and tools in HCI
have their origins in social science domains such as psychology and anthropology.
The use of self-reports is widespread both for collecting subjective data about one
time use and for collecting longitudinal data. Schwarz [22] suggests that a combi-
nation of open-ended questions (such as asking the participant “what did you do
today?”), closed formats (such as a list of activities from which the participant can
pick) and rating scales (such as questionnaires) can help the participants to better
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Table 1 Overview of retrospective subjective data collection tools

Tools Forms of data Advantages Challenges
collection
Diary studies Participants’ own Powerful in Depends on

insights and narratives

collecting real-life
insights

Experience sampling

Combines objective

More ecologically

participants’ memory
Decreased response
rate

Individual biases

method (ESM) data with ecologically | valid data than diary
valid assessments studies
Ambulatory Combines self-reports | Reduce retrospective | Fatigue in responding

assessments (AA)

with observational,
physiological and
behavioural methods

biases

Ecological momentary
assessment (EMA)

Mostly used in
collecting behavioural

Mobile and less
labour intensive

Require strong
infrastructure

assessment which the
researcher may not
reach easily

clarify on their experiences. Often, self-reports have been criticized to be less reli-
able, because the method highly relies on the memory of the subjects in reporting
their recalled experience [23]: the participants might self-select what to report [24].
On the other hand, research shows that when planned carefully, self-reports can turn
into powerful self-tracking tools for HCI researchers [19]. To come to a good under-
standing of the current practices in subjective data collection, we provide an overview
of and discuss commonly used tools for retrospective data collection (see Table 1).

Diaries are the most frequently used tools for self-report studies [e.g. 25], that
provide researchers with participants’ own insights and narratives [26]. The diaries
can be both paper-and-pencil and digital formats. Green et al. [27] compared the
compliance of participants in these two designs by employing them in the same
study. They found that regardless of the format, the compliance of the participants
changed when a very narrow time window was applied. Therefore, the time window
must be carefully defined depending on the research question.

A more structured and less time-consuming version of self-reports is experience
sampling method (ESM), which originally focuses more on sampling of experience
at random times [28]. It usually combines objective indices and contents [29] and
grants “ecologically valid” assessments of human behaviour [30]. With an aim of
minimizing the retrospective biases, ambulatory assessments (AA) compound self-
reports with observational, physiological and behavioural methods and study people
in their natural environment [31]. The common trait of these tools is that all can
easily be applied both in physical and digital forms.

Recently, technological advancements have enabled researchers to develop easy
to use and more advanced digital tools for self-report [32, 33]. For instance, ecolog-
ical momentary assessment (EMA) [34] is an effective tool used to collect people’s
experiences, behaviours and moods in real-time and in real-world settings [35]. The
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emphasis in EMA is in collecting people’s current state, that aims to avoid the biases
of other subjective data collection tools [34]. Asking closed questions, this form
of assessment corroborates to reliably collect momentary behavioural data of (i.e.)
physical activity [36], dietary intake [37] or smoking cessation [38] very well. Never-
theless, especially the longer EMA studies require participant compliance [39] and
strong infrastructure when it comes to collection of data flow and monitoring of the
assessment completion [35].

Although self-reports can reveal insights about participant’s experience over time,
there are several drawbacks of self-reports. The report rate of the participants can
decrease considerably over time, in correlation with the formulation (i.e. having too
many questions asking for text input) [40] and length of the questions in self-reports
(i.e. having too long questions) [41], resulting in fatigue effect (such as getting
tired of answering the same questions over time) [42] and individual biases. Still,
data collection in-the-wild can result in unexpected technical issues [21], such as
interruptions in sensor recording [43] and variations in sensor placement in mobile
devices [44].

One of the issues that emerge from these findings is that the forms of longitu-
dinal subjective data collection can be perceived as labour-intensive by both the
participants and the researchers. Most of the tools still rely on text-based input. We
see that development of these tools has stayed very close to the original practices
in the social sciences. However, there are other ways to express our experiences
than using text that technology is able to capture. In addressing especially the report
rate, which creates reliability problems for most commonly used methods, we find it
promising to investigate alternative ways of subjective data collection. Considering
the above-mentioned challenges, we propose that sensor-embedded everyday objects
that participants wish to interact with can be utilized as a tool for SLDC purposes.
The potential use of these objects as subjective data collection tool in longitudinal
studies is still open to exploration, as advances in technology do not yet provide
a definitive solution for capturing subjective experiences. In the next section, we
discuss how our ideas can have broad implications in designing and developing the
future of subjective data collection tools.

3 Imagining the Future of SLDC Tools

Considering the capabilities of HCI researchers, we argue that HCI research has
the competencies to overcome the presented challenges (see: Table 1) of SLDC
methods. To imagine the future of SLDC tools, we studied the enablers and barriers
of using everyday objects to collect subjective data in longitudinal studies. For
this purpose, we conducted three video conference sessions with duos of experi-
enced researchers. In the following parts, we explain the details of these discussion
sessions. The outcomes of the discussion sessions were input for imagined scenarios
presenting alternative means for subjective data collection that can help overcome
current challenges in this field.
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Participants

To select the participants, we set the following criteria: the researcher must have
been involved in at least one longitudinal study that involved human participants in
HCI or adjacent fields as a hands-on researcher. One of our goals was to reach out to
researchers with diverse research interests in terms of both research methodologies
and application fields. With these criteria we scanned our network and preselected
13 researchers. We reached out to these researchers, informed them about the goals
of our research and invited them to participate in an online discussion session. Six
researchers responded positively. The other invitees, despite their interest in the topic,
were not able to participate due to time limitations.

Of the participants, two were pursuing a Ph.D. degree, while four were working
as post-doctoral faculty members in three different universities. The background and
research interest of each researcher is presented in Table 2. The researchers had
3-7 years of experience in research involving human participants. The methods the
researchers are familiar with are also listed in the below table. In the end, we were

Table 2 Participants of the discussion sessions

Session | # Researcher Academic Research interest | Experience in
Researcher | background | position research
methods
1 R1 Computer Assistant Physical activity | Automatic
science professor behaviour change | (sensor) data
collection and
reflective
interviews
R2 Psychology | Ph.D. Well-being Questionnaires
researcher technologies in
forensic mental
health care
2 R3 Design Assistant Research Paper-based
engineer professor methodologies in | self-reports
the process of
design
R4 Interaction Ph.D. The effect of Paper-based
design researcher nature on mental | self-reports,
well-being of observations
hospital patients
3 R5 Industrial Post-doctoral | User experience | Self-reports,
design researcher of emerging and | diary studies and
future reflective
technologies interviews
R6 Industrial Assistant Integration of Paper-based and
design professor user experience | online diary
research methods | studies
in design process
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able to include researchers with different backgrounds who are all working in diverse
application fields and active in HCI research.

Flow of the Discussion Sessions

We prepared a 15 slides’ PowerPoint presentation to facilitate the discussion sessions.
The slide stack consisted of three parts. The first part was for welcoming the partic-
ipants, introductions and explaining the aim of the session. The second part was for
presenting an overview of existing subjective data collection tools and challenges of
employing those in longitudinal HCI studies. The third part was explicitly for illus-
trative and discussion facilitation purposes. This part is built up on two slightly chal-
lenging subjective data collection scenarios. Those scenarios highlighted possible
needs of future researchers to effortlessly and reliably apply subjective data collec-
tion tools in longitudinal HCI studies. The first scenario was urging the need of
collecting participants’ perceived effort in an exertion activity. For this scenario, we
illustrated a runner from whom future researchers would collect perceived increase
in effort data during a high-intensity workout. The challenge of the scenario is that
due to the intensity of the workout, the runner is not able to speak, nor stop to provide
feedback. In the second scenario, we illustrated an elderly person, from whom future
researchers would collect satisfaction data in a home context. We raised the challenge
of this scenario as the incapability of the elderly person in using emergent technolo-
gies. While preparing these scenarios, we put forward several aspects of connected
everyday objects as enablers of subjective data collection. These were exemplified as
“having physical affordances, material properties and spatio-temporal relationships”
as suggested by [45].

The online sessions started with presenting the first part of the presentation and
getting acquainted with each other. For this part, first author shared her screen with the
researchers. After the first three slides, screen sharing was disabled, and each partic-
ipant was invited to tell more about their prior experience in participant research,
and the connection they see between their research and the subject of the current
research. Afterwards, the first author reshared her screen and presented second and
third parts of the presentation.

Researchers were informed that after the presentation, the discussions were envi-
sioned to evolve around the two illustrated scenarios. We also invited the partici-
pants to feel free to ask any questions that came up during the presentation. Where
necessary, to clarify what we mean by sensor-embedded everyday objects, we gave
existing examples such as smart watches or the previously mentioned Phillips Baby
Bottle [17]. In the end of the third part, the screen share was disabled again and the
discussion started. The discussions were formed around our two goals: (1) collecting
inspiring ideas for using everyday objects as data collection tools in the scenarios
proposed and (2) discovering potentials of using everyday objects as subjective data
collection tools for researchers’ own research projects.
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4 Results

After each discussion session, we transcribed the voice recordings into Word docu-
ments. We analysed researchers’ experiences of current subjective data collection
separately. The rest of the data was thematically analysed. These themes were
then discussed among the authors who ultimately arrived at four themes, that were
covering the separate discussions completely and exclusively.

We recognized two directions in the results: (1) capturing subjective experiences
through objective measures; (2) discussions around new directions for subjective
data collection. We also found promising suggestions made by the researchers. To
better conceptualize the results, we asked five second year industrial design students
to visualize the results. We present our findings next to these visualizations in the
following parts.

4.1 Capturing Subjective Experiences Through Objective
Measures

During the sessions, researchers discussed important differences, benefits and draw-
backs of collecting both objective and subjective data. Moreover, they discussed how
they could be combined. We briefly present this discussion here before moving on
to new SLDC tools.

It was suggested that automatically captured data could transform into a powerful
subjective data collection tool. Over the three discussion sessions, we observed
consensus among the researchers on this. Researchers described three stages in
this type of data collection. First, objective data on research-significant moments
would be captured by sensors. Collecting research-significant data was indicated
to be important in order to eliminate the burden of analysing non-tagged research
data. Second, this data would be shared with the people. Finally, the people would
be asked to reflect on what the collected data means for them. This way, subjective
data collection could be less repetitive and less boring for participants because they
are only asked to reflect on relevant use-episodes. As an example, R1 explained a
previous study of measuring perceived fatigue over multiple running trainings. In
that specific study, the researchers wanted to reliably capture “perceived effort” by
using repeated measures of several sensors. Following, the researchers asked the
participants to reflect on their own data and report their perceived effort during and
in between several workouts. While this provides a way to combine objective with
subjective data, this type of research setting might lead participants to overinterpret
the data because they feel pressured to make sense of it.

R6 suggested that using a method similar to the one explained above, fluctuations
in heart rate measurements collected by smart sensors could be shown to runners to
gather their subjective reflections after a running workout. Combining objective data
with self-reflections collection is not completely new. For instance, in an explorative
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study, Gouveia and Karapanos [24] investigated the effectiveness of camera-captured
memory cues during diary studies. They found that visual cues, such as pictures
from the context of experience, is the most effective memory trigger in recalling
activity tracking experiences. However, this way of capturing data does not eliminate
the retrospective challenges of longitudinal HCI studies completely. Retrospective
investigation still has the pitfall that the reports of the participants about the moment
they are reflecting on are influenced by their present feelings.

The participants in our study stated that emotions, as a subjective measurement
outcome, are interesting, yet challenging to reliably capture. R2 shared her knowl-
edge in validated studies of emotion capturing by technology. A large body of work
on emotion recognition by technology has been studying how to reliably capture
people’s emotional states through their tone of voice [e.g. 46]. RS suggested to make
use of the knowledge available in this field by using vocal interaction with smart
objects as a natural way of objective data collection over subjective experiences.
She suggested that in the near future, products like Alexa or Google Home could
be programmed to understand the feelings of participants in home context (Fig. 1,
left image). This was found to be a pleasant way of collecting emotional states,
especially for people who have problems with sight or using hands. However, R1
and R3 criticized these and similar attempts to use technology to capture emotions.
These researchers recommended refraining from automatic capturing of emotions,
not only because it is hard to reliably capture emotions, but also because it may be
more important to understand how a person actually looks back on and memorizes
a certain experience.

Alternatively, RS recommended that people could be asked to interact with a smart
object (a lamp in this case, Fig. 1, right image) to select a colour that best expresses
their emotional states, at certain moments of the experiment. Achieving this could
lead to a labour-free way of reflecting on participants’ mood or emotional state.
Although this was not specifically mentioned in the discussion with participants, we
believe that the body of work on the relation between colours and emotions [i.e. 47]
could be used to build future studies on.

Fig. 1 Examples for “selecting” and “vocal interaction”
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Researchers also agreed that the HCI domain can benefit from the capabilities of
the field to create “fun” (R2, R4) and “interactive” (R1, RS, R6) ways of subjective
data collection. Designers could also assist HCI researchers in developing more
“user-friendly” (R3), “intuitive” (R5) and “engaging” (R3, RS, R6) subjective data
collection tools. Researchers pointed out the importance of understandable, intuitive
interactions in collecting reliable subjective data collection through everyday objects.
These exemplify simple ways of interacting, such as touching. A domain of HCI that
has recently been developed, affective haptics, deals with the skills of smart surfaces
to identify the characteristics of touch (such as an angry touch or a comforting touch)
[48]. This possibility could be further elaborated on for subjective data collection
purposes as we will also see in the examples proposed in Sect. 2.

We noticed that the importance of SLDC was acknowledged by the researchers.
The topic was found to be “timely” (R3) and “significant” (R1 and R5) for the HCI
domain. These researchers agreed that the existing subjective data collection tools
could be extended with or merged into artefacts that human participants could more
easily use to express their experience. R3 and R6 indicated that sensor-embedded
everyday objects could be “promising” and “effective” next-generation subjective
data collection tools. As an example, R4 expressed her experience of patient-research
in hospital setting. Her biggest challenge was that the participants were not comfort-
able in speaking about their feelings, while it was easier for them to communicate
those when family members came to visit. This researcher stated that, even though
it is fundamentally different from interacting with people, interacting with everyday
objects could well be utilized as subjective data collection tools. She imagined that
the patients could use the sensor-embedded everyday object for story telling purposes
throughout the day. R4 did not provide any further insight about how a patient would
interact with everyday objects or what they should look like but others did offer such
ideas as we shall discuss in the next section.

4.2 Discussions Around New Directions for Subjective Data
Collection

We observed several recurring ideas in the results. We categorized these ideas
under the categories that we asked during the video discussion sessions: “physical
affordances, material properties and spatio-temporal relationships” [45] of everyday
objects. We combine the emergent ideas with scenarios to come to a more clear image
of potential scenarios for using the sensor-embedded everyday objects as subjective
data collection tools.

Sen and Sener [45] discuss above-mentioned three dimensions as the sources of
sensorial enrichment in product interactions. Gibson explains affordances as all the
possible actions that physical capabilities of products supported [49, 50]. Physical
affordance covers the physical qualities of interactive products such as the physical
alterations in size, weight, colour as well as the position of the interactive controls on
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the products [45]. Material properties are as the descriptive properties of the materials,
such as rigidity, elasticity of the materials, which are inherent to the materials and
can naturally enhance the physical affordances [45]. The difference between physical
affordances and material properties is that physical affordances is all about what
type of interaction products afford, material properties is about how we can interact
with the materials [e.g. 51]. Spatio-temporal relationships of interactive products are
about the change of places, proximity between the controls and speed and repetition
of physical manipulations [45].

Physical Affordances

In two of the video sessions, it was suggested that physical properties of everyday
objects could be a labour-free way of data collection for participants. In all three
discussion sessions, researchers suggested multiple ways of using the physical prop-
erties of objects as a way of collecting subjective data from people. Tactile interactions
with objects such as pressing, tapping, touching or stroking could be used, where the
amount of “pressing”, “tapping” “touching” or “stroking” or the mere presence of
one type of interaction over the other would inform the researchers about the subjec-
tive patterns in an experience. For instance, R6 suggested using photo frames as a
subjective data collection tool. A smart photo frame could display a range of images
and, in a research context, “touching” or “hugging” a photo frame could be natural
way to express varying “emotions” towards pictures presented in smart photo frames
where hugging would for example communicate love for the image on display and
mere touching would indicate interest (Fig. 2).

It was suggested that subjective data collection through using physical affordances
of everyday objects could also be implemented into sensor-embedded clothes. For
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Fig. 2 Touching smart photo frame as a subjective data collection method



112 A. Karahanoglu and G. Ludden

Fig. 3 Pulling buckle of jacket for subjective data collection

instance, RS suggested that a “pulling” function could be implemented into a certain
garment of a participant, and the person wearing the garment could be requested to
provide subjective data by interacting with the embedded sensors. In the same discus-
sion session, R6 suggested that this idea could be applied to different scenarios. RS
and R6 built up a scenario in which this function was implemented. In this scenario,
it was assumed that the goal of the research is to explore how often participants expe-
rience pleasant moments during city walks over time, participants could be asked
to report those moments by interacting an accessory of a sensor-embedded jacked.
Aligned with their suggestion, in the example, we illustrated below, the participant
can pull the buckle of their jacket to the right to report positive experiences while
pulling the buckle to the left can be used for reporting negative experiences (Fig. 3).

This way of data collection can also be an alternative for real-life data collection
tools. Relevant initiatives are coming to market, such as Levi’s commuter trucker
jacket [52], that uses touch-sensitive, copper-core threads, woven directly into the
fabric. This example alone shows that similar types of interaction could soon be
implemented into research contexts as well.

Material Properties

Ideas for using material properties in subjective data collection arose as a possibility
for measuring certain feelings (Fig. 4). For instance, R2 articulated that referring to
the flexibility of certain materials, some type of “stress ball” could be an unobtrusive
way of measuring “stress” experience of people. R2 suggested that participants could
squeeze the ball in case of feeling stressed, and the fluctuations in data could provide
frequency and length of feeling stress. In this type of research setting, data about the
length and the strength of squeezing could be used to compare within person subjec-
tive data. This type of interaction is already accessible in physical and occupational
therapy studies [53] and could be employed for subjective data collection purposes
as well.

Another possibility would be using elasticity of the materials. For instance,
stretching the fabric of clothes would be a way of providing data about feelings
at a certain moment. This idea emerged while R5 was talking about measuring the
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Fig. 4 Using material
qualities for subjective data
collection

tiredness level of runners. Especially in the studies where performance athletes such
as runners or cyclists, are the participants, material properties of clothes could be
used for subjective data collection purposes (Fig. 5). In this use case, athletes could
be asked to provide subjective feedback about the level of exertion they feel during
the workout, by stretching the fabric of the t-shirt they wear. RS suggested that using
the elasticity of the fabric, the type of data that is challenging to collect during the
activity can be collected by using the material properties of clothes.

While we see the potential of expanding the research with material properties of
objects, we acknowledge, that especially in this example, material properties and the
physical affordances of sensor-embedded everyday objects can be complementary
and intertwined: the elasticity of the material of the object could be combined with
the physical affordances (the degree of elasticity).

Fig. 5 Smart t-shirt as data collection tool
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Spatio-temporal Relationships

Another possibility of using sensor-embedded everyday objects in subjective data
collection is to reappraise the spatio-temporal relations of objects with their use
contexts. R6 stated that moving (Fig. 6) a simple and data-related object from one
place to another could be used for collecting subjective data This idea emerged
during the discussions about collecting subjective data in a home context. R5 and
R6, emphasizing their experience of longitudinal studies, especially in kitchen and
home contexts, suggested that the objects that people use frequently at home could
be transformed into subjective data collection tools. Considering the diversity of
people they interviewed within the longitudinal studies, they argued that especially
in home contexts, people should feel comfortable about using (products) and should
not be forced to use tools they might not be familiar with. For example, in a study on
the experience and effectiveness of a virtual coach for lifestyle change, participants
might be asked to place a sensor-embedded bottle on a kitchen cabinet if they did
not like the particular coaching message they were given and on the kitchen counter
if they did like the message.

In our final example, we discuss a scenario that shows how collecting subjective
data could be implemented into studies that require the input of older adults. During
the session with R5 and R6, it was suggested that garments or accessories that
participants carry could be used to collect subjective data outside the home contexts.
To clarify their proposition, these researchers developed an idea in which subjective
data from older adults was collected through a sensor-embedded everyday object
such as a scarf (Fig. 7). It must be noted that these researchers suggest “scarf” as
an example, rather than a “must-use” product like a coat, allowing the person the
freedom not to use the sensor-embedded garment. The test objects could also be
things like an umbrella or a hat. R5 and R6 emphasized that the data collection
objects must be selected from the range of products that participants are familiar
with. These objects must also make sense in the context of data collection.

In the scenario that was developed in session 3, that we visualize below, wearing
the scarf could be taken as an indication that the elderly person is willing to provide
subjective data. The researchers portrayed a research set-up in which older adults

Fig. 6 Example
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Fig. 7 Scarf as a subjective data collection tool

are encouraged to take more steps while the researchers monitor their fatigue level.
In such a set-up, older adults could be asked to interact with the scarf to provide
subjective data (fatigue during physical activity). The data collection moments could
be emerged by detecting the most research-significant moments such as when the
person sits on a bank in a park to take a rest. In such a scenario, the data collection
tool, a scarf in this case, must be dedicated only for the data collection purposes, in
order to avoid conflicts of use.

5 Discussions and Conclusion

In this chapter, we presented sensor-embedded everyday objects as promising future
subjective data collection tools in longitudinal HCI studies. Since the beginning of the
last decade, understanding user experiences has been interesting for HCI researchers
to be able to design interactive systems that fulfil users’ needs [4, 7]. Recognizing
the necessity of capturing experiences over a period of time, HCI researchers were
challenged with finding ways to explore people’s experiences in-the-wild [21]. While
collecting objective data is relatively smooth with very well developed personal infor-
matics tools, collecting subjective data is still a considerable challenge in longitudinal
HCI studies.

For subjective data collection purposes, the HCI field adopted various methods
and tools from social science research domains such as psychology and anthro-
pology. As we explained in Sect. 2, these tools include several forms of self-reports,
such as diaries, experience sampling method, ambulatory assessment and ecological
momentary assessment. We portrayed one of the main challenges of these methods
as increasing participants’ fatigue in responding over time, and therefore decreasing
the reliability of the studies. Besides this, for digital data collection tools, technical
problems in sensor recording may result in interruptions of data collection. Over-
coming the infrastructure hurdles is something that can eventually be solved, while
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the other challenges need all the creativity the HCI community has to offer. We argue
that going beyond adopting existing tools in other research domains, HCI researchers
can design their own research tools for subjective data collection purposes.

The findings presented in this paper highlighted several new directions for subjec-
tive data collection in longitudinal studies. Some of the directions we propose have
similarities with exiting studies that use everyday objects as data collection tools such
as the work of Giaccardi et al. [54]. In their work, they suggest using things as data
collection tools and using sensor-embedded objects as data collection. However,
the difference is that we ask for active participation of people for subjective data
collection, but in a more intuitive and automatic way.

We see the opportunity that the directions presented in Sect. 4.2 could alleviate
some of the mental burden that research set-ups put on people. In current practices of
subjective data collection methods, the participants are asked to fill in text-based ques-
tionnaires by using smartphones or paper-based data collection tools. Conversely, we
propose that data collection tools can be selected from everyday objects that make
sense in the context of data collection and that the people are familiar with. One
way to employ this method is familiarity with objects (e.g. a scarf), and the other
is meaning attributed to the interaction (e.g. hugging or mere touching). People’s
familiarity with data collection objects (similar to the example of scarf) as well as
the connotations that these tools elicit in use context (such as wearing the scarf while
going for a walk) can help researchers to reduce the mental burden that longitudinal
studies can induce on people. With this approach, using sensor-embedded objects as
a data collection tools may partly overcome lower response rates and biases due to
the formulation of the questions that traditional data collection tools impose [31-33].

We believe that sensor-embedded everyday objects have the potential to be devel-
oped into a new category of data collection tools. We have presented a number
of interactions with subjective collection tools that are the first to think of, when
considering the use of this type of objects in daily life. To come to smart solutions
for interactions, the field may make a link with shape-changing interfaces [55]. This
type of interfaces has so far mostly been used to provide status feedback, but they
could also be interfaces for subjective feedback.

Despite the need and opportunity for sensor-embedded everyday objects in longi-
tudinal HCI studies, we see some weaker points. In order to successfully implement
these objects in research studies, we invite researchers to consider the following
points carefully. These points are especially important in order not to overwhelm
people with the ambitions of the researchers’ goals, but rather engage the people
with the longitudinal studies.

1. Reduce participant effort: The perceived effort of the participant influences the
participants’ responsiveness in repetitive measures studies. In the case of using
everyday objects for subjective data collection purposes, it is essential to make
the participants comfortable about the demanded time and cognitive effort for
participating. This connects to points 2 and 3.

2. Collectone type of data at one time: Researchers should prioritize the importance
of subjective data being collected from participants. After all, with the type of
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interactions that we propose in the scenarios, only one question can be answered
with one object. If there is an interest of collecting multiple data, using multiple
sensor-embedded everyday objects could be considered or perhaps the object
could be designed in a way that it allows for response on two variables. However,
researchers should be very cautious not to complicate the use of the objects for
data collection.

3. Find friendly ways of using sensor-embedded everyday objects: Not every
form of everyday object might be suitable for subjective data collection. The
researchers should review the objects that participants use within the context
of experience (such as a t-shirt during a running experience). The researchers
should find the most relevant everyday object that is meaningful for the
experience to embed sensors in.

4. Consider user privacy: Using sensor-embedded objects pose the danger of easily
violating the privacy of individuals. Therefore, the ethics of using these objects
in data collection should be well elaborated. Researchers should think carefully
about the perceptions of participants and other individuals within the context of
data collection, to avoid giving the impression of “big brother is watching us”.

5. Consider frequency of data collection moments: It is still probable that the set-up
of the research results in participants dropping outs. In that sense, the research
should be flexible enough so that the frequency of data collection moments
could be adapted. For instance, when it becomes clear that at a certain phase of
the research the participants become idle, a clear reframing of data collection
moment could be planned to reduce the burden on participants. This obviously
demands flexibility of the studies in the way everyday objects are used for
subjective data collection purposes.

One limitation of the present study is that the set-up of our video sessions with
researchers might have affected the outcomes, as we had presented predefined roots
and scenarios. On the other hand, our findings showed that the participants already
had experience and knowledge about the directions we proposed and did not feel
restricted to only those scenarios.

We believe that the directions we proposed in this chapter are promising, yet
still might be difficult to develop. The proposed subjective data collection directions
require extensive work for developing reliable sensors and strong infrastructures.
While reducing the burden on the participants, those tools have the danger to increase
the time investment of researchers on tackling the technical challenges of proposed
subjective data collection tools. In that respect, the ideas might still align with the
challenges of EMA [34]. Future research can explore ways to overcome these chal-
lenges, by collaboration of multiple HCI researchers and sharing their experiences
in a platform that the tools developed for subjective data collection purposes are
showcased.

The ideas presented in this chapter should be considered as envisioned possibilities
for future studies, rather than reliable and valid subjective data collection tools. We
hope that these ideas will inspire the HCI researchers to discover new opportunities
of collecting subjective data in longitudinal HCI studies.
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Experiments, Longitudinal Studies, and m
Sequential Experimentation: How Using L
“Intermediate’” Results Can Help Design
Experiments

Maurits Kaptein

Abstract This chapter formalizes the traditional randomized experiment as a
sequential decision problem in which treatments are allocated to units sequentially to
achieve a specific goal. This problem description is known as the multi-armed bandit
(MAB) problem and we describe it in detail and relate it to the methodological con-
siderations that arise when designing longitudinal studies in HCI. Subsequently, the
chapter reviews multiple treatment allocation policies—attempts to solve the MAB
problem—and analyzes their properties. Next, we discuss utility of a sequential per-
spective on experimentation for various methodological purposes such as early stop-
ping, best arm selection, and powerful testing. We demonstrate how in many cases,
and particularly in longitudinal studies, the “intermediate” results of an experiment
can be used to improve the experimental design. We close off by discussing several
recent software packages that allow readers to implement and analyze sequential
experiments.

Keywords Sequential experimentation + Multi-armed bandits + Thompson
sampling + StreamingBandit - Contextual

1 Introduction

Within HCI experiments are common: in the classic experiment, participants (or
users) are randomly allocated to one of multiple treatments to allow for the esti-
mation of the causal effect of the treatment (see, e.g., [24, 49], for more details on
the rationale behind randomized experiments). A simple example of an experiment
in HCI would be the random allocation of users to different versions of a mobile
exercise application (see, e.g., [30]) to examine which version of the application is
most successful. In this context, the term longitudinal research—which is the sub-
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ject of this book—is frequently used to refer to the practice of measuring the usage
(and the effects thereof) of the different application versions over a longer period of
time. In this chapter, we will discuss an alternative view on longitudinal experiments
which is better captured by the name “sequential experiments”; in this framework of
designing experiments the aim is not necessarily on longitudinal effects (i.e., effects
over a longer period of time), but rather on the ability to, over time, as opposed to in
one single shot, allocate participants to treatments. Thus, when planning sequential
experiments we assume that participants arrive one by one, and that for each partic-
ipant we can choose which treatment to administer, possibly using data collected on
earlier participants to drive our treatment allocation decisions. This chapter aims
to introduce this sequential view on experimentation and distills lessons from the
rich literature on sequential experiments that are useful for planning, designing, and
analyzing HCI studies. Furthermore, we discuss how a sequential view on experi-
mentation might be particularly insightful when designing longitudinal experiments.

To better introduce the conceptual idea behind sequential experiments, let us start
from a very simple—and not necessarily longitudinal—HCI study: a researcher aims
to evaluate the usability of three different versions of a new desktop application by
randomly assigning prospective users of the app to one of the three versions and
having them carry out a simple task in the usability lab. Thus, one by one, users are
allowed into the lab, placed behind the screen, and they carry out the task. After
carrying out the task, users rate the usability using a simple rating scale. Earlier
power calculations by the researcher demonstrated that 35 users per group would be
sufficient for a sufficiently powerful test; thus, the researchers recruit and allocate a
total of n = 105 users and subsequently analyze the resulting data. Now, there are
two ways of thinking about this data-generating process:

1. The traditional experiment view: First, we can think about this experiment as
effectively creating three groupsofusersg =1, ..., g = 3, eachprovidingn, =
35 datapoints. Our final dataset simply consists of n = 105 rows each with a
group indicator (1, 2, or 3) and an outcome measure for each user i, y; . The
main analysis would consist of simply comparing the means of the three different
groups, i.e., comparing y; to y, and ys3.

2. The sequential experiment view: Second, we can think of the experiment as a
sequence of treatment decisions followed by measurements. In practice, all the
n = 105 respondents arrived in the usability lab one by one, thus we can think
about our data as consisting of t = 105 timepoints, each generating a data-tuple
consisting of the treatment allocation decision or action a, and the associated
outcome y. Thus, we have (a, y);=1, ..., (a, ¥);=105) observed tuples that arrived
in sequence.

Note that the above two views regarding the data-generating process in this sim-
ple HCI experiment both lead to a dataset that allows the researcher to compare
the means of the usability scores in the three different groups. When this is the
sole aim of the experiment, the first, traditional, view on the experiment usefully
abstracts away from the fact that users in actuality arrive one by one and allows
the researcher to focus on the three groups of interest in the analysis. The second
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view on the data generating process however provides an additional richness that
is often overlooked by those thinking about experiments along the lines of the first
view: the second view opens up the possibility that a treatment decision at some
timepoints ¢’ is affected by the observed treatment decisions and outcomes up to that
time-point (i.e., (@, ¥);=1, ..., (@, ¥);=—1). Since this is not the case in the tradi-
tional experiment—in which treatments are assigned uniformly at random and thus
not related to earlier measurements—the second view is often not even considered.
In this chapter, however, we argue that the second view on experimentation is use-
ful in many cases: it often allows researchers to achieve higher statistical power (or
conversely make decisions based on smaller samples sizes), and it is advantageous
when the experiment comes at a cost (e.g., when an experiment is conducted in situ
and some outcome values are to be prevented as much as possible). The first view
on the problem is merely a special case of the second that we can always resort to if
the additional richness is not sought after.

The second, sequential, view on experiments is not only relevant for simple
between subjects experiments such as the investigation of the two different versions
of a desktop application. On the contrary, a sequential view on experimentation has
already benefitted many longitudinal HCI studies. For example, while the experiment
presented by Kaptein et al. [30] starts out as a simple randomized experiment, the
longitudinal effects of the different versions of the different persuasive messages are
measured during the experiment and used for subsequent treatment assignment: over
time the most effective messages for each user are “learned”, and subsequently, users
are assigned to new treatment groups (i.e., effectively using a within-subjects design)
that are directly affected by the earlier measurements. Thus, to fix terminology: the
experiment by Kaptein et al. [30] is longitudinal as it tracks the effects of different
interventions over a longer period of time (two weeks in this specific case). It is
however also sequential in the sense that results obtained earlier in time affect the
treatment allocation(s) at later points in time. It is exactly this latter mechanism that
we explore in this chapter: How can “intermediate results”—either over time within
a single subject, or between subjects when the subjects arrive in a sequence—be
used when designing experiments. For simplicity, we focus primarily on the sequen-
tial arrival of subjects, but the main concepts presented in this chapter generalize to
obtaining multiple measurements from individual subjects over time.

In the remainder of this chapter, we first introduce the so-called Multi-Armed
Bandit (MAB) problem which serves as the canonical mathematical representation
for sequential experiments [2, 9, 48]. We provide motivating examples and a formal
description of the problem. Subsequently, we discuss various “solutions” to the MAB
problem: we highlight that the traditional experiment itself is merely one potential
solution to a MAB problem and we demonstrate potentially appealing alternatives.
Next, we discuss utility of a sequential perspective on experimentation for various
methodological purposes such as early stopping, best arm selection, and powerful
testing. We close off by discussing several recent software packages that allow readers
to implement and analyze sequential experiments.
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2 Multi-armed Bandits: A Model for Sequential
Experimentation

The sequential view on experimentation is often studied under the name: “the multi-
armed bandit (MAB)” problem [3, 38, 44]. The MAB provides a description of the
problem setting and is derived from one of its early motivating examples: consider
facing a set of slot machines (also called one-armed bandits), each with a potentially
different payoff. Next, given some fixed amount of money, decide how you will
sequentially—after every play observing the outcome of that specific machine—play
the machines such that you make as much money as possible [17]. As the payoffs
of the machines potentially differ, the player has to balance learning which machine
has the highest payoff (effectively by exploring all the machines), with frequently
playing the machine that she/he believes has the highest payoff (effectively exploiting
the most promising machine).

Mapping the canonical slot-machine problem back to our HCI example, we would
formulate the problem as follows: given a fixed amount of users (105 in the simple
study described above), the experimenter should decide sequentially which user
receives which version of the desktop application. Thus, the sequentially arriving
users take the position off the sequential plays of the machine, while the different
experimental conditions map to the different one-armed bandit machines that are
played. Mapping back from the HCI study to the MAB problem, the traditional
experiment effectively dictates to put % of the money in each slot machine (i.e., play
each machine 35 times in our numerical example) after which the gambler will have
some clue as to which machine is the best since she/he will have explored all the
arms, but the traditional experiment does not include any exploitation.

It is important to note at this point that the original aim of the MAB problem is
not the exact same as the aim of the traditional experiment: while closely related,
the traditional experiment often focusses on “finding the best arm”, i.e., finding the
version of the application that has the highest usability score. The MAB problem,
in its original formulation, conversely focusses on maximizing the outcome over
all interactions (i.e., making sure that the usability score over all n = 105 users is
high as possible). Clearly, these problems are closely related; the outcome over all
interactions is maximized by selecting the best arm at each point in time. However,
these problems are not the exact same: while in the experiment we aim to learn, as
exactly as possible, the average outcome of each treatment, in the canonical MAB
problem the experimenter would be tempted to quickly disregard treatments that
seems suboptimal without caring about “how suboptimal” the treatment is exactly.
We will revisit this distinction later in the chapter, for now we will focus on the
canonical MAB problem in which the aim is to maximize the average outcome over
all interactions.
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2.1 Bandit Problems in Practice

Bandit problems—even in their original form—appear throughout the social and
behavioral sciences [17, 27, 31]. Here we briefly highlight examples in political
science, medicine, and educational psychology. Examples include, but are not limited
to:

e Donation requests to political campaign email list. A political campaign has a
list of email addresses of likely supporters and is trying to raise money for the
campaign. Staffers have written several versions of emails to send to supporters
and there are many different photos of the candidate to use in those emails. The
campaign can randomize which variant of the email is sent to a supporter and
observe how much they donate. Thus, the sequentially send out emails correspond
to the sequential plays of the machines, the versions of the emails to the specific
machines, and the donations to the payoffs.

e Chemotherapy following surgery. Following surgery for colon cancer, some guide-
lines recommend adjuvant chemotherapy, but there is substantial uncertainty about
which patients should be given chemotherapy [20, 56]. For example, should older
patients still be given chemotherapy? Continuing to randomize treatment of some
types of patients even as the best treatment for other types is known could help dis-
cover improved treatment guidelines that reduce, e.g., five-year mortality. Here, the
sequentially arriving patients correspond to the plays of the machines, the specific
treatments to the specific machines, and the health outcome to the payoffs.

e Psychological interventions in online courses. Interventions designed to increase
motivation and planning for overcoming obstacles are sometimes used in educa-
tional settings, including online courses where students begin and complete the
course at their own pace. There are many variations on these interventions and
students may respond differently to these variations. For example, motivational
interventions might work differently for students from collectivist versus indi-
vidualist cultures [35]. The learning software can randomize students to these
interventions while learning which interventions work for (e.g., result in success-
ful course completion) different types of students. In this case, the sequentially
arriving students correspond to the sequential plays of the machines, the differ-
ent interventions to the specific machines, and the student learning constitutes the
payoff.

The omnipresence of the MAB problem throughout the sciences, and also in HCI,
hopefully highlights that while the traditional experimental view on these problems
is valuable, potentially other approaches might exists that are worth exploring.

At this point in the text, it is worth relating our examples back to longitudinal
studies: while the three examples listed above seem like between-subject experiments
with little longitudinal methodology (other than potentially outcomes that manifest
over longer periods of time), this need not at all be the case for a sequential view on
experimentation to be useful and open up new research designs. Consider the last
example of students learning based on different online courses: In this case, we could
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approach the problem longitudinally (i.e., within-subjects) and map each, e.g., month
of the students learning to the different plays of the machine, the learning program
in place that specific month to the specific machine, and the learning outcome that
month to the payoff: setup this way we have a longitudinal study, running over
multiple months, that is potentially sequential in the sense that the performance of an
individual student in earlier months might affect the choice of intervention in later
months. It is this flexibility—that of using intermediate outcomes when assigning
treatments—that we explore in this chapter.

2.2 A More Formal View Toward the MAB Problem

It is useful to describe the MAB problem a bit more formally. In the multi-armed
bandit problem, a set of actions (the machines, often called arms) are assumed to have
potentially heterogeneous stochastic payoffs and an experimenter aims to maximize
the payoff over a sequence of selected actions. Multi-armed bandit problems can
thus be formalized as follows [17, 38]: At each time (or interaction) t =1, ..., T,
we have a set of possible actions (i.e., arms, machines, treatments, interfaces) 4 at
our disposal. After choosing an arm a, € A we observe reward r; (it is common in
the MAB literature to use r as the “dependent” measure as opposed to y in most of
the traditional experimental methodology literature). The aim of the experimenter is
to select actions so as to maximize the cumulative reward":

T
R, = Zr,. (D
=1

R, in the gamblers example, simple denotes the sum of all the payoffs the gambler
received. Toward the final purpose of maximizing the cumulative reward, much of
the literature on the MAB problem focusses on developing, and examining the per-
formance off, different treatment allocation policies. A treatment allocation policy
in this setting can formally be defined as a mapping from all historical data D,_
(all data until time point # — 1) to a new action a,: 7 (x;, D;,_;) — a,. Informally,
a policy is nothing more than the strategy the gambler uses at each point in time
to determine which machine to play next. Different policies will lead to different
(expected) outcomes: for example, always choosing the same action without regards
for its outcome, while theoretically a valid policy, will, in expectation, lead to select-
ing a suboptimal arm with probability % where K is the total number of possible
actions. Effective policies perform much better than such naive random selection;
we will review a number of policies below.

1 Again note that this is the canonical aim in the MAB literature; it is often not how we think about
designing experiments where the aim is often thought of as finding the action a that has the highest
associated reward r (or even just learning which reward is associated with which arm).
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Note that for the theoretical evaluation of policies, instead of assessing the per-
formance using the cumulative reward R, we often evaluate policies based on their
(expected) cumulative regret [2, 10, 18]. The regret is the sum of the differences in
reward between the most optimal policy (i.e., the policy that always plays the arm
with the highest expected reward—this is in practice not known) and the allocation
policy that is being assessed. Regret is defined as:

E[R()] =E [Z rf— r,-i| )

i=1

where r* is the reward of an optimal policy and is theoretically useful as it has a clear
lower bound: a regret of 0 implies that the policy is acting optimally. Note that while
the notation might look a bit daunting, regret is simply the expected performance of
a gambler executing a specific strategy, compared to the performance of an oracle
who knows which machine has the highest payoff.

2.3 Common Extensions: The cMAB Problem

In many social science applications, the outcome distribution likely depends on
observable variables of the units being allocated. For example, in HCI, it is common
that the computer literacy (e.g., [14]) of a user might affect their performance using
a specific interface. Such differences between participants are not included in the
traditional MAB formulation as each unit is supposed to be independent and iden-
tically distributed [8]. A common extension of the MAB problem, the contextual
MAB problem, releases this assumption. In the contextual bandit problem [7-9, 15,
39], the set of past observations D is composed of triplets (x, a, r),;, where the x
denotes the context (i.e., covariates): additional information that is observed prior to
the decision, rather than assigned by the experimenter.

The cMAB problem provides an extremely rich problem formalization that is
used in many real-world applications. For example, the allocation of online content
to users that have different properties is often approached as a cMAB problem [50].
Also, the allocation of medical treatments to patients, when treatment heterogeneity
is expected, is often approached as a cMAB problem (see [21, 28, 29, 43], for exam-
ples). Below we discuss different policies to address the traditional MAB problem;
note however that for most of these solutions extension to the cMAB problem are
readily available.
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3 Common Policies and Their Performance

In this section, we examine the performance of various bandit policies. Using the
expected regret, as defined above, allows us to investigate the behavior of allocation
policies and derive so-called regret bounds that describe how the regret of an alloca-
tion policy behaves in the long run (i.e., as T grows larger). This long-run behavior is
an object of theoretical study, and for many policies, the asymptotic regret is known
[10, 48, 57]. Also, for various problem descriptions (i.e., with specific reward distri-
butions), to optimal regret any policy could achieve is known [38, 57]. Here however
we do not focus on these theoretical result, but rather on the practical performance
of various often used policies.

3.1 Common Policies

To make our discussion regarding the performance of various policies in practice
more accessible, we ran a small simulation examining the performance of various
bandit policies in a setting in which there are three arms available, each with a unit
reward according to some probability. We choose success probabilities [0.9, 0.1, 0.1]
for the three arms respectively, and thus any reasonable policy should, rather rapidly,
converge toward choosing the first arm.

Figure 1 shows the performance of the five policies that we will discuss below; the
lower the regret the better the performance of the policies. We discuss each policy
and its behavior in detail below.

3.1.1 e-First

As a first example, we discuss e-first. e-first can be described as follows: first, for n
interactions, the policy chooses an action randomly with probability % for each arm;
this period is often called the exploration phase. In the remaining T — n interactions,
coined the exploitation phase, the policy chooses whichever arm achieved the highest
reward during this exploration period [12].

Figure | clearly demonstrates the average behavior of e-first over multiple simu-
lation runs.? During the exploration phase, the policy incurs so-called linear regret as
it is just randomly selecting actions and hence it has a % probability of selecting one
of the two suboptimal arms. Next, in the exploitation phase, the policy will select
the arm that performed best during the (admittedly small in this case) exploration
stage. The policy is most likely to select the optimal arm (the arm with a payoff
probability of .9, but there is a non-zero-chance that a suboptimal arm is selected,

2 In individual runs the policy will either select the correct arm after the exploration phase and thus
incur 0 regret, or it will select one of the two suboptimal arms and incur .9 — .1 = .8 regret each
round.
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Fig. 1 The expected cumulative regret of five different policies on a 3-armed Bernoulli bandit

and hence this happens occasionally. Therefore, the expected regret is not zero after
n rounds but rather the regret grows linearly. This linear growth of the regret of e-first
is asymptotically suboptimal: one can conceive policies that incur sub-linear regret
and these will, in the long run, always outperform policies that have linear regret.
e-First is often related to the traditional experiment. Consider the HCI experiment
examining different interface versions as introduced earlier. In this case, the experi-
ment itself constitutes the exploration phase of the e-first policy: during the experi-
ment we aim to learn which interface version is most usable. After the experiment,
we likely make a choice and deploy the interface version that was most success-
ful: the users that follow after the experiment are, in a way, part of the exploitation
phase. The linear regret in Fig. 1 effectively shows that if our aim is to maximize the
usability score over all users—thus both those included in the experiment as those
downloading the software after we made our choice—e-first can be outperformed.

3.1.2 e-Greedy

Instead of having a separate exploration and exploitation phase, it is also possible
to mix exploration and exploitation continuously. The simplest version policy that
implements this idea is called e-greedy [12, 39]. The e-greedy policy effectively
explores with probability €, and with probability 1 — € the best performing arm—
that that specific iteration /—is selected. Thus, if € = 0.1 (a common choice), in
expectation, one every 10 plays an arm is selected at random, while the other 9 out
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of ten plays the arm that performed best in previous rounds is selected. Note that
often, to get started, each arm is played once.

Typically, € is fixed. This implies that there is a fixed, and clearly non-zero,
probability of choosing the wrong arm at each point in time, even after a large
number of interactions. Thus, similar to e-first, e-greedy will asymptotically incur
linear regret as can also be seen clearly in Fig. 1. It is possible to decrease € as a
function of, e.g., the number of iterations to reduce improve upon the linear regret
incurred when fixing €.

This latter idea provides a nice intuition toward understanding policies that have
sub-linear regret: To achieve sub-linear regret a policy has to steadily decrease its rate
of exploration as the number of interactions—and thus the available information—
grow. However, as we learned from discussing e-first, setting the probability of explo-
ration to zero too early also ensures linear (expected) regret, as the policy is bound
to select a wrong arm occasionally. A careful balancing act between exploration and
exploitation is thus necessary to create asymptotically optimal policies.

3.1.3 Upper Confidence Bound Methods

One of the most famous (class of) policies that is asymptotically optimal are the
Upper Confidence Bound (UCB) methods [2]. The intuition for these policies is
simple: after playing every arm once to get some information, the policy estimates
the expected reward of each arm (i.e., simply the mean of the observations), and the
associated confidence interval. Subsequently, the policy chooses the arm that has the
highest upper confidence bound (i.e., the arm for which the top of the confidence
interval is the highest) at that interaction. Note that the exact computation of the
confidence interval depends on the problem at hand (e.g., distributional assumptions
regarding the arms) but often depends on the total number of interactions, the number
of times the respective arm was played, and—again depending on the distributional
assumptions—the observed variance in the rewards. However, the intuition remains
in each case: At each interaction, we pick the arm with the highest upper confidence
bound where the bound includes both the expectation of the reward of the arm
(effectively driving exploitation) and our uncertainty regarding the arm as provided
by the confidence interval (effectively driving exploration).

UCB methods nicely formalize the intuition that arms are of interest when they
have a high observed reward (for exploitation purposes) or when they have high
uncertainty (for exploration purposes). UCB policies are said to be “confident in the
face of uncertainty”; a heuristic that overall seems to be effective in many decision
problems. A large body of work exists determining the exact confidence intervals
necessary for specific instantiations of the MAB problem to walk the thin line between
exploration and exploitation (see, e.g., [2, 3, 18, 38], for examples). Figure 1 shows
that UCB has no trouble learning the three armed bandit setting and has a regret that
is close to zero (and endlessly getting closer) after only a few interactions.
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3.14 Thompson Sampling

UCB methods are inherently frequentist as the confidence bounds are motivated
from a frequentist perspective. A simple Bayesian approach to the MAB problem is
provided by a policy called Thompson sampling [1, 19, 33]. Thompson sampling is
intuitively appealing: play each arm with a probability that is proportional to your
belief that specific arm is the best performing arm. Thus, when starting and no data
is available, each arm should be played with equal probability. However, as data start
“streaming in” [25], we can model which arm we believe has the highest reward.
From a Bayesian point of view—assuming reasonably uninformative priors that span
the full range—no arm will ever be fully certain to be the best, but, as successes are
observed for one arm and not for the others, our confidence that that specific arm is the
best keeps increasing. And, subsequently, when implementing Thompson sampling,
the probability of selecting that specific arm keeps increasing.

Thompson sampling is a rather old idea [54] and surprisingly easily implemented
as long as we can quantify a posterior distribution for the estimated reward of each
arm (in the Bernoulli bandit case introduced above by simply putting a Beta prior on
each arm and updating our inferences accordingly (see [16], for details), than all we
need to do at each interaction is generate a random draw from the respective posteriors
and play the arm for which we obtained the highest draw. This simple scheme will
ensure that indeed, “each arm is played with a probability that is proportional to the
belief that specific arm is the best performing arm”. Figure 1 shows that Thompson
sampling performs competitively, and its regret seems sub-linear. It however took
quite some time before proofs started emerging that the indeed Thompson sampling
is asymptotically optimal [33].

3.1.5 Bootstrapped Thompson Sampling

Although Thompson sampling is easy to implement when sampling from the poste-
rior distribution is easy, there are situations in which directly sampling from posterior
distributions is not feasible. In that case, we would have to resort to approximations
using, e.g., Markov chain Monte Carlo (MCMC) sampling methods. The huge draw-
back of using MCMC sampling in a bandit setting is that these can be computationally
too inefficient to carry out at each interaction. This situation often occurs in online
marketing [31]: In this field, the cMAB problem formalization is often used to think
about selecting advertisements for users as they arrive to a Web site sequentially
over time. In this scenario often thousands of users are observed each hour and it is
infeasible if every next choice of advertisement takes considerable time to compute.
Bootstrapped Thompson sampling (BTS) tries to solve this problem by replacing the
Bayesian posterior distribution by a bootstrap distribution around the point estimates
of the expected rewards [16, 46]. The bootstrapping trick makes Thompson sampling
computationally appealing, especially in complex contextual bandit problems. How-
ever, this computational advantage comes at a cost: although in Fig. 1 BTS seems to
be the best performing policy, its zero regret is an artifact of the simulation: Theo-
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retically, the (expected) regret of Thompson sampling is bounding by the number of
bootstrap replicates and will be, albeit often with an extremely small constant, linear.

3.2 Policy Evaluation

In this section, we discussed several treatment allocation policies and their perfor-
mance. We hope to have highlighted that the traditional experiment (or the exploration
phase of e-first) is—once we allow ourselves to look at experiments in a sequential
fashion—just one of the many options we have available to choose treatments at each
interaction. Depending on the purpose of the data collection effort, the traditional
experiment might not be the best choice: our regret analysis showed that, if the aim is
to maximize the cuamulative rewards, e-first is actually a pretty poor solution. Before
we discuss alternative purposes (such as estimation precision and best-arm selec-
tion), it is worthwhile to briefly discuss how the (expected) performance of different
policies can be compared. There are effectively four methods to do so (each often
with multiple flavors, we highlight the main strands):

1. Theoretical analysis: One way of ranking the performance of different policies
is by carrying out a theoretical analysis of the performance of a policy; this is
the approach that has given us a notion of asymptotical optimality of policies
(see, e.g., [33]). Although the MAB problem is notoriously hard, a large number
of theoretical advance have been made in recent year covering both the MAB
and the cMAB problems. The theoretical analysis approach is appealing as it
gives mathematical certainty regarding the performance of different polices, a
property impossible to attain by any other method. However, this comes at a cost:
First, most theoretical work has focussed on the asymptotic case, ignoring regret
constants (i.e., parts of the expected regret that do not depend on the number
of interactions). While these constant might be uninteresting from a theoretical
viewpoint, they can be essential in applications of different treatment allocation
policies. Second, theoretical analysis is only possible by making strict assump-
tions regarding the true data generating process (e.g., the reward distributions of
the arms); these assumptions are likely not to hold in applied problems.

2. Simulation studies: Figure 1 provided an example of how we can use computer
simulations to examine the performance of different bandit policies [12]. We
simply create a data generating process ourselves and we have a policy “play
against” the data generating policy multiple times. This process is often easy
to implement, and modern computers allow for examining very complex data
generating mechanisms and policies. That said, simulations never provide a proof
of the performance of a policy and can be misleading: for example, on relatively
simple bandit problems, e-first with a sufficiently large exploration phase might
seem to have zero regret during the exploitation phase as in each simulation run
the optimal arm is selected hiding the fact that there is a non-zero (albeit small)
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probability that a wrong arm is selected. Furthermore, one can always debate
whether the data generating mechanism implemented in a simulation is realistic.

3. Empirical (or “online”) evaluation: A third method of examining the perfor-
mance of bandit policies is by simply “deploying them in the wild” and observing
their outcomes empirically. A relatively recent manifestation of bandit problems
is in the selection of content (e.g., advertisements) online: for each Web site vis-
itor (the interactions) we select one out of a set of available advertisements, and
subsequently see the potential click on the advertisement (the binary reward).
In this case, it is now customary to try out various bandit policies “in the wild”,
i.e., by deploying a bandit policy for a period of time on a live Web site and
iteratively trying out various policies.? Evaluation in the wild is appealing for its
external validity, but it is costly and often technically challenging [31].

4. “Offline” evaluation: Finally, a now popular method is based on the simple idea
that data collected using one policy in the wild (and thus externally valid), can be
used to evaluate other policies [8, 42, 43]. This sounds esoteric, but we actually
do this quite routinely: when setting up a traditional experiment we subsequently
use the data to compute the mean outcome y; to y, for each arm which can be
regarded as the estimate of the expected reward under the policy of playing arm
one or arm two respectively. There is a large literature discussing when and how
(using various methods), data collected using one policy in the wild can be used
to provide a valid estimate of the performance of other policies. Essentially this
is possible if two criteria are satisfied; first, the data collection policy needs to
have arandom “aspect” to it (i.e., at each interaction the probabilities of selecting
an arm should not be exactly 0 or 1), and second these probabilities should be
known at each interaction. These criteria are clearly satisfied for e-first, but also
e-greedy and Thompson sampling satisfy these requirements. Offline evaluation
methods are appealing as they are externally valid (since there are based on
a real-world data generating mechanism) but still allow for the evaluation of
various policies.

We will return to these different evaluation methods in Sect.5 when we discuss
several available tools for simulation, offline analysis, and empirical analysis of the
performance of bandit policies. Before we do so we however first discuss the broader
use of sequential experimentation: what are the benefits of a sequential view toward
experimentation when the aim of the experimenter is not to maximize the expected
cumulative reward?

3 Please note that interestingly at this point the “iteratively trying out” of various bandit policies
has become a bandit problem on its own, with policies replacing the initial arms.
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4 The Broader Use of Sequential Experimentation:
Methodological Advantages and Challenges

In the previous sections, we have introduced the (c)MAB problem and analyzed
the performance of various treatment allocation policies in terms of their expected
regret. This allowed us to rank the performance of policies when the main goal of the
experimenter is to maximize the overall reward gained when executing a sequence
of treatment allocations. We discussed how the traditional experiment—including
the guideline that follows the experiment—is often suboptimal for this aim: other
policies, such as Thompson sampling will, in the long run, have a higher expected
reward than the traditional experiment.

However, the aim of maximizing the reward of a sequence of treatment allocations
is distinct from the aim of most experimenters in HCI: although we do often want to
select “the best arm” eventually (i.e., select the version of our interface that performs
best), our (longitudinal) experiments often focus on precisely estimating the effect of
each arm, as opposed to selecting the arm that maximizes the outcome. In this section,
we will briefly review alternative uses of a sequential view on experimentation that
provide useful treatment allocation policies when the aim of the experimenter is not
to maximize rewards.

4.1 Early Stopping

An often encountered problem in medical research is declaring superiority of a novel
treatment over a control (or existing treatment). To do so, researchers often setup a
Randomized Clinical Trial and determine some cut-off to declare superiority based
on the outcomes. Traditionally, the size of these experiments, i.e., the number of
patients who are randomly assigned to either treatment or control, is computed a
priori using power calculations. These a priori calculations are often imprecise as
they rely on estimates of, e.g., the effect size which are unknown prior to starting
the experiment. A sequential view on experimentation in this case can often greatly
improve the experimental design: by actively using the data collected during the
experiment to assess whether the cut-off is met it is often possible to convincingly
declare superiority using a smaller number of patients: thus, the experiment can be
stopped early [5, 6].

This approach can be considered sequential as, effectively, the information col-
lected during the experiment is used to make a more efficient decision. Note that a
large literature exists on how to do this properly: simply re-testing a null hypothesis
using frequentist tests is strongly advised against as the error rates of these tests under
naive repeated administration are very poor. Often, Bayesian methods are used for
early stopping in which, repeatedly throughout the experiment, the evidence in favor
of superiority of the treatment is (re)computed based on the collected data [40].



Experiments, Longitudinal Studies, and Sequential ... 135

Early stopping is potentially interesting for many HCI studies in which there are
either substantial costs associated with running the study (as is often true in longitudi-
nal studies), or there are potential negative effects of participating in the study: In both
cases, one would like to stop the study once sufficient evidence has been collected.
The rich early stopping literature provides a sequential view on experimentation that
allows researchers to terminate (longitudinal) experiments once sufficient evidence
has been collected.

4.2 Best Arm ldentification

An alternative, but related, problem to the MAB problem is that of “best arm selec-
tion”: given an (often fixed) number of interactions 7', and given a set of treatments k
(where k > 2), select the best performing treatment. Here, contrary to the traditional
bandit problem, the aim is not to maximize rewards throughout the sequence, but
rather to maximize the probability that after T interactions the treatment that indeed
has the highest mean reward is selected after the experiment. This slightly changes
the dynamic of the problem. While in the traditional MAB problem it does not pay
off for the experimenter to actively try to decide between two arms that both seem
to have a high expected reward, in the best arm identification the crux is precisely
understanding which of these two promising arms is the best. Thus, contrary to the
traditional MAB problem, an experimenter in a best-arm identification setting would,
especially in the latter interactions, choose to collect as much information as possible
regarding the well-performing arms to make sure that the final decision is as accurate
as possible [34].

A recently advanced, and very well-performing treatment allocation strategy for
the best arm identification problem is provided by a slight variation on Thompson
sampling: Instead of choosing the arm with the highest posterior draw, the experi-
menter randomly selects between the two arms that have the highest posterior draws.
This additional randomization ensures that all competitive arms are played often and
thus their expected rewards can be estimated precisely [26].

Best arm identification is easily related to HCI research: often our (longitudinal)
experiments aim to identify which interface, app, or message is most effective out of a
set of different messages. It is interesting to see that even in the literature on (sequen-
tial) best arm selection e-first (or just the traditional experiment) is not considered
effective when more than two alternatives are present. This finding strengthens the
main thesis of this chapter that in longitudinal HCI studies (and beyond) a sequential
view on experimentation (thus one in which intermediate results are used to make
changes to the experimental design as the experiment is still running) is beneficial.
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4.3 Powerful Comparisons

Another slight variation on the aim of running an experiment—which also benefits
from a sequential approach—is that of so-called “optimal design”. In the literature on
the optimal design of experiments, the main aim is often formulated as minimizing
the standard error of the estimates resulting from the experiment given a (often fixed)
number of interactions (i.e., one wants to design an experiment such that the quantities
of interest are estimated as precisely as possible). There is arich literature on this topic
(see, e.g., [22]), and often the problem is approached in the “traditional” view: an
experiment is planned beforehand while making assumptions regarding the outcome
distributions in such a way that treatments are allocated to minimize the resulting
standard errors. However, also in this case a sequential view on treatment allocation
can help: exploiting the information gained during the experiment to refine one’s
assumptions and improve the treatment allocation is often beneficial. For example,
Kaptein [27] shows that in the simple case of estimating the difference between
two means—in a situation in which the variances of the two groups are unequal—it
pays off to allocated more interactions toward the arm with a higher variance. A
simple variation on Thompsons sampling in which not the posterior distribution of
the mean but rather that of the variance is used to select treatments improves the
precision of the resulting estimates and thus increases the power of the comparison.
This latter work is directly relevant for HCI studies: the work implies that if we are
designing a study that aims to make the most powerful comparison between two
different conditions in any experiment, assigning subjects to treatments inversely
proportional to the variance in the outcome associated with the treatment improves
power.

4.4 Active Learning

A final related problem which benefits from a sequential view is that of active learn-
ing. In a traditional active learning, setting a learning is presented by a set of exam-
ples composed of features and labels. The aim of the learner is to learn a relationship
between the features and labels, however, uncovering the label for a specific exam-
ple comes at a cost. To minimize the costs the learning has to actively select which
examples it wants to learn from (thus, the features are available, but the labels are
not; this problem is common in many machine learning situations where, e.g., images
are available but their classification is not and obtaining this classification is labor
intensive and thus costly). The traditional view toward this problem selects a (single)
batch of examples for which the features should be revealed. It is however relatively
easy to show that a sequential view, in which new examples are selected one by
one and the learning from that example is explicitly used to select new examples,
is beneficial. The literature on active learning is too large to properly review in this
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chapter, but it provides an interesting literature in which the benefits of sequential
experimentation are immediately clear [13, 23].

The actively learning literature might seem far from any HCI example, but even
here strong links can be made. For example, consider designing an interface for a
heterogeneous group of users (i.e., users with various backgrounds), and further con-
sider that recruiting users into your evaluation is costly. The active learning literature
can directly help to determine sequentially which types of users you already know
sufficiently about—and hence it is not necessary to recruit more similar users—and
for which types of users you need more information. Here a sequential view on data
collection can greatly improve the efficiency of an experimental design.

4.5 Challenges of Sequential Experimentation

Although a sequential view on experimentation can increase the overall rewards of an
experiment, make the choice for a best arm more informed, more powerful, or based
on a smaller number of subjects as we have explored above, some things are also
complicated by adopting a sequential approach to experimentation. Predominantly,
many traditional statistical (frequentists) test assume on a fixed experimentation
scheme to be able to compute type I and type II errors. By changing the design of
an experiment based on “intermediate” results these assumptions are violated, and
thus, e.g., p-values use their exact meaning.* Thus, “traditional” statistical methods
need to be used with care when analyzing sequential designs.

Another often encountered challenge with sequential experimentation concerns
the broader acceptation of the “novel”—although many are decades old—methods in
the field. For example, when considering early stopping, the experimenter often finds
her-/himself in the dilemma of having sufficient evidence—quantified, e.g., by the
Bayesian posterior distribution of a treatment difference—to stop the experiment, but
potentially having too little evidence—quantified by, e.g., a p-value—to convince
peers.

5 Sequential Experimentation in Empirical Studies:
Available Software

In this section, we introduce two software packages that allow readers to easily
experiment with different sequential treatment allocation policies. We first introduce
contextual, an [R] package that allows user to easily run simulations of various
bandit policies and to run offline evaluations (i.e., evaluate the performance of a
policy on an existing dataset). Next, we discuss streamingbandit, a python

4 This exact meaning of p-values is often lost in non-sequential designs as well, but due to the
violation of other assumptions.
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package that allows for easy deployment of sequential treatment allocation policies
in empirical studies. The former software package is primarily useful for readers who
would like to learn more about sequential experiments by running simulations. The
latter software package effectively allows for endowing standard survey packages
(such as Qualtrics or SurveyMonkey) with extremely flexible treatment allocation
policies that depend on intermediate results. Admittedly, the descriptions provided
are a bit technical; they aim to inform the reader aspiring to implement distinct bandit
policies and thus assume a quick familiarity with the notation involved.

5.1 Contextual

CMAB policies’ have proven successful in many different areas: from recommenda-
tion engines [37] to advertising [52] and (personalized) medicine [32, 53], healthcare
[47], and portfolio choice [51]—inspiring a multitude of new bandit algorithms or
policies. However, although CMAB algorithms have found more and more applica-
tions, comparisons on both synthetic, and, importantly, real-life, large-scale offline
datasets [43] have relatively lagged behind. To address this problem, the R package
contextual facilitates such offline analysis of various bandit policies [55].

The class structure or of the R package stays close to the formal roots of the
contextual bandit problem: in contextual, a Bandit B is defined as a set of arms
k € {1, ..., K} where each arm is itself described by some reward function that maps
d dimensional context vector x; ; to some reward r, ; [4, 36, 39] for every time step
t until horizon T. A Policy 7 seeks to maximize its cumulative reward Z?:l r, (or
minimize its cumulative regret) by sequentially selecting one of bandit B’s currently
available arms [11], here defined as taking action ¢, in A, C K fort= {1, ..., T}.

At each time step ¢ policy 7 first observes the current state of the world as related
to B, represented by d-dimensional context feature vectors x; , for a, € A,. Next,
making use of some arm-selection policy, 7 (i.e., the treatment allocation policy)
then selects one of the available actions in 4,. As a result of selecting action a,,
policy 7 then receives reward r,, ;. With observation (x; 4, , ar, 71 4,), the policy can
now update its arm-selection strategy. This cycle is then repeated T times. That is,
for each round = {1, ..., T}:

(1) Policy 7 observes current context feature vectors x; , for Va € A, in bandit B
(2) Based on all x; , and 6,_1, policy = now selects an action a, € A,

(3) Policy 7 receives a reward r; 4, ,, from bandit B

(4) Policy m updates arm-selection strategy parameters 6; with (x; 4,, a:, 11.4,)

Overall, it is Policy 7’s goal to minimize cumulative regret or optimize cumulative
reward Ry = Zthl (rt.q,.x,)- The contextual package is setup such that each of
the four steps defined above can easily be implemented by the user of the package
to implement various data generating mechanisms and evaluate various (c)MAB
policies.
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5.1.1 Class Diagram and Structure

The current section will show that contextual’s structure does indeed closely
mirror the previous section’s formal description of the CMAB problem. In
contextual,the Bandit and Policy superclasses expose respectively contextual’s
reward generation and its decision allocation strategy API. For custom of Bandits or
Policies, these are the two classes to subclass and extend:

e Bandit: R6 class Bandit is the parent class of all Bandit subclasses. It
exposes k arms and is responsible for the generation of a chosen arm’s reward,
and, in the case of contextual policy evaluation, current d dimensional or k x d
dimensional context.

e Policy:R6class Policy isthe parentclass of all Policy subclasses. For each
t={1, ..., T} ithas to choose one of a Bandi t’s k arms and update its parameters
theta in response to the resulting reward, and, in the case of contextual policy
evaluation, the current d dimensional or k x d dimensional context (Fig. 2).

The four remaining classes constitute contextual’s parallel evaluation, logging
and visualization routines, and are generally not subclassed or extended:

e Agent: R6 class Agent is responsible for the running of one Bandit/Policy
pair. Multiple Agents can be run in parallel, where each Agent keeps track of t
for its assigned Policy and Bandit pair. To keep agent simulations replicable
and comparable, starting seeds are set equal and deterministically for each agent.

e Simulator:R6class Simulator isthe entry point of any contextual sim-
ulation. It encapsulates one or more Agents, creates a Agent clones (each with
its own deterministic seed) for each to be repeated simulation, runs the Agents
in parallel, and saves the log of all Agent interactions to a History object.

e History: R6 class History keeps a data.table based log of all
Simulator interactions and several performance measures, such as policies’
cumulative reward and regret. Optionally, it also keeps context and theta logs. It
allows several ways to interact with these logs, provides summaries, and can save
and load simulation logs.

e Plot: R6 class P1lot generates plots from History logs. It is usually invoked
by calling the generic plot (h) function, where h is an Hi st ory class instance.

2. get_action() 1. get_context()
S action context am
Theta Policy > “
context arm
(parameters) 4. set_reward() 3. get_reward()
reward reward arm
-

-—
Bandit

Simulator

Fig.2 Diagram of contextual’sbasic structure. The context feature vector or matrix returned by
get_context() is only taken into account by contextual policies, and may be ignored by context-free
policies
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5.1.2 Example Code: Running Context-Free and Contextual Policies

The following code brings all of the classes described in the previous section together
by comparing the performance of a number of different cMAB policies using an

existing dataset. The code clearly highlights how contextual’s comprehensive
class structure enables researchers to construct offline policy comparisons with ease.

library (contextual); library (data.table)

s # load data, 0/1 reward, 10 arms, 100 features, arms

S

always start from 1
dt <- fread("http://dlie9wlkzugsxr.cloudfront.net/
data_cmab_basic/data.txt™")

# z v x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 x12 x13
x14 x15 .. x100

# 1: 2 0 5 0 0 37 6 0 0O 0 0 25 0 0 7
1 0 a o 0

# 2: 80 1 336 0 0O 0O 0 o0 O 0 0 1 0
0 0 10

# Je

# Set up formula: v ~ z | x1 + %2 +

# In bandit parlance: reward ~ arms | covariates or

contextual features
£ <-y ~z | . -z

# Instantiate Replay Bandit (Li, 2010)
bandit <- OfflineReplayEvaluatorBandits$new (formula =
f, data = dt)

# Bind Policies withs Bandits through Agents, add
Agents to list
agents <- list(

AgentS$Snew (UCB2PolicySnew (0.01) , bandit, "
UCB2 alpha = 0.01"),

Agent$new (LinUCBDisjointPolicySnew (0.01), bandit, "
LinUCB alpha = 0.01"),

Agent$new (LinUCBDisjointPolicyS$Snew (0.1), bandit, "
LinUCB alpha = 0.1"))

# Instantiate and run a Simulator, plot the resulting
History object

history <- Simulator$new (agents, horizon = nrow(dt),
simulations = 5) $run ()
plot (history, type = "cumulative", regret = FALSE,

legend_border = FALSE)
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Fig. 3 Cumulative reward for a context-free UCB2 [4] and two contextual LinUCB policies [41]
with differing a-values (determining the width of the Upper Confidence Bound) when evaluated
against a “Replay” Bandit using offline data

5.1.3 Conclusion

‘We have only briefly introduced the contextual package. The R package is openly
available at https://github.com/Nth-iteration-labs/contextual where extensive docu-
mentation and multiple examples can be found. Effectively, the package allows users
to implement distinct data generating processes or use existing data (for offline eval-
uation), and to implement various sequential treatment allocation policies. Subse-
quently, simulations of the performance of these policies can be run easily, and their
results can be visualized. Thus, contextual provides an easy tool to rank bandit
policies for various goals (Fig. 3).

5.2 Streaming Bandit

To take the next step and to start experimenting with policies “in the wild”,
StreamingBandit is a useful tool. StreamingBandit is an open-source
RESTful web application for developing and deploying sequential experiments in
field and simulation studies. It allows designers to easily and quickly implement a
policy () on a webserver. It is designed such that when set up, it alleviates the
technical hurdles for researchers to deploy different policies in the field and thus to
enable sequential experimentation to be used within a broader research community.

Just as in contextual, in StreamingBandit we translate the cMAB prob-
lem into two important steps. To ensure the computational scalability of St reaming-
Bandit we assume that, at the latest interaction ¢ = ¢’, all the information necessary
to choose an action can be summarized using a limited set of parameters denoted 9,/,
the dimensionality of 6, often being (much) smaller than that of the historical data
D,_1. Given this assumption, we identify the following two steps of a policy:
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1. The decision step: In the decision step, using x, and 6,/, and often using some
(statistical) model relating the actions, the context, and the reward, which
is parametrized by 6,, the next action a, is selected. Making a request to
StreamingBandit’s getaction REST endpoint returns a JSON object con-
taining the selected action.

2. The summary step: In each summary step 6, is updated using the new information
{xy,ay,ry, py}. Thus, 0,41 = g0y, xp, ay, vy, py) where g() is some update
function. Effectively, all the prior data, D,_; are summarized in 6, .. This choice
means that the computations are bounded by the dimension of 6 and the time
required to update 6 instead of growing as a function of 7. Note that this effectively
forces users to implement an online policy [45] as the complete dataset D;_; is not
revisited at subsequent interactions. Making arequestto StreamingBandit’s
setreward endpoint containing a JSON object including a complete description
of {x,, ay, pr}, and the reward r,, allows one to update 6, and subsequently
to influence the actions selected at t' 4 1.3

For the basic usage of StreamingBandit the experimenter—or rather an
external server or mobile application—sequentially executes requests to the getac-
tion and setreward endpoints (more details will follow next), and allocates actions
accordingly. Using this setup, StreamingBandit can be used to sequentially
select advertisements on webpages, for example, allocate research subjects to dif-
ferent experimental conditions in an online experiment, or sequentially optimize the
feedback pro